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Preface

The human visual system as a functional unit including the eyes, the nervous system,
and the corresponding parts of the brain certainly ranks among the most important
means of human information processing. The efficiency of the biological systems is
beyond the capabilities of today’s technical systems, even with the fastest available
computer systems.

However, there are areas of application where digital image analysis systems produce
acceptable results. Systems in these areas solve very specialized tasks, they operate in
a limited environment, and high speed is often not necessary. Several factors determine
the economical application of technical vision systems: cost, speed, flexibility, robust-
ness, functionality, and integration with other system components. Many of the recent
developments in digital image processing and pattern recognition show some of the
required achievements. Computer vision enhances the capabilities of computer systems

e in autonomously collecting large amounts of data,

e in extracting relevant information,

e in perceiving its environment, and

e in automatic or semiautomatic operation in this environment.

The development of computer systems in general shows a steadily increasing need in
computational power, which comes with decreasing hardware costs.

About This Book

This book is the result of the Austrian Joint Research Program (JRP) 1994-1999 on
“Theory and Applications of Digital Image Processing and Pattern Recognition”. This
program was initiated by the Austrian Science Foundation (FWF) and funded research
in 11 labs all over Austria for more than 5 years. Because the program has produced
many scientific results in many different areas and communities, we collected the most
important results in one volume. The development of practical solutions involving digi-
tal images requires the cooperation of specialists from many different scientific fields.
The wide range of fields covered by the participating institutions fulfills this impor-
tant requirement. Furthermore, the often very specialized vocabulary in the different
disciplines makes it necessary to have experts in the different areas, which are in close
contact and often exchange ideas. For this reason, active cooperation among the dif-
ferent groups has been declared an important goal of the research program. It has
stimulated the research activities for each of the participating groups (and beyond) in
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a way that has a positive long-term effect for activities in this field in Austria. More
details about the joint research program and the participating labs can be found on the
CD included in this book.

This book is not a collection of research papers; it brings together the research results
of the joint research program in a uniform manner, thereby making the contents of the
more than 300 scientific papers accessible to the nonspecialist. The main motivation
for writing this book was to bridge the gap between the basic knowledge available in
standard textbooks and the newest research results published in scientific papers.

In particular the book was written with the following goals in mind:

e presentation of the research results of the joint research program in a unified
manner;

e together with the accompanying CD, the book provides a quick overview of the
research in digital image processing and pattern recognition in Austria from 1994—
1999;

e parts of this book can serve as advanced courses in selected chapters in pattern
recognition and image processing.

The book is organized in five parts, each dealing with a special topic. The parts are
written in an independent manner and can be read in any order. Each part consists of
several chapters and has its own bibliography. Each part focuses on a specific topic in
image processing and describes new methods developed within the research program,
but it also demonstrates selected applications showing the benefits of the methods.
Parts I, III, and IV are more focused on methodological developments, and Parts II
and V are more application oriented. New mathematical methods centered around the
topic of image transformations is the main subject of Part I. Part II is mainly devoted
to the computer science aspect of image processing, in particular how to handle this
huge amount of information in a reasonable time. Parts III and IV are centered around
algorithmic issues in image processing. Part III deals with graph-based and robust
methods, whereas Part IV is focused on information fusion. 3D information is the main
topic of Part V. Table 1 gives a concise overview of the parts and presents the main
methods and selected applications for each part.

The Compact Disc

The CD included with this book presents the research program from a multimedia
perspective. The CD contains a collection of html-files, which can be viewed by common
Web-browsers. The CD has following features:

e the structure of the research program;
e the main topics of research;

e a collection of scientific papers produced during the research program;
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o WWW-links to demo pages, which are maintained by the different labs;
e information about the participating labs; and
e the people working on the various projects.

The WWW-links to the demos on the CD should add to the “static” content of the
book access to the latest developments of active research done in the labs. Although
we are aware of the difficulties of maintaining Internet links over long periods, we have
decided for this dynamic solution in order to communicate up-to-date results in such
rapidly evolving technology as digital image processing.

Acknowledgments
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TABLE 1. Overview of the Book Parts

Methods

Selected Applications

I Mathematical Methods for Image Analysis

Time-frequency methods
Signal approximation
Gabor analysis

Wavelet analysis
Stochastic shape theory
Non-linear optimizations
Multilevel interpolation
Chaotic Kolmogorov flows

Echocardiography
Geophysics

Image reconstruction
Shape classification
Image compression
Image encryption
Watermarking

IT Data Handling

Parallelization
Distributed processing
Data management
Image databases

Remote sensing
Radar data
Art history

IIT Robust and Adaptive Image Understanding

Graphs

Image pyramids
Irregular pyramids
Robust methods

Technical drawings
Line images
Range images

Minimum Description Length

Object recognition
Structural features
Grouping and Indexing
Machine learning

IV Information Fusion and Radiometric Models for

Image Understanding

Active fusion
Active recognition
Reinforcement learning

Generic object recognition

Radiometric models
Sub-pixel analysis

Remote sensing

Car recognition

View planning

Land cover classification

V 3D Reconstruction

Image matching

Object reconstruction
Topographic mapping
Vision-based navigation
Rotating CCD cameras

Remote sensing

Target localization
Building extraction
Space exploration
Digital elevation models
Surveying
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Introduction to Part 1

Signal and image analysis deals with the description of one- or multidimensional signals,
e.g., speech, music, images and image sequences, and multimedia data. On the one hand,
some features of the analyzed signals are often known, e.g., smoothness, frequency band,
and number of colors; on the other hand, general tools for the description of families
of signals by features have to be developed. Fourier and spline techniques are often
used to describe (approximate) a signal or to extract special properties from a signal.
Drawbacks of these techniques are bad time-frequency concentration, in the case of
Fourier methods, and the piecewise and polygonal character of splines.

All these approximation techniques represent the signal with the help of basis func-
tions, which can easily be generated. In addition to the approximation properties, the
computational performance of the algorithms are of essential interest.

Furthermore, not only the extraction of important information from a signal or signal
“encoding” is of interest, but also fast, reliable, and secure transmission of the signal
and information itself, as the amount of data transmitted and the size of the signals
increase. Thus, signal compression and encoding are also of major interest.

In this part of the book we concentrate on new time-frequency techniques that cir-
cumvent some of the drawbacks of classical time-frequency-analysis, and we develop
new algorithms for signal approximation and description, feature extraction, and sig-
nal compression and image coding.

Standard mathematical methods used for signal approximation in pattern recognition
often use only orthonormal bases for series expansions as they produce an exact and
unique representation of the analyzed signal. We develop algorithms for more general
classes of bases, so-called frames. Strictly speaking, frames provide families of functions
(atoms) that deal as building blocks of signals and images. These families can be,
but do not have to be, Riesz bases, bases, or even orthonormal bases. The choice of
an overcomplete family of atoms implies a redundancy which is often preferred to an
orthonormal basis, as perturbations of the signal do not have too much influence on
the analysis of the signal.

Special instances of frames are Gabor frames and wavelets. They come from different
techniques of generating the entire set of functions from just one basis function (atom).
Gabor frames use time and frequency shifts of one function (on a not necessarily regular
grid), i.e., shift and modulation operators; wavelets use time shifts and dilations. From
an algebraic point of view, both Gabor frames and wavelets are generated by elements
of a subset of a group acting on one basis function. The Weyl-Heisenberg group of (time)
shift and modulation operators represents Gabor frames; the affine group of shift and
dilation operators represents wavelets.

Due to the different generation methods, given an atom the (essential) supports of
the basis functions in the time-frequency plane look different with wavelets and Gabor
frames, covering all of the time-frequency plane (cf. Figure 2). For an introduction and
overview of recent work on Gabor frames, see [FS98a], a fine tutorial of the theory and
applications of wavelets is [Chu92c].

In Chapter 1 we concentrate on Gabor analysis and synthesis of signals. We present
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FIGURE 1. Time-frequency grids (horizontal time axes, and vertical frequency axes). The cells
are the supports of the basis functions. From left to right and top to bottom: Shannon grid,
Fourier grid, Gabor grid, Wavelet grid.

-
A
-

FIGURE 2. Gabor and Wavelet grids and basis functions.

the development of Gabor frames, starting with the Fourier transform and complete
with a theoretical section on Gabor frames on groups, and the development of algo-
rithms for image analysis. Numerical Gabor methods are developed and applied to
recover and reconstruct images or parts of images.

In Chapter 2 we deal with the shape of objects, presenting the stochastic “deformable
templates” model. Furthermore, wavelet analysis is used to extract features from shapes,
modeling standard statistic pattern recognition methods in the “wavelet packet do-
main”. The notation of wavelets, wavelet packets, and their connection to frames are
introduced. A section on stochastic global optimization is added, which presents a
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method for template matching , that has to be used with the methods presented earlier
in this chapter.

Finally, in Chapter 3 methods for image compression, (lossy and nonlossy) and for
data encryption are presented, developed, and compared. We only refer to the JPEG
2000 standard, which connects this chapter with the two previous ones, i.e., with frames
and wavelets.
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Numerical Harmonic Analysis and
Image Processing

Hans G. Feichtinger
Thomas Strohmer

Signal processing has become an essential part of contemporary scientific and techno-
logical activity and even of everyday life. It is used in telecommunications, medical
imaging, geophysics, and the transmission and analysis of satellite images. The objec-
tives of signal processing are analysis and diagnostics, coding and compression, and
transmission and reconstruction.

Common to all these objectives is the extraction of information of a signal, which is
present but hidden in its complex representation. Thus, a major issue is to represent
the given data as well as possible. Clearly, the optimal representation of a signal has
to be tied to an objective goal. A signal representation that is optimal for compression
can be disastrous for analysis. A transform that is optimal for one class of signals can
yield modest results for a different class of signals.

In the last decade a number of new tools have been developed to analyze, compress,
transmit, and reconstruct digital signals. In this chapter we present an overview of
methods from numerical harmonic analysis that have proven to be useful in digital
image processing.

In the first part of this chapter we discuss numerical methods designed for the restora-
tion of missing data in digital images and the reconstruction of an image from scattered
data. We describe efficient and robust numerical algorithms for the reconstruction of
multidimensional (essentially) band-limited signals. We demonstrate the performance of
the proposed methods by applying them to reconstruction problems in areas as diverse
as medical imaging, exploration geophysics, and digital image restoration.

In the second part we focus on image analysis and optimal image representation.
Time-frequency methods, such as wavelets and Gabor expansions, have been recognized
as powerful tools for various tasks in image processing. We give an overview of recent
developments in Gabor theory.

1.1 Gabor Analysis and Digital Signal Processing

In order to analyze and describe complicated phenomena, mathematicians, engineers
and physicists like to represent these as superpositions of simple, well-understood ob-
jects. A significant part of research has gone into the development of methods to find
such representations. These methods have become important in many areas of scientific
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FIGURE 1.1. Gabor’s elementary functions gm n(t) = €*™™%g(t — na) are shifted and mod-
ulated copies of a single building block g (a and b denoting the time-shift and frequency-shift
parameter, respectively). Each gm,» has the same envelope (up to translation); its shape is
given by g. In this figure only the real part of the functions g, » is shown in order to make
the plot more readable.
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and technological activity. They are used, for example, in telecommunications, medical
imaging, geophysics, and engineering. An important aspect of many of these represen-
tations is the chance to extract relevant information from a signal or the underlying
process, which is present but hidden in its complex representation. For example, we
apply linear transformations with the aim that the information can be read off more
easily from the new representation of the signal. Such transformations are used for
many different tasks, such as analysis and diagnostics, compression and coding, and
transmission and reconstruction.

For many years Fourier transform was the main tool in applied mathematics and
signal processing for these purposes. But due to the large diversity of problems with
which science is confronted on a regular basis, it is clear that there is not a single
universal method that is well adapted to all those problems. Now there are many
efficient analysis tools at our disposal. In this chapter we concentrate on methods that
can be summarized under the name Gabor analysis, an area of research that is both
theoretically appealing and successfully used in applications.

1.1.1  From Fourier to Gabor Ezpansions

Motivated by the study of heat diffusion, Fourier asserted that an arbitrary function f
in [0, 1) identified with its periodic extension to the full real line can be represented by
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a trigonometric series

F) =" e (L.1)

nez

with
fn) = /0 F(#)e2mintay. (1.2)

Much mathematical analysis developed since then was devoted to the attempt to
make Fourier’s statement precise. Despite the delicate problems of convergence, Fourier
series are a powerful and widely used tool in mathematics, engineering, physics, and
other areas. The existence of the fast Fourier transform has extended the practical
usefulness of Fourier theory enormously in the past thirty years, with a wide range
of areas where it has become important. Fourier expansions are not only useful to
study single functions or to characterize the smoothness of elements of various function
spaces in terms of the decay of their Fourier transform, but they are also important to
study operators between function spaces. It is a well-known fact that the trigonometric
basis {e2™"t n € Z} diagonalizes translation-invariant operators on the interval [0, 1),
identified with the torus. However, the Fourier system is not adapted to represent local
information in time of a function or operator, because the representation functions
themselves are not localized in time; we have |[e?™"| =1 for all n and ¢. A small and
very local perturbation of f(¢) may result in a perturbation of all expansion coefficients
f (w). Roughly speaking, the same remarks apply to the Fourier transform. Indeed,
if some noise concentrated on a finite interval is added the change on the Fourier
transform will be in the form of the addition of an analytic function, and therefore no
single interval of positive length can stay unaffected by such a modification.

Although the Fourier transform is a suitable tool for studying stationary signals
or stationary processes (of which the properties are statistically invariant over time),
we have to admit that many physical processes and signals are nonstationary; they
evolve with time. Think of a speech signal or a musical melody, which can be seen as
prototypical signals with well-defined local frequency content, that changes over time.

Let us take a short part of Mozart’s Magic Flute, say thirty seconds, and the cor-
responding number of samples, as they are stored on a CD. If we represent this piece
of music as a function of time, we may be able to perceive the transition from one
note to the next, but we get little insight about which notes are played. On the other
hand, the Fourier representation may give us a clear indication about the prevailing
notes in terms of the corresponding frequencies, but information about the moment of
emission and duration of the notes is masked in the phases. Both representations are
mathematically correct, but we do not have to be members of the Vienna Philharmonic
Orchestra to find neither of them satisfying. According to our hearing sensations we
would intuitively prefer a representation that is local, in both time and frequency, like
a musical score, which tells the musician which note to play at a given time. Addition-
ally, such a local time-frequency representation should be discrete, so that it is better
adapted to applications.
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Dennis Gabor had similar considerations in mind when he introduced a method
to represent a one-dimensional signal in two dimensions, with time and frequency as
coordinates, in his “Theory of Communication” in 1946 [Gab46]. Gabor’s research in
communication theory was driven by the question of how to represent a time signal by
a finite number of suitably chosen coefficients in the best possible way, despite the fact
that, mathematically speaking, every interval requires uncountably many real numbers
f(t) to describe the signal f perfectly on that interval. He was strongly influenced by
developments in quantum mechanics, in particular by Heisenberg’s uncertainty principle
and the fundamental results of Nyquist [Nyq24] and Hartley [Har28] on the limits for
the transmission of information over a channel.

Gabor proposed expanding a function f into a series of elementary functions con-
structed from a single building block by translation and modulation (i.e., translation
in the frequency domain). More precisely, he suggested representing f by the series

FO =" congmn(t) (1.3)
n,me”z
in which the elementary functions g, ,, are given by

Gmon(t) = 2™ g(t —na), m,n€Z (1.4)

for a fixed function g and time-frequency shift parameters a,b > 0. Although Gabor
suggested the use of a Gauss function many other choices of g are now considered
reasonable and possible, and any g chosen in this context is called a Gabor atom. A
typical set of Gabor elementary functions is illustrated in Figure 1.1.

f(Ha(®)

[
|

FIGURE 1.2. For fixed to the short-time Fourier transform of a function f(t) describes the
local spectral content of f(t) near to, as a function of w. It is defined as the Fourier transform
of f(t)g(t — to), g(t) is a (often compactly supported) window function, localized around the
origin. Moving the center of the window g along the real line allows us to obtain “snapshots”
of the time-frequency behavior of f. We depict a collection of such shifted windows, with
to = —a,0,a.

In other words the g, », in (1.4) are obtained by shifting g along a lattice A = aZ xbZ
in the time-frequency plane (TF plane, for short). If g and its Fourier transform ¢ are
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essentially localized at the origin, then g., , is essentially localized at (na,mb) in the
time-frequency plane, in the sense that g, , is mostly concentrated near na whereas
its Fourier transform g, ,, is concentrated around mb. Using the concept of a Short-
Time Fourier transform (STFT, see (1.7)) with respect to any other “window” having
essentially the same properties, we see that the STFT of gy, ,, is essentially supported
by a region around the point (na, mb) in the TF plane.

Frequency

FIGURE 1.3. If g is localized at the origin in the time-frequency plane, then g, » is localized
at the point (na, mb). For appropriate lattice constants a, b the gm,» cover the time-frequency
plane.

According to Gabor’s interpretation of the situation each elementary function g, n
essentially occupies a certain area (“logon”) in the time-frequency plane. Each of the ex-
pansion coefficients ¢, ,, associated with the corresponding area of the time-frequency
plane via gy, », represents one guantum of information. It is not hard to understand (at
least qualitatively) that it will not be possible to cover the full time-frequency plane if
the lattice constants chosen are too large, and correspondingly certain signals having
most of their energy concentrated in the points far away from their centers (in the
sense of the TF plane) will have no representation. However, for properly chosen shift
parameters a, b the g, , will cover the time-frequency plane in the appropriate sense.
Figure 1.3 visualizes this general idea, although we have to admit that this argument is
only heuristic and is not used in any formal mathematical proofs which actually confirm
Gabor’s intuition to some extent (but not fully).

Indeed, Gabor proposed using the Gauss function and its translations and modula-
tions with shift parameters ab = 1 as elementary signals, because they “assure the best
utilization of the information area in the sense that they possess the smallest prod-
uct of effective duration by effective width” [Gab46]. First he argued that the family
{gm.n} would be too sparse for the case ab > 1; certain elements would not be repre-
sentable. This turned out to be valid in the following slightly stronger sense: Whatever
g is chosen, for any pair of lattice constants (a,b) with ab > 1 there will always be
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some L2-functions f that cannot even be approximated by finite linear combinations
from such a Gabor family (in the sense of L2-norm). On the other hand, he indicated
that the choice of ab < 1 (at least for the case of the Gauss function) would result
in ambiguities of the representation; in other words, for such dense lattices we can —
to give a typical example — skip any one of the involved elements and replace it by
a suitable (infinite, but fast converging) sum of the remaining elements. Consequently
every function f has an many different series expansions of the form (1.3), showing
completely different behavior, and any one of them can be set to zero if the other’s
are adjusted appropriately! Gabor’s wish to use those coefficients as indications about
the “amount” of frequency present at a given time appeared to be strongly hindered
in this case. Therefore, he took the (as we know by now, cf. [GP92]) overoptimistic
point of view that the choice ab = 1 should be optimal, seriously hoping to achieve the
possibility of representing every function in L2, but on the other hand (working at the
border line of lattices that enforce uniqueness of representation) getting into a situation
in which uniqueness of coefficients is valid.

Besides this general argument concerning the choice of an ideal lattice Gabor was
concerned with the question of optimizing the TF concentration by using a building
block that is itself optimally concentrated in the TF plane. There is no unique or
logical evident definition for this term, but certainly Heisenberg’s uncertainty relation
is a very natural way of describing TF concentration of a function in L? in a way that is
symmetric with respect to the time and frequency variables. Recall that the uncertainty
inequality [Ben94] states that for all functions f € L?(IR) and all points (g, wp) in the
time-frequency plane

1£115 < 4xl|(t = to) F(B)l2 [|(w — wo) f(w)]]2 (1.5)
in which equality is achieved only by functions of the form
g(t) = Cemitwn=s(t=t0) e C, 5> 0, (1.6)

i.e., by translated and modulated Gaussians. The Fourier transform of the Gauss func-
tion is of the same analytic form, hence its sharpness is reciprocal.

It is obvious that time series and Fourier series are limiting cases of Gabor’s series
expansion. The first may be obtained by letting s — 0 in (1.6), in which case the g, »
approximate the delta distribution J; in the second case, the g, , become ordinary sine
and cosine waves for s — oco.

The idea of representing a function f in terms of the time-frequency shifts of a sin-
gle atom ¢ did not originate in communication theory; about 15 years earlier it was
considered in quantum mechanics. In an attempt to expand general functions (quan-
tum mechanical states) with respect to states with minimal uncertainty, in 1932 John
von Neumann [vN55] introduced a set of coherent states on a lattice, with lattice
constants ab = A, in the phase space with position and momentum as coordinates (% is
Planck’s constant). Consequently, this lattice is known as the von Neumann lattice; a
cell of the lattice is called a Gibbs cell. Observing that different units are used in that
context it turns out that this corresponds exactly to Gabor’s “critical” case ab = 1,
which can be intrinsically characterized by the fact that the involved time respectively
frequency-shift operators commute.
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FIGURE 1.4. A signal, its Fourier transform, and short-time Fourier transform with windows
of different duration: (a) The signal itself consists of a constant sine wave (with 35 Hz), a
quadratic chirp (starting at time 0 with 25 Hz and ending after one second at 140 Hz), and
a short pulse (appearing after 0.3 sec). (b) Using a wide window for the STFT leads to good
frequency resolution. The constant frequency term can be clearly seen, as can the quadratic
chirp. However, the short pulse is hardly visible. (¢) Using a narrow window gives good time
resolution, clearly localizing the short pulse at 0.3 sec, but the information about the constant
harmonic gets very unsharp. (d) In this situation a medium-width window yields a satisfactory
resolution in both time and frequency.
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These states, associated with the Weyl-Heisenberg group, are in principle the same
as these used by Gabor. Therefore, the system {g,, »} is also called a Weyl-Heisenberg
system. We recommend the book by Klauder and Skagerstam for an excellent review
on coherent states [KS85].

Only two years after Gabor’s paper, Shannon published “A Mathematical Theory of
Communication” [Sha48]. It should be emphasized that the temporal coincidence is
not the only connection between Gabor theory and Shannon’s principles of informa-
tion theory. Both Shannon and Gabor tried to “cover” the time-frequency plane with a
set of functions: transmission signals for digital communication in Shannon’s case, and
building blocks for natural signals in Gabor’s case. While Gabor explicitly suggested
the Gaussian function and a Weyl-Heisenberg structure, Shannon only emphasized the
relevance of orthonormal bases without explicitly suggesting a signal set design. How-
ever, the determination of a critical density (referred to as degrees of freedom per
time and bandwidth in Shannon’s work) was one of the key mathematical prerequi-
sites for Shannon’s famous capacity theorem. In summary, both Gabor and Shannon
workedsimultaneously on communication engineering problems related to Heisenberg
uncertainty and phase space density, while very few mathematicians, most prominently
von Neumann, had touched on their basics. Note, however, that Shannon’s work had a
greater impact on the engineering community than Gabor’s.

Two questions arise immediately with an expansion of the form (1.3):

e Can any f € L?(R) be written as a superposition of such gy, ,,s?

e How can the expansion coefficients ¢, ,, of (1.3) be computed?

Gabor gave an iterative method to estimate the ¢y, ,,, which was analyzed in [GP92].
However, an analytic method to compute the expansion coefficients was not known until
Bastiaans published a solution in 1980 [Bas80a].

Representations of the form (1.3) belong to the general framework of atomic decom-
positions. The goal is to find simple elements — the atoms — of a function space and
the “assembly rule” which allows reconstruction of all the elements of the function
space using these atoms. Thus, in our context the building block g is also called a Ga-
bor atom. See [CR80] for atomic decompositions in function spaces of entire functions
and [FG89a, FG89b, FGI2b] for atomic decompositions in connection with Gabor
analysis.

While Gabor was awarded the Nobel Prize in Physics in 1971 for the conception
of holography, his paper on “Theory of Communication” went almost unnoticed until
the early 1980s, when the work of Bastiaans and Janssen refreshed the interest of
mathematicians and engineers in Gabor analysis. The connection to wavelet theory —
in wavelet literature the functions g, , are often referred to as Gabor wavelets — and
the increasing interest of scientists in signal analysis and frame theory was then very
much influenced by the work of Ingrid Daubechies [DGMS86, Dau90, Dau92c|. But
before we proceed to the 1980s let us go back to the 1930s and 1940s and follow the
development of Gabor theory from the signal analytical point of view.
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1.1.2  Local Time-Frequency Analysis and Short-Time Fourier
Transform

Time-frequency analysis plays a central role in signal analysis. Long ago it was recog-
nized that a global Fourier transform of a long time signal is of little practical value
to analyze the frequency spectrum of a signal. High frequency bursts, for example,
cannot be read off easily from f . Transient signals, which are evolving in time in an
unpredictable way (like a speech signal or an EEG signal), necessitate the notion of
frequency analysis that is local in time.

In 1932, Wigner derived a distribution over the phase space in quantum mechan-
ics [Wig32].

It is a well-known fact that the Wigner distribution of an L2-function f is the
Weyl symbol of the orthogonal projection operator onto f [Fol89]. Some 15 years later,
Ville, searching for an “instantaneous spectrum” — influenced by the work of Gabor
— introduced the same transform in signal analysis [Vil48]. Unfortunately, the non-
linearity of the Wigner distribution causes many interference phenomena, which makes
it less attractive for many purposes [Coh95].

A different approach to obtain a local time-frequency analysis (suggested by various
scientists, including Ville), is to first cut the signal into slices and then do a Fourier
analysis on these slices. But the functions obtained by this crude segmentation are not
periodic, which will be reflected in large Fourier coefficients at high frequencies, because
the Fourier transform will interpret this jump at the boundaries as a discontinuity or
an abrupt variation of the signal. To avoid these artifacts, the concept of windowing
has been introduced. Instead of localizing f by means of a rectangle function, one uses
a smooth window function for the segmentation, which is close to 1 near the center and
decays toward zero at the edges. Popular windows that have been proposed for this
purpose are associated with the names Hamming, Hanning, Bartlett, and Kaiser. If
the window is in C*° (i.e., infinitely differentiable), one finds that for any C'*°-function
f the localized Fourier coeflicients show at least polynomial decay in the frequency
direction.

The resulting local time-frequency analysis procedure is referred to as (continuous)
short-time Fourier transform or windowed Fourier transform [AR77]. It is schematically
represented in Figure 1.2. In mathematical notation, the short-time Fourier transform
(STFT) of an arbitrary function f € L?(IR) with respect to a given window g is defined
as

Vof(t,w) = /f(s)g(s —t)e 2T s, (1.7)
R
The function f can be recovered from its STFT via the inversion formula
1 ,
ft) = 7// Vo f(s,w)g(t — s)e*™ ™ dtdw. 1.8
© lgllz? ) xR * (&:w)gle = o) (18)

It is possible to derive the inversion formula (the integral is understood in the mean
square sense) from the following formula, which can be seen as an immediate conse-
quence of Moyal’s formula. In particular, it implies that for a normalized window g
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satisfying ||g||2 = 1 the mapping f — V, f is an isometric embedding from L?(R) into
L2(R*?)

Vol ll e Ry = 192 Ry 11 2 ) (1.9)

The STFT and the spectrogram |V, f(t,w)|* have become standard tools in sig-
nal analysis. However, the STFT has its disadvantages, such as the limit in its time-
frequency resolution capability, which is due to the uncertainty principle. Low frequen-
cies can hardly be depicted with short windows, and short pulses can only poorly be
localized in time with long windows; see also Figure 1.4 for an illustration of this fact.
These limitations in the resolution were one of the reasons for the invention of wavelet
theory. (A recent approach to overcome this drawback is to use multiple analysis win-
dows.)

Another disadvantage for many practical purposes is the high redundancy of the
STFT. This fact suggests we ask, if we can reduce this redundancy by sampling
V, f(t,w). The natural discretization for ¢t and w is ¢ = na, w = mb with a,b > 0
fixed, and n,m in Z, i.e., to sample V,f over a time-frequency lattice of the form
aZ x VL.

Large values of a, b give a coarse discretization, whereas small values of a, b lead to a
densely sampled STFT.

Using the operator notation T3 and M, for translation and modulation, respectively,

T.f(x) = f(z — %) M, f(z) = > f(z), (1.10)
we can express the STFT of f with respect to a given window g as
Vu(tw) = [ F5)36—De 2T ds = (1 TiMg). (111)
R

Hence, the sampled STFT of a function f can also be interpreted as the set of inner
products of f with the members of the family {gm n} = {ThaMmbg} with discrete labels
in the lattice aZ x bZ. It is obvious that the members of this family are constructed in
the same way as the representation functions g, , in Gabor’s series expansion. Thus,
the sampled STFT is also referred to as Gabor transform.

Two questions arise immediately with the discretization of the STFT:

e Do the discrete STFT coefficients (f, gm,n) completely characterize f (i.e., does
(f1, gm.n) = (f2, Gm,n) for all m,n imply that f1 = fa)?

e A stronger formulation is: Can we reconstruct f in a numerically stable way from
the (f, gmn)?

Recall that in connection with the Gabor expansion of a function we have asked:

e Can any function in L?(IR) be written as a superposition of the elementary build-
ing blocks?
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e How can we compute the coefficients c,, ,, of the series expansion f = > ¢ ngmn?

It turns out that the question of recovering f from the samples (at lattice points)
of its STFT with respect to the window ¢ is actually dual to the problem of finding
coefficients for the Gabor expansion of f with atom g, using the same lattice to generate
the time-frequency shifts of g. Both problems can be successfully and mathematically
rigorously handled using the concept of frames and, surprisingly, for both questions the
same “dual” Gabor atom has to be used.

1.1.3 Fundamental Properties of Gabor Frames

The theory of frames is due to Duffin and Schaeffer [DS52] and was introduced in
the context of nonharmonic Fourier series only six years after Gabor published his
paper. Despite this, frame analysis became popular in sampling theory, time-frequency
analysis, and wavelet theory much later, ignited by the papers [DGMS86] and [Dau90].
Expository treatments of frames can be found in [You80], [Dau92c], and [BW94].

A system {gmn} = {ThaMmpg} is a Gabor frame or Weyl-Heisenberg frame for
L?(R), if there are two constants 0 < A < B < oo such that for any f € L*(R)

AlFIP< Y0 [Kfogmml® < BIFIP. (1.12)

m,n€z

For a Gabor frame {g., ,, } the analysis mapping (also called Gabor transform) T, given
by

Ty f={{f,9mmn)tmn s (1.13)

and its adjoint, the synthesis mapping (also called Gabor expansion) T}, given by

T; : {Cm,n} = Z Cm,n gm,n {Cm,n} € 62(2)7 (114)

m,n€Z

are bounded linear operators. The Gabor frame operator Sy is defined by

Sof =TyTof = > {f:9mm) Gmom - (1.15)

m,n€”Z

We will often drop the subscript and denote the Gabor frame operator simply by S.

According to standard frame theory the family {g,, ,} constitutes a Gabor frame for
L?(R), if and only if S is a bounded and boundedly invertible operator on L?(IR). In
this case any function f € L?(IR) satisfies f = S(S~1f) = S~1(Sf), or explicitly

[ = Z<f7 gm,n> TYm,n = Z<f7 'Ym,n> 9m,n (1-16)

m,n

in which ~,,, are the elements of the dual frame, given by Vm, = S™1gm.n. Equa-
tion (1.16) provides a constructive answer to how to recover f from its Gabor transform
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{{f, gm.n) }mnez for a given analysis window g and to how to compute suitable coeffi-
cients for a series expansion of the form f = > ¢y ngm,n for a given atom g. It holds
for general frames that this method yields to all those coefficients that have minimal
“energy” (or £2-norm), and thus we have enforced uniqueness again in this very natural
sense.

This short explanation makes it clear that in order to be able to expand signals
f in this way it is crucial to be able to determine the corresponding dual frame
{S_lgm,n}m,nGZ'

More results on Gabor frames can be found in [Dau92c, Wal92, FG92b, BW94,
Kai95] and in the work of Janssen, and Ron and Shen. Gabor frames for spaces other
than L? have been studied in [Dau90, BW94, BHW95, FG92a, FG96]. An interesting
representation of the Gabor frame operator has been derived by Walnut [Wal92].

A detailed analysis of Gabor frames brings forward some features that are basic for
a further understanding of Gabor analysis. Most of these features are not shared by
other frames such as wavelet frames.

1.1.4  Commutation Relations of the Gabor Frame Operator

Although it is not difficult to check, the following commutation relations are very
important for many aspects of Gabor analysis. As mentioned in [Dau90] the Gabor
frame operator commutes with translations by a and modulations by b, i.e.,

ST, =T,S, SM,= M,S. (1.17)
It follows that S—! also commutes with T, and M,, so that
Ym,n = Silgm,n = SilTnaMmbg = TnaMmbsilg = TnaMmb’y~ (118)

Therefore, the elements of the dual Gabor frame {7, ,} are generated by a single
function +y, analogously to gm . This observation bears important computational ad-
vantages. To compute the dual system {7, ,} one computes the (canonically) dual
atom v = S7'g and derives all other elements 7, ,, of the dual frame by translations
and modulations along the same TF lattice that generates the original Gabor frame.

Because general frames are overcomplete sets, there are many choices for the co-
efficients ¢, », and even different choices of « are possible. However, in the words of
Daubechies, the coefficients determined by the dual frame are the most economical ones,
in the sense that they have minimal /2-norm, and at the same time 7 is the L?-function
with minimal norm for which 1.16 holds.

1.1.5  Critical Sampling, Oversampling, and the Balian-Low Theorem

In 1971 it was proved by Peremolov [Per71] and independently by Bargmann et al.
[BBGKT71] that for Gaussian g the system {g,, } is complete in L?(R) if and only if
ab <1, i.e., but in this case we can assure that finite linear combinations can be used
to approximate any given f € L?(IR) to any given precision, measured in the L?-norm.
However, this does not imply the possibility of a norm-convergent series expansion, in



1. Numerical Harmonic Analysis and Image Processing 19

(a) Gabor function g (b) Dual, critical sampling
(¢) Dual, oversampling 1.06 (d) Dual, oversampling 1.25
(e) Dual, oversampling 1.67 (f) Dual, oversampling 2.4

FIGURE 1.5. Dual Gabor functions for different oversampling rates. The dual window ap-
proaches Bastiaan’s dual function for critical sampling, and it approximates the given Gabor
window g with oversampling rate increasing.
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which improved approximation can be achieved only by using more terms, but using
the “correct” coefficient for a given building block and not choosing a completely new
collection of coefficients each time the error has to be reduced. Indeed, in 1975 Bacry,
Grossmann, and Zak [BGZT75] showed that if ab = 1, then

inf frgma)>=0 1.19
feL%]R)ZK ) (1.19)

m,n
although the g, are complete in L?(IR). Formula (1.19) implies that for Gabor’s
original choice of the Gaussian and ab = 1, the set {gm ,} is not a frame for L*(RR).
Thus, there is no numerically stable algorithm to reconstruct f from the (f, gm.n)-

Bastiaans [Bas80b, Bas81] was the first to publish an analytic solution to compute
the Gabor expansion coefficients, for ¢« = b = 1 and a Gaussian Gabor atom ¢g. He
constructed a particular function 7 (now called Bastiaan’s dual function), claiming
that

F= (f gmm)Vmom (1.20)

with Tmn = TnaMmb,y-

Convergence issues of this series expansion, at least for the general case, turn out
to be a highly delicate mathematical question, which also indicates that one should
not try to use this expansion for numerical purposes, because instabilities are to be
expected. Janssen [Jan82] found that 7 is a bounded function (although plots give the
impression of singularities at the integers) but does not belong to L?(IR). Therefore, as
a first difficulty, the coefficients are not well defined (for certain L2-functions). Even if
these coefficients are well defined (e.g., for signals in the Schwartz class of test functions)
it cannot be guaranteed that the coefficients are square summable, and consequently
the convergence of (1.20) is not clear in such cases (cf. also [DJ93]). Janssen [Jan81]
showed that convergence only holds in the sense of distributions (cf. [FZ98] for another
detailed analysis of this convergence problem).

Using methods from complex analysis, Lyubarskii [Lyu92] and, independently, Seip
and Wallsten [SW92] showed that for the Gaussian g the family {gm. .} is a frame
whenever ab < 1. According to Janssen the dual function v then is a Schwartz function.

As a corollary of deep results on C*-algebras by Rieffel [Rie81] it was proved that the
set {gm.n} is incomplete in L?(IR) for any g € L*(IR), if ab > 1. This fact can be seen as
a Nyquist criterion for Gabor systems. The nonconstructive proof uses the properties of
the von Neumann algebras, generated by the operators T, M. Daubechies [Dau90]
derived this result for the special case of rational ab. In [Jan94] Janssen showed that
the g, cannot establish a frame for any g € L?(IR), if ab > 1 without any restriction
on ab. One year earlier Landau proved the weaker result that {g,, ,} cannot be a frame
for L?(IR) if ab > 1, and both g and § satisfy certain decay conditions [Lan93]. His
result includes the case of irregular Gabor systems in which the sampling set is not
necessarily a lattice.

All these results point to the role of the Nyquist density for sampling and reconstruc-
tion of band-limited functions in Shannon’s sampling theorem. Hence it is natural to
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classify Gabor systems according to the corresponding sampling density of the time-
frequency lattice:

o Quersampling — ab < 1: Frames with excellent time-frequency localization prop-
erties exist (a particular example are frames with the Gaussian ¢g and appropriate
oversampling rate).

o (Critical sampling — ab = 1: Frames and orthonormal bases are possible, but —
as we will see — without good time-frequency localization. The time-frequency
shift operators, which are used to build the coherent frame, commute with each
other (without nontrivial factor) in this case.

e Undersampling — ab > 1: In this case any Gabor family will be incomplete, in
the sense that the closed linear span is a proper subspace of L2(IR). In particular,
we cannot have a frame for L?(IR).

Clearly, there are many choices for g, so that {g, » } is a frame or even an orthonormal
basis (ONB) for L?(IR). Two well-known examples of functions for which the family
{ThnaMmpg} constitutes an ONB are the rectangle function (which is 1 for 0 < ¢ <1
and 0 otherwise), and the sinc function g(t) = sinnt/xt, which is obtained by applying
the Fourier transform to that box function. However, in the first case [ w?|g(w)[* = oo,
in the second case [t?|g(t)]> = oo. Thus, these choices lead to systems with bad
localization properties in both time and frequency. Even if we drop the orthogonality
requirement, it can be shown that it is impossible to construct Riesz bases for the case
ab = 1 such that both its elements and the elements of the corresponding biorthogonal
family have a good time-frequency localization. One precise statement in this direction
is the celebrated Balian-Low theorem [Bal81, Low85], which describes one of the key
facts in Gabor analysis and is one of the main reasons Gabor analysis is so different from
wavelet theory (in which orthonormal bases with building blocks even with compact
support and a given degree of smoothness can be constructed, cf. [DJJ91]).

Balian-Low Theorem: If the g, constitute a Riesz basis for L?(IR), then

+oo +oo
/ 9(t) 2 - / 9(w)Pw? = oo, (1.21)

— 00 — 00

See [BHW9S] for an expository treatment of the Balian-Low theorem and its conse-
quences.

According to Gabor’s heuristics the integer lattice in the time-frequency plane was
chosen to make the choice of coefficients “as unique as possible” (unfortunately, we
cannot have strict uniqueness because there are bounded sequences that represent the
zero function in a nontrivial but only in a distributional sense).

In focusing his attention on the uniqueness problem Gabor apparently overlooked
that the use of well-localized building blocks to obtain an expansion f = Zm,n Cm,nm.n
does not imply that the computation of the coefficient ¢, , can be carried out by
a “local” procedure, using only information localized around (am,bm) in the time-
frequency plane. The lack of time-frequency locality of the Gabor coefficients is not
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only severe in the critical case, but it becomes more serious if we use a sequence of
lattices that are close to critical sampling. This becomes clear by observing that the
corresponding dual functions lose their time-frequency localization (see also Figure 1.5).

It appears that Gabor families with some (modest) redundancy, which allows a pair
of dual Gabor atoms (g,7), with each function of this dual pair well localized in time
and frequency (cf. also Figure 1.5), are more appropriate as a tool in Gabor’s original
sense. Clearly, under such premises one has to give up the uniqueness of coefficients
and even the uniqueness of 7. The choice v = S~1g is in some sense canonical and —
as we have seen — appropriate Gabor coefficients can be easily determined as samples
of the STFT with window ~.

This observation leads to the question of whether there is a way to obtain an orthonor-
mal basis for L?(IR) with good time-frequency properties based on Gabor’s approach.

Wilson observed that for the study of the kinetic operator in quantum mechanics, we
do not need basis functions that distinguish between positive and negative frequencies of
the same order [Wil87, SRWWST]. Musicians probably would also find it acceptable to
make a distinction between sin- and cos-modulated versions of a given envelope (hence
also between positive and negative frequencies of the same absolute value), because the
human ear does not make any distinction between them (musical notation can also be
understood in terms of the “absolute value” of the occurring frequencies).

Thus, we are looking for complete orthonormal systems that are essentially of Weyl-
Heisenberg type but use linear combinations of terms g;s and g _,. Although such
minor modifications are usually considered only as a question of appearance of formulas
— if we think of Fourier series expansions in their classical or their modern form
(1.1) — it turns out that it makes a substantial difference in the current context.
Indeed, a family of orthonormal bases for L?(IR) can be constructed avoiding the Balian-
Low phenomenon, the so-called Wilson bases. Wilson’s suggestion was turned into a
construction by Daubechies, Jaffard, and Journé [DJJ91], who gave a recipe how to
obtain an orthonormal Wilson basis from a tight Gabor frame for a = 1/2 and b =1
(see also [BHWO98] and the research articles [Aus94, FGW92, Tac96]). The elements of
such a Wilson basis can even be test functions, i.e., functions g with compact support
that have continuous derivatives of any order.

The use of redundant frame representations and the fact that by preselecting the TF
lattice, means that we may need a comparatively large number of small coefficients to
represent a signal that might otherwise have a simple representation by a single term,
e.g., some TF translate of the atom g, but with shift-parameters not from the given
lattice. This suggests we look for a more flexible way of representing signals, with the
aim of minimizing the number of necessary coefficients whenever possible. Theoretically,
it is clear that by choosing a very large collection of potential building blocks (a so-
called dictionary, which may include all TF shifts and dilated versions of a given atom
g) we get a better chance to get a “sparse representation” of a given “simple” signal,
i.e., one that can be expressed as a finite linear combination of elements from the
dictionary. Ideally, only the original building blocks are involved. It is plausible that
this aim cannot be achieved by any linear method that maps the signal space to the
coefficient space. Indeed, the suitable selection of the required family of atoms from
such a huge dictionary has to be controlled by the signal to be represented; hence so-
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called adaptive methods are required, which are controlled in their behavior by signal
properties.

The best known algorithm has been introduced by Mallat and Zhang [MZ93] in
1993, the matching pursuit for representing highly nonstationary signals. A “greedy”
algorithm used building blocks from the dictionary, and the appropriate coefficients are
chosen by looking for the strongest correlation between the given signal and all elements
of the dictionary. Once a finite sum has been detected it is subtracted from the signal
and the remainder is handled in the same way. Despite the popularity of this approach
there are a number of theoretical and practical problems with this approach, and new
modifications have been suggested in recent literature.

The idea is to expand a given signal into a small number of atoms by selecting
atoms from a given time-frequency dictionary, which best match the structures included
in a signal. The analysis functions of this dictionary are constructed by translations,
dilations (like wavelets), and modulations (like Gabor expansions) from a single atom.

Clearly, there is a trade-off between using a huge library of atoms to construct an
“optimal” representation of a signal and the computational costs to find the representa-
tion functions in this library. Attempts to handle this trade-off comprise multiwavelets
and multiwindow Gabor schemes (see [SS94, ZZ97]).

1.1.6  Wezler-Raz Duality Condition

Ignoring mathematical details we say that a system of the form v, , = ThoMpmpy is
dual to g, if every f € L?(IR) has an L?-convergent representation of the form

= {f Ymm) Gmom (1.22)

m,n

with a square summable coefficient sequence. Although a frame that is not a Riesz
basis (this holds for most Gabor frames) has some built-in redundancy and hence
allows many representations of a given signal, it is not obvious that this ambiguity
persists if the coefficients have to be of the form (f,¥m.,) for some v € L*(IR). If we
call any v € L?(IR) such that (1.22) holds a dual function of g with respect to the given
time-frequency lattice, it is obvious that the functions g, , form an affine subspace of
L?(R). In other words, there is a nontrivial linear subspace of L*(IR) such that the
difference of any two dual functions (for fixed g and fixed lattice) belongs to that linear
space.

The so-called Wexler-Raz theorem (cf. [WR90]) describes this linear space as the
orthogonal complement of the family {M,,;,T}, 59, m,n € Z}. Indeed, Ron and Shen
[RS95] were the first to show that this Weyl-Heisenberg family is a Riesz basis if and
only if the original family g, . is a Gabor frame. Moreover, up to normalization, the
biorthogonal family to this Riesz basis is again of the same form and is generated by
g analogously. Finally, we can show that among all dual functions the canonical dual
obtained via ¥ = S~'g can be characterized within this affine space by any of the
following properties:

1. v has least energy.
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2. It generates the coefficients with minimal ¢2-norm for each f € L?(IR).
3. It is closest to ¢ in L?-norm.

4. Tt minimizes the L?-distance between the normalized versions g/||g|l2 and v/ |||z,
i.e., it satisfies the so-called Qian-Chen most orthogonallike condition.

If we want to distinguish it from other duals we denote it by °v. The freedom of using
alternative dual atoms v different from °y can be used to optimize different aims. For
example, if we want to improve the local concentration experiments, show that this is
possible to a limited extent at the cost of loss of frequency concentration.

1.1.7 Gabor Analysis on LCA Groups

Although most of the literature published in the field of Gabor analysis so far (cf.
[TA98, FS98b, CHTI8, Grd99]) concentrates on Gabor analysis for L?(IR)-functions
or vectors of finite length (discrete and periodic sequences) and in a few cases on
the nonperiodic discrete case or multidimensional settings [Li9%4, KFPS96, FK97],
basically Gabor analysis can be applied to any signal for which an appropriate Fourier
transform (in conjunction with a related concept of translation) is available. The general
background to such a conceptual approach is provided by a mathematical theory, that
fundamental results of which were developed around the time of Gabor’s paper (i.e.,
around 1950) and is known by the somewhat unfortunate name of abstract harmonic
analysis. This section will explain some of the relevant facts and show how the use of
“abstract” concepts can help us to better understand the general principles that lead
to slightly different (but structurally equal) formulas in different settings. This section
is, of course, very close to the book by Ann and Tolimieri [TA98] and the articles
[Gro98, FK97] in the Gabor book [FS98b], which are recommended for the reader who
is interested in more details on this subject.

Let us first recall that the situation we want to describe is based on an “abstract”
approach to the family of Fourier transforms. The ordinary Fourier transform applies
to periodic functions in the form of Fourier series, to nonperiodic functions with good
decay in the form of an integral transform, or as a generalized Fourier transform de-
fined for (tempered) distributions. Finally, it shows up in the form of a discrete Fourier
transform (for short DFT), which applies to complex vectors of length N. As it is easy
to combine any two of those Fourier transforms to product domains (e.g., to define the
Fourier transform for functions on the d-dimensional Euclidean space R, or to pixel
images of format K x L) we can say that the most natural setting for Fourier trans-
form theory (resp. harmonic analysis) are functions on so-called elementary (Abelian)
groups (see [FK97]) that arise as simple products of the cases just mentioned, with a
Fourier transform (but also translation) that operates in each coordinate separately. In
other words, the group Fourier transform is obtained by iterating the standard Fourier
transform to the different coordinates.

As explained in [FK97] we can obtain Gabor expansions not only for functions on R"
(i.e., of a “continuous” variable), but also for periodic or nonperiodic discrete time series
of one or more variables, or, generally speaking, for functions defined on elementary
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Abelian groups. However, instead of going by analogy with the most simple case it is
the idea of abstract harmonic analysis to start from the common general properties of
the relevant Fourier transform, in a given context, without taking care of its explicit
form. As it turned out, the correct mathematical setting is the theory of locally compact
Abelian groups, LCA groups; see [Rud62, HR63, Rei68, Kat68, Fol94], basic principles
of which are outlined below.

However, right at the beginning we would like to emphasize that it is not so much
the mathematician’s inclination to look for the most general formulation that motivates
us to introduce this topic here, but rather the conviction that this unifying language
allows us to work at a higher, more conceptual level, avoiding a lot of concrete (and
in some sense unnecessary) calculations in concrete special cases and getting a better
overview of what we have to expect, even as we go to a larger number of variables or to
situations in which discrete and continuous variables are mixed. Indeed, the situation
may be compared to that of linear spaces, where — at the beginning — we prefer
calculations using a particular basis (the particular choice may have an influence on
the length of the computation). Later, you may come to the understanding that a
more modern and coordinate free way allows for shorter arguments and emphasizes the
underlying structure, although it may be more abstract in the sense of ignoring details
that are actually unnecessary for the derivation.

In this sense, abstract harmonic analysis provides the natural unified framework
that allows us to develop key results of Gabor analysis independent of the ques-
tion, whether variables are “continuous” or “discrete,” periodic or nonperiodic, one-
or higher-dimensional. Indeed, the basis for this approach is always the interpretation
of the class of signals under consideration as functions on some underlying commuta-
tive group G, with a group law that is usually written additively (hence the neutral
element is denoted by 0, and instead of adding the inverse of x to y we write y — x).
Consequently the concept of translation has an obvious meaning: T, (f), the translation
of a function f by u is the function taking the same values as f, but at positions that
are shifted by v compared to the original function. For G = R"™ this unitary, hence
isometric or energy-preserving and invertible, transformation is the usual translation.

Thus T, shifts the graph of f in the direction of u. If f is a bumplike function mostly
concentrated near the origin, then T, f is a function of the same shape concentrated
at u. For ordinary vectors of finite length N the natural interpretation is to identify
them with functions on the most simple group, i.e., the cyclic group of order N.
Two (equivalent) concrete models of such a group are the family of remainders Z
mod (N), resp., the group of (complex) unit roots of order N, defined by Zy :=
{exp(—27ik/N),0 < k < N — 1}, forming a group with respect to the multiplication of
complex numbers. Therefore, finite sequences of length N have to be identified either
with their N-periodic extensions (first model) where translation is the translation of
sequences over the integers or translation has to be taken in the cyclic sense (second
model), i.e., T1([xo, - ,2n-1]) = [*N-1,%0, 21, -+ ,ZN—_2]. Because the exponential
law transforms the law of the first group in a one-to-one way to the addition of exponents
mod (V) the two approaches are obviously equivalent. We think it is easier to understand
the correspondence if we label the coordinates of a vector x of length N as x = (zl)ﬁal,
which shows that it is naturally identified with a function k — zpy1, for 0 < k < N —1.
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Clearly, any subgroup of Zy is of the form Zj;, with N = aM for some natural
number a, which has to be a divisor of N. Of course, a can be understood as a lattice
constant describing a (regular) subsampling procedure of Zy to Z),. For digital images
of size K x L the most natural interpretation is to view them as functions on Zg X Zy,,
and translation has to be understood in a double cyclic sense: Those parts of an image
that move “out of the given frame” to the right or at the top show up again on the left
and at the bottom of the image, respectively. Again the alternative is to view images
as tiles (of size K x L) that, by double periodic extension cover all of Z? and to apply
ordinary translation on Z2.

Although these interpretations may look a bit artificial at the beginning and cause
some boundary effect (as is well known from ordinary Fourier analysis) they can be
handled relative easily (although one should not neglect them!). However, as a very
important payoff we get a full group structure with great practical and theoretical
advantages, i.e., for computational aspects (e.g., using FFT) and a unified treatment
within harmonic analysis.

Dual Groups and Time-Frequency Planes

Going back to general Abelian, i.e., commutative, groups (with continuous variables) one
has to assume that they are endowed with a suitable topology, turning them into locally
compact Abelian groups (LCA groups, for short). For the case of G = R™ this means
that for each point x € R™ the closed balls of radius € are compact but still arbitrary
small, in the sense of being suitable to define the concept of convergent sequences in
R™.

Besides the finite-dimensional spaces such as R™, discrete groups such as Zx X Zj, or
the torus T = {z € C, |z| = 1} are important examples. For the torus group multipli-
cation is taken from the complex numbers (note that 2z = |z|? = 1 implies 2~! = Z for
z € T). More generally, the so-called elementary groups that arise as finite products of
these groups have to be mentioned.

An example not falling into this class is any infinite-dimensional vector space, with
the standard addition of vectors. It clearly forms an Abelian group, but it will not be
possible to provide a topology (compatible with the group structure) that is locally
compact.

The local compactness of G implies that there are always “sufficiently many” charac-
ters, i.e., continuous functions taking complex values of absolute value 1 and satisfying
an exponential law of the form

x(z+y)=x()x(y) forall z,yed.

In other words, a function x is a character on G if it is a group homomorphism from
(G,+) to the torus (T,-). It is easy to verify that these functions, with pointwise mul-
tiplication, form a group, the so-called dual group G. Obviously, the constant function
Xo(x) = 1, for all x € G, is the neutral element, satisfying o - x = x for all x, and ¥
is the inverse element for a given y, because x(z)x(z) = |x(2)|* = 1 = xo() in this
group. By introducing the topology of uniform convergence over compact sets on G (for
the general case), G is again an LCA group.
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Typically, these characters x € G are — in concrete examples — pure frequencies
or (complex) plane waves. Indeed, for G = R™ a bounded and continuous function is a
character, if and only if it is of the form x — exp(2mi(x1y1 + - - -+ Z,yy,)) for a uniquely

determined vector y € R™. Therefore, it makes sense to identify R™ with R"™ itself,
with the understanding that we take any y € R™, whenever it appears as a “frequency”
vector, just as a parameter for the corresponding character xy, given by

Xy (x) = exp(2mi(z1y1 + - - + Tnyn)) VX ER". (1.23)

Furthermore, it is important to understand that by this identification the abstract
group law (multiplication of characters) really corresponds in a one-to-one way to ordi-
nary addition of the parameters (usually named frequencies). Therefore, and to strongly
indicate that the dual group is again a commutative group — by the obvious reason
that pointwise multiplication does not depend on the order — it is standard to identify
the characters defined earlier with their (abstract) labels and to write x1 + x2 in order
to express the “composition” of the two characters in G.

This convention is also quite natural for the case of the finite group Zy, where the
characters are simply the mappings of the form x; : u — u¥, for 0 < k < N — 1.
A simple calculation shows that the oh)\\zious identification of x with its parameter k
establishes a natural identification of Zy with Zy itself. Viewed as vectors of length
N these characters are essentially sampled complex exponential functions, or — if one
wants to see it that way — just the entries (rows or columns) of the Fourier matrix
that describes the (unitary) linear mapping x — FFT(x).

These two most important examples of Zy and R™ should not suggest that the dual
group can always be identified with the group itself, as typically a discrete group, like
the integers (Z, +), has a compact dual group, in this case the torus T via x.(k) = z¥,
which is different from Z itself. Conversely, a compact group, such as /‘Ehe torus T, has a

discrete dual group, here Z via y(z) = z*. However, it is true that G = G via natural
identification.

For the general case, the practical and theoretical importance of these characters is
based on the fact that they are exactly the eigenvectors for the full family of transla-
tion operators and hence also of the family of convolution operators. Because they form
something like a (continuous or discrete) basis, the corresponding change of bases, usu-
ally denoted as abstract Fourier transform, diagonalizes all those convolution operators
simultaneously and turns convolution operators into pointwise multiplication. The fact
that (again due to the local compactness of G) there are “sufficiently many” characters
translates into the (expected) fact that the Fourier transform is a one-to-one mapping
(for a large class of functions or distributions), and even a unitary linear mapping be-
tween the space L?(G) of signals of finite energy on G to the corresponding space on
G, ie., Lg(é).

Thus, for any such LCA group G the product space G x G takes the role of the
(abstract) time-frequency plane (TF-plane). There are two interpretations of G x G.
On the one hand, by viewing at it as a simple product group with addition taking place
in each coordinate (like with vectors in R?) it is another LCA group. On the other
hand, we may identify the pairs (x,y) with frequency shift operators acting on f via
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multiplication of f by the corresponding character x € G. By combining these two
commutative groups we get a so-called (projective) representation of G x G by “time-
frequency” shifts, which we will denote by m. Thus, for A = («, x) the corresponding
TF shift m(x, x) consists of the composition of translation by the element z, followed
by multiplication with the character y € G; i.e., we have

[m(z,X)f1(z) = x(2)f (z — 2). (1.24)

Let us assume the following setting. Given an arbitrary nonzero atom g € L?(G)
(i.e., a signal of finite energy on G) and a fixed TF lattice, and a discrete subgroup A
in G x G with compact quotient. In this context, Gabor analysis on G is concerned
with the question

How can we expand general functions f € L?(G) (or, more generally, func-
tion spaces) in the form of a series

F= Y exr(V. (1.25)

for suitable (*-coefficients (cy) (resp., with coefficients in an appropriate
sequence space indexed by A) ?

As we would like to have stability of the expansion we come back to the question of
whether (m(\)g)aea is a frame for L?(G). If it is a frame this family is a Gabor frame
on G generated by the pair (g, A).

Of course, besides this basic requirement, some other aspects are important for the
usefulness of these representations. For example, such a representation should allow
one to “read” the coefficients in the following way. If for some subset of G the function
f € L?(G) is very smooth this should show up in the Gabor coefficients corresponding to
this area in the form of strong decay with respect to the parameter y. Moreover, storing
only a few Gabor coefficients will allow us to have a good approximate representation
of the signal in that domain. Such extra requirements (and the so-called Balian-Low
phenomenon) imply that the otherwise very simple orthonormal bases for L?(G) that
arise from the indicator function of the fundamental domain for some discrete subgroup
H C G (e.g., the box function 1y ) for the case Z C R) typically are not of much
interest in this context. Although they do not form orthonormal bases (unlike wavelet
systems), Gabor families with some redundancy are nevertheless of great interest, with
blocks 7(A)g if both g and the Gabor atom ¢ generating the dual Gabor frame are well
concentrated in the corresponding TF sense.

As described in [FK97] (for the context of elementary LCA groups) the key results of
Gabor analysis can be reproduced on the basis of general facts concerning LCA groups.
In particular, the so-called commutation law for the frame operator, which is now of
the form

S(f) = Sag(f) = D_{fim(N))m(A)(9), (1.26)

AEA
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i.e., the fact that S commutes with the family (7(A))aea, is valid in this more general
setting.

It may be seen as the crucial fact behind many properties of Gabor frames, and it
is the basis for abstract versions of both Janssen’s representation and the Wexler-Raz
principle. However, let us mention first that it is responsible for the fact (again in
contrast to affine wavelets involving dilations) that S~! commutes with every 7()), for
A € A and therefore the dual frame for a Gabor frame operator is again another Gabor
frame, generated by the pair (§,A), with § = S~1g, resp., the solution of the linear
equation Sg = g.

In order to describe the two basic results mentioned earlier we introduce the con-
cept of the adjoint group A° to a given TF lattice A. A° is defined as the set (and
actually another lattice) of all those TF shifts that commute with all elements of A.
Not surprisingly, (A°)° = A. In the current context, which is interesting if A is just a
nonseparable lattice in R?? Janssen’s representation consists of the claim that Sy, has
a series representation (with at least bounded coefficients (cyo), indexed by A°), only
involving the elements 7(\°), i.e., of the form Sy A = > ocpo Caom(A°).

On the same basis we derive the most general variant of the so-called Wexler-Raz
principle (going back to [WR90] in its original form): A pair of functions from L?(G),
say g and v, are (weakly) dual to each other if and only if they show a certain form of
biorthogonality with respect to A°, i.e., if and only if (m(A7)g, 7(A3)7y) = dxs ag, for any
pair of elements (A7, A3) in A°. Because only for those lattices A that show a certain
richness (usually described in terms of some redundancy factor greater than 1) it is
possible that (g, A) generates a Gabor frame, the corresponding adjoint lattices A° will
have some sparsity. It follows that in the typical situations there are many different
choices for A-dual signals v for a given atom g (in the case G = Zy we simply have
an underdetermined inhomogeneous linear equation). More precisely, the collection of
so-called weakly dual Gabor atoms (see [FZ98]) forms an affine subspace of L?(G).
The usual choice is the so-called canonical dual window g = Sg_}\(g) as suggested by
standard frame theory. All the other dual windows differ from this particular choice by
an element from the orthogonal complement of the collection {m(A°)g, A° € A°}. If a
continuous variable occurs we have to take into account that not all of these define dual
frames, but if for such a v the mapping f — ({f,7(\)7)) is a bounded linear mapping
from L?(G) to ¢*(A) then v generates a dual frame, in the sense that

F=Y (Lr)NaNg =D (fr(Ng)r(\)y Vf € LX(G), (1.27)

AEA AEA

Of course, it is of interest to note that g can be characterized by several different
but equivalent properties. Thus, § is the unique A-dual signal, which is as close as
possible (in the L2-sense) to g, or, alternatively, to the dual window, which generates
those representations among all possible ones, which have minimal #2-norm, by choosing
ex = (f,m(N\)g), for A € A, for each signal f.

From a more practical point of view, i.e., with vectors of finite length, this new
perspective opens a way to use so-called nonseparable lattices A, not just the standard
“separable” lattices characterized by a lattice constant a in the time direction and a
lattice constant b for the frequency direction (cf. [Li94, FCS95, KFPS96] for early
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examples in this direction). A typical example of such a nonseparable lattice A would
be the well-known quincux lattice, which may be seen as a kind of substitute for a
hexagonal lattice (which does not exist in the strict sense, in this situation).

Experiments indicate that for a given redundancy factor (e.g., red(A) = 1.5) those
alternative lattices allow for slightly better joint TF concentration of the pair of dual
Gabor atoms (g, g) than the rectangular lattices. It is natural to associate this phe-
nomenon with the “circular” behavior of typical (Gauss-like) Gabor atoms g in the TF
plane and the better properties of the alternative lattices with respect to the sphere
packing problem.

1.1.8 Numerical Gabor Analysis

When implementing Gabor analysis methods we can only handle a finite amount of
data. Hence, we cannot directly use the infinite-dimensional theory in L?(IR) or ¢?(Z)
but have to set up a finite-dimensional model first.

In [Str98a, Str99] the relation between certain finite-dimensional models used for
numerical procedures and infinite-dimensional Gabor theory has been investigated. In
¢%(Z) the numerical computation of the dual functions

'Ym,n(k) — eQ‘n’imk/JV[,y(k _ na) (128)

involves the solution of the bi-infinite system of equations
Sg=r. (1.29)

We certainly cannot solve a system of bi-infinite order, but we can solve it approxi-
mately, based on a finite-dimensional model. In [Str98c, Str99] it is shown that the
“dual” Gabor functions obtained by solving a finite-dimensional problem converge to
the dual Gabor functions of the original infinite-dimensional problem in £2(Z). Proba-
bly the most convenient finite-dimensional model that can be used for an approximate
computation of the duals is the periodic model.

Hence, we do all our computations in the ring Zy = Zmod N (cf. Section 1.1.7).
In other words, we consider discrete signals f of length IV, extended periodically by
f(k+nN)= f(k) for k=0,...,N —1 and n € Z. The choice of this model is justified
by the theoretical results in [Str98c, Str99].

Our guiding philosophy is to express the underlying structures arising in discrete
Gabor expansions in the language of unitary matrix factorization [GvL89, Str98a).
Permutation matrices, Fourier matrices, and Kronecker products constitute the vocab-
ulary of this unifying language. The factorization point of view is notably useful for the
design of efficient numerical algorithms.

A few diagonal matrix notations are handy. If d € CV, then D = diag(d) =
diag(do, . ..,dn—1)is the N x N diagonal matrix with entries dy,...,dy_1.If Dg,..., Dn_1
are p X p matrices, then D = diag(Dy, ..., Dxn_1) is the block diagonal matrix defined
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by
Dy 0 0
0 D 0
D= : }
0 0 Dy_1

A permutation matriz is the identity with its columns reordered. If P is a permutation
and A is a matrix, then PA is a row-permuted version of A and AP is a column-
permuted version of A. Note that P* = P~!. The permutation matrices are thus
unitary, forming a subgroup of the unitary group. Among the permutation matrices,
the mod p perfect shuffle permutation [v1.92]

1 0 --- 0 0 0
prows{ 1
0
1
Pp,N— )
1
_O 1_
—_——
q columns

with N = pgq, shall play a key role in the factorization of the Gabor frame operator. Its
transpose P} v is called the mod p sort permutation [vL92]. Observe that P, y = =P, N
We 1llustrate the action of P, y and P \; by means of simple examples with N =15 =

3-5=p-q

P3 1520 = [@0 x5 T10 | ¥1 T 211 | X2 T7 12 | T3 T8 X135 | T4 To T14 "

* *
P3,1533 = [CCO XT3 T L9 T12 \961 Ty X710 T13 \562 T5 X8 T11 1614]

It is not surprising that the Fourier matriz is of fundamental importance in the
factorization of the Gabor frame operator. The Fourier matrix of order N is the unitary
matrix

1 1 1 1
w w? .. w1
1 2 4 2(N—1)
Fy = ¥ 1 w w w
i wl\}—1 wQ(N_l) w(N—l.)(N—l)

with w = e=27/N

If A e CP*? and B € C™*"™ then the Kronecker product A ® B is the p-by-q block
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matrix
ao()B . aoqle
A®B = : : e cpmxan,
ap,loB . apfqulB
Note that
B 0 0
0 B 0
I®B=
0o 0 ... B
is block diagonal, and I is the identity matrix. If N = mn and A € C™*™ then [vL92]
N (In @A) = (AR In) Py, v . (1.30)

If A and B are unitary matrices, then A ® B is a unitary matrix, because (4 ® B)* =
A*®@ B* and (A® B)™! = A7l ® B71; see [vL92].
The set of Gabor analysis functions {g,, »} is given by

Gmn (k) = g(k — na)e>™mb/N (1.31)

form=0,....M—-1,n=0,...,K —1and Ka= Mb= N with a,b, K, M € N.

Let G be the M K x N matrix having g, » as its (m+nM)-th row form =0,..., M —
1,n=0,...,K — 1. We write ¢y, = (f, gm,n) and by slightly abusing our notation we
treat the K x M array c as a column vector of length KM by stacking the columns of
c. The Gabor transform of a function f can be written as

Gf=c.
The case ab = N is usually referred to as critically sampled Gabor transform, whereas
the choice ab < N yields an oversampled Gabor transform, the ratio % = % is the

oversampling rate or redundancy. The case p = 1 is referred to as integer oversampling.
Recall that the Gabor frame operator S is defined by

M—-1N-1

Sf= Z Z(fvgm,n>gm,n-

m=0 n=0

S is a positive definite Hermitian N x N matrix, which can be expressed by
S=G"G.

Due to the commutation relations of Gabor frame operator (cf. Section 1.1.3) it is
obvious that these properties translate in the periodic model to the fact that S is
block-circulant matrix; see, e.g., [QF95]. More precisely, S can be expressed as

Ay A ... A
g AK—l AO AK_2

)

A A . Ao
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the Ay, being noncirculant a x @ matrices with (Ag)m.n = Skatm, katn fork =0,..., K—
land m=0,....,a—1,n=0,...,a—1.

But the Gabor frame operator exhibits even more structural properties. These do
not come as a big surprise due to the “symmetry” in the construction of the functions
9gm.n- The following representation of S is a consequence of the Walnut representation
of S, cf. [HW89].

Lemma 1 [Str98c] S can be unitarily block-diagonalized via

S = PaunDsPi;x (1.32)
where Dg = diag(Bo, ... ,Byn—1) and By are b X b submatriz with entries
(Bk)mn = Sk+mM k+nM (1.33)

formn=0,....,b—1,k=0,...,M —1.

A well-known factorization of S can be obtained by combining the sparsity of S as
stated in Lemma 1 with the fact that S is of block-circulant type, see [Z2Z93, PZZ98].
This factorization of S can be further improved as demonstrated by the following the-
orem [Str98b].

Theorem 2 (Fundamental Factorization) Let {gm.n} be a Gabor frame for Zn
with time-frequency shift parameters a,b. Denote % = %' Then S can be unitarily
factorized into the block diagonal matrix

I, ® diag(Cy,...,Cx_4),
prq
the g x q submatrices C; are given by

diag(CM, RN Cb(k+1)_1) = (Fg X Iq)*Bk(Fg ® Iq)

with By, as in (1.33).

In other words the Gabor frame operator can be efficiently factorized by properly
chosen Fourier transforms and permutations into N/(pq) different submatrices of size
q X q; each of these submatrices is repeated p times.

The “classical” result via Zak transform [ZZ93] states that S can be factorized into
N/q different matrices of size ¢ x q. Hence, we “gained” a factor p.

In case of integer oversampling (i.e., p = 1), Theorem 2 reduces to the well-known
diagonalization of the Gabor frame operator by the Zak transform; see for exam-
ple [AGT91, ZZ93].

Many fast algorithms for computing the dual Gabor function can easily be derived
from Theorem 2, because they simply correspond to different factorizations of the frame
operator S; see [Str98b] for more details.

Due to the link between Gabor frames and oversampled DFT filter banks (cf. [CV98,
BHF98]) the results discussed in this section provide a convenient way for an efficient
implementation of oversampled DFT filter bank systems.
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1.1.9 Image Representation and Gabor Analysis

Gabor functions are successfully applied to model the response of simple cells in the
visual cortex [Dau80, Mar80]. A survey on this topic can be found in [NTC96]. In
our notation, each pair of adjacent cells in the visual cortex represents the real and
imaginary parts of one coefficient ¢, , corresponding to g, . Clearly the Gabor model
cannot capture the variety and complexity of the visual system, but it seems to be a
key to further understanding biological vision.

Among the people who paved the way for the use of Gabor analysis in pattern
recognition and computer vision we certainly have to mention Zeevi, M. Porat, and their
coworkers [ZP84, ZP88, PZ89, ZG92] and Daugman [Dau87, Dau88, Dau93]. Motivated
by biological findings, Daugman [Dau88] and Zeevi and Porat [PZ88a] propose the use
of Gabor functions for image processing applications, such as image analysis and image
compression. Ebrahimi, Kunt, and coworkers use Gabor expansions for still image and
video compression [EK91]. Many modern transform-based data compression methods
try to combine the advantages of Gabor systems with the advantages of wavelets.

1.2 Signal and Image Reconstruction

In the last decade an enormous effort of research in various scientific disciplines has
gone into the development of efficient and reliable methods for compression, transmis-
sion, analysis, and enhancement of multidimensional signals. Unfortunately, in practice,
direct applicability of these methods is often seriously hampered due to following prob-
lems:

(i) Scattered Data Problem: In many applications, such as exploration geophysics
or medical imaging, data of a signal can only be taken at nonuniformly spaced
nodes. However, most of the commonly used methods for analysis, compression,
or denoising cannot be directly applied to nonuniformly spaced data, but ask for
regularly sampled signals. Thus, before further processing can take place, we first
have to reconstruct the signal from the given data by computing an approximation
on a sufficiently dense regular grid.

(ii) Missing Data Problem: A common problem in practice is the loss of data
during transmission or recording of signals. The user is then confronted with
signals where several data segments are missing or so distorted that they carry
no useful information. Because any further processing of those signals, such as
feature extraction, segmentation or visualization will be severely affected by these
problems, we have to recover the lost information as well as possible. We have to
deal with the missing data problem, for example in case of packet loss in coded
video bit streams as well as in the restoration of clipped audio signals.

If there is no need to distinguish between these two types of reconstruction problems,
we refer to both of them as nonuniform sampling problem. In this section we will give
an overview on efficient methods for reconstructing signals and images from nonuniform
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samples. We first give a brief overview of the connection between frames and irregular
sampling theory. Then we present efficient numerical algorithms in both one and two
dimensions. At the end of this section we demonstrate the performance of the presented
methods by applying them to various image reconstruction problems.

1.2.1 Notation

A successful solution of the nonuniform sampling problem requires a priori information
about the signal; otherwise the problem is ill-posed. In many cases this a priori knowl-
edge can be derived from physical properties of the underlying process. Such physical
properties can often be characterized in terms of the decay of the frequency coeffi-
cients of the signal. This model is useful in many applications, for example in speech
processing, communication, or geophysics. Other models involve radial basis functions,
wavelets, or splines. But in the sequel we will mainly concentrate on reconstruction
methods for (essentially) band-limited multidimensional signals.

Before we proceed, we briefly review some basic facts of sampling theory. The space
of band-limited signals B, is given by

Bgf{fELQ F(w) =0 for |w|>Q} (1.34)
in which f is the Fourier transform of f, defined by
w) = /f(t)e%it“’ dt. (1.35)

The sinc function defined by

sin Ot
)= —(— 1.36
sincq(t) = O (1.36)
acts as a reproducing kernel on Bq, i.e., we have for f € Bq
f(t) = (f,sinca(- —1)). (1.37)

This property plays an important role in Shannon’s sampling theorem [Sha48, Hig96].
Shannon’s sampling theorem says that if f € Bq then for any § < 7, the signal f can
be reconstructed from its regularly spaced samples {f(nd)},cz by

Zf st —nd) ' (1.38)

e Q(t — nd)

It is worthwhile to distinguish between two features provided by Shannon’s sampling
theorem:

e Shannon’s formula gives a unique discrete representation of f in terms of its
samples {f(nd)} = {(f,sinc(- — nd))}.

e Shannon’s theorem also provides an explicit method to reconstruct f from its
samples {f(nd)} by computing the series in (1.38).



36 H.G. Feichtinger and T. Strohmer

If the samples are irregularly spaced, the problem becomes much more challenging.
The irregular sampling problem can be stated as follows. Let f be a band-limited signal
in Bq, and suppose that the values f(t,) are known at a bi-infinite sampling sequence
coitno1 < tp < tpyr... with lim, 4. Then the question is whether f is uniquely
determined by its samples; if yes, how can it be reconstructed?

These questions have inspired many mathematicians, culminating in deep theoretical
results due to Duffin, Schaeffer, Beurling, Landau, and others [DS52, Lan67, BM67].
In recent years the attention has focused on practical solutions; see [Mar93, FG93] and
the references cited therein. Here the issues are the design of fast and robust algorithms
and explicit error estimates.

1.2.2  Signal Reconstruction and Frames

An important role in the investigation of sampling and reconstruction problems from
both theoretical and numerical points of view plays the concept of frames [DS52,
You80], which has seen a recent resurgence spurred by the papers [DGM86] and [Dau90].

Frames were introduced in Section 1.1.1, defined by (1.6). Figures 1.1 and 1.3 show
elementary Gabor functions and how they cover the TF plane, presenting their time-
frequency localization. Section 1.1.3 describesd fundamental properties of Gabor frames.

The derivation of conditions under which a system {fx}recz establishes a frame and
estimation of frame bounds play a vital role in harmonic analysis and signal process-
ing [Dau90, Ben92, Chr95, FG93].

From the viewpoint of frame theory the irregular sampling problem can be understood
as finding conditions under which the functions {sincq(- — ¢;)},ez (or other properly
chosen functions) constitute a frame [Fei89, Ben92, Jaf91].

Our numerical methods are based on the following theorem, due to Feichtinger and
Grochenig  [FG93].

Theorem 3 Let {x;}jcz be a sampling set that satisfies

T/ >y :=sup(tjq1 — x;). (1.39)
JEL

Then {,/w;sinca (- — x;)}jez is a frame for Bo with frame bounds

A=1-222 a4+ 2%

™ ™

)2, (1.40)
The weights w; are given by
wj = (tjt1 —t;-1)/2. (1.41)

Let T and T™ denote the analysis and synthesis operators as defined in (1.13) and (1.14)
respectively:

Tf = {{f,ujsinca(- — z;))jez , T {c;}tjen =Y wjesinca(- —z;).  (1.42)

JEZL
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It follows from frame theory that a signal f € Bq can be recovered from its sam-
pled data {z(z;)} by the following simple iterative procedure, which is also called the
adaptive weights method:

fo = For + AT (Tfn1 = {f(2)}jez) (1.43)

with relaxation parameter A < %. By exploiting the fact that this frame iteration is
identical to Landweber or Richardson iteration we can conclude that the optimal choice
for the relaxation parameter is A = ﬁ, see [HYS8I].

The Richardson iteration is mainly of theoretical interest and should not be used in
practice due to its modest rate of convergence. We will discuss faster iterative procedures
in the sequel.

1.2.3  Numerical Methods for Signal Reconstruction

In Theorem 3, as in most irregular sampling theorems, we are dealing with an infinite-
dimensional problem, by assuming that infinitely many sampling values are given. This
is, of course, not the case in practice, where only a finite number of data can be pro-
cessed. Thus, for the problem to be accessible for numerical solution we first have to
create a finite-dimensional model.

There are numerous theorems concerning the reconstruction of a band-limited sig-
nal from nonuniform sampling, but most of these theorems do not treat the situation
encountered in signal and image processing.

Without loss of generality we can assume that the sampling points are contained
in an interval [0, N]. Hence let a set of sampling points {z;};_; and sampling values
sj = f(z;) be given with f € Bys. Clearly we cannot reconstruct f exactly from a
finite set of samples, because B, is an infinite-dimensional space, hence our goal is to
approximate f as well as possible.

Because no data are provided outside this interval we focus on reconstructing the
signal f inside the interval [0, N]. Any attempt to design a finite-dimensional model
immediately raises the question “what to do at the boundaries” of the interval when we
truncate f to the interval [0, N]. We extend the truncated signal f periodically across
the interval [0, N]. As in many other cases, this periodic extension preserves important
mathematical properties — such as group structure — which in turn often give rise to
efficient numerical algorithms.

Periodic band-limited signals are identical to trigonometric polynomials, thus, we
consider the space of trigonometric polynomials of degree at most M defined by

M
Py = {p cp(x) = Z ckezmkm} (1.44)
k=—M

as a finite-dimensional model for the irregular sampling problem. In [Gré99] it is shown
that interpolation and approximation by trigonometric polynomials provide a correct
finite-dimensional discretization of the sampling problem for band-limited functions.
See [Gro97] for an extension of this result to higher dimensions.
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In general the y; are not the samples of a trigonometric polynomial in Fs, hence we
cannot find a p € Py such that s; = p(x;). We therefore consider the least squares
problem

T

] . J— . 2 .
plgg\lj ; p(z;) — 5] w; . (1.45)
Here the w; > 0 are unspecified weights, which can be chosen at one’s convenience.
The following theorem, which is due to Grochenig [Gré93, FGS95] forms the basis

for our efficient numerical methods.

Theorem 4 Given the sampling points 0 < xg < ...,xny_1 < 1, samples {sj}é\/:l,
positive weights {w; }jyzgl, and the degree M with 2M + 1 < N, the polynomial p € Py

that solves (1.45) is given by
M .
Pla)= Y ame’™™ € Py (1.46)
m=—M

in which its coefficients a., satisfy

a=T""p e CEM+D*, (1.47)
where T is a (2M + 1) x (2M + 1) Toeplitz matriz with entries
N-1
Tim = Z wje2™ii=me; for |l|,Im| < M (1.48)
§=0
and
N-1
by, = Z sjw;je*TImT for |m| < M. (1.49)
7=0

If {x;}0, is also a stable sampling set with max(xj 11 — ;) :== v and w; = (11 —
xj_1)/2, then the condition number of T is bounded by

w(T) < (H)Q . (1.50)

The main step from a numerical point of view in this theorem is the solution of the
linear system Th = c. Because the matrix entries Tj ,, = w]—ezm(l’m)“’j depend only
on the difference [ — m it follows that T is a Toeplitz matrix, i.e., the entries of T" are
constant along its diagonals.

There exist many fast algorithms to solve Toeplitz systems of equations [DH87,
AGS88]. The most efficient and flexible algorithm for our problem is based on the conju-
gate gradient method [GvL96, CN96|. By combining the reformulation of the original
problem as a Toeplitz system with the adaptive weights method and the conjugate gra-
dient acceleration, we arrive at a fast and efficient reconstruction algorithm [FGS95].
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Theorem 5 (and Algorithm) Let M be the size of the spectrum and let 0 < 1 <
- <z, < 1 be an arbitrary sequence of sampling points with r > 2M + 1. Set
o=2r — L,y =21 +1 and w; = %(ijrl —2j_1) and compute

-
Ve = Ze_%ikzjwj for k=0,1,...,2M .
j=1

The associated Toeplitz matriz has Ty, = yi—g for ||, |k| < M.
To reconstruct a trigonometric polynomial p € Py from its samples p(z;), first com-
pute

by, = Zp zj)wje 2R for k| < M,

and setrg =qp =b € (C2M+1, ag = 0. Compute iteratively for n > 1

<Tn—1>Qn—1>
ap =0p—1+ 77— Qn—1,
e (Tqn—1,qn-1)
<Tn—1»qn—1>
Tn =Tp-1— 77— 1'qn-1
R (Tqn_1,qn—1)
and
Gn =T <rnaTQn71>
= - -1 -
R (S

Then a,, converges in at most 2M + 1 steps to a vector € C*M+1 solving Ta = b. The
reconstruction p € Py is then given by p(x) = ZQ/I:_M ape’ ke,

If 6 < ﬁ and pp(x) = Zi/jsz an,ke%“” € By denotes the approximating polyno-
mial after n iterations, then

1/2 1/2

Z Ip(z;) — pn x])| wj 2(20M)" Z p(z; ) wj : (1.51)

Because this algorithm is a combination of the adaptive weights method, the conju-
gate gradient (CQG) algorithm, and the use of Toeplitz matrices, we also refer to it as
the ACT algorithm.

Computational Complexity: Due to the Toeplitz structure all the information of
T is contained in its first row. By using the formulas of Rokhlin and Dutt [DR93,
DR95] or Beylkin [Bey95] the entries of T' and the right-hand side can be computed
in O(M log M + rlog(1/e)) operations; € is the required precision to compute T and b.

The main step in this algorithm is a matrix-vector multiplication in each iteration.
Because T is a Toeplitz matrix, this multiplication can be carried out via the FFT
in O(Mlog M) by embedding T in a circulant matrix [Str86, FGS95]. The rate of
convergence of CG is usually much faster than predicted in the theorem, because it
essentially depends on the distribution of the singular values of the matrix. If the
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singular values are clustered, CG will converge quickly if they are not clustered, one
can apply one of the many existing Toeplitz preconditioners to achieve clustering (away
from zero) of the singular values.

Generalization to Higher Dimensions: An advantage of the proposed approach,
besides its numerical efficiency, is the fact that it can be easily extended to multivariate
q signal reconstruction. We briefly discuss the two-dimensional case. We define the
space of two dimensional trigonometric polynomials PZ by

M

By ={piplay)= Y cue? 0L (1.52)
Jik=—M

To reduce the notational burden, we have assumed in (1.52) that p has equal degree
M in each coordinate; the extension to polynomials with a different degree in each
coordinate is straightforward.

Let a set of nonuniformly spaced sampling points {(z;,y;)}7_; (we assume without
loss of generality that (z;,y;) € [0,1) x [0,1)) and sampling values s; = f(x;,y;)
be given. analogous to the one dimensional case, we want to find the trigonometric
polynomial of degree M that minimizes the approximation error in a least squares
sense.

Similarly to the one dimensional problem we can compute the solution by solving
a linear system of equations T'a = b, the derivation of the algorithm is essentially the
same, for the details the reader may consult [Str97]. We point out that the system
matrix 7" in the two dimensional case is of the form

Trp=» w;e™*=D@tw) =g 1=0,.. . 2M. (1.53)
j=1

One can easily verify that T is a block Toeplitz matrix with Toeplitz blocks [Str97].
Analogous to the one dimensional case, the multiplication of a block Toeplitz matrix
by a vector can be carried out by a two dimensional FFT. Furthermore, the whole
information of T is stored in the first and M-th column of T and we can use the
formulas in [Bey95] for their fast computation. Only the problem of invertibility of
the block Toeplitz matrix is more involved than in one dimensional, see [Str97, Gr697]
for more details. We demonstrate the performance of this algorithm and outline some
modifications to take advantage of a priori information about specific reconstruction
problems.

1.3 Examples and Applications

In order to illustrate the performance of the proposed methods we discuss some image
reconstruction problems arising in various scientific disciplines. The method we have
presented in the previous section is very flexible, and additional knowledge about a spe-
cific reconstruction problem can be easily incorporated. In the sequel we will apply our
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(a) 2-D echocardiography (b) Cross section of LV

(c) Detected boundary points (d) Recovered contour of LV

(e) Underfitted solution (f) Overfitted solution

FIGURE 1.6. The recovery of the boundary of the left ventricle from two dimensional ultra-
sound images is a basic step in echocardiography to extract relevant parameters of cardiac
function.
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method to reconstruction problems arising in echocardiography, exploration geophysics,
and digital image reconstruction.
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(a) Contour map of synthetic gravity (b) Sampling set and synthetic gravity
anomaly, gravity is in mGal anomaly

easting easting

(¢) Approximation from noisy samples by (d) Error between approximation and actual
minimum curvature method anomaly

FIGURE 1.7. Many existing reconstruction methods used in exploration geophysics produce
approximations that are smooth but do not conform to a relevant physical model. These
methods are often very sensible to the sampling geometry (d).
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the algorithm of Rauth and Strohmer anomaly

FIGURE 1.8. A priori knowledge about physical properties of potential fields greatly reduced
the influence of the sampling geometry, as can be seen by comparing Figures 1.3 (a) and (b)
and Figures 1.3 (c) and (d).

1.3.1 Object Boundary Recovery in FEchocardiography

Trigonometric polynomials are certainly not suitable to model the shape of arbitrary
objects. However, they are often useful in cases in which an underlying (stationary)
physical process implies smoothness conditions of the object. Typical examples arise
in medical imaging, for example in clinical cardiac studies, in which the evaluation of
cardiac function using parameters of left ventricular contractibility is an important con-
stituent of an echocardiographic examination [WGL93]. These parameters are derived
using boundary tracing of endocardial borders of the Left Ventricle (LV).

The extraction of the boundary of the LV comprises two steps, once the ultrasound
image of a cross section of the LV is given, see Figures 1.6(a)—(d). First an edge detection
is applied to the ultrasound image to detect the boundary of the LV; cf. Figure 1.6(c).
However, this procedure may be hampered by the presence of interfering biological
structures (such as papillar muscles), the unevenness of boundary contrast, and various
kinds of noise [SBST95]. Thus, edge detection often provides only a set of nonuniformly
spaced, perturbed boundary points rather than a connected boundary. Therefore a sec-
ond step is required, to recover the original boundary from the detected edge points,
cf. Figure 1.6(d). Because the shape of the left ventricle is definitely smooth, trigono-
metric polynomials are particularly well suited to model its boundary.

We denote this boundary by f and parameterize it by f(u) = (24, yu); ., and y,, are
the coordinates of f at “time” u in the z- and y-directions, respectively. Obviously, we
can interpret f as a one-dimensional continuous, complex, and periodic function; x,,
represents the real part and y, represents the imaginary part of f(u). It follows from
the theorem of Weierstrass (and from the theorem of Stone-Weierstrass [Rud76] for
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higher dimensions) that a continuous periodic function can be approximated uniformly
by trigonometric polynomials. If f is smooth, we can fairly assume that trigonometric
polynomials of low degree provide an approximation of sufficient precision.

Assume that we know only some arbitrary, perturbed points s; = (2, yu,;) = f(u;)+
0;,j =0,...,N—1of f, and we want to recover f from these points. By a slight abuse
of notation we interpret s; as a complex number and write

Sj =T; + iyj . (154)

We relate the curve parameter u to the boundary points s; by computing the distance
between two successive points s;_1, s; via

u = 0 (1.55)
u; = Uj_1+ dj (156)
d;j = \/(mj —x5-1)% + (y; —yj-1)? (1.57)
for j =1,...,N —1. Via the normalization ¢; = ¢t;/L with L = uy_1 +dxn we force all

sampling points to be in [0, 1). Other choices for d; in (1.54) can be found in [Die93] in
conjunction with curve approximation using splines. After transforming the detected
boundary points as described in (1.54)—(1.57) we can use Algorithm 5 to recover the
boundary.

As already mentioned, the detected contour points are distorted by noise. Therefore
least squares approximation of the data points is preferred over exact interpolation. This
raises the question of choosing the optimal degree of the approximating trigonometric
polynomial. In [Str98a, SS98] we have developed a multilevel regularization scheme
that iteratively adapts to the optimal polynomial degree.

Figures 1.6(e)—(f) demonstrate the importance of determining a proper degree for
the approximating polynomial. The approximation displayed in Figure 1.6(e) has been
computed by solving (1.45) with M chosen too small; we have obviously underfitted the
data. The overfitted approximation obtained by solving (1.45) using a too large M is
shown in Figure 1.6(f). The approximation shown in Figure 1.6(d) has been computed
by the algorithm presented in [Str98a]; it provides the optimal balance between fitting
the data and smoothness of the solution.

1.3.2  Image Reconstruction in FExploration Geophysics

Exploration geophysics relies on surveys of the Earth’s magnetic field for the detection
of anomalies that reveal underlying geological features. In geophysical practice it is
essentially impossible to gather data in a form that allows direct interpretation. Geo-
scientists, used to looking at their measurements on maps or profiles and aiming at
further processing, therefore need a representation of the originally irregularly spaced
(scattered) data points at a regular grid. Gridding is, thus, one of the first and crucial
steps in data analysis, and a number of practical constraints such as measurement er-
rors and the huge amount of data make the development of reliable gridding methods
difficult.
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(a) Lena (b) Sampled: SNR=3.7dB

(¢) Marvasti: SNR=20.3dB (d) Adaptive weights:
SNR=27.2dB

(e) SA-Voronoi: (f) 2-D ACT: SNR=29.9dB
SNR=29.4dB

FIGURE 1.9. Nonuniformly sampled Lena and reconstructions.
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It is agreed in the geophysics community that “a good image of the earth hides our
data acquisition footprint” [Cla98]. Unfortunately many gridding methods proposed in
the literature fail in this aspect, in particular when the data are noisy. Figures 1.3(a)—(d)
illustrate this problem for a simulated gravitational field. Obviously the approximation
obtained by the so-called minimal curvature method [Bri74] is very sensitive to the
sampling geometry; it cannot “hide the data acquisition footprints,” cf. Figures 1.3(c)-
(d). Similar to splines, the minimum curvature method produces an approximation
that is smooth but does not conform to a relevant physical model. Other methods,
like kriging [Han93], are computationally expensive and require interaction by an
experienced operator.

These drawbacks of existing methods were the motivation to develop a new re-
construction method [RS98] exploiting the fact that a potential field can be mod-
eled as an essentially band-limited function. By combining previously developed algo-
rithms [FGS95, Str97] for bandlimited signal reconstruction with a multilevel regu-
larization scheme [SS98] we were able to develop a method that is less sensitive to
noise than other gridding methods. The computationally most expensive part of the
method is the solution of a nested sequence of Toeplitz-type systems, which can be effi-
ciently performed by the multilevel scheme described in [SS98, RS98]. This multilevel
method is based on a combination of the two dimensional reconstruction algorithm
described earlier and proposed in [Str97] and the multilevel regularization scheme de-
rived in [SS98]. We achieved further improvement of our method by incorporating
information about the decay of potential fields in the algorithm [RS98].

Figures 1.3(a)—(b) display the approximation of the gravitational field shown by the
aforementioned method. Obviously the approximation is less distorted by the noise in
the data, which does not come as a surprise because our algorithm allows us to exploit a
priori knowledge about physical properties of potential fields. Meanwhile, this method
has been successfully applied by other people in seismology [Bro94, Sch95b].

1.3.8  Reconstruction of Missing Pizels in Images

In practice, images are rarely band-limited in the strict sense of definition (1.34). But
images are often essentially M -band-limited, i.e., f(n,m) is negligible for |n| > M
or [m| > M. Representing edges in images requires a large bandwidth, which means
that the area of missing samples has to be small to achieve stable reconstruction. The
numerical experiments confirm these considerations. We compare the 2-D ACT method,
presented in Section 1.2.3, to other reconstruction methods.

Our test image is the well-known “Lena”’-image of size 512 x 512, see Figure 1.9(a).
The image is sampled at 150320 randomly spaced locations; about 43 percent of pixels
are lost — see Figure 1.9(b) — the signal-to-noise ratio is 3.7dB. The approximations
after 10 iterations are shown in Figures 1.9(c)—(f).

Marvasti’s method [MLA94] provides an acceptable approximation of most of the
lost samples, but there are still many black dots visible. The signal-to-noise ratio (SNR)
is 20.3dB. The adaptive weights method [FG93] returns a satisfactory approximation,
with SNR = 27.2dB. The ACT method provides a reconstruction with significantly
fewer black dots compared to the other reconstructions. In fact there is nearly no
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visible difference between the approximation provided by our method and the original
image, the SNR = 29.9dB. The Voronoi modification of the Sauer-Allebach method
[SA87, FS93] provides a reconstruction with comparable quality with SNR = 29.5dB.
However, the computational costs for this method are much higher than for the 2-D
ACT method [Str97].

It is well known that band-limited functions are not the optimal tool to model arbi-
trary digital images. Other models, based on wavelets or local trigonometric bases are
preferable in many applications. Fast algorithms for the restoration of missing samples
using wavelets or brushlets have not yet been developed and are the topic of our future
research.

A different approach has been undertaken in [FSS99]. One reason for the success of
using Haar wavelets [Mal98] in image analysis is based on the fact that many images can
be modeled as piecewise constant functions. This observation suggests using a similar
model for reconstructing missing samples in images.

In order to “fill in” gaps in images caused by missing samples, we apply a constant
extrapolation of the samples at the boundaries across the gap as follows. To each miss-
ing sample we assign the sampling value of its nearest neighbor. In a discrete setting
there can be several “nearest” neighbors, in which case we use a weighted combination
of these samples. Determination of nearest neighbors can be done by computing the cor-
responding Voronoi tessellation. Voronoi tessellations are known to be a successful con-
cept in image processing and data interpolation mathematics [FH94, OBS92, AAS85].
However, this concept suffers from its computational complexity. In [FS93] we describe
an efficient FFT-based algorithm for the approximation of multidimensional Voronoi
tessellations which is then used in the image reconstruction algorithm outlined earlier.

In order to preserve edge continuities in the reconstructed images the fast Voronoi
reconstruction method can be combined with an adaptive filtering scheme [FSS99].
This algorithm seems to be robust enough to restore large areas of missing samples.
A combination of this method with local trigonometric polynomials is currently under
investigation.
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Stochastic models and statistical procedures are essential for pattern recognition. Lin-
ear discriminant analysis, parametric and nonparametric density estimation, maximum-
likelihood classification, supervised and nonsupervised learning, neural nets, paramet-
ric, nonparametric, and fuzzy clustering, principal component analysis, simulated an-
nealing are only some of the well-known statistical techniques used for pattern recogni-
tion. Markov models and other stochastic models are often used to describe statistical
characteristics of patterns in the pattern space.

We want to concentrate on modeling and feature extraction using new techniques. We
do not model the characteristics of the pattern space but the generation of the patterns,
i.e., modeling the pattern generation process via stochastic processes. Furthermore,
wavelets and wavelet packets will help us to construct a feature extractor. Applying
our models to a sample application we noticed the lack of global non-linear optimization
algorithms. Thus, we added a section on optimization, in which we present a modifi-
cation of a multi-level single-linkage technique that can be used in high-dimensional
feature spaces.

2.1  Shape Analysis

A project on offline signature verification shows the need for new approaches. Standard
methods do not show the wanted accuracy; nevertheless, they have been implemented
at a first stage in order to compare the results. As all signatures of one person are of
different but similar shape we look for a description of the similarity and the difference.
First, a signature is a special form of curve; we discard all color, thickness and “pressure”
information from the scanned signature (cf. [AYF86]), leaving only a thinned polygonal
shape. We have a connected skeleton of the “contour”.

The first problem to solve is the parameterization of the curve, i.e., to get a one-
dimensional function that represents the two-dimensional signature, as our constraints
are on the one hand to use as little data for storage of the signatures as possible and, on
the other hand, to develop fast algorithms. Thus, using only one-dimensional objects
(functions) seem to be a feasible solution. We choose a change-in-angle parameteriza-
tion of the curve, which has the advantages of shift, rotation and scale invariance (cf.
[Nie90]). Features are then extracted forming a sampled version of the contour, stored
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FIGURE 2.1. A maple leaf and its contour.

in a k-dimensional vector, and used for discrimination and classification.

Based on the change-in-angle parameterization we present three different approaches
to match the patterns. Starting with the description of classes of signatures and their
similarity by stochastic processes, i.e., stochastic deformation processes, describe the
generation process of the signatures of an individual (see Section 2.3). Secondly, we
want to use new “standard” signal analysis methods to analyze the curve or polygonal
shape, i.e., wavelet and frame methods, as they provide fast algorithms that produce
patterns that have a nice easy interpretation (see Section 2.5). At last, a straightfor-
ward geometrical pattern matching is presented, i.e., calculating the polygonal distance
between templates when optimally placed on top of each other. This leads to a non-
linear global optimization problem, which we present in Section 2.6. The last approach
has been added, as the global optimization techniques are also extensively used with
deformable templates, and, at a smaller extent, with wavelet packet feature extraction.

A study of recent and standard literature shows that some work is done on Fourier
descriptors of closed curves. Furthermore, biological shapes are dealt with, which are
in some way “similar” to our problem, e.g., in the work of Grenander [GK91]. Two pa-
rameterizations of closed curves are proposed, a change-in-angle real parameterization
and a complex one, using the coordinates as real and imaginary parts (see [Nie90]).

Thus, we look at closed contours first, with the change-in-angle parameterization.
This results in periodic functions, and the parameterization is invariant with respect to
scale, shifts, and rotations. Thus, a new sample application has to be found that better
reflects the idea of closed contours and biologically variable shapes (among “identical”
individuals). We will use leaves of broad-leaved trees; to be more exact, to classify leaves
by their contour only (see Figure 2.1).

Using these contours of leaves instead of signatures does not change the results con-
cerning stochastic deformations and global optimization, as all algorithms can be ap-
plied without change, but, wanting to use wavelet analysis, periodic functions are much
easier to handle than nonperiodic functions because we do not have to bother with
edge effects, and the results are easier to interpret. The application of the results to
signatures will be straightforward, as we may use periodic versions of signatures, i.e,
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FIGURE 2.2. The change-in-angle parameterization of the maple leaf in Figure 2.1.

the change-in-angle parameterized version of a signature is interpreted as a periodic
function starting and ending at zero angle.

2.2  Contour Line Parameterization

Given a closed contour, it is saved as a two-dimensional array of coordinates = and y.
This array represents a circular shift-invariant class of contours, i.e., it is independent
with respect to the starting point of the digitalization or parameterization, respectively.
The contour is then expanded to its change-in-angle function by measuring the angle
of successive tangents in coordinates (z,y)

'(a”(s)) z'(a~1(0))

7v(s) = arctan — — arctan —

y'(a='(s)) y'(a=1(0))
s €[0,1) and a(t), t € [0,1) being the cumulated arc length
_ LAy WP du 22)
Jo VT 4y ()2 du

For a discrete version the integrals have to be replaced by the appropriate sums

—27s (2.1)

a(t)
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) 2.3
StV (@i — 25)° + (Y1 —vy)° (2:3)

Srze V(@41 — %‘)2 + (Yjr1 — yj)2

a; =

in which (x;,y;) are the sampled coordinates.
This parameterization results in a circular shift-invariant representation, or, using the
periodic continuation, a shift-invariant function with period 1, i.e., on the interval [0, 1)
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(for the change-in-angle representation of the maple leaf of Figure 2.1 see Figure 2.2).
This periodicity is vital to fast wavelet expansions as we do not have to handle edge
effects that come up by cutting the signal at the limits of the intervals. Frame and
wavelet, and wavelet packet expansions, respectively, are superior to Fourier expansions
as the resulting decomposition coefficients represent local time-frequency features of the
analyzed function and are thus less influenced by local sampling or coding errors.

For long, only Fourier methods have been applied to analyze these signals. One major
drawback with Fourier methods is that a loss or distortion of one coefficient distorts
the whole signal. The recent development of frames [FS98a] and wavelets [Mey90]
enables us to use expansion coeflicients that reflect the local time-frequency behavior
of the signal only. Thus, a distortion of one coeflicient will change the signal only locally,
i.e., only a local feature is changed, which may not have much impact on the whole
discrimination and classification process. So far wavelet packet representations are only
used to store signals efficiently [Wic91], and there have been attempts to use Gabor
frames to analyze textures [PZ88b].

2.3 Deformable Templates

To deal with the deformable templates model we first have to present some minor defi-
nitions and the mathematical and statistical framework. We say that a class consists of
equivalent shapes or templates, like in nature, where a species may have many different
forms.

A two-dimensional shape — a closed contour — is considered to be the equivalence
class of closed polygons under rigid motions (rotations and translations). We discuss
a model for random shapes, which is used as the basis for probabilistic classifiers. A
maximum-likelihood approach is used to deal with the incomplete information given by
the knowledge of the equivalence class only.

Notation

A closed contour is a simple closed Jordan curve, i.e., a homomorphic image of the
interval [0,1). Let x = (xg,21,...,2Zn—1) be the vector of vertices of a closed polygon
in R?, z; = (ug, ;)"

The contour line of a polygon is the equivalence class of polygons formed by cycli-
cally permuting the indices. This equivalence, however, is not sufficient. We define a
shape to be the equivalence class of all contours that differ only by rotation or trans-
lation.

Let G be the group of shape-preserving transformations in R?, i.e., G = {z = Uyz+
d} with U, being the rotation matrix of angle ¢ and d = (d,,d,)" is a two-dimensional
shift vector. G is also called the group of rigid motions. Every transformation g € G,
Or gy,d, is a rotation by an angle ¢ € [0,27) and a translation by a vector d. These
transformations form a group; the inverse of an element g is given by 9;7%1 =9_qu;t

A shape-preserving transformation g may not operate only on points but also on

polygons, mapping x = (o, ..., Zn—1) to g(x) = (9(z0), ..., 9(zn_1)).
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FIGURE 2.3. Stochastic planar deformation process.

The group G is a subgroup of the group of similarity transformations H = {x
B -Uyx + d} that — in addition to G — contains also all scaling transformations with
scaling factor 3 (cf. also [Ken89)]).

We call a polygon x; shape equivalent to another polygon xs, X1 ~ Xg, if there is a
transformation g € G such that x; and g(x2) are the same contours that differ only
by cyclical permutation of the indices. Likewise we define x; as similarity equivalent to
X2, X1 R Xa, if there is a transformation h € H such that x; and g(x2) are the same
contours. The shape equivalence class of a polygon is denoted by X and the similarity
equivalence class by x.

Pattern Classification

When doing pattern classification we are dealing with incomplete information with
respect to the pattern. We may not observe x itself, only x, the equivalence class of x. If
the equivalence classes are large this is a considerable reduction of available information.

There are two ways to deal with incomplete information. The first is to calculate the
probability density within class ¢ of the equivalence class x by integration

) = [ sl v, (2.4)

The second way is to treat the unknown g € G, which has transformed the unobservable
outcome x to the observation g(x) by a maximum likelihood technique and to set

F(Rli) = max f () (2.5)

In both cases we use f(x|¢) instead of f(x|i). Because the computational effort of
Equation (2.4) is beyond every usability, we have decided to use Equation (2.5).

2.3.1 Stochastic Planar Deformation Processes

We will use a slightly modified version of the approach of [GK91], which is based on a
stochastic model of the random transformation of the plane and leads to shape-invariant
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FIGURE 2.4. Deformation using different parameters.

classifiers. This method could be called integral geometric to distinguish it from the well-
known differential geometric analysis of contour lines by polygonal, spline, or Fourier
approximation together with descriptors of its local behavior (cf. [BE91, CV90]).

Let T,,(z) be a random transformation mapping z € R? to T, (z) € R?, w is the
random element. That is, T, (x) is a stochastic vector process on some probability space
(Q, A, P) with parameter z € IR? and values in IR?. The random image of a (closed)
polygon x = (xq,...,2p—1) under T, is the polygon T, (x) = (T.,(x0),...,Tw(Tn-1))
(see Figures 2.3 and 2.4 for examples).

We develop a stochastic model for the random deformation process T,,(x). The ex-
plicit notation of the random element w will be avoided later. Let V(z) = T'(z) — «,
i.e., the elements are shifted to the origin.

The following properties must hold:

1. E(V(x)) =0, i.e., the random deformation is centered at the parameter point (E
denotes the expectation).

2. V(z) is invariant with respect to rotations of the image plane.
3. V(z) is invariant with respect to translations of the parameter plane.

4. V(z) is invariant with respect to orthogonal transformations of the parameter
plane.

These properties ensure that the random transformation 7" has the equivariance prop-
erty that T'(g(x)) has the same distribution as ¢(T'(z)), for all g € G (cf. [Pf195]).

Thus, T'(g(x)) has the same distribution as g(7'(x)) for all polygons x and all shape-
invariant transforms g € G. Furthermore, if two polygons x; and x5 are shape equiv-
alent, we may write T'(X) as the distribution induced on the shape classes by random
deformation of the shape class x.

2.3.2  Gaussian Isotropic Random Planar Deformations

Among all stochastic processes V(z) satisfying properties 1 to 4 of above a Gaussian
bivariate process with zero mean, independent components, and spherically symmetric
covariance structure (isotropic structure) is the simplest. Note that all bivariate Gaus-
sian processes with independent components exhibit property 2 and that a spherically
symmetric covariance function implies property 4.
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We propose a particular choice of the covariance function for its simple and nice
properties:

Let V(z) = ( ‘;(Ej)) ), X and Y be two independent univariate Gaussian random

. 2
processes with parameter z € IR”, and moments

E(X(z)) =EY(z)) = 0

Cov(X (). (o)) = o exp (s o)
V(Y(xl) ( )) = 2. exp (—%”le _ x2||2) (26)
COV(X(Il) ( )) = 0.

This process has two real parameters, the variance ¢ and the parameter o > 0 that
determines the decrease of the correlation of X (z1) and X (z2) as the distance ||z —x2]|
increases. If a = 0 then X (z1) = X(x2), for all 7 and x5, whereas, if & = oo then all
X (x;) are independent. The same holds for Y'(-).

X and Y are two independently identically distributed stationary processes (see
[C75, CL67]) with the spectral density:

2

(5,t) = 2‘%& exp (—%@2 + t2)) (s,t) € R2. (2.7)

The process X (u,v) has the Karhunen-Loéve representation (KL)

o= (Va)ktt a
X (u,v) = UZ Z %ukvl exp (—§(u2 + 1)2)) “n.(k, 1), (2.8)

where 7,,(k, 1) are independent Gaussian N (0, 1) random variables. Y (u, v) has exactly
the same representation, but with 7, (k,{) replaced by n,(k,!), which are also inde-
pendent N(0,1) variables, independent from all 7,s. The KL representation formula
(2.8) can be used to calculate the deformation process, replacing the infinite sums by
appropriate finite sums.

A comparison with the work of Amit, Grenander, and Piccioni [AGP91] shows that
these authors also consider a Gaussian plane process but with the boundaries of the
unit square fixed (i.e., the variance at the boundary is 0). Thus, their process is non-
stationary and does not exhibit invariance properties 1 to 4.

2.3.8 The Deformable Templates Model

The recognition problem associated with the random deformation model is the follow-
ing. Assume that x(*), - .. x(*) are templates representing k classes. We observe polygon
z. Under the assumption that z is in class j it is of the form

z = U,(T(x9))) +d.

The parameters ¢ and d are unknown nuisance parameters. The parameters ¢ and «
might be known (if some experience about the deformation process is already gathered)
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FIGURE 2.5. Calculating the polygonal distance.

or unknown. The estimation of all these parameters is easy, if we know which vertices
of the template x correspond to vertices of the random image z. It is more realistic to
assume that this correspondence is unknown and even that the number of vertices of
the template and the random image is different (see next section and Figure 2.5).

2.3.4  Maximum Likelihood Classification

In statistical pattern recognition we have to identify a randomly observed object z € Z
as a member of one of k given classes. The observation space is some measurable space
(Z,B,v). Usually a Bayesian classifier calculates the posterior probability of each class
given the observation and assigns the object to the class that has the highest probability
(maximum likelihood). The calculation of this Bayes rule requires the knowledge of

1. f(zli), the probability density of the objects within each class i; i = 1,...k with
respect to the measure v and

2. m;, the prior probability of each class.

The Bayes classifier assigns class ¢ to observation z if

- f(z]i) = - f(zlh)) 2.9

mi - f(zli) = max {m; - f(zl5)} (2.9)

A widely used technique of pattern recognition extracts an n-dimensional feature

vector from the given image and considers this vector as the random object z in the
prior sense.

Polygonal Distance

Let z and x be two polygons with possibly different numbers of vertices such that
z ~ T(x). Let z = (20,...,2m-1) and x = (zg,...2x,_1). We choose additional points
(Zo,- .-, Tm—1) and (Zo, ..., Zn—1), z; is the point of the polygon x closest to z;, and z;
is the point of z closest to x;.

Denote by x and z the polygons resulting from adding new vertices (Z;) and (z;) to
the old ones, arranged in their natural order. The larger polygons X and z now both
have n + m vertices and a natural correspondence. Based on the form of the likelihood
function (2.8) we define the distance (see Figure 2.5) as

dist(z,x) = (z — X)27 ' (a)(z — X). (2.10)
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FIGURE 2.6. Objective function of Gaussian deformations.

The maximum likelihood problem (2.5) finds the solution of the optimization problem
dist(g(z),x) — min geaq. (2.11)

The density of z according to the model is

f(z]x) = (277)”/20_” det (E;l(a)) exp[—%(z —x)'S ) (z - x)); (2.12)

the covariance matrix ¥y («) is of the form

exp(—§lzo —xoll*) -+ exp(—%llzo — zno1?)
exp(—§|ler —zol?) -+ exp(—=Fllr1 — a1 ?)
Yx(a) =
exp(—5lzn—1 —zoll*) -+ exp(—%[zn—1 — 2n_1l?)

Typically, the objective function appearing in Equation (2.11) has several local min-
ima and the optimization must be done very carefully (see Figure 2.6). Thus, we have
implemented an adapted stochastic global optimization algorithm (see Section 2.6).

Furthermore, the optimal deformation parameters a and o and the minimal polygonal
distance can be used as additional features for different discrimination algorithms, e.g.,
classification trees.
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2.4 The Wavelet Transform

At the beginning of this part we said that we will use two families of atoms, namely
Gabor frames and wavelets, which are both based on one basic atom. These frames
(see Section 1.1.3) are used to analyze a signal in time and frequency. There are two
approaches to represent different frequencies in time. The Gabor frame approach uses
modulated versions of one function, all having the same envelope (see Figure 1.1), which
are shifted in time, all atoms having the same support. The other possibility, instead
of using modulation, to represent higher frequencies is to compress one signal further
and further. This leaves the shape of the signal untouched but compresses its support
(cf. Figure 2).

Thus, we define a dilation operator D, and use the translation operator T} (the same
as in Equation (1.10))

Dof(@)=la| 3 (%) (@#0)  Thf(2) = f(@—) (2.13)

to build families of functions

{u(

that, for sufficiently large a, zoom into any detail of a signal f, b shifts ¢ to any detail
of f.

Similarly to (1.7) and (1.11) we define the continuous wavelet transform for an arbi-
trary f € L?(IR)

z—0b

)la#0, a,be R} (2.14)

Wy f(a,b) = \/gjlal’%fmf(S)w(?)ds

= ﬁ(f, D, Tyb) a#0, a,beR (2.15)
with the admissibility condition
/de < 00, (2.16)
which ensures that the continuous wavelet transform
W,y 1 L2(R) — L*(RR, dz;lb) (2.17)

is an isometric transformation onto its image, as

IVl o g oy = ST PP (a,0)dads
=< I lallé(a,w) |2\f<w>|2%
= &l ‘wljf' w)|2dT dw
_ CT,fW(T)l f\f )[2dw dr

7]

2
1712,
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Thus, the inverse of Wy, is its adjoint Wy, such that f (z) can be reproduced by

1 r — b _dadb

Remark: The first identity of this type was Calderon’s reproducing formula, which

uses real radial functions ¢ € L'(IR™) with zero mean and fooo Mda =1 and their
dilates 1 (2) = a™"Y(£), a > 0, to get (with standard convolution x)

f= /wa * Pa *f% Vfe L*(R") . (2.19)

This identity was ‘rediscovered’ by A.Grossmann and J. Morlet.

The next section will shed some light on why we had to use a different measure in
Equation (2.17) and on the similarity between Gabor and wavelet frames, especially,
their roots in group theory.

2.4.1 Atomic Decompositions and Group Theory

As we are interested in analyzing signals by atoms or families of atoms, generated
by simple operations from one “mother” atom, we may recall the definitions of the
unitary operators of translations Ty, dilations D,, and modulation (frequency-shift) M,
(Equations (1.10) and (2.13)). A more elaborate introduction to the group theoretical
aspects is presented in [LMRO4].

The Affine Linear Group

We will start with the group associated with wavelets, the affine linear group G,
which is sometimes also called the ax + b group as its elements are identified with the
corresponding affine linear transformations.

Identifying the operators Uy (a,b) = D,T} with elements (a,b) € R\ {0} x R we
get a multiplicative group of operators on L?; the multiplication is the composition of
operators

Ua(a,b) - Uu(r,s) 2 DTy 0 D, Ty = D, TsDyTy = Doy Tyt = Un(ar,as +b) (2.20)
as the commutation relations
DTy =Ty Dy and TyDq = DaTap (2.21)
hold. In group notation the multiplication law reads
(a,b) o (r,s) = (ar,as +b) (a,b) e R\ {0} xR . (2.22)

The group G, = (R\ {0} x IR, 0) is called affine linear group.
Remark: Be careful when reading the operational notation. D, f(2) = D, (f(x —

b)) = lal =2 f(£52) but (Da o Ty) f () = Ty(Da f(x)) = Ty(la| =2 f(£)) = |al =2 f(£ = b).
The same holds for the group notation.
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The neutral and inverse elements are

; _ 1 b
Ua(L,0) =id  Uas(a,b) ™ = Uail, =) -

Thus, we get a unitary irreducible representation U, of G4 in L?(R), i.e.,
Uat : Ga = L*(R), Uui(g1 0 92) = Uai(91) - Uar(92), Uui(1,0) = id (2.23)

with ¢g; € G-

As Gy is locally compact there exists an invariant measure. We will show how to
derive the left-invariant Haar measure Méz as it is responsible for left transforms like
the wavelet transform.

We will start with a weighted Lebesgue measure for an H C G

g ((rys)o H) = f(r s)oH w(a, b)da db

s (H) (a,b)da db

[y w(ra,rB+ s)|det J.(«, B)|dod3
[y w(ra,rB+ s)r?dads

LLL’ a, B)da dp

:ual( )

in which we make use of the transformation theorem using the transformation 7(c«, )
(r,s)o(a, B) = (ra, v + s) with its functional or Jacobi matrix J; (o, 8) = 2

-
0 7)
The weight function w(a, 3) = w(ra,rB + s)r? solves the preceding relations and
thus the left-invariant Haar measure is duk, = dadb There is also a right-invariant
Haar measure dp,; = dmb.
The wavelet transform (2.15) reads in group notation

1

Nen

Wy f(a,b) = (f,Uar(a, b)) = (f, Do Tyt)) a#0, a,beR. (2.24)

\ﬁ

The Weyl-Heisenberg Group

The Weyl-Heisenberg group Gwm (WH group, for short) is associated with Gabor
representations.

Gwp has three parameters (p,q,t) € R? x T, T = {z € C,|z| = |e*| = 1} is the
torus, with the group multiplication law

(p1,q1,t1) © (D2, G2, ta) = (p1 + P2, @1 + qo, titae ™ (BP2702P1) (2.25)
with inverse (10,q,15)_1 = (—p, —Qat_l)-

Identifying the operators Uw g (p, g, t) = te~"™P9M,T,, and setting ¢ = 1, i.e., redefin-
ing Uwu(p,q) = Uwn(p,q,1), we get the multiplication for Weyl operators

Uwr(p1,q1) - Uwr (p2, g2) = €™ P12~ 020Uy b (py + po, g1 + g2)
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(see also [Cen89]) we get an irreducible group representation of Gy g in L.
Gw g is also locally compact and a unimodular group; its left- and its right-invariant
Haar measures are equal, and in this case equal to the standard Lebesgue measure.
The short-time Fourier transform (cf. Equations (1.11) and (1.25)) essentially reads

ng(t, w) = <f7 UWH(tv w)g> . (226)
Group Representations and Orthogonality Relations

First we need an explanation of some technical terms.
Ug is called representation of the group G in the Hilbert space Hy; if

¢:G = Hy, Us(g1092) =Uc(g1) - Uc(g2), Uc(1,0) =id (2.27)

with g; € G. It is called unitary if the intertwining operator that represents Ug is
unitary (cf. (2.23)). It is called continuous if the intertwining operator is continuous.

Given a continuous unitary group representation Ug of the group G in a Hilbert
space Hy (as earlier) an element h € Hy is called admissible if

/G|<Uc(g)h,h>|2dug <00, geQ. (2.28)

A representation Ug is called irreducible if there is no subspace V with {0} #V C
Hy;, which is invariant under group orbits, i.e., {Ug(g)v|g € G,v eV} C V.

A representation Ug is called quadratic integrable, if it is irreducible and there exists
at least one admissible element in Hy,.

The central theorem is Moyal’s formula, also called orthogonality relations.

Theorem 6 (Orthogonality Relations) Let Ug be a quadratic integrable represen-
tation of the locally compact group G in the Hilbert space Hy. Then there exists a
unique self-adjoint operator A on the set of admissible elements in Hy. Furthermore,
the orthogonality relations hold

| e, P Uelg)ha, f2) = Al AR 1, £2) (2.20)
G

for any admissible elements hi,ho € Hy , and all f1, fo € Hy, g € G.

If G is unimodular, A is a multiple of the identity id.

As Gw g is unimodular we get for admissible h; and ke and fi, fo € L?

//<UWH(p7 Q)h, fi){(Uwm(p, @)he, f,2)dpdg = (hy, h2)(f1, f2)

which can easily be calculated.
In case of the affine linear group G,; we have the following for Uy

S |Waala: ), P = fijy oy S [(D=ahix £)(B)PdbZs
f]R\{o} JRID- B( t)2|£(t)|2dt 28
SR 1F®) Jigs g0y 1~ 0P fj dt

= ||f|| f]R\{o}‘h( )\

(2.30)
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using that ‘%‘1‘ is the right- and left-invariant measure of the multiplication group (IR \

A special case of (2.29) is

lywwmm%wazmwww%

and thus if there is an h € L?(IR) that is identical zero in a neighborhood of the origin,
we have

N da
/\mmmmmm%&:w@/vmW— (2.31)
Gai R |a|

which is nothing other than the admissibility condition (2.16) or (2.28).
If v» € L! then ) is continuous by the lemma of Riemann-Lebesgue and thus

0=(0) = [ vt

which ensures, together with (2.30), the existence of many admissible functions for the
wavelet transform.

Remark: As fGWH {Uw u (p, q)h, h)|?dpdg = ||h||}. all functions in L? are admis-
sible in case of the Weyl-Heisenberg group Gw g, i.e., are window functions for the
short-time Fourier transform.

2.4.2 Discrete Wavelets and Multiscale Analysis

The continuous wavelet transform Wy, (2.15) is highly redundant. Thus, as in the Gabor
or short-time Fourier transform, it makes sense to subsample the transform. As we deal
with translations and dilations we cannot use a homogeneous grid as in the Gabor case,
but we have to use a grid of the form

{(ag",nboag’) [m,n € Z} C R\ {0} x R (2.32)

with ag > 1, by > 0, and + € L?. Thus, we get atoms (wavelets) of the type

m

P (2) = V90) (2) = Ua(ag’, nboad" () = ag * ¥(ag ™z — nbo), (2.33)

which, for ag and by chosen appropriately, form a wavelet frame or affine frame with the
same definitions as in (1.12), with gy, », replaced by ¥, (see [Dau92c] for an extensive
treatment of wavelet frames and the choice of frame coefficients and constants).

The best choice of ag and by so far is ag = 2 and by = 1, which is, for sampled
signals f, a shift by 1 in the time domain and a ‘doubling’ of the sampling frequency
by halving the support in the frequency domain with each step. This choice leads to
the fast wavelet transform (see also [Chu92c]).

To justify this choice we start with a different idea. If we want to analyze a signal it
may be fine to partition it into low- and high-frequency parts

f=Pf+QFf
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where PV is the ortho-projection onto Wy resulting in an approximation of the signal,
and Q° onto Wy, the orthogonal complement of Wy, extracting the high frequencies
or details

f=Pf+Q"f and W_10 = Woo ® Wo1 .

Applying this procedure recursively to the approximations of f
POf _ Plf + Qlf and PIPO Pl QIQO _ Ql

and choosing the projections in a way that the frequency information is split equally
between the approximation and the detail of the signals — i.e., resulting in two signals
of half the length of the original — we get a multiresolution or multiscale analysis.

A series of closed subspaces Wy € L*(IR) is called multiscale analysis if the following
properties hold

{0y - CWao CWigC Wy CW_19gC W_goC---CL*(IR)

Mjez Wio = {0}

Upos W - 22R)

flx) e W, <= f(2x) € Wt (2.34)
{bo.x(z) = ¢(x — k), k € Z} is a Riesz basis of Wy, for a ¢ € Wyg

i.e., Woo = span{do r(z) = ¢(x — k), k € Z}

and 0 < AY", 2 < || Y4 cudok(@)|[Fe < BY ¢k <oo V(c) € 3(Z).

A

The function ¢ of a multiscale analysis is called a scaling function. Because of prop-
erty 5, Wy is translation invariant, and with property 4 we have

f(x) € WjO <~ f(x — 2]16) € Wj(] Vk € Z
and, thus, by defining

ji(x) = ¢4y (x) = 27292z — k) (2.35)

we get

Wjo = span{¢;i(x) | k € Z} . (2.36)

Defining the orthogonal complements W;; of Wjq, with the corresponding ortho-
projections ' _ _
Wj—io=WjoWy P =P +¢

we get

ﬂjGZ Wio = {0} UjEZ Wio = L2(IR) = @jez Wi

2.37
Wi_1,0=Wjo ® Wj Woo = W0 @ (@j:l Wi1) ( :
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and the scaling property inherits to the spaces Wj, i.e.,
f(l’) € le — f(QJLE) € Wor. (238)
Putting this all together we get a representation of the signal f

f= ZQJf NI+ Qf= P“’f+ZQJf, (2.39)

i>J i<J j=—00

,in Wro @ (D7 _o Wi)-
So far we only used scaling functions as bases of Wjg, but what do the bases of W},
look like? From (2.38) we know that the basis functions of W}, have the same properties
as the scaling function ¢. Thus, we have a look at the so-called scaling equation

= V2 (22 — k), (2.40)
k

which holds, as

¢ € Woo C W_10 = span{v2¢(2z — k), k € Z} .

Daubechies and others proved that there are not only orthonormal bases, but also
orthonormal bases with compact support, i.e., with a finite sequence (hk)zn ! (see
[Chu92c]).

If ¢;1 are an orthonormal basis, then by (2.40)

> hihior = Sk
p

and by using the Fourier transform we see

with the high-pass Fourier filter
1 .
=) hpe P 2.41
X 241
We get the corresponding low-pass filter G by
1 .
Gw)=—72=> gee™™™™  gp = (=1)"h1_y4, (2.42)
e

resulting in a pair of perfect reconstruction filters
HG*=GH* H*H+G*G =1, (2.43)

so-called quadratic mirror filters.
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Thus, by defining

$x) =V2Y hed(2r —k)  ¥(z) =v2)> g2z — k) (2.44)

keZ keZ

we get orthonormal bases (for j fixed)
bjr(x) =2792¢(27 92 — k) and wjp(x) =2772p(2 772 —k) jk€Z  (2.45)

for

Wio = span{¢, x|k € Z} W1 = span{y; x|k € Z} . (2.46)

As {4, k € Z} is an orthonormal basis for W;1, and because of (2.37) {¢;x, j, k € Z}
is an orthonormal basis for L2, a so-called wavelet basis.

From the definition of the filters H and G and the equations, we see that the high-
pass filter H is essentially responsible for the projections 7 onto W;1, and the low-pass
filter G for P/ onto Wjo. Furthermore, by (2.44) and the form of the filter coefficients
hi and gi, we get

/ b(x)dz =1  and / W(@)dz =0 . (2.47)

Remark: There are also wavelets with higher vanishing orders, and thus that are
better for approximating smoother functions. The Daubechies wavelets (see Figure 2.7)
are compactly supported wavelets with extreme phase and the highest number of
vanishing moments for a given support width; the associated scaling filters are so-
called minimum-phase filters. The Daubechies wavelet ¢ of order n has n vanishing
moments, a support width of 2n — 1, and a filter length of 2n. Coiflets (see Figure
2.8, by Coifman) are compactly supported wavelets with highest number of vanishing
moments for both ¢ and 1 for a given support width. The coiflet of order n has n
vanishing moments for both, ¢ and v, a support length of 6n — 1, a filter length of 6n,
and are nearly symmetric (symmetry is impossible because of (2.47)). For examples,
definitions, and construction of wavelets see [Chu92c¢, Mey90].

By reformulating (2.39) we get the wavelet decomposition of a signal f € L?

F=> b Do+ > > Wi, P (2.48)
k 7 k

We generated a wavelet basis from one mother wavelet 1) by choosing a scaling func-
tion ¢, often called father wavelet, in a multiscale context, but there are also wavelets
without a scaling function, e.g., the Morlet wavelet.

In the following we will only use orthonormal wavelet bases with compact support
(see last remark), as they support fast and easy algorithms, the so-called fast wavelet
transform , implemented in many (mathematical) software packages, i.e., we use finite
filter coefficient sequences (gi);," and (hy)i"y". Furthermore, x = (zq,...,2N_1)
will be the sampled version of a finite signal f, with N = 2™, which can always be
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obtained, e.g., by zero or random padding. It will be looked at as a periodic signal in
the same sense as in Section 1.1.7. Thus, projection or filter equations

(Gx)iigl = Z gk—21T] (H*X)ii_ol = Z hi_oyx) (2.49)
0<k—21<2n—1 0<k—21<2n—1

result in low-pass filtered (approximated) and high-pass filtered (detailed) signals. These
signals have to be down-sampled to get the same information content as the original
one, which is done by the fast wavelet transform (see [Chu92c, Mey90]).
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A discrete signal x of length N is decomposed by

x=A;+D;+Dy1+---+D1 € WrpeWhneW,; 1.8 --&Wn

) )
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or, equivalently, by a wavelet coefficient vector of length N
a=(G'x, HG''x, HG'7%x,... \HGx,Hx) 2 (A;,D;,Ds_1,... ,D1) . (2.50)

Figure 2.9 shows a five-level wavelet decomposition of a synthetic signal (the same as in
Figure 1.4) using the Daubechies wavelet of order 8. The signal (level ‘s’) is a 1-second
35 Hz sine wave, sampled at 1 kHz, with a pulse at 0.3 seconds, and chirp, starting at
0 with 25 Hz and ending after 1 second at 140 Hz. The approximating level A5 shows
the sine wave, the pulse appears nicely at the detailed levels Dy and Dy, whereas the
chirp is spread over levels d2 to d5, due to its varying frequency contents (see also the
wavelet packet decomposition of the same signal in Figure 2.12).

Decomposition atlevel 5: s=a5+d5 +d4 +d3 +d2 +d1.

1 T T T T T
S or
1 I I I I I I I
0.5 T T T T T T T
a5 of
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FIGURE 2.9. Daubechies wavelet order 8, five-level decomposition of synthetic signal; see text.
Plotted using the MatLab wavelet toolbox.

2.4.3 Wawvelet Packets

The wavelet packet transform was originally developed to compress images and signals,
lossy and nonlossy (see [Top98] and Chapter 3.1).

The wavelet packet transform decomposes not only the approximations A; (Wjo) of
the signal at each level, but also all details D; (W;1). Whereas the wavelet transform
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only results in a sequence of better and better approximations of the signal representing
the smoothness of the input signal, the wavelet packet transform also pays attention to
the local high-frequency parts of the image at specific levels (cf. the comparison of the
wavelet decomposition tree versus the wavelet packet decomposition tree; Figure 2.10).

FIGURE 2.10. The wavelet and wavelet packet decomposition tree. The indices of the nodes
correspond with the indices of the spaces Wj. Furthermore, a sampled signal x and its filtered
version are shown at the nodes they will show up in in the decomposition.

We get decomposition spaces

Wio = Wit1,0® Wit = HWjo) & G(Wjo)

2.51
Wit = Wis12k ® Wig12641 = HWji) ® G(Wji,). (2:51)

Each Wj; has a basis
Bjr = {worm(z) |27k <m <279 (k+1), L€Z} . (2.52)

Note that the first index (the dilation index) is not needed anymore; it is replaced by the
modulation or oscillation index m (the third index). The second index ¢ remains the
shift parameter. The oscillation parameter m corresponds to the frequency content of
the wavelet basis function. In general, a higher modulation number m implies that more
frequencies are contained in the basis functions (cf. Figure 2.11) of the corresponding
wavelet packet space Wy.

Comparing wavelet and wavelet packet bases we get

(bjk(m) = ijo and ¢jk(m) = ijl; (253)

that is, the wavelet decomposition spaces W;o and W;; have bases

Wj = {WOkm‘OSm<2_j7 kEZ} (2 54)

Wii = {Worm |27 <m <277t ke Z} .
whereas the standard wavelet bases are

Wj = {ijO ‘ ke Z} = {¢Jk ‘ ke Z} (255)

W; Wik |k € Z} {Yj |k € Z} .
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FIGURE 2.11. Wavelet packet basis functions Daubechies order 2, modulations m 0 to 7.

Starting with formula (2.53) we can compute all wavelet packet basis functions of
the same kind by

Wo,02m (%) = ez heWikm () (2.56)
w070,2m+1(:1;’) = Zkez(fl)kh_lﬁ_lwlkm(l’)

with hj being the (corresponding) coefficients of the high-pass filter H (cf. formula

(2.43)) which corresponds to the wavelet type used.
The (discrete) wavelet packet transform decomposes a discrete signal x to coefficients

a = (Gx, Hx,G*x, HGx, GHx, H*x, ... , H'x)

using the same filters as in the wavelet decomposition. This overcomplete representation
results in 227 possible bases for a reconstruction of x. From these coefficients (bases)
the best representation with respect to the selection criterion S is selected by the best
basis algorithm (cf. Algorithm 1).

The additive selection criterion S depends on the application. Entropy measures like
the nonnormalized Shannon entropy (see Equation (2.57)) are taken for image com-
pression (cf. [Wic93, Top98] and Section 3.1). The compression to information ratio is
comparable to fractal image compression algorithms. Furthermore, wavelet compression
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Algorithm 1 Best Wavelet Packet Basis

Choose a collection of wavelet bases
for 7 =0to J do
for k=0t02" —1do
Expand x in Wj;, using basis B;;x

end for

end for

for k=0t02’ —1do
Set Ajk = B]k

end for

Select an additive selection criterion S,
ie., S(AixUA;x) = S(4;x) + S(4;x)
for j = J — 1 down to 0 do
for k=0to 2’ —1do
if D(Bjk,) S D(AjJrl)QkX @] Aj+1’2k+1x) then
Ajk = Bj
else
Aji = Ajr1.26 © Aja 2641
end if
end for
end for
Arrange coefficients with respect to quality of discrimination (PP)
Choose Ky best components as features (MDL)

has won the race for the JPEG2000 image compression standard. For the reconstruc-
tion of an image from its wavelet packet decomposition coefficients these coeflicients
are arranged by their absolute value. For a lossy compression of images only the n
absolute largest coefficients are taken, where n depends on the allowed error in the
reconstruction (see also Chapter 3 for further details and examples).

Figure 2.12 shows a wavelet packet decomposition of a synthetic signal (the same as
in Figure 1.4) using the Daubechies wavelet of order 8 using the best tree algorithm
with a Shannon entropy selection criterion for best compression. The signal displayed
in the upper right of the figure is a 1-second 35 Hz sine wave, sampled at 1 kHz, with a
pulse at 0.3 seconds, and chirp, starting at 0 with 25 Hz and ending after 1 second at
140 Hz. You will first note the white areas (zeros) in the coefficients map on the lower
right, which reflects the compression power of the wavelet packet transform. The pulse
also shows up in the map in the upper and middle part of the map. The sine wave,
reconstructed in the lower left using only coefficients of Wy o, is not as well represented
as in the wavelet decomposition (Figure 2.9) because the starting frequency of the chirp
is almost the same frequency. The coefficients of the sine wave show up in the lowest
line of the coefficients map. The coefficients of the chirp are spread over different levels,
due to changing frequency content of the chirp.

Thus, the wavelet packet decomposition is optimal for image and signal compression,
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FIGURE 2.12. Daubechies order 8 wavelet packet decomposition of the synthetic signal. The
analyzed signal (upper right), the best basis tree (upper left) using the Shannon entropy
selection criterion, reconstructed signal using only coefficients of Wy o (lower left), and a map
of the absolute values of the wavelet packet decomposition coefficients (lower right).

denoising can easily be done. The next section will present a method for discrimination
and feature extraction using the wavelet packet decomposition. Furthermore, one has to
admit that the wavelet and wavelet packet transform are not optimal for any task but
it serves to solve many different problems, e.g., handling signals of different function
spaces or different pattern recognition tasks using the same methods. The solution
is then optimal in the wavelet (packet) domain, which is the result has the minimal
distance to the mathematical optimal solution, e.g., principal component analysis, or
optimal denoising.

The wavelet packet transform and the best basis algorithm can be adapted for pat-
tern recognition tasks (cf. [Sai94]). Depending on different selection criteria, standard
pattern recognition methods can be done in the wavelet packet domain. Furthermore,
expanding the best basis Algorithm 1 to a best local discrimination basis and feature
extraction algorithm local discrimination analysis can be done in the wavelet domain,
which results in wavelet descriptors of curves. These are local descriptors, in contrast to
Fourier descriptors, which describe the global character of (closed) curves (cf. [Nie90]).
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2.5  Wavelet Packet Descriptors

The best basis algorithm (Algorithm 1) can be expanded to an algorithm choosing
those coefficients (bases) from the wavelet packet bases tree (cf. Figure 2.10) which
best discriminates different classes of signals. For this purpose the selection criterion S,
which is in general an entropy criterion like the nonnormalized Shannon entropy

E(x) = — ZxQ logy(x2)  with 0log(0) =0 (2.57)

has to be replaced by a discriminant measure D. Furthermore, feature extraction steps
have to be added. This results in the best local discrimination basis algorithm (Algo-
rithm 2). For noise removal an additional step after the expansion into wavelet packet
coefficients can be added, doing denoising by wavelet shrinkage [Don92|. But, in most
cases, this step is not necessary, as a denoising also happens when selecting the k best
features.

Algorithm 2 Best Local Discrimination Basis

Choose a collection of wavelet bases
for j =0to J do
for k=0to 2/ —1do
Expand x in Wj;, using basis B;;x

end for

end for

for k=0t02’ —1do
Set AJk = Bjk

end for

Select D, an (additive) discrimination criterion
for j =J — 1 down to 0 do
for k=0to 2/ — 1 do
if D(Bjk) S D(AjJrl,sz @] Aj+1’2k+1x) then
Ajk = Bj
else
Aji = Ajr1.08 D Ajr1,264+1
end if
end for
end for
Arrange coefficients with respect to quality of discrimination (PP)
Choose Ky best components as features (MDL)

The best local discrimination basis algorithm (Algorithm 2) is used by a training set
of preclassified patterns. These patterns fix the decomposition tree, e.g., Figure 2.10, for
the classification of further templates. It has to be mentioned that the decomposition
depends on the sampling resolution of the image. Using resolutions that are powers of
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2 multiples of one another (e.g., 150 dpi, 300 dpi, 600 dpi) enables one to use the tail of
the best basis tree. Furthermore, it is often more applicable to use the best level tree,
i.e., the level of which the selection or discrimination criterion is best, resulting in both
an easier and faster decomposition algorithm and an easier structure of coefficients
(features) to be compared.

For the simple case of two classes, two different pattern vectors x(*) and x(?) are nor-
malized to length 1, and the Kullback-Leibler distance (relative entropy, cross entropy,
or I-divergence)

N
), x) = 3 g 259

X

may be used as discrimination measure. If one prefers a symmetric measure the J-
divergence

J(xM, x@) = 1(x® x@) 4 1(x? xD) (2.59)

may be chosen. These distances are additive and thus are well suited as discrimination
criterion D.
Measuring the distance of R classes C). we sum up combinations of D

R-1 R
DM, xM)y=3" 3" D" xV)). (2.60)

i=1 j=i+1

One discrimination criterion used by the best local discrimination basis algorithm
(Algorithm 2) can be the energy distribution G of the expansion coefficients given a

template XZ(-T) of class C).

t (r)y2
(ry _ (Wj,k:,mxi )
Giom = 2 SSAFEE (2.61)

and the J-divergence may be taken as a discriminant measure. In step 4 the robust
version of Fisher’s class separability

> 7rr|med(w§-7k7mxl(_r)) — medr(medi(w;k’mxgr))”
>, memad; (W x(r))

Jyk,mi

(2.62)

(W;.k,m is the basis vectors of basis B,; cf. formula (2.52)) may serve to calculate the
power of the discrimination (cf. [Sai94]).

The advantage of the best local discrimination algorithm is that it is based on a fast
and linear decomposition algorithm (the wavelet packet transform) and a binary search
tree, the wavelet packet tree, which has to be searched only once due to the additivity of
the selection and discrimination criteria. The calculations for the discriminant measures
and energy distributions, which are the most time-consuming parts of the algorithm, are
only calculated during the training phase; the classification and discrimination process
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FIGURE 2.13. The wavelet packet best basis decomposition of a change-in-angle parameterized
leaf.

uses a simple nearest-neighbor or minimal-distance classifier using only the selected
features. During the training process standard techniques and algorithms like the best
basis algorithm can be used. For the classification process these algorithms have to be
rearranged, and only a small part of the linear basis decomposition has to be used. In
the sample application we used, only six bases per class were left; cf. Figure 2.13 (from
about 1000 different bases decompositions).

Another typical example, the wavelet packet decomposition of clover with three and
four leaves, respectively (see Figure 2.15), even shows easy comparable and interpretable
results, as you can see the additional fourth leaf in the coefficients plot.

2.6 Global Nonlinear Optimization

When two templates should be matched by laying one on the top of the other many
geometrical parameters have to be optimized. Dealing with the contours of leaves we
have parameters like z- and y-shift, rotation angle p, and scale parameter s. Assuming
the image of the leaf was taken from a three-dimensional scene, viewpoint parameters
like elevation h and tilt in two directions (71, 72) have to be added, i.e., parameters from
a parallel projection. Furthermore, if we add parameters o and o from the stochastic
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FIGURE 2.14. The wavelet decomposition of a change-in-angle parameterized leaf (same as
in Figure 2.13).

deformation process we end with an at least nine-dimensional global optimization prob-
lem. All these parameters are variables of the objective function, which in our case is a
polygonal distance function; i.e., the polygonal distance between the templates should
be minimized (cf. formula (2.10)).

Because the objective function of this optimization problem will have many local min-
ima as the templates themselves have self-similar structures, e.g., a number of similar
sub-leaves (see also Figures 2.17 and 2.6).

The aim was to find a fast algorithm that finds the global minimum and does not
stop in a local minimum and that has the possibility of decoupling the global and local
search routines. The best solution seemed to be a multilevel single-linkage algorithm as
in [RKT87a, RKT87b]. Unfortunately, we had to alter the algorithm because in higher
dimensions it was very slow and unreliable.

2.6.1 Multilevel Single-Linkage Global Optimization

The multilevel single-linkage (MLSL) method of Rinnooy Kan and Timmer [RKTS87a,
RKT87b], which is a modification of the clustering method of Boender et al. (in [TZ91])
is a simple method. The global starting algorithm of MLSL is only weakly connected
to local optimization procedures (see Algorithm 3). That is, the only information the
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FIGURE 2.15. The wavelet decomposition of two types of clover.

global optimizer passes to the local optimizer is the starting point of the procedure.

In a first step the global clustering algorithm (starting algorithm) tries to identify
the regions of attraction of local minima, i.e., regions surrounding local minima so that
local optimization procedures started in these regions will converge to the appropriate
local minima.

Clusters are usually found by using threshold distances. If a new sample point is
within the threshold distance of a cluster, it is assumed that it belongs to the same
cluster. Obviously the size of the threshold distance reflects the number of resulting
clusters. Thus, if the threshold distance chosen is too small each point will form a
cluster of its own, whereas if the threshold distance is too large all points will be
included into one single cluster.

In the second step MLSL starts a local optimizer at every sampling point x; unless
there is another sampling point x; within the threshold distance 7y,

_ 1
VT

with a smaller function value. Such an x; is assumed to belong to the same region of

log k
k

- e/) u(A) T(1 + %) (2.63)
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FIGURE 2.16. Projection of z- and y-shift.

attraction as z; (see Algorithm 3).

If a starting point has been found, a local optimizer is started. The independent
structure of our implementation enables us to run many local optimizers in different
starting points in parallel. Thus, the algorithm can easily be parallelized.

Almost any known local optimizers may be used. Our implementation of MLSL uses
a standardized interface between global and local routines. Unfortunately, many nice
optimizers cannot be used, because with our stated problem of contour line matching
the objective functions may have steps; thus they are not continuous or differentiable
(cf. Figures 2.17, and 2.16).

2.6.2 Implementation

Algorithm 3 schematically describes our implementation of MLSL, which differs slightly
from the one found in [TZ91].

Our implementation of MLSL differs from the original algorithm in the following
points:

e New points are sampled in groups of a certain size using the same threshold value
for the whole group. This reduces the computational costs.

e Choosing v = 1, we decided to abstain from using only the most promising points
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FIGURE 2.17. Projection of rotation and z-shift.

during initialization step (1).

e Because the spiral search algorithm used in the original implementation is becom-
ing more and more inefficient with increasing dimensions, a direct search has been
implemented to find the nearest points of the sampling set in the neighborhood
of a given point. Thus, the run-time estimations from [RKT87a, RKT87b] are
no longer valid.

It can be shown that for A > 4 the number of local optimizations started is finite
with probability 1, even if the sampling of new points is never stopped. If r; tends to
0 each local minimum is found within a finite number of iterations with probability 1
(cf. [RKT87a, RKT87h)).
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Algorithm 3 MLSL

Choose number of sampling points N
Choose M.y, maximal number of expected minima
Choose selection parameter
Choose region parameter A
Initialize set of minima found X* = {}
Select N points at random
Choose those J = | N/~] points z;, i = 1,... ,J, with lowest function values
Let k = |yN|
repeat
Let k=k+1
Let 4(A) be the volume of the ‘region of interest’
Let ry = = /A u(4) T(1+ 1) logk
for i=1to J do
Let StartOpt=true
Let j=i+4+1
while j < J and StartOpt=true do
if ||z; —a;|| <7 and f(z;) < f(z;) then
Let StartOpt=false
end if
end while
if StartOpt=true then
Start a local optimizer in z; that returns, if found, a new minimum NewMin-
imum
X* = X* UNewMinimum
end if
end for
until number of minima found is greater than M., the number of expected minima
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Image Compression and Coding
Josef Scharinger

In recent years the processing of multimedia data has experienced a great deal of inter-
est, which is likely to increase even more in the near future as the Internet continues
its growth. Two core technologies for the field are described in this chapter: data com-
pression and data security.

Although in the past most net traffic has been text based, with file sizes measured
in hundreds of kilobytes, the use of the HTML protocol to serve multimedia documents
has increased file sizes to megabytes. This encroachment of bandwidth results in long
delays in accessing documents, limits information availability to fewer users in a given
time, and negatively effects net traffic using other protocols such as FTP, mail, or news.

The need to improve effective bandwidth is also motivated by the explosive growth
of users and service providers using the Web. In these distributed environments large
image files constitute a major bottleneck within systems. Compression is an important
component of the solutions available for creating file sizes of manageable and transmit-
table dimensions and is therefore considered in Section 3.1.

In Section 3.2, on data security, an adequate method for efficient multimedia data
encryption is developed. To guarantee security and privacy in speech, image and video
transmission, and archival applications, efficient bulk encryption techniques are nec-
essary that are easily implementable in soft- and hardware and are able to cope with
the vast amounts of data involved. To this end, the general framework of an iterated
product cipher is adopted when developing a novel algorithm for efficient multimedia
data encryption applications.

It is worth mentioning that this encryption method based on chaotic mixing might
be adjusted to handle requirements in pay-TV applications and fits perfectly as a core
component within the general framework of embedding digital watermarks for image
copyright protection using chaotic mixing systems.

3.1 Image Compression

Compression algorithms fall into two general classes: lossless and lossy compression.
The main shortcoming of lossless compression is that the amount of compression is
limited, with typical compression ratios on computer data files being about 2:1. Lossy
techniques cause image quality degradation in each compression/decompression step.
Careful consideration of the human visual perception ensures that the degradation is of-
ten unrecognizable, although this depends on the selected compression ratio. In general,
lossy techniques provide far greater compression ratios than lossless techniques. There-
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fore, only lossy methods are considered in this section dealing with image compression
technologies.

3.1.1 Lossy Compression and Machine Vision

Because lossy compression techniques provide far greater compression ratios than loss-
less, they are usually preferred in image processing applications (except in some areas,
e.g., medicine, where legal constraints play an important role). However, as more and
more applications of digital image processing have to combine image compression and
highly automated image analysis (see, e.g., NASA spacecraft [Whi95], METEQSAT satellite
[AG94, AMBO95], or FBI fingerprint images [BBH94]), it becomes of critical importance
to study the interrelations existing between lossy image compression and subsequent
feature extraction.

A study elucidating these interrelations should provide answers to the following ques-
tions:

e Which feature extraction algorithm is most stable when preceded by lossy image
compression?

Which lossy compression technique is best in not introducing artifacts later mis-
classified as features?

Which lossy compression technique is best in preserving features?

Which types of features are most difficult to preserve in lossy image compression?

In the sequel we present a systematic comparison of contemporary general-purpose
lossy image compression techniques with respect to the most fundamental features,
namely, lines and edges detected in images. To this end, the effects of applying the
following compression techniques and feature extraction algorithms are qualitatively
and quantitatively compared on typical regions of interest:

Compression Methods: vector quantization (VQ), predictive coding (PC), frac-
tal coding (PIFS), cosine transform-based image compression (JPEG), wavelet-
based image compression (WAVE).

Edge Detectors: Nevatia and Babu (NB), Burns (BL), Canny (CE), Marr and Hil-
dreth (MH).

Regions of Interest: straight lines (SL), curved lines (CL), parallel lines close to
each other (PL), corners and crossings (CC).

Edge Detection

Edges correspond to abrupt changes or discontinuities in certain image properties be-
tween neighboring areas. Usually, they are assumed to correspond to discontinuities in
the underlying surface or to the maxima and minima of its first (directional) derivative.
Therefore, the first part in edge detection is estimating the derivatives. The second is to
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detect the zeros and extremes of the estimated derivative function. Other issues concern
linking edges, forming boundaries, extracting straight lines and so on.

Next, a representative collection of popular edge detection and line extraction al-
gorithms is introduced that will serve as benchmarks for evaluating the lossy image
compression methods under consideration.

Nevatia and Babu edge detection (NB) Edge detection is performed by repeated
convolution using a set of six 5 x 5 kernels proposed by Nevatia and Babu [NB80]. One
of the six kernels will cause a maximum response. This value, as well as the current
orientation of the mask, is recorded. These two pieces of data, a magnitude and an
angle, form a vector. This vector is saved at each pixel and constitutes the basis for the
edge selection process.

Burns Line Extraction (BL) This operator extracts straight lines from regions of
similar gradient according to the algorithm proposed by B.Burns [BHR&6]. Gradient
is measured using a 2 x 2 mask. Gradient space is arbitrarily divided into a specified
number of orientation buckets, and each group of four adjacent pixels falling into the
same orientation bucket is labeled a support region. Edge support regions smaller than
a given threshold are discarded at this stage. After that, a gradient magnitude weighted
least square error plane fit is computed on each support region. Pixels with gradient
magnitude below a user-defined threshold are not included in the surface fit. Finally, the
points of this surface with intensity equal to the average intensity of the contributing
pixels form a straight line.

Canny Edge Detection (CE) Edge detection is performed using a general tech-
nique popularized by Canny [Can86]. First the image is smoothed using discrete Gaus-
sian convolution kernels. Then the gradient is computed using Sobel convolution kernels
and the gradient magnitude is measured as the square root of the sum of the squares of
the two components of the gradient. Pixels that have gradient magnitude greater than
neighboring pixels in the direction of the gradient are selected as candidate edges. The
final edge selection is made from these candidate edge pixels using thresholding with
hysteresis.

Marr and Hildreth Edge Detection (MH) This operator computes an edge
image based on the algorithm proposed by Marr and Hildreth [MH80]. Edge detection
is accomplished by finding the zero-crossings of the nondirectional second derivative
of the image intensity values. For computing the nondirectional second derivative, the
Difference of Gaussians (DOG) method is used.

Lossy image compression methods

Information preserving (lossless) compression is normally able to provide a compression
ratio in the range from 2:1 to 10:1. By compromising image quality, lossy image com-
pression is typically capable of reaching substantially higher compression than lossless
compression. Next, we provide a sketch of contemporary general-purpose lossy image
compression methods, explain their fundamental principles, and give pointers for fur-
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ther reading.

Vector Quantization (VQ) When applying vector quantization to an image, the
image is first broken up into (typically) rectangular pixel blocks. Each of these blocks is
a k-dimensional vector. The image is “quantized” by assigning the “closest” vector in a
small number of predetermined vectors to each of its blocks. This reduced set of vectors
is the codebook that is used to encode the image. Instead of the entire block, just the
index of the selected codebook vector is stored or transmitted. In other words, vector
quantization is the mapping of pixel intensity vectors into binary vectors indexing a
limited number of possible reproductions [CORG94, Int95].

For the experiments described in the latter sections, a KBVision implementation
[Sch95a] based on software from J. Goldschneider [Gol94] is used.

Predictive Coding (PC) Binary tree predictive coding uses an image pyramid to
represent the data. The design goal of the binary tree predictor is to minimize prediction
error variance for estimating every new pixel from four equidistant pixels from earlier
levels or bands. Lossy compression is achieved by quantization of prediction errors
where each level of the pyramid has its own quantizer.

For the experiments described in the following sections, a KBVision implementation
based on software from J.A. Robinson [Rob] is used.

Fractal Image Compression (PIFS) In simple terms, the aim of fractal com-
pression is to find a small finite set of mathematical equations that describe an image
[Bar88, Jac93]. It is based on partitioned iterated function systems (PIFS) and the pres-
ence of “affine redundancy” in an image. This is present if a part of the image is similar
to another part of the image, providing an arbitrary number of transformations that
can be applied to the original part (such as rotations, contractions, skew and moves).

For the experiments described in the following sections a KBVision implementation
based on software from Y. Fisher [Fis95] is used.

Cosine Transform Based Image Compression (JPEG) JPEG (Joint Photo-
graphics Experts Group) is a standardized image compression mechanism that has
been established by a joint ISO/CCITT committee. It is a transform coding method
comprising four steps [Wal91]. First the image is partitioned into blocks of size 8 x 8
pixels. Then each block is transformed with the discrete cosine transform (DCT) and
these frequency coefficients are quantized. Finally, the output is coded with a variable-
length lossless encoding method.

For the experiments described in the following sections a KBVision implementation
based on software from the Independent JPEG Group (IJG) [Lan95] is used.

Wavelet-Based Image Compression (WAVE) A wide variety of wavelet-based
image compression schemes have been reported in the literature, ranging from simple
entropy coding to more complex techniques [VH92] such as vector quantization, adap-
tive transforms, tree encodings [Sha93], and edge-based coding. According to Jawerth
and Sweldens [JS94] all of these schemes can be described in a general framework in
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which the compressor includes a forward wavelet transform, a quantizer, and a loss-
less encoder, while the corresponding decompressor is formed by a lossless decoder, a
dequantizer, and an inverse wavelet transform.

For the experiments described in the following sections, a KBVision implementation
based on software from Said and Pearlman [SP93] (RTS transform, bit-plane ordering,
embedded code stream) is used, because it performed best among the three wavelet-
based coders considered.

Experimental results

To guarantee a fair comparison between different compression techniques, line and edge
detection algorithms, and types of edges, the following experimental setup is chosen:

e equal compression ratio for all compression techniques using the same test image
(1:25 compression of lena, resolution 512 x 512),

e equal number of edge pixels detected by all line and edge extraction algorithms
(20,000 edge pixels),

e equal size for the regions of interest containing the various types of lines and edges
(50 x 50 pixels).

In Figures 3.1-3.4, results of image compression and subsequent edge detection on
the various regions of interest are arranged as follows (from upper left to lower right):
original image, VQ, PC, PIFS, JPEG, and WAVE. The structure of corresponding
Tables 3.1-3.4 should be self-explanatory (“less error percentage is better”; AV gives
corresponding averages).

Summary

According to the results presented in the preceding section (confirmed and supported
by qualitatively similar results obtained from five test images, four regions of interest
comprising 50 x 50 pixels, three compression ratios, seven edge detectors and seven
compression methods (about 7.35 billion pixels in total!) not detailed in this contribu-
tion) satisfactory answers to the questions set forth in the introduction can be found
and formulated as follows:

Which edge detector is most stable with respect to lossy image compression?
Surprisingly, simple thresholding on gradients computed with rather large
masks (NB) does best for all compression techniques considered. If more
sophisticated edge detection is needed, CE is highly recommended, while
BL and MH must be classified as rather unstable.

Which lossy compression technique is best in not later introducing artifacts
misclassified as edges? WAVE performs best for all edge detectors consid-
ered. Block-oriented techniques like VQ or JPEG do worst, while PC and
PIFS are in between.






3. Image Compression and Coding 87

(c) Parallel lines (d) Corners and crossings

FIGURE 3.2. Impact of image compression and subsequent Burns line extraction.
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(c) Parallel lines (d) Corners and crossings

FIGURE 3.3. Impact of image compression and subsequent Canny edge detection.
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(c) Parallel lines (d) Corners and crossings

FIGURE 3.4. Impact of image compression and subsequent Marr and Hildreth edge detection.
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Which lossy compression technique is best in preserving various kinds of
edges? For most edge detectors, the race is tight among PIFS, JPEG, and
WAVE with VQ and PC falling off significantly. However, taking into ac-
count the results concerning CE and the artifacts argument, WAVE can be
rated number one.

Which types of edges and lines are most difficult to preserve in lossy image
compression? Straight lines, and corners and crossings are preserved best.
Preserving curves and parallel lines close to one another are comparatively
hard tasks solved significantly worse by all contemporary general-purpose
compression methods.

3.1.2  Multilevel Polynomial Interpolation

In the preceding section it has been shown that wavelet-based image compression sys-
tems outperform other compression algorithms not just in terms of their rate/distortion
behavior, but also in terms of the robustness when subsequent feature extraction follows
the lossy compression step. Therefore, it comes as no surprise that the next generation of
the JPEG standard (“JPEG 20007) is designated to include a discrete wavelet transform
instead of the discrete cosine transform used recently.

The basic idea behind wavelet (multiresolution) analysis is rather simple [MS94]; see
also Section 2.4. The original signal f° is decomposed in a smoothed signal f! and a
difference signal g' = f°— f1, yielding an average/detail decomposition of the input. In
a second step f! may be further decomposed in an even smoother average function f?2
and a detail function g2. After N iterations we thus get a very smooth average function

NV and a sequence of detail functions g*, ... , gV that allows for excellent (lossy) signal
reconstruction from f~ and the most pronounced parts of g',... , g%V (cf. also Sections
2.4 and 2.4.3).

Nevertheless, wavelet analysis has potential drawbacks. One of them is related to the
fact that for all practical purposes the wavelet transform is computed using a reqular
discrete grid. To see why this might be a problem, consider Figure 3.5.

In this figure the image profile near a typical edge (taken from the hat of the famous
lena image) is shown in the last pane of the first row. The first pane of the second row
gives the subsampling values obtained with the smoothing function of a spline wavelet
(stretched by a factor of two for better visibility) while the middle pane shows the
profile reconstructed from these sampling values. Important information has been lost,
especially at positions 3 and 5, which implies that an acceptable reconstruction of this
profile not only needs four average coefficients and two detail coefficients.

However, one could do much better with more intelligent subsampling. By sampling
at positions 3 and 5, signal reconstruction (shown in the last pane) can be achieved
only using four average coefficients and two sampling positions. Using standard methods
[Car88] it is possible to code sampling positions at a rate of about 2 bits per position,
while representing a (quantized) detail coefficient usually takes about 1 byte [Sha93].
Therefore, this technique can significantly reduce the need to include detail coefficients
in the reconstruction process.



3. Image Compression and Coding 91

.im, (414, 373.5) to (422,

o
N)
IS
o
[e]

sAuxl.im, (414, 373.5) to fll.im, (414, 373.5) to (42§1l2.im, (414, 373.5) to (42

200
150
100

50

FIGURE 3.5. Problems associated with subsampling and smoothing constrained to a regular
grid.
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Motivated by this observation the new approach comprises the following steps:
e find appropriate subsampling positions,
e find the corresponding subsampling values (average coefficients), and

e reconstruct the signal from average coefficients and sampling information by poly-
nomial (spline) interpolation. In a well-structured region this should (almost)
completely eliminate the need to include additional detail coefficients.

These steps will be executed in an iterative fashion, which means that the subsampled
output image of one iteration is, after geometry correction, used as input for the next
iteration in order to fully exploit spatial redundancies.

Selection of Sampling Positions

A promising approach is suggested by Figure 3.5. The most suitable sampling position is
the point where the profile exhibits the most significant change in direction. Therefore,
when subsampling in the z-direction, one has to find points where the second directional
derivative has a local maximum (minimum) in the z-direction, and when sub-sampling
in the y-direction sampling positions are found by maximizing (minimizing) the second
directional derivative in the y-direction.

Just selecting local maxima would return too many candidates for sampling positions,
because the storage of large bit planes does not come free. Instead, there is a need for a
way of selecting the “most significant” positions among all candidate positions whereby
the percentage of positions actually selected should be controllable by some compression
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ratio-dependent parameters. A technique known as masked thresholding with hysteresis
[Can86] on the absolute values of the second directional derivatives is used.

As a final step, the remaining candidates are filtered according to the length of the
local maxima, curve to which they belong' and are adjusted to yield sampling positions
located on a smooth curve. Of course, you do not store these continuous positions, but
the binary bitmap of pixels selected. Appropriate continuous sampling positions will be
derived from these bitmaps only at compression and decompression time, but they are
not stored explicitly.

Computation of Sampling Values

Given the sampling positions calculated in the previous section, the corresponding
sampling values are computed using the weighted average of the pixels surrounding the
sampling position in which the weights for each pixel are inferred from a Gaussian bell
centered on the sampling position; cf. also Part III.

Thus, an important task is choosing the standard deviation o. Higher values will
result in smoother but less accurate reconstruction while smaller values imply higher
accuracy near the sampling position but a loss in smoothness. A reasonable choice is
based on the requirement that 99 percent of all values lie in the interval (—0.5,0.5) which
is equivalent to demanding that a pixel will be recovered with 99 percent accuracy if
the sampling position coincides with the center of that pixel. Using standard statistical
arguments this amounts to (approximately) 2.50 = 0.5 or o = 0.2.

Iterative Approach and Geometry Correction

Iterated subsampling of the average component is not that straightforward because
irregular subsampling can introduce nasty non-linearities and discontinuities not present
at corresponding input locations. These would be difficult to compress in the next
levels. Thus, before sub-sampling in the y-direction can be done, a method we call
linear geometry correction must be applied.

This is a simple way of projecting irregularly sampled data onto a regular grid. Instead
of storing the irregularly spaced sampling values, the linear interpolator sampled on a
regular grid is used. This kind of geometry correction is fully invertible and, although
quite simple, works remarkably well.

Integrating Wavelet Texture Coding

In structured regions (lines, edges) multilevel polynomial interpolation on an adequately
chosen irregular grid can significantly improve coding performance by minimizing the
need for storing the detail information resulting from an average/detail decomposition.
In highly unstructured regions (noise, texture), however, no adequate subsampling in-
formation can be generated and subsampling is done in the middle of each interval, a

1Using a method developed by Carlsson [Car88] it is possible to code a connected curve comprising
n pixels using about 10 4+ 1.3 % (n — 1) bits. This implies that entropy coding at a rate of less than 2
bits per selected pixel should be feasible and that pixels located on long connected curves are to be
preferred.
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procedure leading to one average and two detail coefficients for each group of two input
pixels. Therefore, the interpolation approach must be regarded as highly inefficient in
textured regions.

In order to overcome this problem, we use wavelet texture coding. Because the pro-
posed image reconstruction process heavily relies on interpolation, only wavelet systems
possessing an interpolating scaling function are acceptable. Even under that constraint,
excellent solutions can be found based on the Deslauriers-Dubuc [DD89] interpolating
scaling functions. Figure 3.6 shows such an interpolating scaling function together with
the corresponding wavelet. A valid set of functions biorthogonal to them are displayed
in Figure 3.7. Readers interested in the corresponding filter coefficients or interpolating
multiresolutions of higher orders are once again referred to the excellent report [Swe94].

(a) Scaling function @ (b) Wavelet function

FIGURE 3.6. Deslauriers-Dubuc interpolating scaling function and wavelet of order 4.

(a) Scaling function ¢ (b) Wavelet function 1

FIGURE 3.7. Pair of functions biorthogonal to the Deslauriers-Dubuc system shown in Fig-
ure 3.6.

Using the set of finite biorthogonal filters associated with these function, an ade-
quate wavelet-based texture coding system compatible with the approach of image re-
construction by interpolation is obtained as follows. Use multilevel polynomial (spline)
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interpolation for subsampling positions lying on the irregular grid, which can be de-
rived in well-structured regions (lines, edges). In highly unstructured regions (noise,
texture), however, no significant subsampling information can be generated. Therefore,
subsampling is done in the middle of the interval using the filters pertaining to ¢ and
%, while reconstruction is performed by wavelet interpolation using the filters linked to
the interpolating scaling function ¢ and the dual wavelet ).

Summary

To make differences apparent, Figure 3.8 zooms in on Lena’s shoulder. In this figure
compression results obtained for Lena (512x 512, 8 bpp) at a ratio of 20 : 1 are arranged
as follows (proceeding from the upper left to the lower right): original Lena image, frac-
tal image compression, vector quantization, JPEG image compression, wavelet-based
image compression, and, finally, our approach (still without wavelet texture coding).

AN
AN

FIGURE 3.8. Comparison by zooming in on Lena’s shoulder.

Here, the advantages of the new approach compared to all the other methods is
significant: Structurally important regions, especially those corresponding to edges,
are recovered much better with almost no artifacts (blocking effects, ringing, Gibbs
phenomena) introduced. This is related to the fact that detail information belonging to
edges is not added to the signal recovered from the average component afterwards but
is directly encoded in the average component and the sampling position information.
Therefore, iterative polynomial image interpolation on an irregular grid not constrained
to discrete values should definitively improve the performance of wavelet image coders,
especially if minimization of degradations of the image contours and unwanted artifacts
is a prime interest.
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3.1.3 Enhancing the FBI Fingerprint Compression Standard

A contemporary lossy image compression system is usually structured as shown in Fig-
ure 3.9. First the image is transformed into a suitable domain (cosine, Gabor, wavelet,
etc.) whereby the transformation has to be selected based on criteria like the match
to image features, completeness, and computational requirements. Next, the trans-
form coefficients are quantized to certain discrete levels either using scalar quantization
or vector quantization, which is the only lossy operation within the whole compres-
sion/decompression process. Finally, the quantizer output values are entropy coded
usually using Huffman or arithmetic coding. On the other side, the decompression pro-
cess just inverts these steps in reverse order without introducing any additional loss of
information.

|

|

|
Image —— = Transform —= Quantizer [ = Entropy :
Encoder |
|

|

|

|

|

Compress

Lossy

1
|
|
|
|
Reconstructed Inverse . Entropy I
<-+— De- e
Image .| Transform | De-Quantizer | Decoder | Decompress
| | | |
| | | |
| | | |
| | | |
| ! | |
L - - — — 1 L - - — — 1
Lossless Lossless

FIGURE 3.9. Image compression system architecture.

Wavelets (see, e.g., [Dau92c, Chu92a, Kai95]) have proven to be excellent bases for
transform coding, because they combine adequate time/frequency resolution, efficient
implementations, and tolerable artifacts even at highest compression ratios. Addition-
ally, there is a very useful self-similarity of wavelet coefficients in the transform domain
that allows for tree-structured entropy coding. Shapiro’s [Sha93] famous embedded
zerotree coder even goes a step further: It combines quantization and entropy coding,
yielding a fully embedded code stream.

The overwhelming success of the embedded zerotree coder has led to the widespread
belief that it is no longer necessary to bother with quantization strategies for wavelet-
based image coders. It is the intent of this section to give strong evidence that a suitable
combination using a dedicated quantization strategy and a lossless zerotree coder can
outperform other approaches, such as the conventional embedded zerotree coder, a
run-length/Huffman coder, or JPEG [Ins91].

To this end, take a closer look at a highly popular example of a wavelet-based im-
age compression system: the FBI fingerprint compression standard [0193, Bri95]. This
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algorithm uses a very specific wavelet subband decomposition structure and a highly
optimized uniform scalar quantization strategy derived as the solution of a nonlinear
optimization problem of a high-rate distortion model subject to a linear constraint on
the overall bit rate and convex nonnegativity constraints on the individual bit rates
used to encode the wavelet subbands, while lossless entropy coding is done using con-
ventional run-length /Huffman coding.

This section demonstrates that the FBI standard can be significantly enhanced if the
entropy coder in use is replaced by a lossless zerotree coder. It is essential to notice that
this approach differs fundamentally from other applications involving zerotree coders
because here zerotree coding is used in a lossless mode just for entropy coding and
not for (embedded) quantization, while practically all currently existing zerotree appli-
cations do not separate lossy quantization and lossless entropy coding. To emphasize
that this separation pays off, the approach is compared to the JPEG standard, the FBI
standard, and the conventional embedded zerotree coder. Results given clearly suggest
that the modified approach outperforms the alternatives mentioned and should thus
offer great potential for applications involving image transmission and archiving.

The FBI Fingerprint Compression Standard

At last count, the U.S. Federal Bureau of Investigation (FBI) had about 200 million
fingerprint records, stored (as they have been since about 1900) in the form of inked
impressions on paper cards. As part of a modernization program, the FBI is digitiz-
ing theses records as 8-bit grayscale images, with a spatial resolution of 500 dots per
inch. This results in about 10 megabytes per card, resulting in an archive about 2,000
terabytes in size. Moreover, the FBI receives on the order of 30,000 new cards (300
gigabytes) per day, from all over the country for background checks. Accordingly, the
FBI has made data compression part of the digitization process and developed the
so-called wavelet/scalar quantization (WSQ) standard [Bri95, ol93].

The WSQ algorithm consists of three main steps: a discrete wavelet transform (DWT)
decomposition of the source fingerprint image, scalar quantization of the DWT coeffi-
cients, and lossless entropy coding of the quantizer indices.

The DWT [SN96, VK95] in the WSQ algorithm is implemented using a two-channel
perfect reconstruction linear phase filter bank. Symmetric extension techniques are used
to apply the filters near the image boundaries, an approach that allows transforming
images with arbitrary dimensions. This two-channel splitting is applied to both the
image rows and columuns, resulting in a four-channel, two dimensional decomposition.
The analysis filter bank is cascaded several times to generate a very specific 64-subband
frequency decomposition (see [0193] for details) that was selected based on fingerprint
image power spectral estimation and heuristic evaluations.

The 64 DWT subbands are quantized according to uniform scalar quantization char-
acteristics using a dedicated quantization strategy derived as the solution to a nonlinear
optimization problem of a high-rate distortion model subject to a linear constraint on
the overall bit rate and convex nonnegativity constraints on the individual bit rates
used to encode the wavelet subbands. This bit allocation procedure ensures that the
overall quantization distortion is minimized while still maintaining some user-supplied
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constraint on the overall bit rate and is computed using Lagrange multiplier techniques
corrected by an iterative procedure that accounts for discarded subbands [BB94].

As a final step in the compression process, the integer indices output by the quantizer
are entropy-encoded by run-length coding of zeros and subsequent Huffman coding.
Both the scalar quantizers and Huffman coders are image-specific. The compressed data
contains a table of wavelet transform specifications and tables for the scalar quantizers
and Huffman coders. The WSQ decoder parses the compressed data and extracts the
tables needed in the decoding process. To produce the reconstructed image, the decoded,
quantized wavelet coefficients are run through an inverse DWT.

Zerotree Coding

At approximately the same time the WSQ standard was formulated, the embedded
zerotree wavelet algorithm (EZW) was published [Sha93]. It is a very simple yet re-
markably effective image compression algorithm having the property that the bits in
the bit stream are generated in order of importance, yielding a fully embedded code.
The embedded code represents a sequence of binary decisions that distinguish an image
from the “null” image. Using an embedded coding algorithm, an encoder can terminate
the encoding at any point, thereby allowing a target rate or target distortion metric to
be met exactly.
The EZW algorithm contains the following features [Sha93]:

e A discrete wavelet transform that provides a compact multiresolution represen-
tation of the image to compress.

e Zerotree coding, which provides a compact multiresolution representation of sig-
nificance maps, that are binary maps indicating the positions of the significant
coefficients. Zerotrees allow the successful prediction of insignificant coefficients
across scales to be efficiently represented as part of exponentially growing trees.

e Successive approximation that provides a compact multiprecision representation
of the significant coefficients and facilitates the embedding algorithm.

e A prioritization protocol by which the ordering of importance is determined,
in order, by the precision, magnitude, scale, and spatial location of the wavelet
coefficients. Note in particular that larger coeflicients are deemed more important
than smaller coefficients regardless of their scale.

e Adaptive arithmetic coding, which provides a fast and efficient method for entropy
coding strings of symbols and requires no training or prestored tables.

More information and a detailed description of the way the embedded zerotree coder
works can be found in [Sha93]. For this purpose it is sufficient to emphasize that
Shapiro’s coder integrates scalar quantization and lossless entropy coding. Experience
has shown that this is a good idea. However, it is not the best thing to do, because
the zerotree coder has its strength primarily in entropy coding (and particularly in
the efficient way it is able to represent the positions of insignificant coefficients), but
it is definitely not an optimum quantizer. To emphasize this fact, take the dedicated
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quantization strategy incorporated in the FBI fingerprint compression standard and
integrate it with a lossless zerotree coder responsible for entropy coding but not for
quantization. The results achieved this way significantly outperform the original FBI
algorithm as well as the conventional embedded zerotree coder and clearly justify the
fundamental message that the role of zerotree coders should be reduced to just doing
entropy coding.

Modified Algorithm and Results

This section will give strong evidence that the FBI standard should be redesigned in
the sense that the run-length/Huffman entropy coder should be replaced by a lossless
zerotree coder. In other words, the dedicated quantization strategy incorporated in the
FBI fingerprint compression standard is used and integrated with a lossless zerotree
coder just responsible for entropy coding but not for quantization like in Shapiro’s
EZW approach. Along these lines a modified and enhanced version of the FBI finger-
print compression system has been implemented which is best described by means of
Figure 3.10.

|
|
|
: : 64 Subband | L=t FBI.Quant [— L= Lossless ‘ Compress
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| | | |
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FIGURE 3.10. Structure of our fingerprint compression system.

When compared to the FBI’'s WSQ standard, the EZW coder, and the JPEG stan-
dard, compression results obtained by this modified approach are extremely promising,
as shall be shown in the sequel.

Comparison to JPEG In Figure 3.11 compression results for a 768 x 768 8-bpp
fingerprint image are compared in terms of their appearance. The first row shows the
original image, the second row depicts JPEG compression results, and the last row
shows compression results with the modified and enhanced algorithm. The first column
shows compression results at a compression ratio of 20:1, as does the zoom-in in the
second column, while the third and fourth columns display results at a compression
ratio of 50:1.



3. Image Compression and Coding 99

|mmm|m|u\\\~a@

FIGURE 3.11. Fingerprint compression results.

At a compression ratio of 20:1, compression results seem excellent in all cases, but
zooming in reveals the superiority of the enhanced FBI coder, which delivers very
good results even at high compression rates (50:1), while JPEG falls off significantly.
It is important to notice that blocking effects are present in the JPEG compressed
image. These blocking effects are a big impediment to automatic fingerprint recognition
systems (see [0I84] and the pioneer paper [Fau80]), which have to distinguish principal
classes (Arch, Tented Arch, Left Loop, Right Loop, and Whorl) at the first level of
fingerprint classification. That is a major reason why the FBI voted in favor of a wavelet-
based compression approach.

In Table 3.5, the rate/distortion behavior for the fingerprint shown in Figure 3.11 is
analyzed. There it becomes even more obvious that the enhanced version (FBI Enh)
significantly outperforms the JPEG standard in terms of the root mean squared error
(RMSE; smaller means better) and the peak signal to noise ratio (PSNR; larger means
better) distortion measures. Remarkably, the figures for the modified approach at a
compression rate of 100:1 are better than the values obtained by JPEG at a ratio of
only 50:1, while 100:1 compression is simply not achievable using JPEG.

Comparison to the FBI Standard The main difference between the modified
approach and the FBI standard algorithm lies in the way lossless entropy coding is



100 J. Scharinger

implemented. While the FBI algorithm uses run-length/Huffman coding, in the modi-
fied approach a lossless zerotree coder is used. The file sizes needed for achieving some
specified PSNR? are given in Table 3.6 and clearly confirm that the lossless zerotree
coder provides a more efficient way of representing the quantizer output indices than
the FBI entropy coder does.

The higher the compression ratio, the larger the gain that can be achieved by the
modified approach. This is related to the fact that the tree-structured lossless zerotree
coder exploits the self-similarity present in wavelet transformed images and is thus par-
ticularly more efficient in representing the positions of insignificant (zero) coefficients.
Inspection of the file sizes needed to achieve a given PSNR, as depicted in Table 3.6,
clearly emphasizes that this entropy coder performs much better than the FBI entropy
coder.

Comparison to EZW Coder Throughout this section it has been emphasized that
the approach of using a lossless zerotree coder differs fundamentally from the EZW
coder in the sense that we take a clear-cut separation between lossy quantization and
lossless entropy coding, while the EZW coder integrates embedded quantization and
entropy coding. To prove that this separation pays off, Table 3.7 shows comparative
results for specific compression ratios. The difference should be obvious and would be
even more impressive if you compare the file sizes needed to achieve a certain PSNR,
as was done in the previous subsection. But even in terms of the gain in RMSE, the
progress is significant.

Summary

The FBI standard could be significantly enhanced if the entropy coder used is replaced
by a lossless zerotree coder. In other words, the dedicated quantization strategy in-
corporated in the FBI fingerprint compression standard is used and integrated with a
lossless zerotree coder just responsible for entropy coding but not for quantization like
in Shapiro’s EZW approach. Along these lines, a modified and enhanced version of the
FBI fingerprint compression system has been developed and implemented, which out-
performs the alternatives mentioned (JPEG, FBI, EZW) in terms of subjective quality
and in rate/distortion behavior.

The research results emphasize that a clear separation between lossy quantization
and lossless entropy coding pays off, a bottom line that should definitely be taken
into account when designing other compression systems dedicated to a specific class of
input images. For general-purpose compression for which no a priori knowledge about
the input data is available, the EZW algorithm might remain the method of choice for
obtaining high reconstruction fidelity even at highest compression ratios.

2The PSNRs used in Table 3.6 are chosen due to the fact that the FBI standard encoder achieves
compression ratios of 10:1, 20:1, 50:1, and 100:1, respectively, for these PSNR examples.
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% pizels misclassified as edges

[
o

% edge pizels not detected 11 |
[ VQ [ PC [ PIFS [ JPECG | WAVE [ AV ]

[ PC | PIFS | JPEG | WAVE || AV
ST 5 8 7 3 2 5 3 1 1 2 1 2
CL 29 40 i1 9 i3 20 2 0 1 1 1 1
PL 23 17 13 i1 i1 i5 5 1 1 2 1 3
CC 6 1 8 2 1 1 3 2 1 2 1 2
[AV [ 16 [ 17 T 10 ] 6 | 7 [ 11 ] 3 T 1 7] 2 | 2 | 1 T 2 ]
TABLE 3.1. Impact of Image Compression and Subsequent Nevatia and Babu Edge Detection
| | % edge pizels not detected % pizels misclassified as edges
SL 29 i1 7 25 i1 17 1 2 2 2 2 3
CL 79 67 54 58 76 67 3 3 3 3 2 3
PL 64 48 a7 51 48 52 6 9 8 10 B 8
CC 48 25 21 28 10 26 3 5 3 3 2 5
[AV [ 55 [ 388 [ 32 T 41 ] 36 [ 490 [ 4 [ 5 T 4 17 5 | 4 [ 4 ]

TABLE 3.2. Impact of Image Compression and Subsequent Burns Line Extraction

| % edge pizels not detected % pizels misclassified as edges

SL a7 24 13 11 11 21 1 2 1 1 1 2
CL 72 16 35 40 27 44 3 1 1 1 1 1
PL 53 48 41 42 36 44 8 1 1 3 3 1
CC 35 22 28 15 i3 23 3 2 2 1 1 2
[AV J[ 52 [ 385 [ 20 T 27 ] 22 I 3 [ 5 [ 2 T 2 17 2 | 2 I 2 ]

ST 57 58 40 49 41 49 7 4 4 5 4 5
CL 71 72 46 59 61 62 3 2 2 3 2 2
PL 56 57 46 38 48 49 8 4 6 5 4 5
CC 61 42 51 41 40 47 6 1 5 1 3 1
[[AV J[ 61 [ 57 [ 46 [ 47 ] 48 [[ 52 [ 6 [ 4 [ 4 17 4 | 3 [ 4 ]

TABLE 3.4. Impact of Image Compression and Subsequent Marr and Hildreth Edge Detection

[ Ratio I 10:1 I 20:1 Il 50:1 I 100:1 |
[ Distortion || RMSE | PSNR || RMSE | PSNR || RMSE [ PSNR || RMSE | PSNR |
[ _JPEG [ 5,725 [ 32,976 || 9,547 | 28,634 || 21,496 | 21,484 [ n.a. | n a

[ FBIEnh || 4948 | 34,243 || 7,739 | 30,357 || 12,188 | 26,413 || 16,332 | 23,870 |
[ Gain (RMSE) || 16% I 23% Il 76% I n. a. |

TABLE 3.5. Rate/Distortion Comparison to the JPEG Standard

PSNR (dB) || 33.892 [ 30.057 | 26.128 | 23.516 |

FBI (Byte) 59008 | 29512 | 11820 | 5888

FBI Enh (Byte) || 55963 | 27771 | 11081 5244

Gain [ 5% | 6% | ™% | 12% |

TABLE 3.6. Comparison to the FBI WSQ Standard
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[ Ratio I 10:1 I 20:1 Il 50:1 I 100:1 |
[ Distortion || RMSE | PSNR || RMSE | PSNR || RMSE [ PSNR || RMSE | PSNR |
| BEZW T 5.376 [ 33.522 || 5192 | 29,863 || 13,343 | 25,626 || 17,570 | 23,236 |
[ FBI Enhanced || 4,948 | 34,243 || 7,739 | 30,357 || 12,188 | 26,413 || 16,332 | 23,870 |
[ Gain (RMSE) [ 9% I 6% I 12% I 3% |

TABLE 3.7. Rate/Distortion Comparison to the EZW Coder

3.2 Multimedia Data Encryption

To guarantee security and privacy in speech, image and video transmission, and archival
applications, efficient bulk encryption techniques are necessary, which are easily imple-
mentable in soft- and hardware and can cope with the vast amounts of data involved.
Cryptologic experience has shown that block-oriented symmetric product ciphers con-
stitute an adequate design paradigm for resolving this task. Therefore, because the
cryptographic concept is well developed and possible cryptanalytic attacks have been
studied in detail, the general framework of an iterated product cipher is adopted to
develop a novel method for efficient multimedia data encryption applications.

3.2.1 Symmetric Product Ciphers

The structure of the algorithm is similar to other iterated symmetric product ciphers
(DES [Nat77], IDEA [LM90], SKIPJACK (Clipper) [ea93] etc.) that perform a block-
wise encryption of the plain-text input to the system by repeated intertwined applica-
tions of r rounds of permutations and substitutions, as can be observed in Figure 3.12.

plain-text p, ¢! cipher-text

I I
Perm ! Subst [———— eeeee —>| Perm ! Subst

I
Perm ! Subst

Kip Kis Kop Kos Kep Kis

K, Ky K,

internal key management

pass-phrase

FIGURE 3.12. Structure of an r-round product cipher.

Input to the system is a block of plain-text Py and a user-supplied pass-phrase. From
this key the internal key management derives the individual keys K; (1 < i < r) and
supplies them to the various encryption rounds. Every round ¢ applies one permutation
(change the positions of elements within a block) and one substitution (change the values
of elements within a block) operation to P;_; (keyed by K;p and Kj;g, respectively)
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and thus computes the cipher-text block C;. After executing r rounds, C, gives the
cipher-text output by the r-round product cipher. Although r = 12 is recommended
more rounds can be used for even greater security or fewer rounds can be thought
of for better encryption performance, because the execution of two rounds appears
sufficient to ensure that any change in input or key modifies every output value in a
pseudo-random manner.

Important Properties

A single round of an iterated cipher usually involves only simple operations, which
would be easy to break by themselves. It is the repeated intertwined application of
permutation and substitution steps that accounts for the cryptanalytic strength of
the overall system. Provided that certain requirements are met, product ciphers are
computationally secure, which implies that it is extraordinary unlikely for an intruder
to break the system in the near future. Of course, there are many conditions required
for a secure cipher, but the following are fundamental and probably most important in
applications dealing with multimedia data encryption:

Confusion: Ensures that the (statistical) properties of plain-text blocks are
not reflected in the corresponding cipher-text blocks. Instead every cipher-
text has to have a pseudo-random appearance to any observer or standard
statistical test.

Diffusion:

e In terms of plain-texts: Demands that (statistically) similar plain-texts
do result in completely different cipher-texts even when encrypted with
the same key. In particular this requires that any element of the in-
put block influences every element of the output block in a complex
irregular fashion.

e In terms of pass-phrases: Demands that similar pass-phrases do re-
sult in completely different cipher-texts even when used for encrypting
the same block of plain-text. This requires that any element of the
pass-phrase influences every element of the output block in a complex
irregular fashion. Additionally this property must be valid for the de-
cryption process, because otherwise an intruder might recover parts of
the input block from an observed output by a partly correct guess of
the pass-phrase used for encryption.

3.2.2  Permutation by Chaotic Kolmogorov Flows

Iterated product ciphers constitute a common basis for almost all contemporary bulk
encryption systems (DES, IDEA, and Clipper). However, the security of these systems
seems to reside mainly in the substitution parts that depend on the key in a very com-
plex manner. On the other hand, the permutation operations possess fized dynamics,
which are usually not influenced by the key. Instead, they just rearrange the elements
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of the input block in a predefined way specified, once and for all, by the designer of the
cipher system.

Obviously, this is a weakness that also counts in the problem that certain iterated
ciphers are particularly susceptible to a powerful new attack called differential crypt-
analysis [BS91, BS92, LMM91]. A main goal of this section is therefore to improve on
this situation and propose a novel approach to how key-dependent permutations can be
integrated into the general concept of a product cipher.

This will be accomplished by means of so-called Kolmogorov flows Ty, a class of
extraordinary unstable chaotic systems in which each element of the class is uniquely
characterized by the parameter m. Kolmogorov flows can be expected to be particularly
useful for scrambling input data blocks because they are the most unstable systems
known [Pri80] today!

Continuous Kolmogorov flows

To give a notion why the extraordinary unstable dynamics of a chaotic Kolmogorov
flow T); are so especially suitable for implementing key-dependent permutations in the
context of a product cipher, consider the example given in Figure 3.13 in which the
parameter is set to m = (0.25,0.5,0.25).

FIGURE 3.13. The dynamics of the chaotic Kolmogorov flow T(0.25,0.5,0.25)-

One application of T with 7 = (p1,p2,... ,pk), 0 < p; < 1, and Zlepi =1, as
shown by passing from pane one to pane two in the first row of Figure 3.13, essentially
involves stretching and folding the state space of the underlying system (the unit-square
E:=[0,1)x[0,1)). First, E is partitioned into vertical strips according to the various
p; in 7. Next, every strip of dimension p; x 1 is dilated by the factor - to yield a strip
of dimension 1 X p;. Finally, theses horizontal strips are stacked on topz of each other to
end one iteration of T'.

Formally, the underlying dynamics are defined as follows. Let Fy denote the left
border of the vertical strip that contains the point (x,y) that is transformed. Clearly,
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the following relation holds:

0 fors=1
Fs_{ler...ers_l for s=2,... k. (3.1)

Then T, : E — E is defined by

Tow) = (=Pt E) (3.2)

S

for (z,y) € [Fs, Fs +ps) x [0,1).

Iterating T generates very complex behavior, as can be seen in Figure 3.13. Actually
it is known from the well-developed theory of Kolmogorov flows that there are several
important properties that hold for every member of that class and provide good reason
to use them as confusion/diffusion permutation operators:

Ergodicity: The trajectory connecting the iterates of almost every starting
point in E approaches any other point in E arbitrarily close [GMC81, AAGS|.
In cryptographic terms, ergodicity makes it very hard to predict the actual
position of a point from its initial position. Even more, after sufficiently
many iterations, every position within the whole block is equally likely to
be the actual position for almost every starting point (confusion).

Mixing Property: Any measurable subset of E is spread out uniformly across
E [Shi73]. In cryptographic terms this implies that any regular structures
contained in an input block will never pass over to the output block. In-
stead, every input regularity dissipates all over the corresponding output in
a pseudo-random manner (confusion).

FEzponential Divergence: Neighbor points diverge exponentially in the z-direction
[Mos73]. This is a characteristic property of chaotic systems where small
variations amplify and change the overall systems behavior in a very com-
plex manner. In cryptographic terms, minimum modifications in inputs lead
to exponential changes in the corresponding outputs, causing radically dif-
ferent outputs even for highly similar inputs (diffusion).

Discrete Kolmogorov Flows

Given a list of positive integers § = (n1,n2,...,nk), 0 < n; < n, and Zle n; = n, the
discrete Kolmogorov flow T;, 5 (keyed by 0) for scrambling the data within an n x n
block can be defined under the mild assumption that all n; € ¢ partition the side length

n.
Let the numbers ¢, (s = 1,2,...,k) be specified by ¢, = -*~. Due to the constraint
that n, must be an integer divisor of n, all g, are positive integers and we have the corre-

spondence to the continuous case ¢s = pi. Additionally, N, shall denote the left border
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of the vertical strip, which contains the point (,y) that is transformed. Obviously,
the following relation holds

0 for s =1
Ns_{m—i—...—f—nsl fors=2,... k. (3:3)

Then, for (z,y) € [ Ng, Ns + ns) X [0,n) the definition

Tn,ts : [Oa ’fl)2 — [Oa n)QTn,5(x7y) =

(gu(c — N+ (y mod q.), (y = ¢s) + No) 3.4

constitutes a valid discrete version of continuous Kolmogorov flows, as is easily shown.
The domain and range of the map is changed from the unit square E to the lattice
[0, n)? in a way that the following asymptotic property holds for § £ n x 7, (z,y) €
[0,n) x [0,n):
I .t Y -
i [l To(5, L) = T s, ) | = 0, (3.5)
because the measure of the difference (which equals 1 (ymodg,)) tends to 0 as n — oo,
as ¢s remains constant (on the average) over the scales. In other words, T,, s( z,y ) differs
from n + T (£, £) only at the least-significant position in the base-g, representation of
2 and y, which has measure 0 as the precision of the representation goes to infinity.
For n an integer power of 2 the calculation of T}, 5 can be done by just using addition,
subtraction, and bit-shift operations which allow very efficient SW/HW implementa-
tions of the permutation. It is worth mentioning that this approach works for arbitrarily
sized square blocks and can be extended to handle nonsquare blocks, indicated by re-
sults obtained by J. Friedrich [Fri96].

Keys for Selecting Different Permutations

For cryptographic purposes it is vital to know how many possible keys exist for a
given encryption system. In the case of permutations by discrete Kolmogorov flows this
is reduced to the question, how many different valid parameters § exist for a given
sidelength n. In other words, how many lists of positive integers § = (ny1,na,...,ng)
(0 < n; < n) summing up to n can be found under the constraint that every n; has to
be an integer divisor of n?

As presented in detail in [Aig75, Jeg73], a computationally feasible answer to this
question can be found using a method based on formal power series expansions leading
to a simple recursion formula. If R = {ry,ra,... ,rm } (11 = 1, 7 < n) denotes the
set containing all admissible divisors of the sidelength n in ascending order, then c¢,,
the number of all lists ¢ constituting a valid key for T}, 5, can be computed using

0, n<nry
Cp = Cn—ry F Cnepy + oo+ Cnerp, n>r)AN(ng{r,ra...,tm }) (3.6)
1+ cnp +Cnopy+.o.tenp,, ne{r,ro,... ,rm }.

A list of selected results for n an integer power of 2 is given in Table 3.8.
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| n | #keys || n | #keys || n | #keys |

1 ]0 32 | 47350055 || 1024 | ~ 2837
2 |1 64 | ~ 2°0 2048 | ~ 21678
4 15 128 | ~ 2103 4096 | =~ 23325
8 |55 256 | ~ 2209 8192 | ~ 26720
16 | 5271 512 | ~ 218

TABLE 3.8. Number of Permissible Keys for Selected Values of n

[n |k | #keys | # passed || # failed | % failed |
256 | 2 10000 39677 323 0.8075
256 | 4 10000 158453 1547 0.966875
256 | 8 10000 633728 6272 0.98
256 | 16 || 10000 2534380 25620 1.00078

TABLE 3.9. x*-Testing Checking the Confusion Properties of Permutations Based on Discrete
Chaotic Kolmogorov Flows

How do these values compare to the key spaces offered by other systems used today?
DES offers 56 bits, SKIPJACK (Clipper) provides 80 bits and IDEA (PES) has 128
bits available. Therefore, as a rough estimate, n = 64 (— 50 bits) is close to DES and
n = 128 (— 103 bits) is between SKIPJACK and IDEA; n = 256 (— 209 bits), however,
is close to the estimated number of particles in the universe and the exponential growth
seen from Table 3.8 ensures that discrete Kolmogorov flows offer key spaces that will
definitely be sufficient for the foreseeable future.

Confusion and Diffusion

A strong encryption algorithm will behave like a random function of the key and the
plain-text so that it is impossible to determine any of the key bits or plain-text bits from
the ciphertext bits. To this end, the evaluation team reviewing the security of NSA’s
SKIPJACK algorithm [ea93] ran two sets of tests aimed at determining whether the
algorithm is a good pseudo-random number generator and whether cipher-text bits
are not correlated with either key bits or plain-text bits. Here the same setup (chi-
square test using a 99 percent confidence level, 10,000 keys) is adopted to check the
confusion and diffusion properties of key-dependent permutations based on discrete
chaotic Kolmogorov flows.

Given an n X n input block, the confusion property is checked by dividing this block
into k x k subblocks and checking for every individual subblock if the elements within
this single sub-block are spread uniformly over all possible sub-blocks (confusion). Table
3.9 summarizes results obtained for n = 256 when applying a chi-square test check-
ing the hypothesis that elements are spread according to a uniform distribution after
iterating » = 16 permutation rounds. Tests are run using a 99 percent confidence level.

Because it is checked for every subblock of the k2 subblocks, it shows that if the
elements within this single subblock are spread uniformly over all possible subblocks,
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increasing k simultaneously increases the overall number of test cases and the discrimi-
nation power of the test. It came out that for the highest value of k exactly 1.00078 per-
cent of the tests failed the 99 percent confidence level chi-square test. This is definitely
within a reasonable experimental error of the expected value of 1 percent (actually even
closer than the values obtained by the SKIPJACK group) and gives strong statistical
evidence that the confusion property is indeed fulfilled by key-dependent permutations
based on discrete chaotic Kolmogorov flows.

To check the diffusion properties of key-dependent permutations based on discrete
chaotic Kolmogorov flows the average diffusion distance was computed for 10,000 pairs
of permutation keys (pki, pke ) differing just by a single bit. For every starting point
(x,y) within a 256 x 256 input block the final position after iterating r = 16 permuta-
tion rounds was calculated under the influence of pk; and pks yielding final positions
(x1,y1) and (x2,ys ), respectively. Their Euclidean distance obviously is

V(@ — 22)? + (1 — 12)2 (3.7)

In the optimum case where (1,31 ) and (z2,y2) are two completely uncorrelated,
randomly distributed points within an n x n block, their average distance is

n—1 n—1 n—1 n—1
ZDID I I ML TEAE 59
21=022=0y1=0y2=0

Evaluating this expression for n = 256 yields a theoretically optimum average diffusion
distance of 133.479. Extensive simulations (apply 10,000 pairs of permutation keys
differing by just a single bit for 16 permutation rounds to every starting point within
a 256 x 256 input block and calculate the average diffusion distance of the respective
final positions) amount to an average diffusion distance of 133.457. This is less than
0.02 percent away from the optimum average diffusion distance and gives good evidence
to the claim that key-dependent permutations based on discrete chaotic Kolmogorov
flows fulfill the diffusion property in the sense that after 16 permutation rounds even
the application of keys differing by just a single bit results in completely uncorrelated,
randomly distributed final positions (even for the same initial position!).

Summing up, the family of Kolmogorov flows does precisely exhibit the properties
required for a good permutation operator within the framework of a product cipher.
The existence of valid discrete versions, an impressive number of different possible pa-
rameterizations, and highly efficient implementations using only addition, subtraction,
and bit-shifts (for n an integer power of 2) give good reason to integrate them in a prod-
uct cipher for realizing key-dependent (secret) permutations that guarantee adequate
confusion and diffusion in a fully systematic and transparent way.

3.2.8  Substitution by AWC or SWB Generators

Substitutions replace the elements of an input block primarily based on the element’s
value. To optimize SW implementations we focus on 32-bit data, but substitutions on
other data types can be used with minor modifications.
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In a product cipher permutations are complemented by substitution operations. This
is essential because no permutation in the world can change important statistical prop-
erties (e.g., histogram) of the underlying data. Therefore, besides other tasks, the sub-
stitution has to ensure that the output of the overall encryption process is always a
block of uniformly distributed pseudo-random data regardless of the distribution of
data in the input block.

Popular methods for generating pseudo-random numbers are congruential relations
[Knu81], shift registers [Yar88], or lagged-Fibonacci. As emphasized in many papers
(e.g., [Ree87]), randomness in cryptography is different from the ordinary standards of
randomness in the sense that, for cryptographic purposes, the matter of predictability
is most important. This requirement is taken into account by combining substitution
based on pseudo-random number generation (PRNG) in an intertwined and iterated
manner with permutation operations, as proposed by the general framework of a prod-
uct cipher.

AWC and SWB Generators

Add-with-carry (AWC) and subtract-with-borrow (SWB) generators [MZ91] are best
introduced by revisiting the classical lagged-Fibonacci sequence with lags » = 2 and
s = 1 and the informal description x, = z,_o + =,_1 mod b, but a better formal
definition is

flx1,20) = (w2, 21 + 2 mod b). (3.9)

Including a carry bit ¢ and altering the lags from » = 2 and s = 1 lead to the general
definition of an AWC generator with base b, lags r and s with r» > s, and a seed vector

v = (x1,72,... ,7,,c) generating the sequence x, f(z), f2(x), f3(x), ... according to
the rule
flxy,. ...,z 0) =
(2, &y Tpy1—s + 21 +¢,0) Try1—s +T1+c< b (3.10)
(2, e, pp1—s + 1 +Cc—b1) 21 s +a1+C>0. '

Similarly, the corresponding SWB generator x,, = x,,_s — £, — ¢ is defined by the
iterating function f as

flz1,...,zpc) =
(-772; oo 3 Tpy Tpg1—s — L1 —C, 0) Tp41—s —T1 —C 2 07 (3 11)
(2. Xy Tpy1—s —x1 —C+ b 1) Tpy1_g—x1 —c <O, )

Provided that the lags r» and s are chosen properly with respect to the base b, AWC
and SWB generators are extraordinary efficient and can come up with sequences having
outstanding periods at the order of b" + b° £ 1.

In this section, the choice for implementing a confusion/diffusion substitution oper-
ator is based on the SWB generator &, = Z,_24 — Zr,—37 — ¢ mod 23? recommended in
Table 2 in  [MZ91]. The cipher-text ¢ is computed from the plain-text p according to

cli] = (p[i] + prspli] + prscli]) mod 22 (3.12)
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and the pseudo-random sequence corresponding to the plain-text is computed as®

prspli] = (pli — 24] — p[i — 37] — cp[i]) mod 232, (3.13)
epli + 1) = I(p[i — 24] — pli — 37] — ¢pli] < 0), (3.14)

and the pseudo-random sequence corresponding to the cipher-text is computed as

prscli] = (c[i — 24] — c[i — 37] — cc[i]) mod 232, (3.15)
celi + 1) = I(cfi — 24] — ¢[i — 37] — cc[i] < 0). (3.16)

Keys for AWC and SWB Generators

This type of substitution is keyed by the seed vector x = (z1,22,...,%,,c) instead
of the values c[i], p[i] with negative indices needed to compute prsc[i] and prsp[i]. For
the proposed SWB generator ,, = ®,_24 — Tn_37 — ¢ mod 232 which gives a total of
(232)37 % 2 = 21185 (ifferent keys!

In order to apply the one-dimensional substitution formula to two-dimensional blocks,
the rows of the n x n input block are first concatenated to form an n? x 1 array, which is
then processed according to the substitution formula given. Furthermore, the direction
of substitution is changed in all other rounds, which makes things harder for differential
crypt-analysts and increases security against probable-word analysis [Riv87].

Confusion and Diffusion

Provided that the seed vector is not all zero, the SWB in use always produces pseudo-
random numbers with the immense period of ~ 10%4° and passes all the standard
tests proposed by Knuth and even more stringent tests included in a test battery
called DIEHARD developed by the SCRI [MZ91]. Therefore, the confusion condition
obviously holds.

Additionally, contrary to many other generators, AWC and SWB generators possess
exponential diffusion. For the sake of simplicity, this shall be explained using the ex-
ample of the most simple generator, the lagged-Fibonacci sequence with lags 1 and 2
and the informal description x,, = Z,,_o + Tp,_1.

Suppose that two seed vectors (x1,x2) and (z1 + dy, 22 + do) differ by ||dy|| + ||d2]|-
Due to the generating relation, these differences amplify exponentially according to the
law for the nth Fibonacci number yielding a difference of approximately || %H after

n steps [Wor71]. Thereby, « is the quotient of two successive Fibonacci numbers and,
provided that at least dy or ds is nonzero, it always has a value strictly larger than 1.

Similar arguments can be applied to show that AWC and SWB generators with ar-
bitrary lags have exponential diffusion properties. Differences propagate to higher bit
planes and carries occurring at the most significant level are fed back to the least signif-
icant level (AWC generators) or propagate to lower bit planes and borrows occurring at
the least significant level are fed back to the most significant level (SWB generators),

3I(cond) gives 1 if the condition cond holds and 0 otherwise.
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respectively. In other words, differences in input data are amplified in an exponen-
tial manner, which guarantees that the diffusion property holds for the substitution
presented.

3.2.4  Security Considerations

In the preceding sections we have clearly indicated how the cipher under consideration
achieves both good confusion and good diffusion, the two basic features that contribute
to the security of a block cipher. The best measure of security available today for an
iterated block cipher is its resistance to attack by differential cryptanalysis [Mas94].
We give two strong arguments why such an attack will not succeed in our case:

e Consider the block size in use. Launching a differential cryptanalytic attack in this
case is not computationally feasible. The enormous time and data requirements
to mount such an attack put it beyond the reach of any intruder.

e Ciphers having key-dependent (secret) S-boxes are resistant to differential crypt-
analysis [Sch93]. The same argument obviously hold true for key-dependent (se-
cret) permutations (P-boxes).

The evidence available today suggests that the cipher proposed is a strong cipher
whose strength is well measured by the enormous length of its user-selected key.

3.2.5  Encryption Experiments

Because the permutation and substitution operators in use possess the confusion and
diffusion property, it is obvious that the same holds for the overall system. This shall
be illustrated by means of some examples interpreting the 256 x 256 32-bit blocks as
512 x 512 byte-valued blocks and by graphically representing the values (from [0..256 ))
contained therein as gray levels.

The first experiment, which is shown in Figure 3.14, emphasizes the confusion prop-
erty of the cipher under consideration.

In the first row on the left side the famous lena image is given, together with its
histogram. It is then used as the input image to the cipher. The corresponding output
image is shown on the right-hand side of the first row. No similarities can be observed
between the input and the output, either in the image domain, or in statistical terms.
In the second row on the left side, a completely black (empty) input image is specified.
It contains only zeros while values other than 0 do not occur, as is emphasized by the
histogram. However, even for this degenerated input image the corresponding cipher
image is a uniform distribution of pseudo-random values.

The second experiment, which is shown in Figure 3.15, is intended to emphasize the
diffusion property of the cipher under consideration with respect to small changes in
input data.

In the first row on the very left lena is given again. Then an image very similar to
lena is displayed which is in fact equal to lena except for one single pizel whose value
has been increased by one. Of course, these two images have almost equal histograms,
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FIGURE 3.14. Experiments validating the confusion property.
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FIGURE 3.15. Experiments validating the diffusion property with respect to small changes in
the input data.
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FIGURE 3.16. Attempt to decrypt an image with an almost correct guess of the pass-phrase
used for encryption.

so only one is shown. The last pane in the first row shows the correlation of the two
input images, which is very strong.

The corresponding output images when encrypting the input images with the same
pass-phrase are depicted in the second row. On the very left the cipher-text resulting
from the encryption of Lena is given. Next, we have the histogram of the encryption
resulting from modified Lena. As expected, they are again pseudo-random uniform
distributions. Most important in Figure 3.15 are panes three and four in the lower row.
The third pane shows the difference between the ciphers computed when encrypting
lena and modified lena with the same key. Obviously the ciphers show no similarities
at all and there is no significant correlation that could be observed from the correlation
plot shown in the rightmost pane of the second row.

The final experiment given in Figure 3.16 is intended to emphasize the diffusion
property of the cipher under consideration with respect to small changes in pass-phrases.
This is important because otherwise an intruder might reconstruct parts of the input
image from the observed output image by a partly correct guess of the pass-phrase used
for the encryption operation.

This figure is to be read columnwise. The first column gives the original lena image
together with the histogram. In the second column the cipher image is depicted if lena
is encrypted using the pass-phrase “Max Maier, 0732-2468/9828.” Finally in the third
column there is the result when attempting to decrypt with the almost-correct guess
“Max Maier, 0732-2568/9828.” The conclusion to be drawn from this attempt is that
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even an almost perfect guess of the pass-phrase does not reveal any information about
the original image. Instead any attempt to decrypt with a wrong pass-phrase is in fact
another encryption operation.

3.2.6  Encryption Summary

Deducing from analytical investigations and supported by experimental validation, the
cipher introduced in this section can be characterized by the following properties:

e Security:

confusion and diffusion properties on input images are fulfilled,

even an almost perfect guess of pass-phrase does not reveal any information
about the input image,

the key space is much larger than for any comparable system currently in
use,

resistant to differential cryptanalysis.

e Implementation:

flexibility in implementation and extension; modularity makes it easily adapt-
able to new needs implied by technological progress or additional crypt-
analytical insights,

encryption and decryption have the same complexity,
only addition, subtraction and bit-shifts involved,
efficient HW and SW implementations possible,

SW prototype proved to be several times faster than corresponding DES and
IDEA implementations.

No cipher can be considered secure unless it has undergone severe scrutiny. However,
from the current perspective it does not seem likely that any shortcuts or other weak-
nesses will be found. Therefore, it can be expected that the system proposed in this
section should be of considerable interest in multimedia data encryption applications
in which an appropriate combination of efficiency and security plays a major role.
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Part 11

Data Handling



Introduction to Part I1

In the last few years, due to progress in imaging sensor technology and development of
advanced processing methods, the amount of digital image data has greatly increased.
The most important applications are industrial inspection and robotics, surveillance,
medical imaging, archiving photos or documents, and space-borne earth observation.
Handling and exploiting this continually increasing volume of data in an efficient man-
ner are great challenges.

For many applications image analysis is the most critical task and bottleneck in the
processing chain. Therefore, even when computing-intensive methods have to be used,
the user will still ask for an even faster execution. To satisfy this demand, several strate-
gies may be applied. The most important approaches are hierarchical image analysis,
the “active vision” concept, or increasing computing power by parallelization. Each
approach has its merits and must be tailored to the specific application and hardware
environment. That requires sound experience with all methods and their merits.

In this section, the option of parallelization and the most important related aspects
of handling large sets of image data are investigated. As a test bed, this approach
has been implemented with various processes applied to an extensive data set of radar
remote sensing data. After an in-depth analysis and optimization of the basic code,
the algorithms were parallelized by several strategies, according to different scenarios
of computing platforms and networking environments available.

Parallelization may be done on dedicated high-performance computers, but also by
splitting the given task into independent jobs, which are then executed on different
computers. With recent progress in networking technology, the latter aspect is gain-
ing importance. Consequently, this development leads to a flexible architecture, where
various computers with specific capabilities and software installed are collaborating.
Therefore it is possible to process on demand a huge amount of data, which even may
be stored at different locations, according to the actual requirements. Such a scenario
is very well suited for maintaining and exploiting large archives of image data.

It also is obvious that cataloging and appropriate retrieval methods are also a very
important aspect of data handling. As a typical application, a system for distributed
archiving and retrieval of remote sensing data over a high-performance network has been
developed. A Java-based graphical interface allows the user to search for image data,
according to location and image parameters or any possible combination of descriptors.
While this approach is relying on already existing metainformation, there are also
many other applications where it is necessary to search for specific properties of image
content. Therefore, methods for context-based retrieval from image archives have also
been investigated. This more general but more computing-intensive process is browsing
a database for pictorial elements. For implementing such a system, image analysis
methods have to be performed in the most efficient way.
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In order to increase computing times of large image data considerably, algorithms or
jobs may be split into packages that may be processed in parallel. For execution, either
a machine with inherent parallel architecture or a computer network can be used.
The most appropriate solution for a given case will depend on the properties of the
algorithm, the hardware available, and the mechanisms of communication between the
processors involved. Based on several applications, the relevant key issues have been
investigated and will be explained in this chapter.

4.1 Dealing with Large Remote Sensing Image Data Sets

Remote sensing data contain a lot of valuable information on the shape and prop-
erties of the surface of the Earth or other planets. Data from radar sensors require
elaborate processing before they can be displayed as images—not to mention possible
methods of further exploitation. Therefore, these data are an ideal testbed for parallel
and distributed processing strategies.

4.1.1 Demands of Farth Observation

Image data from remote sensing spacecraft provide a huge amount of coherent in-
formation on our (or other) planet(s) [Kra88]. While meteorological satellites usually
capture atmosphere-related parameters at comparatively coarse intervals, the mid- and
high-resolution systems of earth observing systems provide resolutions of up to a few
meters on the ground.

Among others, important applications of earth observation with medium- and high-
resolution imaging sensors are:

e 3D reconstruction of the surface of the Earth;
e generation and updating of topographic maps;
e monitoring of vegetation status;

e surveillance of coastal zones and the oceans;
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e documentation of human activities on Earth; and
e detection of natural or manmade hazards.

Further information on earth observation (remote sensing) can be found through
links on the CD-ROM.

Remote sensing spacecraft are equipped with either optical sensors, capturing the
visible and infrared spectrum, or a synthetic aperture radar (SAR) instrument, record-
ing the backscatter on ground of microwave radiation being emitted by the satellite
itself [Kra96]. In any case, the sensor output consists of large matrices of data, where
each value corresponds to the amount of radiation backscattered at the corresponding
spot on the ground. These grids of physical data are rendered and processed as image
data.

Handling of remote sensing images has various aspects, ranging from acquisition,
archiving and dissemination (see Chapter 5) to thematic exploitation. In order to obtain
the required results, a variety of methods have been and are being developed. Depending
on the information actually needed, several image processing and analysis techniques
may be applied:

e data compression and decomposition;

e image restoration and radiometric correction;
e image enhancement;

e geometric rectification;

e stereo exploitation;

e image matching;

e multispectral analysis;

e multi-image/multi-sensor fusion;

e feature detection and extraction; and

e many more (sensor-specific) algorithms.

For most tasks, a certain combination and sequence of processing steps is required,
often demanding considerable computing resources.

The problem becomes even more evident when the enormous amount of data pro-
duced around the clock by each earth observing satellite is considered. For example, the
AMI radar sensor on board the European Space Agency’s ERS-1/2 satellites produces
8000 x 560 pixels per second with 32 bits per pixel; a rate of about 18 Mbyte per second
[Sch93]. Usually, the satellites can capture data for 20 minutes on each orbit. Applied
to ERS-1/2 that results in some 2 Gbyte per orbit or-with about 15 revolutions per
day—30 Gbyte in 24 hours. Under these circumstances, only a small fraction of the data
obtained are actually processed; the vast majority is just downlinked and archived for
possible future exploitation.
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Constant automated screening of the images—as soon as they have been captured—
may be addressed as the “ultimate goal” of remote sensing. Thus, e.g., environmental
changes and possible hazards could be detected at a very early stage. Before the creation
of such a surveillance system can be accomplished, not only a lot more knowledge about
the various physical phenomena and much improved methods of image analysis are
required, but strategies for fast and efficient execution of algorithms are also needed.

Parallelization is a key technique for speeding up the computing process: It may be
achieved by either using computers with inherent parallel architectures or by splitting
and distributing tasks over a network of distributed computing platforms. In that con-
text, several issues are to be addressed, e.g., the possibility of parallelizing an existing
code, and the most appropriate balance between processors computing power and the
capability of the connecting network. For each task or algorithm, a different strategy
may be required. Therefore, other image processing applications will also benefit from
research and development on parallelization of remote sensing procedures.

4.1.2  Processing Radar-Data of the Magellan Venus Probe

For investigating and developing various parallelization strategies, algorithms for pro-
cessing SAR data from NASA’s Magellan spacecraft were analyzed. Magellan mapped
planet Venus from 1990 to 1992, acquiring coverage of almost 98% of the surface
[LTM92].

The total amount of image data captured was 400 GByte, and it is obvious that
full exploitation of all the data will be a very time-consuming effort. The primary goal
of processing Magellan data is the generation of a planetary digital elevation model
(DEM) and a coherent mosaic of radar images, both at various levels of detail.

For exploitation of the data, NASA provides a collection of sequential algorithms,
tailored to the merits of the Magellan system [CM92]. Some key algorithms were
analyzed in respect to their ability to be executed on a parallel architecture:

SAR signal processing converts raw Synthetic Aperture Radar (SAR) signal data into
images. For the Venus data set a comprehensive software package called the Magellan
SAR Processor was developed by NASA [CM91]. To process the data as soon as
possible after being downlinked from the probe, this software was run on state-of-the-
art hardware at the time of the mission.

However, there is now deeper knowledge of the data set, actual orbits, and other
improved supplementary information, and a reprocessing of the original data appears
to be desirable. In order to make that operation possible for the whole huge data set
within a reasonable amount of time, the software has to be reviewed, optimized, and
ported to a contemporary computing environment, preferably a parallel one.

Image matching establishes a regular or irregular grid of corresponding points in two
overlapping images. Approaches applied to radar images are mainly based on correlation
of pixel arrays. They have to cope with the radiometric differences due to illumination
differences; therefore some algorithms use additional information derived from edge
filters and local image statistics [GJPT96]. The algorithm we parallelized is called
Xmatch and was developed by Scott Hensley at JPL [HS94]. The underlying theory is
described by Frankot in [Fra90] and [FHS94].
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Shape-from-Shading (SfS) is based on the idea that the variation of brightness pri-
mary depends on the terrain shape in respect to the direction of illumination by
the radar sensor. A DEM becomes locally refined by applying SfS. Various kinds
of SfS are described in [HB89]. We parallelized the algorithm developed by John
Thomas [TKL91], which is based on work by Frankot and Chellappa [FC89] and
performs most calculations in the frequency domain, as outlined in [Gol96].

Visualization and perspective rendering is based on a DEM from stereo and/or SfS
(or other sources), and an image mosaic linked to the DEM by terrain correction.
By 3D visualization of that data set, any view on the landscape or fly over may be
simulated. Because of the large amount of data and frames to be processed, this is a
typical parallelization task, being carried out at the very end of the processing chain.

A short video of a virtual flight over a small area on planet Venus can be found on
the CD-ROM.

4.2 Parallel Radar Signal Processing

This section deals with strategies and tools that have been used to parallelize the
Magellan SAR Processor, the program that implements the digital signal processing
operations needed to convert Magellan’s raw radar data into an image of the surface
of Venus. The program operates on burst data, producing a single-look image framelet
per burst and then superimposes the framelets to form a multi-look image data orbit
strip.

4.2.1 Parallelization Strategy

The platform for development of a parallel version of the code was the 128-node QSW
CS-2 machine at the European Center for Parallel Computing at Vienna (VCPC), and
it was decided to perform the parallelization using the message-passing style of pro-
gramming, using the portable MPI message passing interface [MPI94]. It was quickly
realized that the radar bursts represent a natural unit of parallelism in the program,
because each one can be processed independently, except for the final stage, called “look
buildup”, which merges results from overlapping observations in neighboring bursts.
Although the SAR processor is a fairly large program, the bulk of the source code
is involved with a preprocessing phase, which takes relatively little time to execute
compared to the burst processing for a whole orbit strip. For the sample data set
tested on a single CS-2 node at VCPC, the initialization phase takes about 59 seconds,
compared to about 2.5 seconds per burst, but there are more than 4000 bursts in
the data set, so the burst processing time dominates. Thus, the focus of attention was
directed at the main burst processing loop, which is located in the routine that performs
the SAR correlator processing, process_corr. The main work of the loop is done by
calls to the routines shown in Figure 4.1, whose parameters are omitted for brevity.
The final routine multi_look is the only one that does not operate independently
on each burst, and it is the one that writes the image to disk. The basic strategy is to
recode this loop so that each iteration can be executed as a task on a separate processor.
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Fill processing parameter (pp) common block
Copy key pp values to correlator common block
Read raw burst data

Decompress raw intensity values

Perform range compression

Perform a non-symmetric matrix transpose
Perform the Azimuth compression

Perform the radiometric compensation

Perform a geometric rectification

! Generate multi-look image

call corr_pp
call pp_keyvar
r_nbytes = cread
call decode_sar
call range_comp
call corner_turn
call az_comp
call radio_comp
call geo_rect
call multi_look

FIGURE 4.1. Routines in the main burst processing loop in process_corr

In practice, a pool of “slave” processors, each with code to execute a single burst, would
have burst data distributed to them by a “master” process. The resulting image data
could be collected by the same master process or by another process, but for simplicity
let’s assume here that there is a single master controller. In order to be able to recode
the loop like this, it is necessary to understand its data dependences. In particular it is
necessary to identify:

1. variables that are set before the loop and read inside it, as this implies commu-
nication of initial values from the master to worker processes.

2. variables that are set inside the loop and read after it, which implies communi-
cation of values from the workers back to the master.

3. I/O, which must be properly sequenced. File handles need special treatment, as
you cannot write to a handle opened on another processor.

4. variables whose values are read within the loop, before being updated, as their
values depend on an assignment from the previous iteration and imply commu-
nication between worker processes. This represents an antidependence from the
first statement to the second.

Not only variables that are local to the subroutine containing the loop must be
considered, but also any variables in common blocks that are used by either the routine
itself, or any other routines that it calls, directly or indirectly.

The source code for the SAR processor consists of approximately 125000 lines of
Fortran, divided among approximately 450 subroutines, together with approximately
6500 lines of C, and, although focusing on the main burst processing loop meant that
only around 5500 lines (plus included common block declarations) had to be analyzed
in depth, this was still a substantial body of code, so manual analysis would have be
extremely laborious, and support from parallelization tools was considered essential.

4.2.2  FEwvaluation of Parallelization Tools

Three tools were evaluated with respect to their suitability for assisting in implementing
the parallelization strategy for the Magellan SAR code:
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e FORESYS (Fortran engineering system), a commercial tool by SIMULOG;

e IDA (Inter-procedural Dependency Analyzer), a public-domain tool available
from the University of Southampton and VCPC [MR95]; and

¢ FORGExplorer, a commercial tool by Applied Parallel Research.

The most useful feature of FORESYS in the context of this work turned out to
be its ability to handle almost all the nonstandard Fortran extensions used in the
Magellan SAR processor and to transform the program into equivalent code in standard
Fortran 77. Neither IDA nor FORGExplorer accepted these nonstandard extensions,
and so it was necessary to use FORESY'S to produce a cleanedup version of the code that
they could process. However, the program analysis features of IDA and FORGExplorer
were found to be more useful than those of FORESYS. Although IDA provided much
of the functionality offered by FORGExplorer, FORGExplorer was chosen to perform
the code analysis, because its more sophisticated user interface made it much easier to
use in practice. It is described in more detail later.

FORGExplorer

FORGExplorer has a Motif GUI and presents a global, interprocedural view of a pro-
gram. It can perform searches and variable traces, and it features an interactive, inter-
procedural Distributed Memory Parallelizer (DMP). The features of the tool that were
evaluated were code browsing, the DMP option, and the global analysis views.

Code Browsing

Similar facilities to those of FORESYS are provided for code browsing, and they are
similarly useful, although there are slightly more options. The Call Subchain display,
which represents the call graph as a list of routine names, indented according to their
call level, was found to be particularly useful.

Distributed Memory Parallelizer

The idea of an automatic parallelizer was obviously attractive, and so some time was
invested in “profiling” the routines that were unknown to the tool, that is, the ones for
which it does not have source code, such as the C routines in the Magellan code. The
types of their arguments and whether they are read from or written to must be spec-
ified. Unfortunately, having profiled the unknown routines, it was discovered that the
program was too complex for FORGExplorer to handle, and it looped indefinitely. It
may have been possible to get further with the DMP using semiautomatic paralleliza-
tion options, but it was decided to be less ambitious and to investigate the manual
interprocedural analysis features of the basic FORGExplorer tool instead.

Global Analysis Views

Manual analysis of the code using FORGExplorer’s global analysis views proved to be
a much more fruitful approach than the DMP option, and in particular the variable
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FIGURE 4.2. The FORGExplorer Trace window

tracing and common block usage displays were found to be extremely helpful for iden-
tifying dependences. The variable tracing display (Figure 4.2) lists all program lines
where a variable is referenced, following the path that items passed through common
or subprogram arguments take, and the common block usage display shows a grid of
common blocks versus subprograms. At the intersecting cells, usage of the common
block by each routine is summarized, according to whether variables are set or read.

4.2.3  Program Analysis and Parallelization
Isolating the Slave Process Code

The first step was to identify which code from the burst loop (Figure 4.1) would be run
as a slave process and to localize it in a separate subroutine, giving it a clean interface
to the rest of the code, exclusively through common blocks. It was decided to keep the
cread () statement in the master process, together with the two preceeding routines
called, as that represented a particularly clean break in the loop. The remaining routines
in the loop were moved into a new subroutine, called process_burst. The new routine
inherited all the common block and local data declarations from process_corr, and all
of the local variables were declared to be in a new common block, so that values set in
one routine could be read by the other.
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Using FORGExplorer’s “Reference Node”

The next step was to restrict the area of interest to the process_burst routine and rou-
tines called by it, by setting FORGExplorer’s “Reference Node” to it. The “Common
Blocks” display shows that the whole program uses 415 routines, 91 of which reference
data in common, spread over a total of 61 common blocks. Setting the reference node
to process_burst reduced the area of interest to 15 routines, referencing 14 common
blocks. Potentially that means 15 x 14 = 210 common block references, but FORGEx-
plorer showed that in fact there were only 40, and so we succeeded in reducing the size
of the problem considerably.

A Simplified Parallelization Strategy

Although the complexity of the program analysis has been much reduced, the depen-
dences within the multi_look code were still fairly complex, and in order to obtain
an initial parallel version of the code as quickly as possible, it was decided to first
construct a simpler parallel version of the code than originally planned, by moving the
call to multi_look() out of process_burst into its calling routine process_corr. In
this scheme, the maximum amount of parallelization is limited by the sequential code
remaining in multi_look, but the analysis is significantly simplified, as just eight rou-
tines need to be considered in process_burst, and there are a total of 14 references to
eight common blocks.

Dependence Analysis

The dependences between the master and slave processes were analyzed, so that the
communications necessary between them in the parallelized code could be determined.
This was done using the common block displays for both process_burst and process
_corr, together with the variable tracing display.

The “Common Blocks” display allows a display of each individual common block to
be opened, which shows a table of variables in the common block versus the routines
that access them, and for each variable reference it is indicated whether it is read or
set. Variables in the common blocks that were referenced within process_burst fell
into three categories, according to whether they contained variables that were:

1. read but not set within process_burst;
2. set within process_burst and read afterwards in process_corr; or

3. set and then read within process_burst, but not used in process_corr.

Those in the first category were the easiest to identify, because it was enough that all
their references were reads, but for those in the other two categories, it was necessary
to check the read and write usage of the individual variables in the common blocks,
because different variables set in a common block may or may not be read later. This
was done using the variable tracing display, which also revealed accesses to common
block variables that were passed to routines as arguments, although the common block
was not declared in the routine, in which case the references were not indicated in
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FIGURE 4.3. Results of dependence analysis—Common blocks vs. routines

the common blocks display. The variable tracing feature was also used to check for
antidependences within the burst loop (a variable read followed by a set), but none
were found. Figure 4.3 summarizes the results of the dependence analysis, where the
numbers in the grid cells correspond to the categories of reading and writing defined
earlier.

The communication of variables between master and slave processes can now easily
be deduced. Variables in category 1 must be sent to the slave when it starts to execute,
those in the category 2 must be sent back to the master when the slave has finished its
processing, and those in category 3 require no action.

Parallelization

Although the slave code was isolated from the rest at an early stage in the work,
the whole program was kept sequential for as long as possible, so that it could be
compiled and tested after each modification, to make sure that it still behaved as before,
and so that the global analysis features of FORGExplorer could continue to be used
on the whole code. Eventually, having performed the dependence analysis, the code
was split into two executables, one for the slave process, containing the code for the
process_burst routine, and one for the master process containing the rest of the code.
Further analysis showed that the large arrays in the common block /BUFFER/ could
be split between the master and the slave, which reduced the size of both executables
considerably, which is important as they are close to the limit of available memory on
the CS-2. Subsequent steps in the parallelization process are the insertion of the MPI
communication calls, performance measurement, and final optimization of the code.

4.3 Parallel Radar Image Processing

The previous section explained strategies for parallelization of a given sensor-specific
process, generating image data from genuine radar signals. Now we turn to algorithms
that are applied to already existing images. Here, appropriate strategies for splitting
an image into patches that can be processed independently are a major issue, which is
of general importance for digital image processing. Besides, the most efficient strategy
for executing such split and merge processes is another key issue.

The parallelization paradigm that was applied is called “Manager/Worker” or “Task-
Farm” (e.g., in Fox [FJL*88] or [Edi96]). One process, the manager, loads and stores
all the data and controls the other processors, the workers. The workers themselves
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form a pool or “farm,” and communication between workers usually is not necessary
or allowed.

The execution time for a certain part of the image (patch) may vary, for example,
because a match point is found to be insufficiently accurate, and thus additional cal-
culations are necessary to estimate an initial position for the next iteration. Therefore,
dynamic load balancing is necessary to obtain good load balancing. However, compared
with the benefits, the cost of dynamic data partitioning and redistribution is far too
high. Furthermore, the patches are usually the smallest size allowed by the algorithm
and cannot be divided any more.

4.83.1 Data Decomposition and Halo Handling

Data decomposition can basically be done in an arbitrary way. However, it is useful
to partition regular problems into intervals of similar size. As illustrated in Figure 4.4,
one or all dimensions may be partitioned. The shaded area shows the area required by
two processors and their surrounding regions (halos). As the halo becomes larger (i.e.,
wider), it becomes obvious that “squares” reduce the amount of data to be transferred
and updated in contrast to “stripes.” Especially with matching, the “stripe”- approach
would require data to be, collected not only from the neighbors of a certain processor,
but from their neighbors neighbors as well.

FIGURE 4.4. Impact of halo thickness to data decomposition strategy.

In Figure 4.5 the task farming and decomposition strategy is shown, as implemented
in SfS. The manager—sometimes also called the master-reads in the images and per-
forms all necessary work for optimal distribution. After processing by the workers, the
manager is responsible for combining the subimages it receives. This is especially dif-
ficult in SfS and requires some interpolation and slope alignment computations. As
long as the farmer does not get overloaded by either this postprocessing work or the
scheduling itself, there is no need to add an extra processor for this job. However, the
farmer remains the bottleneck in both, file I/O and communication to the workers. In
our experiments, the “task farm” method showed some advantages. The simple com-
munication structure and the well-defined tasks each processor has to perform led to
an easy implementation.
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FIGURE 4.5. Data decomposition and distribution.

4.3.2  Dynamic Load Balancing and Communication QOuverloading

If the workers perform tasks unequal in length or if not all workers are equally fast,
the tasks cannot be distributed using a static load balancing scheme, which creates a
schedule prior to the processing of the subimages. Instead, we used a simple paradigm
for dynamic load balancing. The farmer prepares the next outgoing messages while
the workers process the data received previously. When a worker sends back its result,
this is a request for new work, and the farmer sends the next patch to this worker. At
the beginning, or if some workers request new tasks at nearly the same time, they are
served in a round-robin fashion. We found task farms well suited to implement dynamic
load balancing. An animation illustrating the manager/worker principle in combination
with data decomposition can be found on the CD-ROM.

However, this simple way of dynamic load balancing suffers from three problems.
First, the tasks are not sorted in order of their expected execution time. Thus, it is
possible that the last task submitted is the largest one, leading to the second problem:
All workers must wait for completion of each other, and the remaining work cannot
be redistributed. These two problems are not really hazardous if there are many more
patches than workers in the pool and if the amount of work per task is about the same.
While the first restriction can be met only if processing large data sets, the second one
is fulfilled implicitly by the SfS algorithm and the distribution policy. Running Xmatch,
both restrictions are more difficult to meet. However, we did not put more effort in
this direction because the performance results revealed more severe problems with data
I/0.

Thirdly, if many workers request tasks concurrently, the farmer is overloaded for a
moment. In this case, the workers are served in a round-robin fashion, and some workers
are forced to wait until the farmer has time. It is likely that during this time other
workers request new tasks, leading to a virtual synchronization of the workers. This
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problem also occurs at the very beginning. Assuming equally sized tasks, this problem
cannot be solved in time, because the manager gets overloaded periodically. These
circumstances sometimes lead to dramatic losses in efficiency, especially if processors
are interconnected via a bus system.

Worker 1] ——C = 1 —1"

request. :

v
Master

Worker 2[|]]

FIGURE 4.6. Double buffering.

To solve this problem, the dynamic load balancing has been extended with a feature
called “double buffering” or “buffered task farming” [Edi96]. In Figure 4.6 a farmer is
shown with only two workers for simplicity. Initially, every worker requests two pieces of
work—one to process immediately and one to process later. This overloads the manager
heavily at first, but the workers do not care because they already have tasks to compute.
Workers can start their next task immediately after they have finished their former one,
and they can request a new task in advance. Provided the master is not overloaded,
this method theoretically reduces the idle time of workers to zero. Results show that
this is also true in practice, as discussed in Section 4.3.3.

4.3.8  Performance Assessment

Testing two algorithms on several architectures and with different implementations
produced a lot of performance figures. Here, we want to emphasize four key elements:

1. CPU use;

2. I/O performance;

3. impact of load balancing; and
4. optimal number of processors.

We found that network bandwidth and latency is of minor interest to our problems.
Due to our coarse-grained parallelization approach, this is fairly obvious. The message
passing library chosen or other implementation details only affect the time to develop
the code and not the performance of the code itself in a measurable manner.
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FIGURE 4.7. Gantt chart: CPU Use

Figure 4.7 shows the CPU use during the whole run time of SfS on the Paragon
machine. All three workers (numbered 1 to 3) are busy, except at the very beginning
and at the end. This points out a good communication policy. We found that double
buffering is necessary to obtain such a smooth transition from one task to the next,
especially if more than about 16 processors are involved. The rather constant times
where only the farmer is working can be seen as the sequential part of the algorithm.
Especially on larger data sets, these portions are very small relative to the overall time
the workers need for their tasks. Additionally, the farmer (node 0) is idle most of the
time. This shows that the farmer can handle many more workers, which consequently
guarantees excellent scalability. However, serving three workers already requires the
farmer to do extensive data I/O. The black bar in Figure 4.7 denoting this I/O activity
is about 10% of the total execution time. Because on the Paragon, I/O and computation
can be overlapped, and because reading and writing larger data blocks is faster, we did
not experience any I/0 bottlenecks even if all processors were used. However, the images
were located on a special hard disk which was part of the Paragon machine.

There are two widely used figures to illustrate computers performance: speedup (5)
and efficiency (g), related to each other as e = % Usually, efficiencies above 50% are
considered to represent good performance. In Figure 4.8 the speedup is given for SfS on
all architectures. The size of the image is 1000 x 1000 pixels which results in 121 patches.
Sequential execution time is 1421.8s on an SGI Indy, 801.63s on one node of Paragon
and 605s on one node of the Meiko CS-2. This image size is common for test images,
because it is easy to handle and execution times are rather small; however, real images
are 8k x Tk pixels. Load balancing artifacts due to the coarse-grain parallelization—as
can be clearly seen with more than 25 processors, especially on Paragon—will therefore
not occur in real applications.

The performance of Xmatch on the Cray T3D is shown in Figure 4.9. Both speedup
and efficiency are given, but neither plot clearly shows the “best” operating point.
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FIGURE 4.9. Xmatch performance: Speedup, efficiency, and efficacy

Taking the maximum, € would imply not parallelizing at all, and S would allow far too
many processors.

Several cost-benefit analyses 1 = % can be performed to find the best number
of processes. A commonly applied technique is to ask for maximum speedup under the
constraint of effectiveness, or B ~ S and C ~ é 7 then is called efficacy [GST91] and
is also plotted in Figure 4.9.
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=S.e=". (4.1)

To get an impression of scalability, we measured execution time, varying the number
of processors, and doubling the problem size whenever the number of processors was
doubled. Consequently, one processor always performs the same amount of work. Such
an analysis bypasses the load balancing problem and inefficiencies caused by the paral-
lelization method and instead shows bottlenecks in the system. This measurement also
was performed with Xmatch on the Cray T3D.

Xmatch Performance on T3D
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FIGURE 4.10. Xmatch performance: Scaleup

Ideally, the graph is a straight horizontal line. However, in Figure 4.10 this only
holds for fewer than four processors, after which execution time scales linearly with the
problem size. We found that disk I/O bandwidth was the bottleneck. Note that this
observation correlates with the peak of the efficacy 1. All files were stored on a single
disk, and this disk was connected to the T3D by an ordinary Ethernet 10 Mbit/s line.
So far we have not been able put data onto a faster disk. Moreover, even on faster disks
the bottleneck would still be disk I/0, but it would become apparent when using a
larger number of nodes.

4.4 Distributed Processing

The computation of data products often requires several execution steps. Addition-
ally, the data being handled may be large and therefore both network bandwidth
and machine performance influence the overall execution time. Therefore we devel-
oped CDIP (Concurrent Distributed Image Processing), a system that incorporates
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high-performance execution hardware, large data storage, and platform-independent
clients.

Figure 4.11 illustrates the basic building blocks of CDIP. The three major parts, the
front end, the back end, and the broker, with tight connection to the method base are
interconnected by an Internet-based network. The central part of CDIP is the broker,
which interacts with all other entities and ensures that the network appears transparent
to the user. Note that only control connections are shown; data transfer takes place
directly between entities.

broker

transparent

network distributed

data base

front end back end

FIGURE 4.11. Overall concept of CDIP.

4.4.1 Front End

The front end can be of any kind. It can be a Java applet running within a web browser,
a text-oriented command line user interface, or an application programming interface
(API) in any language. Our major implementation of the front end is based only on
common Internet services such as ftp, email, and http for communication, simple HTML
pages for documentation and the help system, and scripts or Java applets for interactive
parts. Data is transferred by ftp, either automatically, if a predefined method sequence
is chosen, or by filling in an HTML form. Figure 4.12 shows parts of a Java-based
graphical user interface (GUI).

4.4.2 Back End

The back end may be built of various hardware platforms. It is considered to be a
loosely coupled conglomerate of computers of any size and power. The basic idea is to
integrate all available computers so that error-prone porting of code is reduced to a
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FIGURE 4.12. The Java front end of CDIP.

minimum and fault-tolerance is improved. The back end and its interaction with the
broker are discussed more in depth in [NG98a).

Currently, a cluster of workstations, two SGI PowerChallenge shared-memory multi-
processor machines and a Meiko CS2-HA supercomputer are connected. To easily access
all these systems, each of them is wrapped into one of the queuing systems DQS [DQS]
or Condor [LLMS88]; [LBRT97]. Both provide unified access, priority scheduling, and
concurrent execution as well as many other features. However, DQS is better suited
for high-performance computing as done on supercomputers, and Condor shows its
strength on high-throughput computing. Condor also respects on-site interactive users,
which makes it very valuable for our cluster of workstations.

4.4.83 Broker

The middle part, the broker, is the most critical and intelligent piece. It can range
from a simple relational database to a complete decision support system, automatically
suggesting the proper sequence of methods for obtaining the desired data product.
Whenever a user starts to work with the system and hands in a description of input
data and desired output format, the broker—in its agentlike action—collects available al-
gorithms and execution parameters and suggests a few user-specific ways of processing
the data. Note that it is not necessary to specify all the details and specific algorithms
that are needed to reach the particular goal. We implement this functionality by query-
ing a relational database, holding descriptions of both single methods and sequences of
them [Bac98].

Once such a sequence is selected by the user, the broker comes into action again—now
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in its scheduler mode. As shown in Figure 4.13 (steps 2 and 3) the broker distributes the
methods across available back-end computers, minimizing execution time, and network
and servers’ system load. We use CORBA [COR98] and NetSolve [CD97| as the
underlying communications structure for both, distributing work to the back end and
communicating with the client at the user’s site.

broker

: send data

5: result

client

back end

FIGURE 4.13. Example of distributed image processing using a broker: Remote execution of
ImageVision via NetSolve.

We implemented two different brokers. They differ in the way they interact with
the back end, the interfaces they support, and their own intelligence for scheduling
users requests to the proper server. One broker, named DICE [Bac98]-Distributed
Image-processing Computing Environment—is implemented on top of CORBA and in-
tegrates batchlike methods, currently started via the command line. Because the meth-
ods intended for this broker are typically noninteractive and long-lasting, the broker
communicates with a queuing system at the backend. The user submits a request and
typically does not wait until completion. Instead, a message (email) is sent when the
job is finished.

The other broker, DIPS [Obe98]-Distributed Image Processing Shell-extends the
functionality of NetSolve [CD97] while still using NetSolve’s own agent. It is designed
to be highly interactive and connects primarily to remote image processing libraries,
for example, to SGI’s ImageVision library, which does not run on any other platform.
DIPS supports interfaces to C, C++, Matlab, and Java. The most user-centered Java
interface was implemented as a plug-in to the Image/J image processing environment,
itself exclusively written in Java. Users working with this applet can now transparently
use local Image/J methods and functions from ImageVision, which are executed on a
remote server. Figure 4.13 illustrates the principle way of working with NetSolve and
ImageVision.
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4.4.4  Ezperiences

While CDIP appears similar to the user in all cases, the actual processing depends
on the size of the input data set. Raw SAR images are about 10 to 50 Mpixels in
size. This amount of data can easily be handled on the CDIP back-end computers and
transmitted between them, but so much data is hazardous for a single user’s desktop
computer and network connection. DICE gracefully handles such situations, keeping as
much data as possible at the back end.

Regarding systems issues, CDIP exhibits the following properties:

e Interoperability is guaranteed by the Internet Inter-Operability Protocol (IIOP)
[COR] which is defined within CORBA.

e Queuing systems successfully wrap different hardware platforms and thus pro-
vide unified access to a variety of back-end computers through only a few similar
interfaces. They also take over basic scheduling tasks, assisting and simplifying
the broker.

e Currently, there is no standard for representing method repositories. The interface
to the currently implemented method base allows any upcoming standard to be
easily incorporated.

e The broker only acts as agent and scheduler but is not involved in data traffic.
Therefore, it primarily acts as a server for meta-information about system pa-
rameters. Several brokers can work together, each offering its services to all other
brokers.

e Interaction is modular and generic via well-defined interfaces. Existing solu-
tions (e.g., distinct parallelizations of SAR algorithms) could easily be integrated
and updated, without modifying the structure of CDIP and without necessarily
notifying the user.

e As it is based on common and public-domain software, development time was
reduced to a minimum, resulting in fast prototyping.

Although some test users found it unusual to first specify the task locally and then
wait until the remote computers had done their work, this execution model quickly
became accepted. Working this way can even help to improve users performance, be-
cause jobs are submitted more carefully. DICE proved to work well for dedicated batch
jobs and so-called “setup-then-execute” tasks, which are very common when repeatedly
processing large similar data sets.

For interactive image processing, DIPS processed requests fast enough that the test-
users reported overall good usability. Because images are smaller in this case, it is worth
sending them across the network for specialized methods. When selecting method se-
quences, data traffic is further minimized. DIPS nicely handles very short tasks sending
applets to the local machine to compute the images there.
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One of the most significant developments in information technology of the last decade
was—and still is-the transition from analog to digital images. On the one hand, any ana-
log image can now be converted into digital form by inexpensive scanning devices, and
on the other hand, the number of systems capturing images in digital form is growing
considerably: Besides the new digital still and video cameras, in many disciplines (like
medicine or material inspection) more and more sensors are generating digital image
data. However, remote sensing has been a pioneering area in this development, starting
to acquire digital earth observation data 25 years ago with NASA’s Landsat satellite
program [LMS97].

All those sensors generate a lot of data, which can only be handled because, fortu-
nately, enormous improvements in digital storage capacity have taken place at the same
time. Now disk capacities of several gigabytes are available on any desktop and storing
even 700 MB of data on a highly portable CD-ROM is no effort at all.

Another innovation of great importance is the Internet. Among many other oppor-
tunities, it is a means for fast transfer of large amounts of (image) data to and from
almost any computer on the globe.

However, the ability to generate and transmit a lot of image data easily is one issue,
but finding the information actually needed is another. While information extraction
from an image is an extremely wide field of research and development (which is covered
by many other sections in this book), the appropriate organization of catalog and
relevant access or query strategies is more specific.

In this chapter, two works on data catalogs are presented. Their contents and ap-
proaches address different demands:

e a network-based catalog for browsing a comprehensive distributed archive of re-
mote sensing data and issuing customized requests for data from it; and

e a methodological approach toward automated indexing of and targeted retrieval
from a database of portrait images.

In the first case, a huge amount of satellite data has to be administrated in an effective
way. An interface is provided, where any remote user may select and order data online.
Query criteria are the data’s meta-information (e.g., sensor, date, price), location maps,
and browse images.
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The second task addresses the problem of searching for parameters related to image
content, which are not yet defined in an explicit form. Besides solving the given problem
of browsing an archive of portraits, such an approach is of fundamental importance and
may also be applied to other collections of digital images.

For image data catalogues, all these issues are of great relevance: the structured
organization and retrieval, according to existing and standardized parameters, and the
approach of searching for certain categories of image content being defined on the fly.
Both approaches, explained in the following sections, represent the state of the art in
the respective fields.

5.1 Online Access to Remote Sensing Imagery

Online access to remote sensing images is a new service for the operational use of
earth observation data sets. Until now many applications that need multitemporal or
multisensoral data could hardly be carried out because of lack of information about
existing remote sensing images. Other important obstacles are the high costs and the
long time between taking an image and the delivery of the desired product. To get
quick access to information and the data set we have to pay attention to the following
items:

e organization of the data set in a data management system;
e information systems for searching, browsing, and ordering; and

e online product generation and delivery.

5.1.1 Remote Sensing Data Management
Characteristics of Remote Sensing Data

Management of remote sensing data is a special case of the more general problem of
managing any visual information. The particular individual characteristics of remote
sensing data require special techniques of data storage, query processing, and index-
ing [Wal96]:

e Image data are the predominant type of information, with single images up to
several hundred megabytes in size. Images come in a multitude of formats, each
of which has its own characteristics in terms of storage requirements and ease of
access to subimages or single spectral bands.

e Metadata contain descriptive information on individual images, like spatial and
temporal parameters, radiometric and geometric resolution, sensor characteris-
tics, and data format. Browse products, i.e., thumbnail and quick look images
derived from the original data make quick visual interpretation possible. Content
information like texture, color, and histogram information is used to describe the
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image content in a way that allows the use of this information in searches for
images by their content (see Section 5.2).

e Sensor-specific procedures play an important role in image processing and image
analysis. By integrating this procedural information with the image database,
value-added end products can be generated on demand.

The typically very large remote sensing images are managed in an archive, which
may be distributed over several places. Because of its size the archive should exist only
once, while multiple copies of the catalog may be operated at different locations. The
catalog is the metadata database and because of the complexity and diversity of catalog
data, it is not possible to manage it without the use of a database system. A detailed
description of the procedures is collected in a virtual method base to support online
product generation.

Storage Hierarchies

The sheer volume of remote sensing data still provides a challenge for today’s system
architects. Regardless of increasing disk capacities and decreasing costs of storage me-
dia, remote sensing archives are usually too large to be stored entirely on hard disk.
Secondary storage devices like magnetic disks are generally used only for mid term
storage of data that are likely to be accessed frequently. For long-term archiving of
image data, tertiary storage devices like tapes, or CD-ROM are preferred. A variety of
storage management methods exist to improve performance and storage use [Jai92]:

e Staging schemes providing automatic transfer of data between different storage
media, guided by anticipated user access. An example would be a system that
keeps only the latest data on magnetic disk, gradually moving images to tape or
CD-ROM as they age.

e Memory caching schemes: Methods such as last recently used (LRU) may not be
sufficient and need to be supplemented by strategies taking into account various
levels of detail (image pyramids see Section 7.1) or spatial properties of the data. It
might be useful to replace images deleted from a disk with a very high compressed
(lossy) version of the same image (see Section 3.1). This would allow us to have
fast access to browse images for visual inspection of the data before actually
retrieving them from the (slow) tertiary storage. The high dimensionality of the
data may also require a special caching mechanism that depends not only on
syntactical context but also on the semantic context of the application.

e Clustering methods involve placing data that are likely to be accessed together
in logically close places in storage. This is even more important for slower storage
media like tapes.

To provide automatic access to these archives, robot systems may be used, which
can manage different storage media and data formats. This presents a challenge for
system integrators, because it requires combining a multitude of hardware and software
components, commonly from different vendors, to set up an operational system.
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5.1.2  Image Data Information and Request System

Information systems that facilitate access to remote sensing data through integra-
tion with geographic context information and spatial query processing capabilities are
quickly becoming the norm. To provide online access for a world wide user community,
many of these systems feature interfaces to the World Wide Web, ranging from simple
fill-in forms to clickable multiscale image maps [EL9S].

Due to their relatively static nature, traditional HTML-based Web interfaces are
rather limited in functionality and suffer from long response times. With the advance
of the Java computing platform [J. 96] and the ability to create executable content for
the Web, it has become possible to create highly interactive graphical interfaces that
provide easy access to remote sensing data catalogs in a platform-independent way.

For the design of an information system for remote sensing image data, the following
aspects are considered most important:

e providing easy access to the data set for a wide range of users (professionals and
the “casual Web surfer”);

e avoiding long response times of conventional Web interfaces; and

e allowing spatial queries to be defined interactively, preferably in a graphical en-
vironment.

User Input Local Host Remote Host
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rea

Tmage Archive

Map Canvas Meta Data Layer | Cache j<——»| Dalaﬂl}eu—(ileva] - - @
rea

Data Storage

Map Projection Meta Data Layer RfTrcD _
—= Request — Data

FIGURE 5.1. Framework architecture from [NKWB9S8].

Access to the image archive is provided through a highly interactive maplike user
interface. The framework layered architecture, as depicted in Figure 5.1, makes it easy
to selectively display and combine different kinds of data, like image footprints and
surface features.

Any combination of several data sources, represented as map layers, may be visu-
alized on top of each other. These include an image layer, displaying an image map
generated from different data sources in the background, and several metadata layers,
presenting coverage information (image footprints) and geographic context (surface fea-
tures). Details of the presentation and the current view port of the map canvas are
controlled by the choice of cartographic projection and navigational user input.
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To avoid the performance penalties of traditional HTML-based systems, the frame-
work makes intensive use of Java’s multithreading capabilities. Any information that
has to be retrieved from the server is loaded asynchronously, using multiple threads of
control, and cached using spatial data structures. A specially adopted version of the
R-tree [Gut84] is used for this purpose. Where feasible, data are held entirely in an
R-tree in the client’s main memory to keep access times at a minimum.

There are four basic components from which information systems are usually built.
Only components 1 and 4 are necessary to create a fully operational system; parts of
components 2 and 3 may be missing.

1. Query definition and retrieval of results is the basic function for the gen-
eration of queries to the underlying database. In WWW-based systems HTML
forms are used for the definition of the query at the user’s site and CGI scripts
to implement the interface to a relational database.

2. Map or navigation tool. Queries for image coverage usually require the defini-
tion of a point (POI) or region of interest (ROI). A maplike representation of the
area covered by a data set can ease this task considerably. With the possibility
of moving around and zooming in and out, regions or points can be defined by
point-and-click operations. To visualize the content of a database or the results
of a query, one may also overlay the geographical information with outlines and
information about any feature with a position or some spatial extent. This can
be datalike images, data gaps, topographical features and names, orbit data, and
many others.

3. Preview of data. To offer the user the possibility of inspecting the data before
issuing a request for it, one may have quick looks or reduced versions of images
available for downloading. This feature can also save network bandwidth, because
it avoids the download of unnecessary data. Also, for copyright reasons, it is often
not possible to provide full-resolution images before payment is guaranteed.

4. Requesting data. To issue a request, the user must be able to select the desired
items from previously retrieved information. While the distribution of data until
recently has been done the slow and traditional way of mailing a tape or CD-
ROM, online delivery is now becoming feasible.

5.1.3  Online Product Generation and Delivery

Online product generation and delivery are new possibilities to speed up the processing
chain between the taking of a scene and the usage of a derived product by the end user.

An important issue is network traffic. By using the Internet for delivering data sets,
it is increased, but by introducing high-performance networks like ATM and reducing
the data size by sending well-fitted and compressed products, it should not be a big
problem in the future. Furthermore the data set can be delivered at any time of the
day.
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Although security, accounting, billing, and electronic commerce are closely related
subjects to this section, we do not cover them here. For a comprehensive discussion of
these key points see [NG98b].

Product Generation

Becauseraw data often do not meet user requirements, preprocessing of these data be-
comes a necessity. This requires either processing all possible data products in advance
to provide them for short-term delivery or providing resources for on-demand computa-
tion of requested data products. Preprocessing all these data introduces high costs for
computation and archiving a static set of standard products. On-demand processing of
data products is more flexible and requires less storage space, but makes it difficult to
cope with high server loads. A combined approach can be taken to inherit the advan-
tages of preprocessing and on-demand computation, avoiding most of their drawbacks.
It allows quick access to raw data and a basic set of pre-processed standard products.
Caching is often used to minimize disk usage as well as the required computer power.

We extend the common information system by a broker and a distributed back end.
The broker coordinates data retrieval and pre processing performed by the back end.
Introducing a database holding the metadata and a virtual method base (a collection of
image processing methods), the user can specify exactly which data should be processed
in what particular way.

pOY | .
-3 3 AT
sategn?\ Hm clients
raw data ! |
storage I broker
back end ‘ J] <
i - @
@ 3
remote sensing @ i 3 eries dataflo!
data strorage cache 1 data base server | | -340meS calaron,,

FIGURE 5.2. Combined approach: A broker manages back end servers for on-demand data
production and a cache to store often used and intermediate results. From [WNG97].

In many cases, more than one method is needed to produce a tailored product. Many
well-known image processing systems like Khoros [Inc98] or KB-Vision [AAI98] provide
a tool to set up such a processing chain. Although this directed acyclic graph is quite
valuable, this could only be done by a specialist. In contrast to these procedure-based
systems we propose a data-driven approach. The key element is a data description
platform, where the user can specify the input data and the desired results. According
to these specifications, the processing sequence is derived from the virtual method base
matching the users constraints. Without the need for in-depth knowledge of the system
architecture by the user, a data flow chart will show if and how the required goal can
be achieved with the software tools provided (see [NG98b])
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The core image processing methods will not be implemented in Java. Some restric-
tions of Java make it impossible to process large images in an acceptable time. Therefore
we decided to use platform-dependent fast image processing software like the Image Vi-
sion Library (SGI). We may also use existing noncommercial software and commercial
software products, which are well designed and prepared for special tasks. It is obvious
that the use of commercial software must be linked with the integration of accounting
and billing.

It should also be possible for the user to upload any combination of modules to the
computing server he needs for computing his data set. Such alliances of remote servlets,
written in pure Java, are hardware independent and managed by the WWW server. To
keep the whole system secure, these applications have to run in a secure environment,
and their access to the file system has to be restricted.

Delivery Methods

Both online and offline delivery methods are needed. The online method serves for quick
access to and availability of the images. Offline methods must be supported for cases
of lack of security, bad network connections, and pretty large data sets (> 100 MB).
The supported methods are [Nie98]:

e FTP, one of the oldest internet services, is a very robust and easy-to-handle
method. The ordered data set is automatically transferred to a host specified by
the user. The disadvantage is that user name and password can be encoded only
with special FTP servers and FTP clients (i.e., [DFD98]).

e For the WWW we use a HyperWave server [Gmb98] to provide the images.
The product is uploaded to the server with specified access rights so the user can
download it via a WWW browser at any time. In this case the user name and
password are also transferred as plain text.

e The state-of-the-art media for offline delivery is the CD-ROM. This method is
used for very large data sets and if the two online methods are not possible for any
reason. Delivery time and forwarding expenses are the drawbacks for the user.

The online access and delivery system we developed is demonstrating how WWW-
based catalogs of remote sensing data may be organized in a flexible and efficient
manner, tailored to system margins and individual user requirements. Links to our
systems can be found on the CD-ROM.

5.2 Content-Based Image Database Indexing and Retrieval

Today, computer technology allows for large collections of electronically archived image
data. As digital acquisition and storage grow, a number of industrial fields, such as
medical imagery, graphic arts, textile and paint, satellite imagery, criminology, and film,
require efficient access to their data. How can a specific image be efficiently retrieved
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from a very large database? Examining each single image is certainly not feasible.
Traditional database systems store images together with keywords, file identifiers, or
textual descriptions to enable their retrieval. However, it is difficult or impossible to
fully capture real-world objects by words alone. Furthermore, adding verbal descriptions
is time-consuming, error-prone, and not practical or impossible for large-scale image
archives. Other approaches must be developed to allow for fast and efficient retrieval
of information. Three major needs can be recognized when developing a system for
retrieval of information [CJ96):

e understand the content of the objects within the database;
e extract the information of interest; and
e browse the retrieved information to verify that it matches what is wanted.

If the content of the database objects is extracted, indexes can be created that describe,
summarize or represent a subset of database objects with similar content. Such a strat-
egy is called content-based indexing. Once indexes are created based on the content of
the database objects, a content-based retrieval system can use the indexes to locate the
desired information. When dealing with content-based indexing and retrieval, various
mechanism for content extraction need to be combined. They must depend on the do-
main of application and the type of content considered relevant. The retrieval system
can then use an interactive query process where the query can be redefined to adapt
to the user need [WKO98|, by enabling content relevance feedback and user-guided
navigation within the database.

As a first solution for content-based image database indexing and retrieval, image
retrieval by image example has been proposed [ea95, PPS94, SC97], where a query
image is given by the user on input. In general, queries based on content similarity to
an example object/image in terms of color, texture, shape, etc., is known as Query-by-
Example (QBE). When images are entered into the database, each image is segmented
manually, semiautomatically, or automatically under human supervision to identify and
depict interesting image objects, which are then stored in the database. From there,
features of these outlined image objects are extracted and matched with those extracted
from the query image.

Recent content-based still image indexing and retrieval systems include IBM’s Query-
by-Image Content (QBIC) [ea95], MIT’s Photobook [PPS94] and WebSEEk from
Columbia University [SC97].

QBIC performs a shape-based search using a number of shape features: area, circu-
larity, eccentricity, major axis of inertia, and higher-order algebraic moment invariants.
In QBIC, these shape features are combined into a feature vector, and shape similarity
is measured by a weighted Euclidean distance metric. These features are sensitive to
outliers, and the system is reliable only if the image contains few objects (mainly one
object).

WebSEEk integrates texture, color, and shape information for image retrieval using
Euclidean distance.

Photobook describes a content-based tool that uses finite element modes to match
shapes from a digital database to an example. Later, Sclaroff and Pentland incorporated
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functions for similarity ranking of objects based on eigenspace decomposition (for more
information on eigenspace decomposition, refer to Section 5.2.2). Here, the eigenmodes,
computed from a finite element-based correspondence algorithm, are used to describe
rigid and nonrigid deformations, so as to align one object with another. The extent
of the deformation defines the measure of similarity between two objects. Recently
Sclaroff presented a solution that avoids the comparison of query examples with all
entries in the database by ordering the shapes of database objects in terms of nonrigid
deformations [Scl97].

In the following section the motivations for using eigenspace decomposition to our
portrait database are presented, with the main characteristics of the database itself.

5.2.1 The Miniature Portrait Database

The idea is to support art historians or nonexpert users by automatically structuring
portrait databases and associating a set with descriptors to the data. This can be used
not only to efficiently retrieve a specific portrait, but it can also be used to exploit
correlation of specific features among portraits. This will help in defining or exploring
similarities in the work of a certain painter or in distinguishing the painting styles of
different artists.

Classical face recognition techniques look for facial features that comprise infor-
mation that is relevant for discrimination of faces and at the same time are robust
against different illumination conditions, viewpoint, facial expression, etc. Among the
best known approaches for face recognition, big efforts have been devoted to Princi-
pal Component Analysis (PCA), considered one of the techniques that provides the
best performance [PT91, PMS94]. Instead of explicitly modeling the facial features,
they are extracted by PCA from a training set of representative images. In [PT91]
the term “Eigenfaces” is used to denote the components of the feature space used for
classification.

In the case of portrait miniatures, the artist paints by using his or her own perception
of reality, making, therefore, the recognition process even more difficult. Furthermore,
in a portrait a face can slightly change due to the style of the painter, whereas eyes
remain mostly similar between different portraits of the same person. For this reason
and to minimize the variation due to spurious factors such as partial occlusion, different
periods, etc., instead of considering whole faces, we are using eigen-eyes. A view-based
representation that takes into account different eye poses and pupil positions allows for
a more accurate description of our data. The detection of eyes in an image, together
with the orientation of each eye, gives immediately the number and location of faces
within an image.

These features can then be used to hierarchically organize the database to allow for
fast and efficient retrieval, as explained in the following section.

The Hierarchical Database Structure

In order to generate indices that can be used to access an image database, a description
of each image is necessary. The key point is to establish a hierarchical data structure
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(a relational or transition graph) that allows us to handle different levels of abstrac-
tion of the visual data. A hierarchical organization of portrait material can, at a low
level, characterize the image using low-level features such as color histograms, shape,
eigenrepresentation, etc. For each exploited feature, nodes can be created to group im-
ages with similar feature values, such as same eye orientation or shape. At a higher
level, the images can be characterized based on content-based analysis. Information
such as presence of faces, number of faces represented in the image, their location and
orientation, etc. can all be stored at this level of abstraction. At this level, nodes are
created considering combinations of low- or high-level features. For example, a node
can represent a group of images having similar frontal eyes (see Figure 5.3.a).

Then links between nodes can describe the relation between nodes and therefore
between features. Additional descriptors may be incorporated to further enable a char-
acterization of the information.

This approach allows us to organize the miniportrait images for subsequent analysis,
classification, or indexing task. In the example given in Figure 5.3, the database can
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be accessed by requesting the portrait of a specific person. Starting with the retrieved
portrait, other portraits having, for example, similar eye orientation can be retrieved.

In the following section, the strategy we have used to structure the database is
presented.

The advantage of such a representation is, of course, to have faster access to specific
information, allowing for an efficient navigation through the visual data. Operations
such as coding or retrieval from specialized queries may all benefit from this type of
representation.

Miniature Portrait Database Structure

In order to structure the database, we propose creating two main layers: high and low.
In the high layer, nodes are automatically detected using content-based feature analysis,
whereas in the low layer, nodes contain low-level features. Possible connections between
layers are shown in Figure 5.4.

In the high layer of the hierarchy two types of nodes have been created: nodes that
group portraits with the same number of painted faces, and nodes that group portraits
with the same eye orientation. Other types of nodes can also be created, if other features
are considered. For each of the two classes, a table is created containing a description of
the features and nodes representing specific features of that class (as shown in Figure
5.3.(a)).

The table that groups portraits with the same number of faces is identified using
eigen-features (see Section 5.2.2). Links connect each node to the corresponding features
of the low layer.

Eigenfeatures are also used to group eyes with the same orientation (see Section
5.2.2). Each node of the table “Eye orientation” is connected to low-level feature nodes.

At the low level of the hierarchy, there is a table listing all exploited features. This
table can also be used whenever a query on low-level features is proposed to the system.
This table contains links to all nodes belonging to this level.

Such a structure can help art historians and nonexpert users exploit similarities
between painters, periods, and painted faces. For example, the structure can be used
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to determine painters who prefer to paint frontal eyes or to identify faces with similar
eye orientations.

In the following section the role of the eigenfeatures is explained, together with the
algorithm that allows for automatically creation of tables and nodes of the two layers
of the hierarchy.

5.2.2  The FEigen Approach

Subspace methods and eigenspace decomposition have been used widely for object
representation and object class modeling (e.g., generic human face [PT91, MP97]).
Essentially a model is acquired by Principal Component Analysis (PCA) [Fuk90] of a
set of example images (templates). The PCA allows us to extract the low-dimensional
subspaces that capture the main linear correlations among the high-dimensional image
data.

In painted portraits, eyes are the most important features for recognizing the de-
picted person as well as the period and artist of the miniature. In the case of portrait
miniatures, after sketching the contour of the face on ivory, in the first step the artist
tries to visualize the characteristic personality of the painted person by completely
elaborating the eyes.

Eigenspace Decomposition

Given a training set T, = {x1,..., %y} of N image vectors of N? dimensionality the
eigenvectors ® = {eq,eq,...en,.} and eigenvalues \; of the covariance matrix ¥ can
be obtained by eigendecomposition (or singular value decomposition). Because usually
Nr << N2, ¥ is a singular matrix of rank at most Ny — 1. The Karhunen-Loeve
transform (KLT) y of a mean normalized image vector X = x — u(7T;) is defined by

y = &'z, (5.1)
The original image x can be obtained using the KL basis & by

Npr—1
x =Py + pu(Ty) = Z eiyi + (1) (5.2)
i=1

In PCA the KLT representation y is truncated approximating x using only the eigen-
vectors corresponding to the k highest eigenvalues (the first k eigenvectors):

k
X = Z ey + pu(Ty). (5.3)
i=1

The KLT is optimal in the sense that the mean square error between the truncated
representation and the actual data is minimized. The number of principal components
needed to represent x to a sufficient degree of accuracy depends on the correlation
among the images in T,. We use a fast pattern matching algorithm that uses multiple
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view-based eigenspaces and Fourier transform [UK97], which allows a fast calculation
of the eigenprojections y and the normalized correlation

TiTe
C(zi, xe) Tzl (5.4)
between a part of the image x; and its projection z. onto the particular eigenspace.

We normalize geometrically by scaling and rotating the images according to two
feature points (eye corners). Moreover, data have to be categorized in a way that
unimportant factors, which might influence the representation, are eliminated. This can
be done using a view-based eigenspace ( [PMS94]), where PCA is performed on every
subset of images according to certain categories such as left/middle/right pupil and
left /right /frontal view. The view-based approach allows a more accurate description of
the set of images by multiple independent subspaces.

The images in our database do not have many variations in face orientation. About
90% of them have “three-quarter view,” from either the left or right side. A character-
istic of these miniatures is that the view of the eyes does not necessarily coincide with
the view of the face. As an example, three-quarter faces can also have frontal eyes. This
characteristic must be considered whenever an algorithm for face recognition is applied
to painted faces.

In our case the eigeneyes are sensitive to different positions of the pupil, different
orientations of the eye, and different shading. For this reason, the images have been
categorized manually according to these factors, and an eigenspace for each category
has been calculated. In particular, we consider three different pupil positions (left,
center, and right) and five different eye orientations (left profile, right profile, three-
quarter right, three-quarter left, and frontal) for a total amount of eleven different
eigenspaces, as shown in Figure 5.3(c). (In the case of profile eyes, only one pupil
position is considered.)

In order to index the portrait miniatures according to eye orientation and number of
faces per picture, an eigenspace for each of the eleven aforementioned classes must be
determined. The eigenspaces will be used to detect the eyes and their orientation, as
explained in the following section.

Portrait Miniature Indexing Using Eigeneyes

At this point, all images of the database are analyzed using all eigenspaces. Different
resolution and rotation of the testing images are considered by rotating the input image
from —30 to 30 degrees in 10-degree steps and scaling with five scaling factors in
10% steps. At each position of the image, the maximum of the normalized correlation
between the subimage at this position and its projection on the different eigenspaces is
put in a canonical correlation map. Eye locations, poses, rotation angle, and scale can
be obtained by thresholding the correlation map.

The images can then be grouped according to eye orientations, i.e., frontal, three-
quarter left, three-quarter right, profile left, and profile right. One image will be in more
than one group if different eye orientations are detected within the image.

Each group of eyes can be indexed using the eigenvectors. In particular, frontal and
three-quarter eyes are represented by the eigenvectors of the three eigenspaces (one for
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each pupil position), whereas the profile eyes, having only one possible pupil position,
are represented by the eigenvectors belonging to one eigenspace. Eigeneyes can also
allow us to determine the number of faces within a portrait. The technique to determine
the number of faces analyzes the number of detected eyes and their orientations.

One face is detected if one of the following cases occurs:

1. only one eye is detected;
2. two eyes are detected, which can be frontal or three-quarter

In a more general case, IV faces are detected if the following case occurs: A are profile
eyes and B X 2 are three-quarter and/or frontal eyes, where A+ B =N and A, B > 0.
In fact, for profile faces only a profile eye is visible, whereas three-quarter or frontal
faces can have either two frontal eyes, or two three-quarter eyes or one frontal eye and
one three-quarter eye. In the following section, results of the eye detection and indexing
are presented.

5.2.3  Experiments

Five-hundred-eightty-six portrait miniatures have been tested. Most of them have three-
quarter faces with frontal eyes. The eye orientations have been classified by art historian
experts. Only eighteen miniatures have more than one painted face.

As an example, Figure 5.5 shows a typical input image, the resulting correlation
values, the correlation map, and the resulting eye locations.

(c) (d)

FIGURE 5.5. (a) Input image, (b) correlation values, (c) indices of eye classes, (d) thresholded
correlation values.
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TABLE 5.1. Eye Detection Results.

Number of | Correctly Wrongly detected
eyes detected
Frontal 822 814 42
Three-quarter right 130 94 9
Three-quarter left 166 160 4
Profile right 15 12 0
Profile left 16 14 0

In Table 5.1, the results of detection are presented. Most of the frontal eyes were
correctly detected. Only eight of them were detected as three-quarter left or right eyes.
Forty-two three-quarter eyes were detected as frontal. Three right-profile eyes were
detected as three-quarter right, whereas two left-profile eyes were detected as three-
quarter left eyes. However these errors did not have drastic consequences during the
indexing procedure. In fact, the number of faces within a portrait does not change if,
for example, a three-quarter eye is detected as a frontal eye.

In this section, a hierarchical structure for organizing miniature portrait databases
has been presented. Three main layers have been defined. In the high layer, classifica-
tions performed by art historian experts are stored. In the middle layer, a content-based
analysis of the images is used to index the database. This is performed by using a com-
bination of low-level features (stored in the low layer). Furthermore, an algorithm for
indexing art-historical portrait miniatures using Principal Component Analysis (PCA)
has been proposed. Eleven different eigenspaces have been created, based on eye ori-
entation and pupil position. These eigenspaces are then used to detect eyes in portrait
miniatures. The eigenspaces also allow for determining the orientation of eyes. This
information has been used in the middle layer of the hierarchy for automatic content
extraction (such as presence and number of faces and their locations).
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Part 111

Robust and Adaptive Image
Understanding



Introduction to Part 111

The human visual system as a functional unit including the eyes, the nervous system,
and the corresponding parts of the brain, certainly ranks among the most important
means of human information processing. Typical vision tasks that humans perform
nearly without any conscious effort are:

e recognition of “interesting” detail in a complex scene (e.g., a good friend on a
busy street);

e fast interpretation of local changes and appropriate reaction (e.g., driving a car);
e visual comparison (e.g., identification of a known human face);

e storing and retrieving of pictures (e.g., the local environment where one lives, a
mountain scenery).

The efficiency of the biological systems in such areas is beyond the capabilities of today’s
technical systems even with the fastest available computer systems.

However, there are areas of application where digital image analysis systems produce
acceptable results. Systems in these areas solve very specialized tasks, they operate in
a very limited environment, and high speed is often not necessary.

The goal of image understanding (IU) is to find semantic interpretations of images, in
particular to localize and name objects contained in a scene and to assess their mutual
relationships in order to interact with the environment. Image understanding is usually
considered at three different levels: (1) Low-level vision deals with the processing of
raw image data, e.g., image enhancement; (2) intermediate-level vision derives from the
image information related to objects or object parts, typical operations on this level are
grouping and segmentation; (3) high-level vision is concerned with scene interpretation,
etc. The central problem in IU is to recognize known objects reliably, independent
of variations in position, orientation, and size, even when those objects are partially
occluded. Although some information is lost by the image formation process, biological
vision systems demonstrate that this task can be accomplished reliably and efficiently
even under difficult viewing conditions.

In the past 25 years, many specialized techniques have been developed for various
aspects of IU without reaching a comparable or even sufficient degree of robustness. We
have identified three dominating problem areas that appear to be essential for successful
realization of image understanding.

First, there is a clear lack of robust methods for low- and intermediate-level image
analysis.Second, hierarchies are needed on all levels of the vision process in order to
cope with the complexity of images. Third, the construction of object models is a too
complex task to be done manually and therefore must be supported with suitable tools
(i.e adaptive methods).
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As a solution to these problems we propose a set of methods (tools) that address these
problems. One of our goals is to base these methods on sound mathematical theories
like graph theory, learning/estimation theory, and robust statistics taking into account
the special characteristics of visual images.

The characteristics of the visual images, such as the overwhelming amount of data,
high redundancy, and relevant information clustered in space and time, indicate that
certain organization and aggregation principles have to be used to reduce the compu-
tational complexity of the visual processes and to bridge the gap between the raw data
and symbolic descriptions.

A raw digital image consists of a 2D spatial arrangement of pixels, each of which
results from measuring the light at a specific location of the image plane. Each pixel
results from the projection from the real (3D-) world into the 2D image. Surfaces of
3D-objects reflect the light in a very specific way that somehow “codes” the structure
of the object: Reflectivity is a property of material and does not vary much along
object surfaces; it changes abruptly between different surfaces or from the object to its
background [Mar80].

Computer vision models have in general a parametric and a structural component.
While parameters model the quantitative image properties well, the qualitative image
and scene properties are better modeled using structural components.
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6.1 From Pixels to Graphs

We assume a two-dimensional digital image to be a rectangular array of picture ele-
ments. These elements are referred to as pixels, each of which is associated with a
value out of the same finite set. The planar layout of such a two-dimensional digital
image suggests the use of planar graphs (see Definitions 1 and 2) in order to describe
the image. Graphs will be used to represent the topological relations of image parts.
See [TS92] for graph theory and [Kro95] for the application of graph theory to images.

Definition 1 (Graph) A graph G = (V, E) is given by a finite set V of elements
called vertices, a finite set E of elements called edges, and a relation of incidence,
which associates with each edge e an unordered pair (vi,vs) € V- x V. The vertices vy
and vy are called the end vertices of e.

Note that the definition includes graphs with self-loops (i.e., edges with a pair of
identical end vertices) and multiple edges (i.e., several edges with the same pair of end
vertices).

Definition 2 (Planar Graph, Embedded Graph) A graph is said to be planar if
it can be drawn in a plane so that its edges intersect only at its end vertices. A graph
already drawn in a surface S is referred to as embedded in S.

Note that in general a graph can be embedded in many ways.

In this chapter we present three ways to map a two-dimensional digital image to
a planar graph: While the mapping from images to graphs in the square grid (see
Section 6.1.1) is defined for all pixel arrays, the mappings to run graphs and Voronoi
graphs (see Sections 6.1.2 and 6.1.3) require binary images. In a binary image the set
of pixel values has only two elements.

Mapping an image to a graph, we refer to the faces of a graph and the dual graph.

Definition 3 (Face, Dual Face Graph) The planar embedding of a graph_divides
the plane into regions called faces, one of which is infinite. The vertices v € V of the
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FIGURE 6.1. (a) Pixel grid, (b) neighborhood graph G(V, E), (c) dual face graph G(F,E).

dual face graph represent the faces, while the edges € € E of the dual face graph indi-
cate the neighborhood of pairs of adjacent faces. There is a one-to-one correspondence
between the edges of G and the edges of G.

6.1.1 Graphs in the Square Grid

In this section we generalize the neighborhood structure of pixel arrays. Figure 6.1
illustrates how a pixel grid can be represented by an image graph G(V, E) and its dual
face graph G(F,E). Each vertex in V corresponds to a pixel. Geometrical properties
like coordinates or gray values are stored as attributes. Two vertices are joined by an
edge, if the corresponding pixels are neighbors.! The set F of faces is given by the
squares formed by four vertices. Two faces are joined by a dual edge contained in E
if the corresponding squares are adjacent in G. The vertices of the dual graph G are
given by the faces of the graph G. There is also a one-to-one relationship between F
and E.

This formalism can be extended to nonregular arrangements of sensors like in most
natural vision systems. Thus any tessellation of the image plane is included in this
concept (see Section 6.1.3).

6.1.2 Run Graphs

In this section, we present different techniques for representing a pixel array by graphs,
where the vertices correspond to vertical or horizontal runs of pixels, rather than indi-
vidual pixels as in the previous section. These graphs are called run graphs. In order
to have well-defined runs, we require the image to be binary, i.e., there is an image
foreground and an image background. All runs are maximal in the image foreground.

[Bur98] uses run graphs to represent scanned images of documents. The focus is on
documents with graphics, where one can see patterns of straight or curved lines. In the
following they will be referred to as line images. Figure 6.2 depicts two typical line
images.

Any particular representation makes certain information explicit at the expense of
information that is pushed into the background and may be quite hard to recover
[Mar82, p. 21]. Hence, we need to carefully consider the representation of a line image so

14-neighbors are used because they make G planar. Pixels ((uz,uy), (vz,vy)) are 4-neighbors if
iz — ol + iy — vy = 1.
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(a) CAD. (b) Cadastral map.

FIGURE 6.2. Typical line images.

as to maximize the information necessary for document image analysis while minimizing
the cost, in terms of time and space, of acquiring it. There are the following alternatives:
contour, skeleton, and hybrid methods for binary image represention (see [Bur98]).

In a run-length or interval encoding [AK77] of an image, maximal sequences of
black pixels in a column or row are stored. These 1 - rectangles form an information-
preserving and compressed representation of the image. Both different size rectangles
and maximal squares have been used to extend this representation, the latter being
another representation of the medial axis transform (MAT). The advantages of these
representations are that they are inexpensive to compute, information preserving, and
compressed. Unfortunately it is difficult to extract structural or topological information
from this representation without reencoding it.

A simple reencoding of the run-length representation is the line adjacency graph
(LAG) [PavT78], in which vertical columns of pixels are encoded into runs. Each run is
considered a vertex, and adjacent runs are connected by edges. This simple graph re-
encoding as shown in Figure 6.3(a) does provide access to the local topological structure
of the image, but the shape of an object is only available by examining each of its
vertices. In the LAG every vertical run is a vertex of the graph and graph edges serve
only to connect adjacent runs. [BCB192] combine vertical runs and construct the
vertical simple graph (VSG) (see Figure 6.3(b). Still, the VSG is built entirely of
vertical runs, and when a line is horizontal it will be encoded inefficiently as a series
of many vertical runs. To remedy this problem graphs built of mixed horizontal and
vertical runs can be constructed [MR93].

The mixed run graph representation (MRG) is built from both vertical runs (e.g., the
VSG and LAG) and horizontal runs. It is a merging of vertical and horizontal simple
graphs, as can be seen in Figure 6.3(c). The definitions for constructing the run graph
are based on the extensions of [MR93] to the formulation by [BCBT92] of the run
graph. First, maximal vertical and horizontal runs are found, then by applying a set
of simple definitions [Bur98] adjacent horizontal runs become an edge and vertical
runs become either a vertex or an edge (Figure 6.4). Vertices are always encoded by
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FIGURE 6.3. Graph encodings for line images; dark and light runs indicate vertices and edges,
respectively.

—
(I — Vertex

b -
y [

e

o [T

L

FIGURE 6.4. Line image encoded as a run graph. Dark areas are vertices, and the runs of
each edge are shown.

vertical runs, whereas edges are encoded by either horizontal or vertical runs depending
on their slope. The run graph can be extended to eliminate some artifact vertices
and edges. Often in the run graph, diagonal lines and lines with spurious pixels are
divided into a number of small vertex-edge-vertex sequences, some of which can be
removed by using simple definitions [Bur98]. “A good image representation scheme
should provide some substantial reduction of storage, while allowing to process the image
data directly in the encoded format” [DZCL96]. It is possible to efficiently compute
features (i.e., shape encodings) for recognition, classification, and matching directly
from the run graph representation. The run graph is computable directly from the
run-length-encoded output of a scanner. Designing algorithms to use the run graph
representation results in a saving in both time and space; in fact using these techniques
the bitmap representation need never be created. In the following discussions the set of
vertices of a run graph is denoted by V', while E denotes the set of edges. Computing
features from run graphs, the complexity will be given in terms of:

e n — the larger of the image dimensions,

e |V| — the cardinality of the set of vertices V,
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e |E| — the cardinality of the set of edges F,
e ¢ — the number of connected components in the run graph, and

e r — the number of runs in the run graph.

We start with the geometrical features: [DZCL96] give methods for computing the
diameter, convex hull, and multiple points from image elements. The image ele-
ments are encoded as vertical simple graphs (VSG) (see Figure 6.3(b)). The authors
conclude that the calculation of local extrema (i.e., local maximum or minimum)
cannot be done using only a vertical simple graph. They can, however, be computed di-
rectly from the mixed run graph representation (MRG), where local extrema correspond
to extreme point vertices and crossing point vertices. It is possible to use inexpensive
approximations of geometric features [Bur98] like the diameter and convex hull for
classification of image elements. The convex hull can be approximated from local ex-
trema, which in the run graph are the run vertices. Then any convex hull algorithm
(e.g., the algorithm of [ZTA97]) is applicable. The diameter may then be approximated
from the convex hull by finding the longest chord between each vertex of the hull.

We proceed with the computation of moment invariants: [Hu62] introduced seven
features computable from an object’s moments, which are invariant under translation,
scaling, and rotation. Normally, computing these features requires examining each pixel
in the image, in order to sum its contribution, an O(n?) operation. An efficient method
for binary images makes use of the precomputed information in the run graph. This
method, called the (§) method, was introduced by [ZVvK87] for computing moments
from binary images using horizontal runs. It can be trivially extended to use horizontal
and vertical runs (i.e., using only the starting « and y position and length of each run)
to compute moments directly from the run graph in O(r) time.

There is also a link between the run graph representation and the MAT: A simple
algorithm exists [Bur98] for computing a discrete version of the MAT efficiently in
O(r) time from the run graph representation by taking the middle pixel of each run of
each edge, and the centroid of each run graph vertex. This algorithm can also be used
to obtain a simple vectorization suitable for display purposes.

We now consider a graph theoretical feature: Finding the connected components
(i.e., component labeling) in the iconic image requires O(n?) time. Starting from the
run graph, they can be found in ©(|V| + |E|) time? using Algorithm 4.

Because the run graph is always a planar graph, the number h of holes in it can
be calculated directly from the number ¢ of connected components, as computed in
Algorithm 4;

h=c+]|E| -V (6.1)

Locating holes in the image is equivalent to finding cycles in the run graph and can be
done in O(|V] + | E|) using depth-first search by labeling back edges (i.e., those edges

2The O(n) notation indicates that the complexity is bounded from above within a constant factor
by a function g(n) while the ©(n) notation adds the constraint that g(n) is also bounded from within
a constant factor from below.
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Algorithm 4 Find number ¢ of connected components of the run graph
1: G(V,E) is a run graph and ¢ < 0
2: Vvisited < w
3: for allv € V do

4 if v ¢ Viisited then

5 Vieached < those vertices reached by Depth First Search from v
6 c+—c+1

7 Vvisited — Vvisited U V}eached

8 end if

9: end for

connecting a vertex to an ancestor in the depth-first tree obtained by the depth-first
search).

Finally we sketch how to derive further topological information from the run graph.
The run graph provides a compact structural representation for line image understand-
ing, but because of its geometric nature it does not explicitly describe the topology
of a line image. A new algorithm [BKar] based on dual graph contraction (see Sec-
tion 6.2.2) transforms the run graph into its minimum line property preserving (MLPP)
topological form, which, when implemented in parallel, requires O(log(longestcurve))
steps. An MLPP graph of a line image complements the structural information in ge-
ometric graph representations like the run graph. With such a graph and its dual it is
possible to efficiently detect topological features like loops and holes and to make use
of relations like containment.

6.1.3 Area Voronoi Diagram

The adjacency relations between regions in an image are typically encoded within a re-
gion adjacency graph (RAG), where regions of the image are vertices and the edges
are connecting adjacent regions. Such a graph encodes the images’ topological informa-
tion, but is of little use in understanding document images as the connections between
black image elements are always via a white (i.e., background) region. In general, RAGs
are unsuited for images that contain background regions because the relations between
image elements are not encoded. In such cases we should replace adjacency with the
more appropriate neighboring relation, as in Figure 6.5. The mouth of the screamer
in Figure 6.5 consists of two neighboring image elements. This may not be sufficient
for understanding, because important global topological relations (i.e., that the smaller
part of the mouth is completely contained within the larger) cannot be determined
from the graph. Information of this type will be encoded using arrangements (see
Section 6.2.1).

Voronoi neighborhoods of image elements provide an intuitively appealing defi-
nition of proximity. The Voronoi neighborhood of a given image element corresponds
to that portion of the Euclidean plane, which is closer to the image element than to
any other image element. This simple definition of a neighborhood has been discovered
many times and applied to problems in many fields. We list a few examples and refer
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FIGURE 6.5. Graph representing the neighborhood of the black regions in a detail from Edvard
Munch’s The Scream.

the reader to [OBS92] for a comprehensive survey and to [OBS94] for a look at their
cross-disciplinary applications.

e In meteorology [Thill] used an equivalent concept for the spatial interpolation
of rainfall estimations.

e In crystallography [Nig27] introduced the equivalent concept of Wirkungsbere-
ich (i.e., area of effect) for modeling crystal growth.

e In geology [Sti29] proposed a model of cracking in basalt in which cracks follow
the edges of a Voronoi diagram grown from the initial points of hardening.

e In plant ecology [Bro65] defined the area potentially available for a plant’s growth
with Voronoi diagrams.

e In animal ecology [THS80] modeled the territories of animals with uniform re-
sources and strengths in terms of Voronoi diagrams.

e In computer vision [Ahu82] applied Voronoi diagrams to the analysis of point
patterns.

e In astronomy [WI89] model the growth of galaxies using the Voronoi diagram.

The planar ordinary Voronoi diagram is defined for a finite set of n > 2 distinct planar
points P = {p1,pa,...,pn} Hence, each image element consists of a single point.

Definition 4 (Voronoi Region, Ordinary Voronoi Diagram) Using the Euclidean
distance
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d(p.9) = /(0 — 4)* + (g — 0,)?. (6.2)

the Voronoi region, V(p;), of point p; is defined by

Vi(p:) ={p € R*|Vj #i:d(p,pi) < d(p,p;)}, (6.3)

which includes the boundary of that region, OV (p;), consisting of the equidistant points

OV(pi) ={p e R?3j #1i:d(p,pi) = d(p,p;)}. (6.4)

The set of all Voronoi regions

V(P)={V(p1),--- . V(pa)}, (6.5)
1s the ordinary Voronoi diagram of the set of points P.

The vertices of the Delaunay graph are the points of P. Two points p;, p; create an
edge of the Delaunay graph, if and only if V(p;) and V(p;) are adjacent in the Voronoi
diagram. The Delaunay graph is also referred to as Delaunay triangulation, because
its faces are triangular (see later).

The Voronoi graph is the dual of the Delaunay triangulation (see Definition 3). Its
edges represent the line segments of the boundary 9V (p;). The vertices of the Voronoi
graph are the points, where the line segments meet (see also [PS85]).

In constructing the Voronoi graph, as in Figure 6.6(a), we begin with the simplest
case, that of two distinct planar points p; and pa. Equation (6.3) states that the Voronoi
region of p1, V(p1), consists of all those points that are either closer to p; than to ps
or equidistant from p; and py. We see in Figure 6.7(a) that all the points that are
equidistant from p; and ps are exactly those that lie on the perpendicular bisector,
b12 of the segment, pips. Using Equation (6.4) and the definition of a perpendicular
bisector, the boundary of p;’s Voronoi region, OV (p1), is exactly bio. All the points on
the half-plane containing p; and bounded by b2 are the points closer to p; than pso,
and along with 0V (p;) they make up p;’s Voronoi region, V(p1).

With the addition of a third point, p3, we construct the triangle Ajs3 as in Fig-
ure 6.7(b). Again, using the method of perpendicular bisectors on each edge of the
triangle (i.e., bio of Pipz, bas of Paps and bsy of P3pr) we construct the Voronoi graph
for n = 3.

The dual of the Voronoi graph, the Delaunay triangulation, is depicted in Fig-
ure 6.6(b). In a Delaunay triangulation, the circumscribed circle of every triangle con-
tains no vertices [PS85]. This is equivalent to the fact that the triangles are as “equilat-
eral” as possible (see [Law77] and [Lee78]), which is a desirable property for models of
surfaces (see Chapter 13.5.1). In many cases a set of triangulation edges is pre-specified.
Under such constraints the construction of a Delaunay-like triangulation is still feasible.
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(a) Voronoi Graph. (b) Delaunay Triangula- (c) Overlay of (a) and (b).
tion.

FIGURE 6.6. Duality of the Voronoi graph and the Delaunay triangulation.

(a) V| =2. (b) V| =3,

FIGURE 6.7. The perpendicular bisector method for constructing the Voronoi graph. (a) The
Voronoi graph of two points p1 and ps is the perpendicular bisector bi2 of the segment p1pz. (b)
The Voronoi graph of three points is formed by the intersection of their perpendicular bisectors.
Note that each perpendicular bisector is a ray with a finite endpoint at the intersection point.

The edges are chosen as to make the triangles as “equilateral” as possible. This leads
to the constrained Delaunay triangulation used in Chapter 14.2.1 (see also [PS85]).
In the previous section we limited our discussion to the neighborhoods of pointlike
image elements. This simplification allowed us to clearly formulate the problem and
develop a simple algorithm (i.e., the perpendicular bisection method) for computing
the ordinary (i.e., point-based) Voronoi diagram. Unfortunately, for computer vision
such simplifications are inappropriate and cause incorrect results. The errors resulting
from this simplification can be seen in Figure 6.8, which shows an ordinary Voronoi
diagram based on the centroids of line segements. It is immediately apparent in this



188 W.G. Kropatsch, M. Burge, and R. Glantz

FIGURE 6.8. Incorrect approximation of a generalized Voronoi diagram from the centroids of
the primitives.

diagram that the neighbors and neighborhoods are incorrect because the centroid
does not adequately represent the spatial extent of a segment. Even given the obviously
incorrect neighbor relations resulting from this method, researchers (e.g., [FWH97] use
the centroids of line primitives to compute a point-based Voronoi diagram) often resort
to the easily implemented centroid representation instead of computing the appropriate
generalized Voronoi diagram (e.g., using an algorithm like Scaffolding [Bur98]).

As illustrated, the ordinary or point Voronoi diagram is only suitable when the primi-
tives are individual pixels corresponding to geometric points and not arbitrarily shaped
groups of pixels (i.e., image elements). To use the Voronoi neighborhoods and neighbors
with image elements, we need to generalize the ordinary Voronoi diagram from points to
arbitrarily shaped image elements. Generalized Voronoi diagrams are defined by gener-
alizing ordinary Voronoi diagrams with respect to the distance measure (e.g., Euclidean
or Manhattan), the space (e.g., 2-dimensional or 3-dimensional), or the generators (e.g.,
point or lines). In the image from Figure 6.8 [FWH97] a generalized Voronoi diagram
is approximated from the ordinary Voronoi diagram of the centroid of each primitive.
The method is simple to implement and has O(nlogn) time complexity, where n is the
number of primitives, but as the centroid is a poor representation of shape for non-
round primitives, the resulting generalized Voronoi diagram is incorrect. In computer
vision we are primarily concerned with generalizations of the Voronoi diagram in terms
of its generators. Efficient implementations for most geometric primitives, though often
with simplifying constraints, have been developed:

e Segments: [BMS94] give an efficient implementation and [For87b, For97] ex-
tends his O(nlogn) plane-sweep algorithm for n possibly intersecting line seg-
ments or circles.
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e Circles: [LDS81] introduced an O(nlog®n) algorithm for n possibly intersecting
circles and [Sha85] a divide-and-conquer algorithm with similar complexity. Ideas
for optimizing both algorithms can be found in [DHKP97].

e Curves: [Yap87] introduced an O(nlogn) algorithm for n simple non-
intersecting curves and [AS95] developed a randomized incremental algorithm
with similar complexity.

e Planar shapes: [AGSS89] presented a linear-time algorithm for computing the
bounded Voronoi diagram (e.g., medial axis) of a convex polygon and [KL96]
extended it for simple polygons.

[SN87] give a detailed exposition of an O(nmax(logn, h)) algorithm, where n is
the number of edges on the polygon boundary and h is its number of holes for
multiply connected polygons.

[KMM93] compute in O(nlogn) the Voronoi diagram of n disjoint convex planar
shapes using an algorithm based on the O(nlogn) algorithm of [CS88] for n seg-
ments in the plane. A divide-and-conquer algorithm with O(nlog2 n) complexity
for the same class of shapes is presented by [LS87].

[Hel93, Hel94] developed an incremental algorithm for certain classes of planar
shapes and both [Cho95] and [MR94] present one for regular polygons.

[Bur98] developed an O(nlogn) algorithm for arbitrarily planar shapes with holes
based on approximating the diagram from the ordinary Delaunay triangulation
of the sampled image elements.

For document image analysis [BM95a, BM95b] we use area Voronoi diagrams
(i.e., generalized Voronoi diagrams using Euclidean distance on a 2-dimensional plane
with arbitrarily shaped generators).

Using Equations (6.2) - (6.5) for the ordinary Voronoi diagram as guidelines, we can
generalize to the area Voronoi diagram.

Definition 5 (Area Voronoi Region, Area Voronoi Diagram) The area Voronoi
region of an image element i; is defined by

Va(ij) = {p S Rz‘vj 7£ k da(pa ij) S da(paik)}a (66)

where the distance between a point p and an image element i; is given by

dq (p,i;) = mind (p,q), (6.7)
qeE;

which is the minimum Euclidean distance (see Equation 6.2) between a point p and
any point q¢ within the image element i;. The area Voronoi region of an image element
Va(ij) is the point set from which the distance to i; is less than or equal to the distance
to any other image element. Analogous to the ordinary Voronoi diagram, the boundary
OV, (i;) of an area Voronoi region V,(i;) is given by
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(a) Neighborhoods. (b) Image overlaid.

FIGURE 6.10. Area Voronoi diagram with labeled image elements.
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8Va(ij) = {p € RQBk #J: da(pa ij) = da(p7 Zk)} (68)

The boundary consists of those points that are equally distant from two or more image
elements and therefore have no unique nearest image element. In an ordinary Voronoi
diagram the boundary shared by two neighboring (i.e., touching) Voronoi regions is
always a segment or a line, while in an area Voronoi diagram it is a curve.

The area Voronoi diagram V, is the set of all area Voronoi regions (Figures 6.9
and 6.10):

Vo = {Va(ir),- .., Valin)}. (6.9)

The area Delaunay graph and the area Voronoi graph are defined analogously
to the Delaunay graph and the Voronoi graph.

6.2 Graph Transformations in Image Analysis

While the previous section was devoted to transformations from images to graphs,
we now focus on the generalization of graphs. This generalization serves the purpose
of reducing the computational complexity of the visual process and bridging the gap
between the image and its symbolic description.

The first section of this chapter addresses the problem of comparing area Voronoi
diagrams.

6.2.1 Arrangements of Image Elements

We have seen how area Voronoi diagrams (see Section 6.1.3) can be used to completely
describe the spatial arrangement of the elements in an image. In this section we will
discuss a simple reencoding of the area Voronoi diagram, which can be used to describe
an image in a way that is invariant under translation, rotation, reflection, and scaling.

Definition 6 (Arrangement) The arrangement of an image element i; is the list,
A(ij), in a counter clockwise order, of its area Voronoi neighbors, N(i;) (i.e., those
image elements whose Voronoi regions share an edge with its Voronoi region, V,(i;)).

We used the Scaffolding algorithm to efficiently calculate arrangements [Bur98] and
to describe the spatial relations among large collections [BB96] of arbitrarily shaped im-
age elements, i.e., collections of complex technical diagrams that contain many similar
parts for assemblies or multipart symbols (i.e., a spatial arrangement of specific image
elements). Searching requires not only an efficient method of computing arrangements,
but one for computing the distance between arrangements. [TVJD95] showed how to
compute a distance metric between any two arrangements, caused by the embedding
of the same image elements. The Scaffolding algorithm solves the problem of efficiently
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FIGURE 6.11. Arrangement and dispersion measurements. Each figure has the same arrange-
ment but differing dispersion measurements.

computing arrangements, but efficiently computing the distance between two arrange-
ments remains an open problem.

Arrangements describe the location of an image element relative to other image ele-
ments, in our case its area Voronoi neighbors, while dispersion measurements consider
its location relative to the axis of the plane. Arrangements are invariant under trans-
lation, rotation, reflection, and scaling, while dispersion measurements are not (see
Figure 6.11 (after [OBS92, p. 408))).

[TVID95] compare two Voronoi diagrams V, and V, with the same image elements
by converting V, into V, using the diagonal exchange operator [CH90, For87a] (see Fig-
ure 6.12). They proved constructively that there exists a sequence of diagonal exchange
operators to convert any Voronoi diagram to any other that has the same number of
parts. The diagonal exchange operator may be used to correct changes in the arrange-
ment, which are due to distortions of the image.

The diagonal exchange operator (DEO) is a local operation; after application
only the relations between four parts are affected while the rest of the diagram remains
the same. Another characteristic of the operator is that it is reversible; applying it
twice to the same edge results in the original diagram.? The minimal number of DEO
applications needed to convert an arrangement into another arrangement determines
the distance of the arrangements. Calculating the distances in less than exponential
time remains an open problem.

3More generally, applying the DEO an even number of times results in no change, and an odd
number of times is equivalent to applying it once.
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FIGURE 6.12. Diagonal exchange operator: (a) The initial configuration of a Voronoi diagram,
the corresponding Voronoi graph and the corresponding arrangement. (b) Voronoi diagram,
Voronoi graph, and arrangement after exchanging diagonal (n1,n2) by diagonal (no,ns).

6.2.2  Dual Graph Contraction

In this section, we introduce a transformation for planar graphs (see Definition 2), which
reduces the number of vertices and edges while preserving well-defined structural prop-
erties. Because the transformation is efficiently computed via contractions of the graph
and its dual, it is called Dual Graph Contraction [Kro95]. Dual Graph Contraction
is used to build the irregular (or graph) pyramids presented in the next chapter. These
pyramids are constructed bottom-up, where the graphs are repeatedly contracted level
by level. Dual graph contraction proceeds in two basic steps (Figure 6.13): dual edge
contraction and dual face contraction. The base of a pyramid consists of a pair of dual
graphs (Go, Go) embedded in the plane. Such a pair may be given by an image graph
and its dual, a run graph and its dual or the Voronoi graph and the corresponding De-
launay graph. Following decimation parameters (.5;, N; ;11) determine the dual edge
contraction [Kro95] [Definition 5]: a subset of surviving vertices S; = V;1 C V;, and
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Neighborhood graph Face graph
Gi(Vi ) Dl G.(FTE)
Dual edge contraction S
Edge contracted
G*(Si, Ei \ Nijit1) o Dual G*(F;, E; \ Niit1)
— Dual face contraction
Dually contracted
Dual - —_
Git1(Vig1, Eig1) R, Git1(Fit1, Big1)

FIGURE 6.13. Dual Graph Contraction: (Gi+1, Gi+1) = C[(G“@), (SI, Ni,i+1)]~

a subset of primary non-surviving edges* N;.i+1 C E;. Every non-surviving vertex,
v € V; \ S;, must be connected to one surviving vertex in a unique way. The relation
between the two pairs of dual graphs, (G4, G;) and (Gy41,Gi11), as established by dual
graph contraction with decimation parameters (S;, N;;+1), is expressed by function

Cl., .J:

(Git1,Git1) = Cl(Gi, G;), (Si, Nijiy1)]. (6.10)

The choice of the decimation parameters usually depends on the attributes of the
graph and its dual. In case of G being an image graph, these attributes are usually
related to the pixel values in the image [GE99].

The contraction of a primary non-surviving edge consists in the identification of its
endpoints and the removal of both the contracted edge and its dual edge. Figure 6.14
shows the normal situation (a), the situation where the dual edge contraction creates
multiple edges (b), and self-loops (c). Redundancies (lower parts) in cases (b) and
(c) are decided through the corresponding dual graphs and may be removed by dual
face contractions,® where the non-surviving vertices in G are identified by their degree
being smaller than three. This dual face contraction simplifies most of the multiple
edges and self-loops, but not those enclosing any surviving parts of the graph. They are
necessary to preserve the correct structure [Kro95]. The example of Figure 6.15 shows
two steps of the dual graph contraction. They can be formally written as (G1,G1) =
C[(Go,?@), (So,N071)], and (GQ,@) = O[(GhGil), (Sl,NLg)]. Note that graph GQ in
this example contains both a self-loop and a double edge. In general, the dual face
contraction is defined by decimation parameters (S;, N; ;+1) analogous to the dual edge
contraction.

4Secondary non-surviving edges are removed during dual face contraction.
5In figures, S; = {o}, Vi11 = {m}, V;\ S; = {o}, Vi \ Vi;1 = { O} and (e,0) € N; ; are indicated
by — .
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FIGURE 6.14. Three cases of Dual Graph Contraction: (a) normal; (b) multiple edges; (c)
self-loops.
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(c) Ga(V2, A2)

TV L

(d) (So, No,1) (e) (S1,N12) (f) (S2, N23)
FIGURE 6.15. Example of a dual irregular pyramid and decimation parameters.

To define the parameters that control the process of dual edge contraction we observe
that the subgraphs in our example graph (Figure 6.15(d), (e), (f), levels ¢ = 0,1,2
respectively) form small trees T'(s), each of which collapses into the surviving vertex s
of the contracted graph. Each T'(s) is a spanning tree of the connected component

of the surviving root vertex. The collection of the trees T'(s) forms a spanning forest of
graph G(V, E).

Definition 7 (Contraction Kernels) A decimation of a graph G(V, E) is specified
by a selection of surviving vertices S C V and a selection of primary non-surviving
edges N C E such that following two conditions are fulfilled:
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v T'(v) e T (w) w

FIGURE 6.16. Decomposition of connecting path C'P(v, w).

1. graph (V,N) is a spanning forest of graph G(V, E); and
2. the surviving vertices S C V' are the roots of the forest (V,N).

The trees T'(v) of the forest (V,N) with root v € V are called contraction kernels.

The connectivity structure of the contracted graph is established by paths connecting
two surviving vertices (Figure 6.16):

Definition 8 (Connecting Path) Let G(V, E) be a graph with decimation parame-
ters (S,N). A path in G(V,E) is called a connecting path between two surviving
vertices v,w € S, denoted CP(v,w), if it consists of three subsets of edges E:

1. the first part is a possibly empty branch of the contraction kernel T'(v);

2. the middle part is an edge e € E\ N that bridges the gap between the two con-
traction kernels T(v) and T(w). We call e the bridge of the connecting path
CP(v,w); and

3. the third part is a possibly empty branch of the contraction kernel T'(w).

Connecting paths CPy(v,w) in Gg(Vi, Ex) are strongly related to the edges ex11 =
(v,w) € Egy1 in the contracted graph Gi41(Vit1, Ex+1): Two different surviving ver-
tices that are connected by a connecting path in Gy, are connected by an edge in Fj1.
For every edge ¢ = (v,w) € Ej41 there exists a connecting path C Py (v, w) in Gj. Dual
edge contraction can be implemented by (1) simply renaming all the non-surviving ver-
tices to their surviving parent vertex, (2) deleting all non-surviving edges N, and (3)
their duals N.

The concept of the contraction kernels and the connecting paths is analogously ap-
plied to the dual graph G. Thus, the implementations of the dual edge contraction and
the dual face contraction are the same.
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7.1 Regular Image Pyramids

Classical image pyramids were introduced in 1981 and 1982 [BHRS81, RK82] as a stack
of images of decreasing resolutions. Since then several modifications and additions have
been made to the original concept [Kro91] while the main properties are still valid.
Image pyramids are efficient data and processing structures for digital image analysis
[Ros84, Lev86, Uhr87, Kro91, JR94]. The basic idea is to gradually reduce the spatial
resolution of the image and therefore decrease the amount of information. Table 7.1
lists some qualitative consequences of different resolutions.

TABLE 7.1. Image qualities at different resolutions.

High resolution | Low resolution
Data amount Huge Small
Details Rich and many Very few
Overview Bad Good
Precision High Low

An image pyramid combines the advantages of high and low resolution. It is a col-
lection of images of a single scene with exponentially decreasing resolutions [Tan86].
The bottom level of the pyramid is the original image. In the simplest case, each suc-
cessive level of the pyramid is obtained from the previous level by a filtering operation
followed by a sampling operator [HS91]. More general functions can be used to achieve
the desired reduction. Therefore, we call them in the following reduction functions.
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Pyramids have the following merits [BCR90]:

1. reducing the influence of noise by eliminating less important details in lower-
resolution versions of the image;

2. making the processing independent of the resolution of the regions of interest in
the image;

3. converting global features to local ones;
4. reducing computational cost using the divide-and-conquer principle;

5. finding regions of interest for plan-guided analysis at low cost in low-resolution
images, ignoring irrelevant details;

6. visual inspection of large images (see Chapter 15); and

7. increasing speed and reliability of image matching techniques by applying coarse-
to-fine strategy (see Chapter 14).

Image pyramids are closely related to the concept of scale space [YP86], in which
the scale is introduced as an additional continuous dimension (e.g., as the degree of
smoothing). A pyramid is then a logarithmically sampled version of the scale space.
Wavelet transformations [Mal89] are closely related to image pyramids, too. For more
details on these similarities see [Kro91].

There are three important properties that characterize an image pyramid:

1. structure (see Section 7.1.1),
2. contents of a cell (see Section 7.1.2), and
3. processing performed by the cells (see Section 7.1.3).

In the sequel we demonstrate these concepts on selected examples. We present “fuzzy
curve pyramids” (see Section 7.1.4), which are classical in their structure but store fuzzy
relations in their cells in order to represent curve information. In the remainder of this
chapter graphs take over the role of the regular grid structure of image arrays, partic-
ularly pyramids (Section 7.2). The complexity of computing pyramids based on graphs
is considered in Section 7.2.1. We demonstrate how a special type of Hopfield neural
network (see Section 7.2.2) constructs pyramids on graphs. Then we summarize and il-
lustrate the procedure of dual graph contraction in pyramids by equivalent contraction
kernels: The observation that the parameters that control the process form forests is
generalized by the concept of contraction kernels. Repeated dual contractions can be
replaced by a single dual contraction using equivalent contraction kernels (ECKs, see
Section 7.2.3). ECKs enable one to compute any level of an irregular (graph-) pyramid
directly from the base. Decimation parameters can be designed now at the base with-
out the need to first generate the lower pyramid levels. Finally, extensions of irregular
graph pyramids to three dimensions are sketched (see Section 7.2.4).
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FIGURE 7.1. (a) A regular pyramid and (b) a particular cell.

7.1.1 Structure

The structure of a pyramid is determined by the neighborhood relations within the
levels of the pyramid and by the “father—son” relations between adjacent levels.

Definition 9 (Cell) A cell (if it is not at the base level) has a set of children (sons)
at the level directly below that provides input to the cell. On the same level, each cell
has a set of neighbors (brothers/sisters), and each cell (if it is not the apex of the
pyramid) has a set of parents (fathers) at the level above.

Figure 7.1(a) shows a (regular) pyramid and Figure 7.1(b) a particular cell.

Hence, the structure of any pyramid can be described by horizontal and vertical
graphs. Each (horizontal) level of a pyramid can be described by a neighborhood graph
(see Section 6.1.1).

Definition 10 ((Horizontal) Neighborhood) The (horizontal) neighborhood of a
vertexr p € V; is defined by

L(p) = {p} U{q € Vil(p, q) € Ei}. (7.1)

The vertical structure (i.e., the connectivity between the levels) can also be described
by a (bipartite) graph.

Definition 11 ((Vertical) Neighborhood) Let R; = ((V;UVi41),L;) and L; C
(Vi X Vig1). The set of all sons of a cell ¢ € Vi1 is then defined as:

SON(q) = {p € Vil(p,q) € Li}. (7.2)
In a similar manner, the set of all fathers of a cell p € V; is defined as:
FATHER(p) = {q € Vi |(p,q) € Li}. (7.3)

Any pyramid (regular or irregular) with n levels can be described by n neighborhood
graphs and n — 1 vertical graphs. In the following we distinguish between
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FIGURE 7.2. Example of a multi-resolution image (2 x 2/4 pyramid).

e regular structures and

e irregular structures (Section 7.2)

depending on whether the structural relations are the same for all pyramid cells (except
at the boundary) or whether they may vary from cell to cell.

Regular Pyramids

Two terms describe the structure of a regular pyramid: the reduction factor and the
reduction window. The reduction factor r determines the rate by which the number
of cells decreases from level to level. The reduction window (typically a square n x n)
associates to a cell in the higher level a set of cells in the level directly below (e.g.,
the cell’s sons). The usual notation for describing the structure of regular pyramids
is n x n/r. For example, in the classical 2 x 2/4 pyramid, a window of 2 x 2 forms a
new cell of the next lower resolution. Because there is no overlap in this pyramid, as
indicated by 2 x 2/4 = 1, the number of cells decreases from level to level by a factor
of 4. Figure 7.2 shows an example of a regular 2 x 2/4 pyramid.

The quadtree [Sam90] is very similar to the 2 x 2/4 pyramid. It differs mainly by
the fact that a quadtree has no links to neighbors at the same level. Other pyramid
structures with overlapping reduction windows (e.g. 4 x 4/4,5 x 5/4,2 x 2/2,3 x 3/2)
are characterized by n x n/r > 1 and have also been extensively studied (see [Kro91]
for an overview). For completeness we mention the case n x n/r < 1, which indicates
the existence of cells without any father.

Regular pyramids have one major drawback. Because the structure is the same for
any image (i.e., it is independent of the contents of the image), these pyramids cause
problems when the image is shifted, rotated, or differently scaled. Bister et al. [BCR90]
proved that image segmentation algorithms based on regular pyramids are not shift-
invariant. That is, given an image and a slightly shifted image, the resulting segmen-
tations may differ considerably. This result provides the necessary motivation for the
study of irregular structures that are allowed to adapt to the contents of the image.
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7.1.2 Contents

The content of a pyramid cell is the type of information stored in the cell. Generally
speaking, a cell should store information about the region in the image it represents
(i.e., its receptive field).

Definition 12 (Receptive Field) Given a sequence of pyramid levels Vg, ... , V,, the
receptive field RF of a cell p; € V; is defined as those cells in the base level (Vi) that
can influence the cell:

RF(p;) = {polpo € Vo, 3 edges e1 = (po,p1),e2 = (p1,p2),-- -,
e; = (pi—1,p:),p1 € Va,...,pi € Vi}. (7.4)

In this case, a pyramid cell is considered an observation window through which a subarea
of the base level is observed. Kropatsch [Kro91] gave two rules that should be satisfied
by the representation in a pyramid cell:

1. The region corresponding to that cell in the image space covers the pictorial entity
(e.g., primitive image parts, objects, configuration of objects) completely.

2. No smaller cell (cell at lower level) in the pyramid fulfills property (1).

When these rules are satisfied, each pictorial entity is assigned a unique cell in the pyra-
mid in which it should be represented. The same principles govern the asynchronous
pyramid [BJ93], where the output is given in the order of the objects identified by
rules 1 and 2 in the bottom-up pyramid construction.

In the simplest (and most common) case, a cell stores only one (gray) value. We call
such pyramids gray level pyramids. In more complicated cases several parameters
of general models are stored in a cell [Har84]. But the basic property that numerical
values are stored in a cell remains.

Besides numerical values it is possible to store symbolic information in a cell [Kro87a].
A typical example we consider in the next subsection in more detail is the 2 x 2/2 curve
pyramid [Kro87a]. In this case, we have a finite number of symbols, and a cell contains
these symbols or relations among them. We call such a pyramid symbolic pyramid.

7.1.3 Processing

The main property of processing in a pyramid is that it occurs only locally, that is,
every cell computes from the contents of the sons, the brothers, and/or the parents a
new value and transmits it to one or more cells of its pyramidal neighborhood. In the
bottom—up construction phase, input comes from the sons, but for some algorithms the
flow of information is also in the top—down direction [GJ86].

The type of operations performed by the cells depends, of course, on the type of the
cell’s contents. Therefore, we distinguish between numerical and symbolic processing.

Numerical Processing

Three types of filters are commonly used as reduction functions in numerical pyramids:
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Linear Filters: One way to linearly filter an image is to convolve it with a spatial
filter kernel. Most commonly, low-pass filters are used. Because a low-pass filter
suppresses high frequencies in an image, the result can be sub-sampled with a
larger sampling distance without losing information by sampling. A Gaussian fil-
ter kernel has some unique properties [YP86]; it is therefore commonly used
in multiresolution representations. Gaussian pyramids are used to generate a
Laplacian pyramid by subtracting each Gaussian pyramid level from the next
lower level in the sequence. Furthermore, wavelets have been extensively stud-
ied [Mal89, PK91]. They combine a low-pass and a high-pass filter in a way
that allows the reconstruction of the original resolution from the two filtered and
sub-sampled images.

Nonlinear Filters: Among the most commonly used nonlinear filters in image pyra-
mids are the maximum and minimum filters [BT88|. The purpose and ap-
plication are similar to linear filters, but nonlinear filters calculate a nonlinear
function of the pixel values. Minimum filters, for example, compute the minimum
of the values in the receptive field of a cell. This filter has proven to be useful in
inspection tasks where a very small and dark spot indicates a surface defect.

Morphological Filters: Haralick, Lin, Lee, and Zhuang [HLLZ87] introduced the
concept of a morphological pyramid, which is built by morphological operations
[Ser82]. The input image is first morphologically filtered and then sub-sampled
to the reduced image size.

Symbolic Processing

If the contents of a cell consist of symbols or relations among these symbols, we must
also apply symbolic reduction functions. In the general case, a finite state machine
[HUT9] may be used to perform symbolic reduction. For special types of symbols and
relations, special reduction functions can be used. For example, Kropatsch [Kro87a]
introduced curve relations and a reduction algorithm based on the transitive closure of
curve relations. We briefly review the basic steps in building this curve pyramid.

2 x 2/2 Curve Pyramid

The basic idea is that linear structures of images are represented by curve relations.
A cell of the pyramid is considered an observation window through which the curve
is observed. A single curve intersects this window twice. Only the intersection sides
(N, E,S,W)! are stored in the cell (i.e., a curve relation). We denote a curve relation
by AB, where A, B € {N,E,S, W, F} (F is the special end code when the curve ends
in a cell).

The basic routines of building the next level of the pyramid are (Figures 7.3 and 7.4):

1. split—subdivision of one cell’s contents by introducing a diagonal;

INorth, east, south, west.
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S
FIGURE 7.3. The reduction step of the 2 X 2/2 curve pyramid.

2. transitive closure—the curve relations of the four son cells are merged by computing
the transitive closure of all relations (i.e., AB, BC' = AC); and

3. reduce — the curve relations of the four diagonal elements of the new cell are
selected.

Step 1 is based on Jordan’s curve theorem because a diagonal is intersected by the
curve if and only if it connects opposite sides (with respect to the diagonal).

The 2 x 2/2 curve pyramid has several interesting properties. A curve remains con-
nected until it is completely covered by one cell (then it disappears). Very important
is the length reduction property (i.e., the number of curve code elements decreases
after every other reduction step); see [Kro87a]. This important property relates the
highest level up to which a curve is still represented to the area traversed by the curve.
This implies that short curves will disappear after a few levels, and only long curves
will be represented in higher levels of the pyramid (Figure 7.4(d).

This property has been used for structural noise filtering [Kro87b], which first
builds the curve pyramid up to a certain level (Figure 7.4(a),(b),(c)) and then deletes
all curves that are not represented in the levels below (Figure 7.4(d)).

7.1.4 Fuzzy Curve Pyramid

The (binary) curve pyramid just described has the disadvantage that it can only rep-
resent the presence or absence of a curve segment. This binary decision has several
demerits:

e We must decide at the base level about the presence or absence of a curve segment.
This typically involves the determination of a threshold for an edge detector.
This is a problematic step, because either we miss curve segments that cause
disconnected curves (and the curve will disappear after a few levels) or we add
too many segments, which might connect otherwise disconnected curves.

e Another problem with the binary representation of curves arises when different
curves meet in one pyramidal cell. This might cause ambiguities in the represen-
tation due to the restricted storage capacity of the pyramidal cells.
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FIGURE 7.4. Structural noise filtering with the 2 x 2/2 binary curve pyramid.

Therefore it would be advantageous to have a nonbinary representation of curves in a
pyramid. Because a curve introduces a relation between two sides of a pyramidal cell, a
straightforward generalization is to consider fuzzy relations instead of binary ones. The
strength of a curve is represented by the grade membership of the fuzzy relation.

Definition 13 (Fuzzy Relation) Let X = {z1,...,2} be a k—element fuzzy (or
crisp) set. The set M C X x X x [0...1] is a fuzzy relation. We denote a fuzzy
relation between x; and x; with grade membership pu(z;, z;) by (x; Mz, p(z;, z;)), where
zi,x; € X,0 < plxg,z;) <1

We say for p(z;,z;) = 0 that there is no relation between x; and z;. The relation is
symmetric if p(z;, ;) = p(x;j, x;) Yo, ; € X. In the remainder, relations are assumed
to be symmetric.

Let us now describe briefly the individual steps for constructing the 2 x 2/2 fuzzy
curve pyramid. The steps are generalizations of the binary 2 x 2/2 curve pyramid to
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fuzzy relations. The basic idea is to replace the logical operations (and/or) by min and
max operations.

Fuzzy Curve Representation

In [Kro87b] an 8-bit code was suggested to store the curve relations. In order to
simplify the discussion we use a simpler code (without end codes); the extension to the
equivalent of the 8-bit code is straightforward.

A cell in a pyramid has four sides, labeled N, E, S, W. For each of these sides we use
b bits (typically b = 8) to store the fuzzy relation. If a curve with strength p intersects
one of these sides we store a value of y on the corresponding side. Therefore a single
curve passing the cell of a pyramid will “activate” two sides of the cell with the same
strength. It should be noted that the decisions are only made locally for a particular
cell, therefore a neighboring cell may have different strengths. In order to guarantee
consistency we require that a curve relation does not end at the side of a cell (e.g., a
NS relation in one cell and no relation at the S-neighboring cell). If more than one
curve intersects a side of the pyramidal cell we store the maximum of all these curve
strengths, indicating the presence of the strongest curve.

Properties of Fuzzy Curve Pyramids

We show several properties of the fuzzy curve pyramid (the proofs can be found in
[BK94]).

Property 1 (Length Reduction) The fuzzy curve pyramid has the length reduction
property (i.e., it reduces the number of curve code elements after every reduction step)
similar to the 2 x 2/2 binary curve pyramid.

Property 2 (Minimum Strength) If a single curve intersects the receptive field of
a cell at level n, the grade membership of the relation at level n will be the minimum of
the grade memberships of the curve segments of the base level.

For the case when two or more curves pass the receptive field of a cell we can prove a
more general property: We define the strength of a curve as the minimum strengths of its
segments (see earlier). Then the strength of a fuzzy curve relation AB is the maximum
strength of all curves connecting side A with side B. This allows us to formulate the
following property.

Property 3 (Maximum Strength) Let C be a curve in the base of the fuzzy curve
pyramid with strength u(C) = wgo. Then this curve will remain connected by the fuzzy
reduction process and the strength of all fuzzy curve relations derived from C will be
greater than or equal to wy, i.e., the strength of the curve is preserved.

The latter two properties can be combined by the minmax principle, which is met
by the fuzzy curve pyramid.

Property 4 (Minmax Principle) The strength of a curve is the minimum of the
strength of its segments, and the strength of a side of a cell in the curve pyramid has
the maximum strength of all curves intersecting this side.
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7.2 Irregular Graph Pyramids

Irregular pyramids relax the regularity constraint of regular pyramids. These pyramids
operate on a general graph structure instead of the regular neighborhood graph as is
the case of regular pyramids.

The motivations for the study of such structures are the following:

1. shift variance of regular pyramids as proved in [BCR90] and [BP92];
2. perturbations may destroy the regularity of regular pyramids [MSR88];
3. biological vision systems are not completely regular, e.g., the human retina [Kro92];

4. the high cost of high-resolution CCD sensors (e.g. 2000 x 2000 pixels) is mainly
due to the fact of their low production yield. The sensors could be produced much

more cheaply when we allow defective pixels. The resulting sensor geometry would
be irregular [Bed92, WOBS93]; and

5. generalization of image processing functions to arbitrary pixel geometries (e.g.,
log-polar image geometries [RS90, Bed92, HKWT93].

When constructing irregular pyramids we would like to preserve as many properties
of regular pyramids as possible. They are due to two processing characteristics:

e all operations are local, and the result does not depend on their order (this allows
parallelization); and

e bottom-up construction of the pyramid, with the number of cells decreasing ex-
ponentially (contraction property).

In regular pyramids their type (e.g., n x n/r) determines both the geometry and the
structure of the reduced levels. Without this regularity we have to define a procedure
that derives the structure of the reduced graph G;1 from graph G;, which is essentially
a graph contraction problem. There are two ways to construct irregular pyramids:

1. parallel graph contraction [Ros85] (see also Section 6.2.2); and
2. decimation of the neighborhood graph [Mee89].

Meer [Mee89] introduced an efficient algorithm for building an irregular pyramid by
decimation. Because the pyramid is constructed by a random process, it is called a
stochastic pyramid. Decimation divides the cells in a pyramid level into two cate-
gories: Cells that survive form the cells of the next level and cells that do not appear
at reduced levels (non-survivors). Meer [Mee89] gave two rules that should be fulfilled
by the decimation process.

Definition 14 (Decimation rules)
1. Two neighbors at the same level cannot both survive, and

2. a mon-survivor must be a neighbor of a survivor.
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We call a decimation that satisfies these rules a valid decimation. In Meer [Mee89)
it was shown how a decimation can be computed in parallel by a stochastic algorithm.
It is also worth noting that the surviving vertices V; ;1 of graph G; 1 define a maximum
independent (vertex) set (MIS) of the graph G; = (V;, E;) if rules 1 and 2 are fulfilled
[Chr75].

The algorithm for stochastic decimation proceeds as in Algorithm 5.

Algorithm 5 Stochastic Decimation (in: (V;, E;); out: (Viy1, Fit1))
1: Assign uniformly distributed random numbers {g(v;) € (0, M)} C R to the cells
v; € V;.
2: Select local maxima of g as surviving cells: v; € Vi if g(v;) > g(v;) Yv; € T'(v;) \
{v;}, where I is the horizontal neighborhood.
3: Fill holes, that is, repeat step 2 as long as there are non-surviving cells that have
no surviving neighbor:

(a) set g(v) :=0Vv e V;:T(v)NViy1 #0;
(b) repeat step 2 until g(v;) = 0 for all v; € V;.

4: Every non-surviving cell v; € V;\ V;41 selects a father FATHER(v;) € Vi1 NT(v;).
This construction also defines the sons of a surviving node: SON (v;41) = {v; €
Vi[FATHER(v;) = vig1).

5. Construct the neighborhood graph (Vj;1, E;11) of the new level: Two surviving
vertices p;+1,¢i+1 € Vit1 become neighbors at level i + 1, (pit1,Gi+1) € Eipq if
there exists a vertex p; € SON(p;11) that has a neighbor in SON(g;+1); that is,
L'(pi) N SON(gi+1) # 0.

6: Set i := i+ 1 and repeat steps 1-6 with new levels until only a single vertex survives,
that is, [V,,| = 1.

This basic algorithm can be modified to take into account the contents of a cell. The
concept of the adaptive pyramid [JM92, MB92] selects surviving cells according to
the significance of the cell’s contents and uses random selection only where the data
do not support a decision. This has been used for image segmentation and connected
component analysis in logarithmic time complexity [MB92].

Irregular pyramids offer greater flexibility for the price of less efficient access. In
[KM92], several properties of irregular pyramids were studied. The main problem of
these structures is that the degree of a cell does not remain bounded (for certain con-
figurations, e.g., a tree structure, the degree of a surviving cell increases exponentially).

7.2.1 Computational Complexity

We generalize the computations of a reduction by a transformation 7 : X — X' that
reduces the data size by a factor A > 1. It holds

X' < X1/, (7.5)
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while the reduced data set X’ preserves some image properties [Kro97d] to compute:
P(X') = P(X). (7.6)

Such properties may be the range of gray values, the average gray value, but also the

connectivity of regions or their convexity. The application of 7 can be repeated on the

reduced data set X’ until any further reduction would destroy property . Assume that

XM = 77(X) is the result after n repetitions. From Equation (7.5) it follows that the
|X]

overall size reduction is bounded by A" < X and the number n of repetitions:

log | X| — log |X(”)|

o (7.7)

Together with constraints (7.5) and (7.6) and the assumption that T needs only local
parallel computations, ¥(X) = (X)) can be computed in O(log|X|) parallel steps
[Kro97al.

Classical regular pyramids [JR94| have property (7.5), but in general, counterexam-
ples for property (7.6) can be constructed [BCR90]. It has been demonstrated [KB96]
that adaptive pyramids in which the transformation 7 depends on the data X overcome
the problem. The price to pay is the loss of regularity.

7.2.2  Irregular Pyramids by Hopfield Networks

In the following we will show that we can replace steps 1-3 of the algorithm for stochas-
tic decimation by a modified Hopfield network that works on the neighborhood graph
G = (V, A).2 Moreover, we show that the formulation as a Hopfield network is more
general than the stochastic decimation, and it naturally includes the concept of the
adaptive pyramid.

Let us introduce the notion of a survival state of a cell and an energy function.

Definition 15 (Survival State of a Cell) The survival state s of a cellp € V is a
function

1, if cell p survives,

s:V = {0,1} with s(p) = { 0 otherwise.

Definition 16 (Energy Function)

E=0 Y wys@)s() — X Tus(h)

(i.j)€A keV
where w;; € IR is the weight between cell i and j, and I, is the external input of cell k.
Now we can prove the following theorem, which is a generalization of previous results

in [BK93a).

2We skip the subindices for level i because the algorithm works level by level.
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Theorem 7 The energy function E from Definition 16 obtains a local minimum, E,p,
with Iy, > 0 Yk € V,w;; = wy; < 0 and Iy < |wi;| Yk € V,(4,5) € A if and only if the
assignment of surviving and non—surviving cells, s(p), is a valid decimation (i.e., sat-
isfying rules 1 and 2 of Definition 14) or, equivalently, forms a mazimum independent
vertex set of G.

Proof: See [BBBY6].

Given the energy function in Definition 16 we can now define a Hopfield network
operating on the neighborhood graph that minimizes this energy function and computes
valid decimations (according to Definition 14). The update procedure of the cells is as
follows:

1, I, + Y, wes(q) >0;
s(p) = (a,p)€A (7.8)

0, otherwise.

The initial state of the network can be chosen at random. Theorem 7 states that all
the networks that satisfy the conditions on the weights and external input form an
equivalence class. That is, as long as the conditions of the theorem are satisfied, the
network will end up in the same final state (the initialization and update order must
also be identical).

According to the theorem we can produce all possible maximum independent vertex
sets of a graph with a Hopfield network. Each produced set depends on the (random)
initial state and the (random) order of update of the cells. Because the Hopfield network
performs a stochastic gradient descent search on the energy function F, the result is also
stochastic. Therefore the resulting pyramid structure will also be stochastic, as in the
case of Meer’s algorithm. It is not necessary to perform more sophisticated procedures
like simulated annealing or mean field theory annealing [GG84] because (at least for
regular grids) the global minimum of the energy function is unique (up to symmetries)
and corresponds to the maximum number of surviving cells. In this case the pyramid
would no longer be stochastic. For example, in the case of a four-connected-pixel grid
we would get the 2 x 2/2 pyramid, which is regular, and therefore shift-variant.

However, there exist other types of minimization procedures that can be used. For
example, a greedy algorithm that calculates for every cell the energy difference gained
by changing the state of the cell and then selects the cell with the largest energy
difference for update. This algorithm has the disadvantage that it is not local. The
other advantage of the formulation as a Hopfield network is that chips for simulating
Hopfield networks are available, so it is easy to implement the selection of survivors in
hardware.

The essential result is that we can specify an energy function for selecting the sur-
vivors. This energy function might be useful for certain proofs about irregular pyramids
because it is mathematically easier to handle than the procedure of Meer.

Adaptive Pyramids

We demonstrate how to influence the decimation process by a proper setting of weights
of the Hopfield network. If the weights depend on the contents of the image the resulting



212 W.G. Kropatsch, H. Bischof, and R. Englert

pyramid structure will be adapted to the image. Therefore it is called an adaptive
pyramid.

The energy function (Definition 16) has the weights w;; and the external input Iy
as parameters that can be changed in order to influence the decimation. The weights
w;; between two cells express the constraints on the mutual states of these cells. One
should note that as long as w;; > —I; the behavior of the network is not changed (as
can be seen from Theorem 7). The external input I; can force a single cell to survive
or not to survive; e.g., if I; > >~ |wj;| cell ¢ survives, on the other hand if I; < 0 and

JEL(9)
the weights are negative, then cell ¢ will not survive.

It is interesting to note that the external input I; can control the number of surviving
cells (and therefore the regions found). If I; is large many cells will survive, if it is small
fewer cells will survive, where for positive I; the limit is a maximum vertex set. We
use these observations to build adaptive pyramids [MMR91, JM92]. To determine the
connected components of a binary image we set I, = 1 for all kK € V| and the weights
according to:

(7.9)

-2, ¢ and j are neighbors and have the same gray value;
wij = .
0, otherwise,

or expressed differently w;; = —2(1 — d;;), where d;; = |g; — g;|, ¢; € {0,1}, are the
values of the pixels. In this case the survivors and non-survivors are computed only
within a homogeneous region (with identical pixel values). This procedure is equiva-
lent to the algorithm [MMR91], which applied the stochastic decimation only within
homogeneous regions.

We generalize this scheme to gray-level images. We set the weights of the correspond-
ing Hopfield network according to the gray value difference of the regions, i.e.,

wij = f(dij) and di; = [g; — g;]- (7.10)
A generalization of function (7.9) is

-2, di; < 0;
wij = f(dij) = { 0, otjherwise, (7.11)
which is a threshold function, where © is the threshold. In choosing the function f
for setting the weights one must be careful that |w;;| is not too small, because for
I; > %", Jwsj| the cell will always survive. However, this should happen only in those
cases where no similar cell in the neighborhood exists.

With the adaptive pyramid and the setting of weights we are influencing the deci-
mation ratio, i.e., we allow more cells to survive. It is important that we do not alter
the property that a non-survivor must be a neighbor of a survivor, because this would
make the algorithm nonlocal, which implies that a parallel implementation would be
very costly. The modifications we have proposed leave the decimations in homogeneous
regions unchanged, but in nonhomogeneous regions more cells are allowed to survive,
so that a non-surviving cell has the possibility to select a similar cell as father. This
can be proved by the following theorem.
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Theorem 8 Let I, > 0 Vk € V and w;; = wj; < 0. The following statements are
equivalent:

A: The assignment of surviving and non—surviving cells, s(p), satisfies Rule 2 of Def-
inition 14; and

B: The energy function E from Definition 16 obtains a local minimum Ep,.

Proof: See [BBBY6].

This theorem is also the basis for the invariance property of adaptive pyramids.
Because the survivors depend on the contents of the image, if we shift the image, then
the survivors in nonhomogeneous regions will also be shifted, whereas in homogeneous
regions it does not matter which cell survives.

The algorithm for the adaptive pyramid controlled by a Hopfield network works as
follows (Algorithm 6).

Algorithm 6 Adaptive Hopfield Network

1: Calculate the neighborhood graph of the base level.

2: Initialize the states of the cells at random and compute the weights according to
the function f.

3: Update the states of the cells asynchronously according to the update function
Equation (7.8) until convergence.

4: Every non-surviving cell (s(i) = 0) selects the father with the most similar gray
value.

5: Calculate the new neighborhood graph of the next level (according to step 5 of
algorithm 5).

6: Repeat steps 2—6 until the graph does not change any more (i.e., all cells are sur-
vivors).

We note that the decimation by the Hopfield network naturally includes the concept
of the adaptive pyramid with the weights of the neighborhood graph.

Experimental Results

The following results show several experiments obtained with an irregular pyramid
controlled by a Hopfield network. Instead of starting from the original image we used
in these results the graph of an adaptive Voronoi tessellation as the base level of the
pyramid (for more detail see [BBB96]). Figure 7.5 shows the segmentation of Lenna,
Figure 7.6 a pyramid constructed by our method, and Figure 7.7 a result obtained with
the adaptive pyramid of [MMR91]. Using our technique we need fewer levels in the
pyramid, and we end up with a segmentation with fewer regions.

7.2.3  FEquivalent Contraction Kernels

How can the Dual Graph Contraction (see Section 6.2.2) be applied to several levels of
a pyramid? The combination of two (and more) successive reductions in an equivalent
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FIGURE 7.5. Image “Lenna”; final result of the segmentation. Starting with 9033 Voronoi
polygons 50 regions remain.

FIGURE 7.6. “Adaptive” segmentation. From left to right and top to bottom: Original image;
Voronoi diagram; 1043 polygons; level 8: 12 regions; final result (level 9): 9 regions; level 3:
129 regions; level 4: 123 regions; level 5: 59 regions; level 6: 34 regions; level 7: 19 regions.
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FIGURE 7.7. From left to right and top to bottom: Level 0: original image 4096 pixels; level
1: 1329 regions; level 2: 528 regions; level 5: 72 regions; level 6: 46 regions; level 7: 30 regions;
level 8: 19 regions; final result (level 11): 17 regions.

(Sks Nk kt1)

Skt1, Nit1 k42
kA1) Wkt 1k+2,

(Gy, Gy) (Gr+1,Grg1) (Grt2, Grt2)

(Sk+1, N kt2) T

FIGURE 7.8. Equivalent contraction kernel.

weighting function allowed Burt to calculate any level of the pyramid directly from
the base [BA83]. Similarly we combine two (and more) dual graph contractions (see
Figure 7.8) of graph Gy, with decimation parameters (Sk, Nk x+1) and (Sk+1, Ne41,642)
into one single equivalent contraction kernel (ECK) Ny 12 = Ni i1 © Nppi1 42
(for simplicity G; stands for (G;,G;)) [Kro97b, Kro97c]:

C[C[Gk, (Sk, Nik+1)]s (Sk15 Net1,642)] = ClGry (Skt15 Niyiy2)]
— Crpo (7.12)

The combination of two successive contraction kernels into an ECK is based on a
function bridge establishing a 1:1 mapping between connecting path and contraction
edge.

Definition 17 (Bridge) A function bridge : Ex11 — Ej assigns to each edge ej1 =
(Vk+1, Wi+1) € Egy1 one of the bridges ey, € Ey, of the connecting paths CP(vg41, Wi41):

bridge(egt1) := €. (7.13)
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FIGURE 7.9. Example of equivalent contraction kernels: (left) (S1,Noz2) = (So,No,1) ©
(S1,Ni1,2) and (right) of the apex: Go U No 4.

1Mo
T

Equivalent contraction kernels (cf. Figure 7.9) are constructed as described in Algo-
rithm 7.

The contraction kernels (Va, Ng 2) in Figure 7.9 (left) are equivalent to the successive
contraction with kernels of Figure 6.15(d) and (e) in Section 6.2.2. Figure 7.9 shows on
the right the spanning tree Ny 4 of the apex overlaid with the base graph Gj.

7.2.4 Eztensions to 3D

The advantages of pyramids should certainly not be restricted to two-dimensional data.
The third spatial dimension and the time dimension offer several interesting applica-
tions. In these cases the concepts of planarity and duality must be substituted by a
higher-dimensional concept that allows decisions whether a cell or a collection of cells
is inside any other connected agglomeration of cells.

e Four elements can be used to build structures in 3D: pointels, linels, surfels,
and voxels (cf. e.g. [AAF95]).

These basic elements describe 0-, 1-, 2-, and 3-dimensional entities in 3D-space.
Duality can be established by placing one pointel inside any voxel and by inter-
secting any surfel by one linel (Figure 7.10).

e Abstract cellular complexes of Kovalevsky [Kov93] offer another possibility
to reach higher dimensions.



7. Hierarchies 217

Algorithm 7 Equivalent Contraction Kernels

1:

Assume that the dual irregular pyramid ((Go,Go), (G1,G1),--. , (Gria, Grr2)) is
the result of k+2 dual graph contractions. The structure of G5 is fully determined
by the structure of Gy41 and the decimation parameters (Sky1, Nk+1,k+2)-

: Furthermore, the structure of Gy is determined by Gy and the decimation pa-

rameters (Sk, Nk k+1). Sk+1 = Vit2 are the vertices surviving from Gj to Giyo.
The searched contraction kernels must be formed by edges Nj 12 C Ej. This is
true for Ny 41 but not for Nyiq g2 C Egq if we would simply overlay the two
sets of decimation parameters.

An edge epy1 = (Vk41,Wk41) € Npyi1pt+2 corresponds to a connecting path
CPy(vk+1, Wk+1) in Gg. By Definition 8 (see Section 6.2.2), CPy(vg+1, Wg+1) con-
sists of one branch of Ty (vgy1), one branch of Ty (wk11), and one surviving edge
er, € Ej, connecting the two contraction kernels Ty (vg+1) and Tg(wg1)-

Two disjoint tree structures connected by a single edge become a new tree structure.
The result of connecting all contraction kernels T} by bridges fulfills the require-
ments of a contraction kernel:

Nipgto = Nggs1 U U bridge(es11). (7.14)

ek+1E€ENK+1 k42

This process can be repeated on the remaining contraction kernels until the base
level 0 contracts in one step into the apex V,, = {v,, }. The edges of the corresponding
spanning tree are contained in No .

FIGURE 7.10. Duality in 3D: pointels, linels, surfels, and voxels.
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FIGURE 7.11. Bending a cell around a hole region X.

Unfortunately this theory does not yet provide the possibility to represent holes.
One idea to integrate holes is to bend a regular cell around the hole region (marked
“X” in Figure 7.11).

e The concepts of star topology [AAF95] and boundary graphs of Ahronovitz
[AF94] may be suited to be combined with hierarchical structures. The problem
to be solved seems to be the convexity of cells that can be lost during contraction.

Applications of dual contractions within graphs representing three-dimensional ob-
jects are described in [EG99, GEK99, GE99] and for pyramids in [PKJ98]. The
implementation of the dual graph contraction is depicted in [KBYN9S8] (cf. also the
accompanying CD).



8
Robust Methods

Ales Leonardis
Horst Bischof

8.1 The Role of Robustness in Computer Vision

The characteristics of the visual signal, such as the overwhelming amount of data, high
redundancy, relevant information clustered in space and time, indicate that certain
organization and aggregation principles have to be used to reduce the computational
complexity of the visual processes and to bridge the gap between the raw data and
symbolic descriptions. In computer vision, the data aggregation problem is most com-
monly approached by fitting models of visual phenomena to image data. Because the
image data is inherently unreliable [Sch90], a fitting method should be able to cope
with both

e noise that is well-behaved in a distributional sense and

e outliers, which are either large measurement errors or data points belonging to
other distributions (models).

It is well known that the least-squares estimator that is based on the assumption of
a pure Gaussian noise is very sensitive to outliers in the data set, which may lead to
extremely poor results.

In Schunck [Sch90] it is argued that visual perception is fundamentally a problem in
discrimination: Data must be combined with similar data and outliers must be rejected.
In other words, vision algorithms must be able to combine data while simultaneously
discriminating between data that should be kept distinct, such as outliers (errors) and
data from other regions. In fact, the data association problem (grouping) makes the
task of machine perception fundamentally different from the traditional estimation
problems.

The estimators that remain stable in the presence of various types of noise and can
tolerate a certain portion of outliers are known under the generic name of robust esti-
mators [Hub81, RL87]. These estimators are characterized by the concepts of efficiency
and breakdown point. Efficiency refers to the relative ability of an estimator to yield
optimal estimates at the assumed noise distribution. The breakdown point of an esti-
mator is determined by the smallest portion of outliers in the data set at which the
estimation procedure can produce an arbitrarily wrong estimate. It is especially the
aspect of the breakdown point which is usually emphasized in the design of robust
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estimators for vision algorithms. This indicates that the use of robust estimators in
computer vision is often much more in the function of rejecting outliers than in the
function of optimally estimating parameters of the models in the case of non-Gaussian
data distributions that may arise from the nature of the physical data.

Some robust local operators [BBWS88] can theoretically achieve the maximum break-
down point of 0.5, which means that the estimate remains unchanged if fewer than half
of the data are outliers. In practice, the breakdown point may be much lower. Li [Li85],
for example, has shown that various classes of robust local operators have breakdown
points that are less than 1/(p + 1), where p is the number of parameters in the regres-
sion. Moreover, Kim et al. [KKM™89] have pointed out the infeasibility of using robust
local operators in the transition area of two (or more) statistical populations (models).
Many of these methods are also sensitive to initial estimates and computationally very
expensive. However, their performance can be improved when they are used as building
blocks in a more complex method.

Here we present one such method for robust estimation of parametric models. The
method can be considered a general framework in which different parameter estimation
techniques can be embedded. The method consists of two procedures: model-recovery
and model-selection. The first procedure ensures data consistency by iteratively combin-
ing data classification and parameter estimation, enabling the rejection of outliers. The
overall insensitivity to initial estimates is achieved by systematically recovering a redun-
dant set of parametric models and then passing them to the model-selection procedure,
which selects a subset of these models based on their spatial extent, goodness-of-fit,
and number of parameters.

8.2 Parametric Models

8.2.1 Robust Estimation Methods

In this section we mention some of the robust estimation methods and point out some
of their features. Robust window operators [BBW88, KKM*89, MMRK91, SS92] have
been brought into computer vision as an answer to the problems encountered when
using standard least-squares methods in windows containing outliers or more than one
statistical population. M-estimators, for example, tackle the problems by either reject-
ing “bad” data points from the calculation of model estimate (hard redescenders) or
down-weighting their influence on the final result (soft redescenders see Section 14.2.2
for a concrete application on feature-based matching). This is achieved by first comput-
ing an initial estimate and then refining it by repeated re-weighting of the data points.
Several disadvantages can be identified with this approach. Because the information
obtained in one window is usually not shared among the neighboring windows, the
parameter estimation has to start in each window from scratch, i.e., there is no a priori
information that data points could, or could not, belong to the model. As the weighting
of the data depends on the parameters and vice versa, there is no closed-form solution,
and an iterative procedure has to be used for parameter estimation. Another conse-
quence of such a local approach is that the number of outliers that can be tolerated
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successfully is limited. Also the initial estimates are unreliable because they are based
on a small number of data points in a window (if we enlarge the size of the window,
we increase the risk of encompassing data that belong to several different models). For
certain redescending (non-monotonic) functions there are no guarantees of convergence
to a unique solution, which means that the method may not be able to correct the
initial errors.

In general, the size of the window plays an important role in the case of robust window
operators since it influences the accuracy of the solution and the computational time.
Many robust operators are hard to implement and computationally demanding even
for neighborhoods of reasonable sizes [MMRKO91].

To overcome some of these problems, methods were designed that estimate parame-
ters of the models on domains that are not restricted to prespecified windows [FB81,
Bes88, Che89]. While robust window operators have been designed to tolerate a certain
portion of outliers, these methods try to prevent the outliers to enter the parameter
estimation procedure in the first place. The main idea is that once we have an initial
model, we can propagate the information to the neighboring regions. Data points that
are found to be consistent with the model are sequentially added, outliers are rejected,
and the parameters of the model are re-computed. Depending on the weighting function
of the estimator, the new data points that are iteratively added to the model can also
be properly weighted [MB93].

The main problem that remains unsolved with these approaches is how to determine
an initial set of data points (a seed) that would yield a reliable estimation of initial
model parameters. The set of initial data points must be kept small to reduce the prob-
ability that the data points would belong to multiple models. As a consequence, the
estimation of initial model parameters is unreliable. We can argue that neither exten-
sive preprocessing nor the usage of robust estimators can prevent some of the initial
estimates from being incorrect or too crude to be used to guide the data aggregation
process.

The other problem is the influence that the developing models have on one another.
It has been a common practice to develop models in a sequence and those recovered
earlier in the process constrained the ones developed later by restricting their domains
only to unclassified data points. Erroneous results are thus propagated through the
entire procedure, resulting in an overall faulty output.

In the paradigm, which is described in the next section, we made an attempt to
develop a method that can cope with these problems.

8.3 Robust Methods in Vision

8.3.1 Recover-and-Select Paradigm

In this section we present the recover-and-select paradigm. First we describe the model-
recovery procedure, which includes the strategy for grouping image elements and es-
timating parameters of the models. We also discuss the selection of the seeds. Then
we explain how the models with the best descriptive power are selected by optimiz-



222 A. Leonardis and H. Bischof

ing the quadratic Boolean problem. Finally we describe our approach in combining
model-recovery and model-selection in an iterative way, which substantially reduces
the computational complexity of the method.

Perhaps closest in spirit to our approach is the work done by Pentland [Pen89], who
developed an image segmentation system that first creates a large set of hypotheses
about the scene part structure (in terms of binary templates) and then uses a modified
Hopfield-Tank network that searches for the subset of those hypotheses that constitute
the most likely description of the image.

Model Recovery

We solve the problem of data classification and parameter estimation by an iterative
approach, which is conceptually similar to the one described by Besl [Bes88] and
Chen [Che89], which simultaneously combines data classification and model fitting.
Despite the similarities between our method and, in particular, the one described by
Besl [Bes88|, our approach differs from the latter in a crucial step, namely, in the
selection of initial estimates (seed regions), which then leads to a variety of unique
features such as redundancy, parallelism, reduced computational complexity, and prov-
able termination of the algorithm without sacrificing the reliability of the method.
Another distinctive feature of our approach is that the individual models are indepen-
dently recovered, which further increases the robustness. Besides, our method treats
the recovered models only as hypotheses, which then compete to be selected in the final
description.

Seed Selection

As we have discussed, selection of the seeds has a major effect on the success or failure of
the overall procedure. Chen [Che89] proposed that a window is moved around in an im-
age searching for an adequate amount of data that is statistically consistent in the sense
that the data points belong to the same model. Thus, the requirement of classifying all
points from a certain model is relaxed to finding only a small subset. On the other hand,
Besl [Bes88]| followed the approach of extensive preprocessing to determine the initial
estimates. The preprocessing involved computing second-order properties in the local
neighborhood of every pixel that is noise sensitive. In the RANSAC paradigm [FB81]
the algorithm randomly selects a minimal set of points necessary to fit a model. The
resulting model is then tested for validity, which is based on the number of data points
in the consensus set of the model.

We argue that despite using elaborate techniques there is no guarantee that every seed
will lead to a good result. For example, the seed consistency can sometimes be satisfied
on low strength C° and C' discontinuities. As a remedy we propose an approach that is
not sensitive to the selection of inappropriate seeds. The idea is to independently build
all possible models using all statistically consistent seeds, found in a grid of windows
overlaid on the image, and then use the recovered models as hypotheses that could
compose the final result.
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To determine the statistical consistency of a seed, we fit a model® to the data points in
the seed window. We take the seed as statistically consistent if the goodness-of-fit indi-
cates that there is a high probability that all the data points in the seed window belong
to the same model. For each statistically consistent seed we estimate the parameter(s)
of the model and proceed with the model-recovery procedure, which simultaneously
combines data classification and model fitting.

Data Classification and Model Fitting

The procedure for the recovery of parametric models can be partitioned into three
distinct modules. A schematic diagram of the procedure is shown in Figure 8.1.

Input data

Parameter estimation
C
© Model updating

(1)-Continue?
(2)-Change the Recovered

model? model
(3)-Terminate?

Consistency check of
unclassified data points

@ Goodness-of-fit estimation
Model extrapolation

FIGURE 8.1. A schematic diagram outlining the model-recovery procedure.

Data Point Classification

Let us suppose that we have a partially recovered model. An efficient search for more
compatible points is performed by extrapolating the current model and testing the new
data points for consistency. The consistency check can involve sophisticated methods
to establish the compatibility of a data point to the model, or a simple distance mea-
sure together with a threshold can be used to classify the data points into inliers and
outliers. Additional constraints can be employed, for example, to preserve the topolog-
ical properties of the models (connectivity). Outliers, which can be classified as either
extreme measurement deviations or data points that belong to neighboring models, are
rejected. New consistent image elements are temporarily included in the data set and
passed to the parameter estimation module.

n the case that we have a hierarchy of models of increasing complexity we always start with the
hypothesis that the initial data points belong to the simplest model, i.e., the one with the minimum
number of parameters. This is due to the limited amount of reliable information that can be gathered
in an initially local area.
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Parameter Estimation

For the given set of data points, the type of parametric model, and the estimation
technique we compute the parameters of the model and the goodness-of-fit.

Decision Making

If sufficient similarity is established between the model and the data (goodness-of-fit),
we accept the currently estimated parameters, together with the current data set, and
proceed with a search for more compatible points. Otherwise a decision is made whether
to replace the currently used model with a more complex one (if there is one), calculate
a new set of parameters, and re-evaluate the goodness-of-fit, or terminate the procedure.
The procedure terminates if the goodness-of-fit does not improve significantly despite
using a higher-order model or if no higher-order models are available.

The output of the model-recovery procedure for the i-th model consists of three
terms:

1. the region R;, which represents the domain of the model and encompasses n; =
|R;| image elements that belong to the model;

2. the set of model parameters a; (let N; denote the cardinality of this set); and

3. the error-of-fit measure &;, which evaluates the conformity between the data and
the model.

While we presented the entire procedure on a general level, i.e., independent of partic-
ular types of models and parameter estimation techniques, specific procedures designed
to operate on individual types of models can differ significantly. Different parameter
estimation techniques are due to different dependencies of fitting functions on the set
of unknown parameters. For example, a linear or nonlinear parameter estimation pro-
cedure can be a direct consequence of the choice in defining the measure of the distance
between the model and the data.

Because the model-recovery is performed for all statistically consistent seeds, the
complete output of the procedure consists of numerous recovered models, which repre-
sent the candidates for the final description of the data.

Model Selection

The redundant set of parametric models obtained by the model-recovery procedure is a
direct consequence of the decision that a search for parametric models is systematically
initiated everywhere in an image. Several of the models are partially or completely
overlapped. The task of obtaining a subset of the recovered models is defined as a
selection procedure that considers many competitive solutions and selects those models
that produce the simplest global description. The principle of simplicity has a long
history in psychology (Gestalt principles), and the formalization of this principle led
in information theory to the method of Minimum Description Length (MDL), which
has recently found its way to computer science, including computer vision [Lec89,
FH89, Pen89]. According to the MDL principle, those models are selected from the
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set of recovered models that describe the data with the shortest possible encoding. As
will be shown in the next subsection, models that provide an efficient encoding should
encompass a large number of data points and have a high value of the goodness-of-fit
measure. These are exactly the characteristics of the models that contain only the data
points belonging to a single statistical population. In contrast, models that incorporated
outliers or contain data points that belong to a mixture of data populations either
accumulate substantial errors (which prevent them from growing further) or fail to find
more compatible points. In any case, these models span a relatively small number of
data points and have a poor goodness-of-fit.

In the next two subsections we describe the objective function that encompasses the
information about the competing models and the optimization procedure that selects
a set of models, respectively.

Objective Function

We want to describe parts of the image, or possibly the whole image, in terms of a
selected subset of the set of all recovered models. Let vector m? = [mi,ma,... ,ma]
denote a set of models, where m; is a presence-variable having the value 1 for the
presence of the model and 0 for its absence in the final description, and M is the
number of all models. The length of encoding of an image Limage can be given as the
sum of two terms

Limage(m) = Lpointwise(m) + Lmodels(m)- (81)

Ly ointwise (M) is the length of encoding of individual data points that are not described
by any model, and Lyodels(m) is the length of encoding of data described by the selected
models. The idea is to select a subset of models that would yield the shortest length
description.

We can translate the equation (8.1) into our particular case using the outcome of the
model-recovery procedure

Limage(m) = Ki (a1 — n(m)) + Kof(m) + KsN(m), (8.2)

where n, denotes the number of all data points in the input and n(m) the number
of data points that are explained by the selected models. N(m) specifies the number
of parameters that are needed to describe the selected models, and &(m) gives the
deviation between the models and the data that these models describe. Ky, Ko, and
K3 are weights, which can be determined on a purely information-theoretical basis (in
terms of bits), or they can be adjusted to express the preference for a particular type
of description [Leo93].

So far, the optimization function has been discussed on a general level. More specif-
ically, our objective function, which takes into account the individual models, has the
following form:

C11 PN C1M
F(m) =m”Qm = m7” m. (8.3)

Cp1 CM M
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The diagonal terms of the matrix Q express the cost-benefit value for a particular model
M;

cii = Kinig — Kao&i — K3 Vi, (8.4)
while the off-diagonal terms handle the interaction between the overlapping models

o — —-Ki|R; N R]| + K& 5
ij — 9 .

(8.5)

|R; N R;| is the number of points that are explained by both models, and &; ; is defined
as

Gg=max( Y di, > di) (8.6)

R; QRJ‘ RL'QRJ'

The error terms d3,, and d3, are calculated in the region of intersection R; N R; and
correspond to deviations of the data from the i-th and j-th models, respectively.

The objective function takes into account the interaction between different models,
which may be completely or partially overlapped. However, like Pentland [Pen89], we
consider only the pairwise overlaps in the final solution.

We have formulated the problem in such a way that its solution corresponds to
the global extremum of the objective function. Maximization of the objective function
F(m) belongs to the class of combinatorial optimization problems (quadratic Boolean
problem). Because the number of possible solutions increases exponentially with the
size of the problem, it is usually not tractable to explore them exhaustively. It turned
out that in our case, for well-behaved inputs (in the sense of being well describable
by the chosen set of models), we obtain reasonable solutions by a direct application
of the greedy algorithm. The algorithm is simple: We start with the state in which no
models have been selected. The initial value of F'(m) is 0. A successor state is formed
by adding a not-yet-selected model to the current description. The selected model is
the one that contributes the most to the value of the objective function. The process
of adding models to the current description is repeated as long as the value of the
objective function can be increased.

Model-Recovery and Model-Selection

After having explained the two major components of our method, namely, the module
for model recovery and the module for model selection, we now describe how they can
be combined to obtain a fast and efficient overall method. For example, the modules
can be applied in succession, as shown in Figure 8.2 (a). All the models are first grown
to their full extent and then passed to the selection module. We call this approach
Recover-then-Select. However, the computational cost of growing all the models com-
pletely is prohibitive in most cases. Instead it would be desirable to discard some of the
redundant and superfluous models even before they are fully grown. This suggests in-
corporating the selection procedure into the recovery procedure, as shown in Figure 8.2
(b). We call this approach Recover-and-Select. The recovery of currently active models
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FIGURE 8.2. Model recovery and selection: (a) Recover-then-Select, (b) Recover-and-Select.

is interrupted by the model-selection procedure that selects a set of currently optimal
models, which are then passed back to the model-recovery procedure. This process is
repeated until the remaining models are completely recovered. The trade-offs involved
in the dynamic combination of these two procedures are discussed elsewhere [Leo93].
By properly balancing the trade-offs, a computationally efficient and reliable algorithm
is obtained that has the feature of growing mostly well-behaved models (in terms of
convergence, error, and number of compatible points) while at the same time lowering
the computation time and space complexity of the procedure. The complete algorithm
of the method is given in Algorithm 8.

8.3.2  Recover-and-Select applied to

We tested the proposed method on various domains using different parametric models.
Here we present some results of recovering variable-order bivariate polynomials and
superquadric models in range images and parametric curve models in edge images.
Because the main idea of this chapter is to present a general framework for accurate
and robust extraction of parametric models of different types and its relation to some
other robust estimation methods, here we only briefly mention some of the details
pertaining to the particular choice of parametric models and refer the reader to the
specific papers (see [LGB95, LSM94, Leo93]).
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Algorithm 8 Recover-and-Select Algorithm (GOF=Goodness of Fit)

input: an image

determine a set of seeds

for all seeds do
fit a model (estimate parameters)
if (GOF == OK) put the model into the set of currently active, not fully grown models
else the seed is rejected

while there are any active, not fully grown models do
for all active, not fully grown models do
extrapolate/find compatible points
if no new compatible points
the model is fully grown
else
fit a model
if (GOF # OK)
reject the last included points
the model is fully grown
end if

end if
end for

perform selection among all active models for the current optimal description
(only the selected models remain active)

end do

output: description of the image in terms of parametric models

Surface Models in Range Images

The Recover-and-Select paradigm has been applied to the problem of estimating vari-
able order bivariate polynomials that are linearly parameterizable in the Euclidean
space. We have limited the set of models to planar and second-order surfaces. The sur-
faces are modeled as functions in the explicit form z = f(z,y). The fitting procedure,
which minimizes the sum of squared distances between the data (inliers) and the model
in the z-direction, yields a system of linear equations for the unknown parameters of the
model. The fitting procedure is computationally efficient because the time complexity
for updating the parameters of the model is linearly proportional to the number of data
points that are added to the model in each iteration.

The decisions regarding data point classification, model acceptance, and model switch-
ing (from planar to curved surfaces) are based on simple well-defined thresholds that
are all related to the estimated variance of the well-behaved noise. Several experiments
have been carried out to test the noise properties and the stability of the algorithm with
respect to perturbations of the thresholds. The interested reader is referred to [LGB95].
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FIGURE 8.3. (a) Original range image, (b) seed image, (¢) reconstructed image, and (d)
segmented image.

Figure 8.3 (a) shows a noisy range image of a cube? (taken from [Bes88]). The object
consists of planar and curved surfaces. 143 models were initiated in the image (the seeds
are depicted as white squares in Figure 8.3 (b)). Both planar and curved surfaces are
reliably recovered. The data points that were detected as outliers are marked in black
(Figure 8.3 (c)). The domains of the individual models are depicted in Figure 8.3 (d).

Superellipsoids in Range Images

We also used the proposed method to directly recover superellipsoids, a subset of su-
perquadric models, from unsegmented range images [LSM94]. This approach is in
contrast with standard methods that attempt the recovery of volumetric models only
after the data has been presegmented using extensive preprocessing. A superellipsoid
in general position is defined by an implicit function that involves 11 parameters de-
scribing superellipsoid’s size, shape, orientation, and position. The parameters of the
model are estimated by a nonlinear iterative algorithm [SB90] that minimizes the sum
of squares of the algebraic distances between the data points (classified as belonging

2The image was provided by Dr. Besl from the University of Michigan.
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to the model) and the superellipsoid, subject to an additional constraint of minimal
volume. To decide on the acceptance of the model we calculate an error measure that
approximates the Euclidean distance, because the error based on the algebraic distance
is inappropriate to evaluate the goodness-of-fit. The search for compatible data points
is performed in the neighborhood of the recovered models and is based on the approx-
imation to the Euclidean distance. Experiments have shown that the method is not
sensitive to unreliable initial estimates or to the models that get stuck in local minima
due to the nonlinear nature of the problem.

Figures 8.4 (a) and (b) show an intensity image and a range image, respectively,
of a tube and a cylinder that intersect. Twelve models were initiated on the range
image at the start of processing (Figure 8.4 (c¢)). Figures 8.4 (d) and (e) show the
partially recovered models during various iterations of the recover-and-select algorithm.
The final representation (shown in Figure 8.4 (f)) is most compact, consisting of two
superellipsoids.

Curve Models in Edge Images

The method has been applied to the problem of recovering simple geometric curvilin-
ear structures, i.e., straight lines, parabolas, and ellipses in edge images. The fitting
procedure, which minimizes the sum of squared Euclidean distances between the data
(inliers) and the model, yields a set of nonlinear equations for the unknown parameters
of the model. The main advantage of using the Euclidean distance measure (as opposed
to, for example, algebraic distance) is that the recovered models extrapolate accurately
in the vicinity of the end points that is necessary for a reliable search for additional
consistent data points.

Model acceptance and data point classification are also based on the Euclidean dis-
tance measure. Initial models are straight line segments and a more complex curve is
used only after the goodness-of-fit indicates the inability of the current model to fit
the data. Experiments have shown that the procedure is robust with respect to noise
(minor edge elements scattered in images, edge elements caused by multiple responses
of the edge detector around certain types of edges, etc.).

Radial Basis Function Networks

The method has been applied to the problem of determining the size of a radial basis
function neural network [LB98]. We use axis-aligned Gaussian RBF networks with a
single linear output unit.* Let us consider an RBF- network as a function approximator:

3The images were provided by Marjan Trobina from the ETH, Switzerland.
4The generalization to other basis functions and multiple output units is straightforward.
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FIGURE 8.4. (a) Intensity image, (b) range image, (c) initial models, (d), (e) selected models
after the first and the sixth iteration, respectively, of the recover-and-select algorithm, (f) final
result.
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where ¢; and s; are the center and widths of the i-th basis function, respectively. We
train the network to approximate an unknown function f given a (possibly noisy)
training set TS = {(x®), f(x®))|1 < p < ¢, xP), f(xP)) € R%}.

Instead of the network-growing phase we use a suitable learning algorithm, e.g.,
gradient descent, Levenberg-Marquardt, Extended Kalman filter, etc. The selection
procedure is exactly the same as was discussed earlier. By iteratively combining the
training and selection procedure we obtain a computationally efficient algorithm for
RBF-network design.

Let us illustrate the algorithm for function approximation; we have used the Her-
mite polynomial from [Orr95]. The training set consists of 84 samples taken from the
function with added noise with a uniform distribution in the range of [—0.5, +0.5]. The
selection converged at two basis functions after four selection steps. Figure 8.5 shows
the intermediate results during the run of the algorithm. This figure shows the train-
ing samples, true function, approximated function, and basis functions currently in the
network.

Object Recognition Using Eigenimages

A closely related approach has been used to robustly recover the coefficients of eigen-
images [LB96] (for more detailed information on eigenimages, see Sections 5.2.2 and
11.3.1). Our approach is a novel robust approach that enables the appearance based
matching techniques to successfully cope with outliers, cluttered background, and occlu-
sions. The robust approach exploits several techniques, e.g., robust estimation and the
hypothesize-and-test paradigm, which together in a general framework achieve the goal.
We have introduced two robust methods. The robust constrained method is computa-
tionally less demanding and does not compromise the robustness. The major novelty
of our approach lies in the hypothesis generation step. Instead of computing the coef-
ficients by a projection of the data onto the eigenimages, we extract them by a robust
hypothesize-and-test paradigm using subsets of image points. Competing hypotheses
are then subject to the selection procedure as outlined earlier. The approach enables
us not only to reject outliers and to deal with occlusions but also to simultaneously use
multiple classes of eigenimages.

The following experiments demonstrate the main features of our method. Figure 8.6
demonstrates that our approach is insensitive to occlusions. One can see that both ro-
bust methods outperform the standard method considerably. The visual reconstruction
from the robust constrained method is better because we get the exact point on the
manifold. Note that the blur visible in the reconstruction is the consequence of taking
into account only a limited number of eigenimages.
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(c) 2nd Selection

(d) 3rd Selection (e) 4th Selection (f) Final result

FIGURE 8.5. Results on Hermite polynomial with superimposed basis functions. “+” denotes
training samples, dashed curve denotes original function, and solid curve denotes the approx-
imated function.
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FIGURE 8.6. Demonstration of insensitivity to occlusions using the robust methods for cal-
culating the coefficients a;.
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Figure 8.7 shows several objects on a considerably cluttered background. We initiated
multiple hypotheses at regularly spaced points on the image. All objects have been
correctly recovered by both robust methods.

FIGURE 8.7. Test objects on cluttered background.

Figure 8.8 demonstrates that our approach can cope with situations when one object
occludes another. One can see that both robust methods are able to recover both
objects. One should note that in this case the selection mechanism based on the MDL
principle automatically delivers that there are two objects in the scene (i.e., we do not
need to specify the number of objects in advance).
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(a) Two objects occlud-
ing each other
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FIGURE 8.8. Two objects occluding each other.
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Structural Object Recognition

Mark Burge
Wilhelm Burger

Structural object recognition is based on the idea that the appearance of objects can
be described by visual primitives (e.g., “features” or “tokens”) and the spatial relations
between them. In the structural approach, the spatial relations between features are
expressed explicitly to improve the specificity of the description. This is why struc-
tural descriptions are preferred over evidence-based descriptions. For the purpose of
visual object recognition, we must distinguish between two different forms of structural
descriptions:

1. Object model: the structure of the true object (i.e., in the three-dimensional real-
ity).

2. Image description: the structural description of the appearance of the object in
the image.

9.1 2-D and 3-D Structural Features

Similarly, two different types of image features can be extracted: those that are directly
related to the 3-D shape of the part of the object being viewed and those features that
result from the 3-D to 2-D down projection. In addition to the problem of detecting
both kind of features in intensity images, the latter type can be ambiguous because part
of the 3-D shape information is necessarily lost during the projection. The essence of the
recognition problem is to relate the structures found in the image with the underlying
object models. Other important issues involved in structural recognition are:

e adequacy of the representation for the kind of objects encountered;
e selection and extraction of visual primitives;

e description of the spatial relations between primitives;

e matching image structures to models; and

e inference of structural object descriptions from examples.
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9.2 Feature Selection

The selection of suitable shape primitives is of central importance. For efficient recog-
nition, they should be ezxpressive in the sense that a combination of only a few of them,
or even a single one, can facilitate object identification [Bie87]. On the other hand, the
available shape primitives should be general enough to model a large range of object
categories. They should be detectable from images reliably in a bottom-up fashion and
should be non-incidental, in the sense that they are unlikely to occur from random
configurations in space.

Today, most structural approaches are based on a single type of shape primitive,
usually straight line segments. Although these features are relatively easy to extract
from the image and are well suited for many man-made objects, they are not adequate
and reliable for most complex natural scenes. In fact, the poor performance of many
image understanding systems in natural environments can be attributed to their reliance
on a single feature type.

We call methods using multiple feature types for structural object recognition in a
cooperative and complimentary fashion the “polymorphic structural approach”. The
combined use of multiple types of structural primitives promises increased recognition
performance and reliability and allows covering a broader range of scenes, including
complex natural scenes. In this chapter, we want to investigate the full potential of
such a “polymorphic” structural approach and develop methods for overcoming the
technical difficulties involved.

9.3 Matching Structural Descriptions

When object models are given in the form of structural descriptions, the matching
algorithm must solve the following three problems simultaneously:

1. Selection problem: determine which image tokens belong to the same object;

2. identification problem: determine the identity of the structure (i.e., invoke the
correct object model); and

3. association problem: assign the correct model component to each image primitive.

Except for trivial configurations, none of these problems can be solved without solving
the other two. The selection problem cannot be solved without knowing the identity of
the object and collecting those image tokens that are required by the model. Selecting
the right model is not possible unless at least some of the image tokens have been
assigned to model primitives that, in turn, require solving the identification problem.
As a result structural matching is a complex search process within a large space.

Formalized as a graph-theoretic problem, matching structural descriptions is equiv-
alent to finding a morphism between the primitives in the image and the model, such
that the structure is preserved. This problem is known to be N'P-hard [Ull76] (i.e., gen-
erally the amount of computation grows exponentially with the number of structural
elements).
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9.4 Reducing Search Complexity
The search space of the matching process can be reduced in at least three ways:

e Ezxpressive tokens: increasing the ability of a token to discriminate between models
[Ett88];

e grouping: assembling image tokens that are likely to belong to the same object;

indexing: making a good guess for the object’s identity; and

heuristic constraints: ruling out unlikely hypotheses at an early stage [Gri90,
Gri9l].

In addition, structural similarity measures offer a way to match substructures without
directly associating their individual elements.

9.5 Grouping and Indexing

When all sensory data under consideration are known to belong to a single known
object, the expected amount of search is quadratic in the parameters of the problem
and linear in the number of data-model pairings. This assumes that the token selection
problem and the indexing problem are correctly solved. Therefore, the pre-selection of
scene tokens can effectively reduce the amount of search but, unless pre-selection is per-
fect (i.e., all selected tokens belong to a single object), the search is still exponential in
the worst case. If indexing fails (i.e., the wrong model is used) search is also exponential
under otherwise perfect conditions.
Perceptual grouping methods [GB87, Low87, Sau90| are mostly based on:

e single rather than polymorphic primitives; and

e predefined grouping rules rather than rules adapted to the application domain.
Although the resulting simple representations and grouping criteria can be evaluated
efficiently and the object descriptions are independent of the problem domain, the

traditional grouping approach has several disadvantages:

e Perceptual “saliency” of groupings between different types of primitive features
is not used;

e groupings based on a single feature type are inherently brittle; and

e domain-dependent grouping rules are not optimal for unknown and dynamically
changing environments.
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9.5.1 FEarly Search Termination

Early termination of the search process [Gri91] is based on local unary and binary
constraints applied to pairings of scene and model tokens. These constraints are used
to rule out interpretations before the full depth of the interpretation tree is reached. In
effect, this combines heuristic search with constraint satisfaction or consistent labeling
(e.g., constrained tree search). In order to achieve polynomial time recognition algo-
rithms, the ratio of clutter tokens and real object tokens must be kept below a specified
bound. This again suggests the use of a pre-selection mechanism for grouping tokens
that are likely to belong to a single object.

Using Structural Similarity

Graph morphisms are a very strong notion of equivalence. In the strict sense, two graphs
are considered equivalent (i.e., isomorphic) when a one-to-one mapping exists between
the topology and the attributed labels of the graph. This form of equivalence is not
realistic in structural recognition for various reasons. First, it requires a finite set of
possible node labels. Node labels, however, represent properties and the spatial rela-
tionships of tokens, including distances, angles, etc., from a potentially infinite range of
values. Second, to be of practical use, matching must be tolerant against spatial varia-
tions to a certain degree. Consequently, instead of searching for structural equivalence,
the matching process should look for structural similarity that can be quantified by a
suitable distance measure.

A classic example for such a distance measure is the model proposed by Fischler and
Elschlager [FE73], where the spatial relations between tokens are abstracted as elastic
springs. The matching distance used is a function of the spring load. This turns the
original graph matching problem into an optimization problem, with the goal of finding
the “best match” among many possible ones.

Practical graph matching techniques are often characterized by the use of heuris-
tics to avoid exhaustive search. Examples are backtrack search algorithms [BB82],
association graph techniques [ABBT75], relaxation labeling [BF84], various hashing
schemes [Bre89, LW88, UW97], and genetic algorithms [CWH97]. Considerable work
has been done toward structural recognition in industrial environments, particularly
under occlusion (i.e., when objects are only partially visible) [AF86, BM87, KJ86].

Other Strategies

Ordering structural tokens can significantly reduce the required search effort when
compared to regular combinatorial search. As argued in [SMS87], where tokens are
ordered according to their distance from the object’s centroid, practical matching al-
gorithms must execute in polynomial and not exponential time. Multi-stage strategies
are another alternative to improve matching performance.

The computational advantages of a two-stage matching process are examined in
[SR89] in which a subgraph of the model is first selected and then all possible matches
with the scene are evaluated. The smaller the chosen subgraph, the fewer matches have
to be tried, but the number of acceptable matches, and thus the work necessary at the
second level, will be higher. An essential statement is that the threshold for accepting a
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subgraph match depends on the size of the entire model graph and not on the subgraph
only. This guarantees that expanding a rejected subgraph match will never result in
an acceptable total match. It is show in [SR89] that the total matching costs are
minimal for some fixed subgraph size. However, this is not necessarily the case with
geometrically constrained graphs.

9.6 Detection of Polymorphic Features

To successfully use polymorphic features it must be possible to reliably extract them
from a broad selection of images under a wide range of conditions. Three classes of
primitives: contour-based, region-based, and qualitative 3-D surface primitives have all
been successfully applied, and details of their usage can be found in Section 14.2.1.

9.7 Polymorphic Grouping

Grouping is a powerful strategy for combining structural primitives into more expressive
aggregates. It can dramatically improve object model indexing and reduce the search
complexity. While techniques for grouping primitives of a single type are well developed
(e.g., for point sets, straight line segments, and segmented regions), no general methods
are available for grouping different structural primitives. One of the difficulties involved
is that different primitives mostly share only a small set of common properties (e.g.,
some primitives have an orientation property, while others do not). Consequently, a
distinct evaluation function is required for each allowed combination of feature types.

However, “polymorphic groupings” offer greater expressiveness than “homomorphic”
groupings of the same number of primitives. Thus, to achieve a certain degree of indexing
power, the number of primitives needed in polymorphic groupings can be kept relatively
small. We can therefore be quite selective with respect to the set of permissible feature
class combinations, which also reduces the number of distinct evaluation functions.
Similarly, the overall complexity of indexing and matching is reduced by using smaller
but more expressive assemblies of structural tokens.

It is possible to use static grouping rules and grouping evaluation functions specified
at the syntactic level for efficient bottom-up detection of salient groupings [DWS&9,
GB87, Sau90]. However, the effectiveness of such general grouping criteria will strongly
depend on the relevant objects in the application domain (e.g., searching for parallel
lines is effective for certain man-made objects but not in most natural scenes). Thus we
want to dynamically adapt the grouping rules to the corresponding application domain,
taking into account the objects encountered in this domain, their relative importance
in the given task, and the polymorphic features used for modeling these objects.
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9.8 Indexing and Matching

Indexing and matching are complementary processes in structural recognition and are
often incorporated in a hypothesize-and-test strategy:

e Indexing is used to narrow down the set of possible object or subpart categories,
by evaluating certain properties of a given image feature set. While geometrical
invariance is considered important for indexing based on point sets and straight
line segments [MZ92], combinations of polymorphic features carry high indexing
power. The connection between grouping and indexing is strong, because grouping
supplies the token sets for indexing.

e Maitching is performed by explicitly hypothesizing correspondences between im-
age tokens and object model entries. Indexing can effectively reduce the number
of matches to be evaluated. Matching hypotheses requires a metric that allows
measuring the distance between image features and entries in the model base. In
contrast to single feature type approaches, new and specific distance measures
must be developed for the polymorphic approach and their combinatorial advan-
tage analyzed and verified under realistic conditions.

9.9 Polymorphic Features

Object models in this approach are viewer-centered descriptions based on the spatial
arrangement of structural features. Each object model consists of a set of distinct as-
pects of the corresponding object. The number of different aspects needed to sufficiently
describe an object depends mainly on the object’s complexity, viewpoint dependency,
and the number of “common views” related to that object. Individual aspects are re-
lated to each other by an adjacency relation defined on the “view sphere” such that
intermediate aspects can be inferred if necessary. Each aspect is, in general, a multi-
scale representation that refers to structural details at a range of different resolutions.
In this context, the relationships between polymorphic features at different scale levels
present a challenging area of investigation.

To successfully cope with natural objects, the representation must accommodate a
certain degree of object variability. The traditional rigid structural descriptions are not
adequate for this task. We use structural constraints of varying rigidness for handling
object variability:

e strong: structural constraints for describing local structural details and

e weak: structural constraints for describing larger structural aggregates.

In addition to providing tolerance against object variability, the use of weak structural
constraints at the global object level reduces the search complexity during recognition.
There is also evidence [Cer86] that similar forms of representations exist in biological
vision systems.
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9.10 3-D Object Recognition Example

Then, my dear friend, must not the law-giver also know how to embody in
the sounds and syllables that name which is fitted by nature for each object?
Must he not make and give all his names with his eye fixed upon the absolute
or ideal name, if he is to be an authoritative giver of names? And if different
law-givers do not embody it in the same syllables, we must not forget this
ideal name on that account; for different smiths do not embody the form in
the same iron, though making the same instrument for the same purpose,
but so long as they reproduce the same ideal, though it be in different iron,
still the instrument is as it should be, whether it be made here or in foreign
lands, is it not?—Socrates in Plato’s Cratylus §389e

As Socrates explained to Hermogenes, we carry a conceptual ideal of many objects in
our thoughts. Indeed the concept of ideals is embedded in our very languages, witness
the almost universal usage of definite and indefinite articles. When we say “a chair”,
we envision in a sense the ideal form of a chair. One does not recall an actual chair
but instead a functional description of what a chair does combined with a relational-
structural description of the parts that make up a chair. The IDEAL system [BBM96d,
BB97] attempts to learn from example objects the structural parts and the relations
between them which when recognized in a previously unseen object, enable the system
to probabilistically classify it among its known classes.

Recognizing three-dimensional objects under different viewing and lighting conditions
is arguably the goal of computer vision. The difficulty of the problem depends on both
learning factors such as types of objects, number of classes, and inter- and intra-class
variability, as well as visual problems like the segmentation of multiple object scenes,
the background complexity, and the amount of occlusion. Given the complexity of the
problem many different solutions have been proposed; a comparison of 24 different
approaches is given in [BB97].

We can divide the different recognition approaches for 3-D objects into those using 3-
D models and those based on appearances (i.e., on one or more 2-D views of an object).
Our approach is appearance-based and structural (i.e., objects are described in terms
of the configurations of their parts [Bie87]). It focuses on learning to recognize single
object scenes of classes (e.g., chair, table, bench), which often exhibit high intra-class
variability.

9.10.1 The IDEAL System

Structural recognition methods are based on both the availability of primitive structural
elements (e.g., blobs, geons, or parametric strokes) and on the assumption that these
elements can be extracted from the image data with sufficient reliability. Regardless of
what the primitives are, the performance of the recognition process depends critically on
how reliably they can be extracted, which is difficult even under ideal viewing conditions
[Bro81]. When images are noisy and cluttered, the extraction of suitable primitives
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(a) Original. (b) Blobs. (c) Wavelets. (d) Geons.
FIGURE 9.1. Region based initial structural descriptions.

using only local information may not be possible [Low87]. In addition, practically
all structural feature extraction schemes work in a rather myopic fashion, trying to
assemble larger meaningful structures from scattered pieces using only local evidence
and therefore often missing the dominant global structures in the image description
(i.e., segmentation).

In practice structural extraction schemes are fragile, and no single method exists
that can reliably deliver a good part decomposition, unless the scene domain is very
restricted. For these reasons many recognition approaches [BL93] assume a noise-
less, pre-segmented image with all parts of the object visible in every view (i.e., no
self-occlusion) and models of all objects given a priori. To avoid this reliance on pre-
segmented a priori models we combine a powerful initial polymorphic description and
machine learning to automatically acquire our models.

9.10.2  Initial Structural Part Decomposition

As we saw earlier in Section 9.2, most structural recognition methods are based on a
single type of primitive, commonly straight line segments. Some approaches combine
different primitive types of the same class of primitives (e.g., a contour class repre-
sentation might use both straight line segments and circular arcs for primitives). The
combination of different primitive classes (e.g., contour and area) is referred to as poly-
morphic [BBM96e].

We attempt to overcome the problem of fragile segmentation in three ways. First,
instead of relying on a single type of primitive, we combine three area-based primitives
into a single representation and recognition scheme, introducing additional redundancy.
Second we do not require structural primitives to be precisely delineated, but only
their approximate spatial position and shape properties are needed and parts may
be overlapping and ambiguous [BBM96b]. Finally, structural primitives like specific
local patterns [LBP95, Bur88] do not need to correspond to “humanly” meaningful
parts, it is only necessary that they can be recovered reliably and repeatably from
an image. The three area-based features we use (see Figure 9.1)are blobs [Lin93],
geons [DPR92b, PBP98], and a class based on Gabor quadrature filters (i.e., wavelets)
[BB94].
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(a) PAG. (b) PCG. (c) PCG.

FIGURE 9.2. A PAG and two PCGs using different similarity functions.

9.10.3 Part Adjacency and Compatibility Graphs

The problem of label compatibility arises when an object has the same parts and
features as a different object. When only unary features are used the problem is more
readily apparent, as many objects may have the same parts and unary features (e.g.,
objects consisting of different arrangements of similar circles and squares). The addition
of relations between parts (i.e., binary features) adds structural context. In recognition
without labeled parts, one must exhaustively attempt all matchings between unary and
binary relations. It is possible to avoid this prohibitively expensive matching problem by
encoding the binary relations between the parts during learning in such a way that only
label-compatible part paths can be generated during both the learning and recognition
stages.

Generating only label-compatible part paths can be done by calculating the binary
features only between neighboring parts of the same object while building the tree
[BBM96f]. The tree constructed in this way contains only paths from a part at the
root, where all parts are represented in some cluster, through neighboring parts to the
final classification leaves. The use of the neighboring relation as a constraint during
both the training and recognition stages implicitly solves the label compatibility prob-
lem by assuring that any matched sequence must have arisen from a label-compatible
sequence. This solution is not sufficient because representative, and therefore impor-
tant, sequences for recognition occur among non-neighboring parts scattered across the
image. It is necessary to have a relation that still provides the constraints for solving
the label compatibility problem and allows the non-neighboring representative parts to
be combined into the same part paths.

The number of paths that can be considered in a view is ('), where n is the number
of parts in the view and [ is the length of the path. For any given length, [, it is
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FIGURE 9.3. Example CRG tree. Large rectangles represent feature spaces (e.g., u1 and bs),
dashed lines determine split boundaries and hatched clusters denote uniqueness.

desirable to choose a subset of all (') paths, which is minimal but representative of the
object. Without a priori knowledge this is not possible, so we must select a function
that produces a set with cardinality somewhere between that of the ideal set and (}').
Selecting only neighboring parts limits the size of the set but does not achieve the other
goal of selecting sufficient representative paths because if the representative parts are
separated by more than [ neighbors then they will never be included. The problem then
is how to select without a priori knowledge a path set of reasonable cardinality that
contains representative paths.

A Part Adjacency Graph (PAG) G(V, E) contains an edge e; ; between nodes repre-
senting the parts p; and p; only if the parts are neighbors. Neighborhoods are defined
through either physical adjacency or, more generally, spatial proximity (e.g., parts
within 10 pixels of each other). Other neighborhood definitions, for example, area
Voronoi neighborhoods, are possible but all suffer from the drawback that simply being
a neighbor of another part is not necessarily a significant relation for recognition. In a
Part Compatibility Graph (PCG) G(V, E), a graph edge e; ; denotes a high similarity
measure between parts p; and p; (i.e., the similarity measure replaces the neighbor-
ing relation used in the PAG (see Figure 9.2) (see also the Feature Adjacency Graph
[FF95]). For details of how to formulate the similarity measure for a given feature set
see [BBM96¢].

Increasingly, techniques from machine learning are being incorporated into object
recognition methods. Using the ability of these techniques to generalize from the train-
ing data, previously unseen views can be recognized with increased accuracy. These
include methods using the relative frequency of a class in a region as an evidence-based
approach [JHS88] to generalization while others use neural networks [Ede93], Eigen-

value decompositions [MN95], or decision trees that form the basis for learning in
IDEAL.
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FIGURE 9.4. Examples of initial structural segmentation. The extracted PAG graphs are
shown overlaid and nodes are labeled by their geon type (e.g., CY = cylinder).

9.10.4 Automatic Model Acquisition

We use [BC94a] decision-tree based Conditional Rule Generation (CRG) for learning
and recognition from attributed PAG graphs. In CRG an attributed graph,! G(V, E),
is constructed from the initial structural segmentation in which each segmented region
is a “part” represented by a node in V. These parts are connected by a set of edges
E that represent relations between the parts. Each node v; € V is attributed by a
unary feature vector u; with a predetermined number of features; each edge ¢; ; € E is
attributed by a binary feature vector b; ; whose features are computed from the parts
p; and p; (i # j). The feature vectors u; and b; ; form the unary and binary feature
spaces U and B, respectively. Figure 9.3 shows an example CRG tree; the root shows
the unary feature space U and below it the binary feature spaces UB resulting from
the unresolved clusters and the bottom row contains the unary feature spaces UBU
computed from the non unique clusters of the UB level.

We adopted a viewer-centered representation for our models where an object is rep-
resented by a finite collection of views (see Figure 9.4). The set of views for each model
was generated by placing a spherical grid around the object with the origin of the grid
and the center of the object coinciding. The center point of each grid facet corresponds

I'With polymorphic features a Voronoi neighbor graph (VNG) (see Section 6.1.3) of the primitives
is constructed using the Scaffolding algorithm [Bur98] and the Voronoi neighbor relation is used to
generate a PAG, it is also possible to use a similarity function [BBMO96e] to generate a PCG instead.
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FIGURE 9.5. Example view-sphere tessellation.

to the center of the camera, and the camera is pointing toward the center of the ob-
ject. The radius of the grid was chosen so that the entire object was visible from all
viewpoints on that grid. Figure 9.5 depicts the tessellation of the view-sphere around
an example object.

In the learning phase the problem is to learn to classify a part p; into the correct class
C(p;). The training examples are presented separately and sequentially in a supervised
fashion. The CRG method works by first classifying all unary features from all parts
of all views and all object classes into a unary feature space U. This feature space is
then clustered into a number of clusters U,, some of which may already be unique
with respect to class membership (i.e., all parts in a cluster belong to the same class,
3:Vpev, C(p) = ¢, while others will not). Binary features are then calculated between
the parts of the non-unique clusters and its neighbors in the graph. The binary feature
spaces resulting from the unresolved clusters are again clustered, each forming feature
spaces of type Uy, By, . For the non-unique clusters the unary feature spaces U,, B,,U, of
the parts of the previous binary relations are determined and clustered. This continues
until all clusters are unique or a predetermined maximum depth has been reached.

9.10.5 Object Recognition from Appearances

In recognition, the goal is to correctly classify using the CRG tree, the previously unseen
objects with possibly occluded and missing parts. First a PAG graph similar to that
used in the learning phase is constructed. An evidence accumulation technique is then
used where a number (e.g., dependent on the object but typically in the range of 5-10)
of small (e.g., typically 3 to 5 nodes in length) paths are extracted starting from each
node in the object’s graph representation and then matched against the model. Each
node (i.e., each part) of the object graph stores the number of times it was assigned to
a certain object class.
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Stages in Model Acquisition
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FIGURE 9.6. Flowchart of the learning and recognition process: Learning path: Compu-
tation of the features from all images in the database; building of a PAG; construction of a
classification tree for part paths. Recognition process: Presentation of a new image; fea-
ture computation; PAG; extraction of part paths; classification of each part path using the
classification tree; combining evidence.

9.10.6  Ezxperiments

IDEAL has been tested [BBM96e] on images exhibiting real-world imaging problems
such as shadowing and self-occlusion, of generic classes (e.g., chairs, benches, and tables)
purposely selected to provide a high degree of structural similarity between classes. The
performance with occluded parts is a combination of missing and additional parts, as
an occluded part generally causes a missing part and a number of additional parts to
occur in the image. If the PCG is used instead of the PAG, the system performs well
even when there is a considerable number of missing parts. This is because part paths
contained in the PCG extend over larger regions of the object and are therefore more
likely to contain non-neighboring significant parts. With both the PCG and the PAG,
performance drops when additional parts occurs. A more detailed analysis of these
experiments can be found in [BBM96c]|.
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Machine Learning

Edward Blurock

An image in its raw form is a set of pixels, i.e., a matrix of numbers. The path toward
“recognizing the reality behind these pixels” is a complex interation of algorithms and
data structures [PB98, KJ93, CPW93]. One of the tools used to help extract this reality
is machine learning [MCMS83, Mit97, BC96, Lan96]. Within this process of discovery,
one class of techniques relies on the “optimization” or tuning of the algorithms, formu-
las, and data structures by means of examples, through statistical, pattern recognition,
or machine learning analysis techniques [BBM96a).

One of the essential, and highly experimental, problems facing researchers using
machine learning is the ability to transform the raw pixel information without loss of
essential information needed for learning. Said another way, the abstract relationships
hidden within the pixel data need to be transformed to data structures where these
relationships are more visible, or more practically, to data structures where they can be
manipulated by the analysis techniques to yield the desired concepts to be interpreted
by human understanding. As evidenced by the multitude of techniques that have been
developed to accomplish the task of “recognition”, which algorithms and data structures
are necessary is not unique and still involves a great deal of experimentation. It is the
task of the researcher to weed through the various of learning algorithms to find a
suitable combination that solves the task. An essential prerequisite is to understand
the available algorithms and what types of solution they offer.

Due partly to the evolutionary nature of their development, and to the nature of the
tasks involved, there are definite relationships between the various machine learning
techniques, both structural and operational. In this chapter, first machine learning
methods will be defined and contrasted with other analysis techniques. Then they
will be categorized in terms of their traditional paradigms. Afterwards, they will be
examined in terms of structural and operational points of view. Finally, this latter view
will be used as the basis of an object-oriented structuring of the methods that is the
basis of the framework being developed. This will be illustrated using the examples of
logical structures and clustering.

10.1 What Is Machine Learning?

To give a short answer, machine learning represents a class of data analysis methods,
i.e., a search for general concepts. From a set of specific examples, a corresponding set
of governing principles and generalities are condensed. Their form and how they are
interpreted depend largely on the methods used.
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One common denominator among machine learning methods is that they have some-
thing “human” about them (hence the term “learning”). They are more “symbolic” in
nature as opposed to numerical or computational (as is statistics). They try to mimic
biological, such as neural nets or genetic algorithms, or psychological properties of
humans, such as the rule induction methods.

Another common factor is that they are not direct calculational procedures, as with
many standard statistical methods, but a “search” through a large complicated space
of solutions. This search can take several forms, such as iteration, optimization, or the
classic rule-based search of artificial intelligence.

10.1.1 What Do Machine Learning Algorithms Need?

We “learn” by interpreting and generalizing about specific examples we see. Machine
learning and data analysis algorithms, in general, are no different. The prerequisite is
a set of examples. Associated with each example is a description. The most frequently
used description consists of a vector of attribute-value pairs. Fach element in the vector
represents an attribute, i.e., a parameter. The values of these attributes describe the
state of the object. The attribute-value pairs are not restricted to simple numbers; they
could be discrete characterizations (such as an object identification), entire segments
of an image (such as an isolated line), or a graph (such as a run graph or Vornoi
description). All learning proceeds from this description.

10.1.2  One Method Solves All? Use of Multistrategy

Image recognition is a complex task that often involves a complex interaction of a
series of algorithms for transformations, preprocessing, and analysis. The consequences
of this complexity is the necessity of interfacing the input and output data structures
to facilitate their use in the next step.

The use of many methods, culminating to a final analysis, is a step toward a gen-
eral “multistrategy” [MT94] approach. This means that one does not rely on a single
analysis technique but recognizes that each analysis method contributes informaton to
the problem as a whole, i.e., no information should be thrown away. This approach
is especially important for a complex field such as image analysis where a great deal
of experimentation is necessary. A consequence of this multistrategic thinking is the
emphasis on representation rather than on method. What one is searching for is the
optimal representation of the particular recognition task.

A useful result of the multistrategy approach is the developement of methods that
combine elements from several machine learning algorithms. A good example is the
CRG algorithm, where elements of a generalized decision tree analysis and clustering
are combined [BC94b, BBM96a].
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10.2  Methods

In this section, machine learning methods are looked at in their “classical” sense, i.e.,
by the method involved. The philosophy, origin, and purpose of the method is in the
foreground. In a certain sense this can be viewed as a historical view of the development
of methods:

e Multivariate statistical. The statistical methods are the “original” data anal-
ysis methods.

e Distance clustering. On the basis of a distance function, a set is divided into
groups of similar objects. If the groups are successively divided into finer groups, a
similarity hierarchy is formed (distance clustering [TG74], CLUSTER/2 [MS83],
COBWERB [Fis87, GLF90], self-organizing nets [Koh84, Fri95], vector quantiza-
tion [BK93b, BLS99], and CRG [BC94b]).

e Rule induction. Rule induction methods are based on a logical representation
and their philosophies use psychological ideas of learning to form rules to decide
concepts (decision trees [Qui86, Qui90a, Qui92, BFS90], version spaces [DM81],
AQ [Mic80, MMHLS6], FOIL [Qui90b, Qui9l], and CN2 [CN89, CN8&7|

e Neural networks. This is an ever-increasing set of methods is based on a “net-
work” of connected nodes in a layered (back-propagation [RM94]) or regular net-
work (self-organizing [Koh84]) arrangement.

e Genetic. This class of methods is based on evolutionary optimization. The rela-
tionship with machine learning is that a large class of machine learning methods
can be formulated in terms of an optimization process [Gol89, Koz92, HHNTS&9].

e Probabilistic. Using Bayesian analysis a network of interdependencies is created
between concepts. Each node in the network is a parameter or concept and the
directed connections between them denote a dependence of the child node on the
parent node [HSC91].

Statistical methods belong to the class of data analysis methods but do not neces-
sarily belong to machine learning. However, many of the operations within machine
learning methods stem from statistical and probabilistic analysis. The generalization of
concepts from a set of specific examples either directly or indirectly depends on proba-
bilistic principles. An important philosophical difference between machine learning and
statistics is that statistics is based on proposing a hypothesis and then testing for its
truth given a distribution. Machine learning methods usually assume no distribution,
and restrictions on the hypothesis are only indirect given the restrictions of the data
structure.

The purpose of clustering is to group together a set of similar objects usually through
a distance function. Different classes of distance clustering methods are defined by
how this distance function is used to form the clusters and whether this is used in an
incremental, divisive, or agglomerative way. The definition of similarity is not a flat one-
dimensional quantity. There are different grades of similarity. The most accommodating
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structure for defining levels of similarity is a tree hierarchy. This is a tree structure where
the top node is all the objects in the original set and as one progresses down the tree,
only similar objects stay together.

The rule induction methods are based on logical representations. The set of param-
eters are put in predicate functions, functions that return a logical value. With the
“normal” two-valued logic, the logical result is either true or false. These predicate
operations are then combined through the operators AND, OR, NOT, etc. to form log-
ical expressions (of first-order logic) , such as if-then rules or conjunctions describing a
concept.

In machine learning, the result describes under what circumstances, i.e., values of
the parameters, a particular condition holds. In clustering, for example, this condition
represents a classification specifying when an object belongs to a particular cluster.
Associated with each cluster would be different conditions. In learning with a set of
known input and output values, as in rule induction, the goal is to find under which
conditions a goal parameter is true, the derived formula represents a discriminator
specifying what values the describing parameters can take for the goal condition to
hold. The goal of rule induction is to form these discriminating formulas as, for example,
conjunctions, disjunctions, if-then rules, or decision trees.

The neural net algorithms stem from the biological notion of a neuron. In the brain
or spinal cord, the neuron receives information from other neurons and decides whether
to transmit its information to the next level of neurons. This interconnection of neurons
forms a network. In the computer analogy, the neurons are nodes that have connections
coming in from one set of nodes and connections going out to another set of nodes.
Associated with each connection is a weight as to the effect the connection should have.
At the neuron itself, the weights of the incoming nodes are collected and a decision is
made whether (or how much) to transmit a signal further. If the neurons are in a
layered arrangement (back-propagation), then the net represents a function between
vector spaces. If in an ordered network (self-organizing), then the connections reflect
similarity.

Genetic algorithms (and genetic programming ) are two very efficient global opti-
mization methods that play a large role in machine learning because machine learning
itself is an optimization process. Evolution, from where the ideas stem, is an opti-
mization process. The goal of the optimization is to find a species that can survive in
an environment. The criteria for optimizing is “survival of the fittest”. Most learning
methods (even for humans) can also viewed as an optimization process. The goal of
learning optimization is to find a representation within a learning environment.

10.3  Operational

In the previous section the different paradigms of machine learning (and data analysis
in general) were briefly introduced. This section examines the algorithms from an op-
erational point of view . This approach not only classifies and puts some order within
the multitude of methods, but also clarifies their commonalities and is the first step to
a more global definition and generalization of the algorithms.
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The examination of the operational structure of the algorithms has two purposes,
characterizing and generalizing. Characterizing is achieved when the entire algorithm
is examined and classified according to the results it achieves. How it achieves the re-
sults is of secondary importance. This characterization of the algorithms determines,
for example, which algorithms achieve similar goals and thus can be used interchange-
ably. Characterizing is one step toward generalizing, where the characteristics between
algorithms are examined and commonalities found.

Several classes of operations occur repeatedly within machine learning methods. The
classifications listed here are not completely independent. In addition, they are not
all used in the same way in terms of characterizing or generalizing an algorithm. The
following list should be taken as important operational components and distinctions
that occur within and between machine learning methods:

e Classification algorithms. The classification process is fundamental to the
characterization of an object. The fundamental concept associated with classifica-
tion is similarity. The result of machine learning is a description of a classification.

e Discrimination. Discrimination is determining whether an object, within a mea-
sure of certainty, belongs to a “goal” class. It is similar to classification, i.e., the
goal is a specific class, but the emphasis is not on classifying an object, but rather
on making a decision about an object.

e Reduction. An important goal of machine learning is to reduce the original raw
information about the system to a smaller manageable form by means of Occam’s
principle. In addition, through redundancy of information through object and
parameter equivalences, the search space can be reduced. A simple form of this
is recognizing (and then eliminating) nonsignificant or redundant parameters.

e Generalization/specialization. The most general description matches all ob-
jects and the most specialized description matches single (exactly equivalent) ob-
jects. Many machine learning algorithms are procedures to specialize the most
general description or to generalize the most specific description to describe a
class of objects.

e Heuristic function. Evaluation functions play a fundamental role in decision
making and characterization. The result of a specific algorithm can be highly
dependent on the definition of the evaluation function involved. In conjunction
with an ordering function they aid in the decision making process (a quality
heuristic); with clustering (or characterization) they give a measure of similarity
(a distance function); and with result evaluation they give confidence level (a
likelihood, accuracy).

e Optimization and search. Almost all machine learning methods can be formu-
lated as a search for the “optimum” solution. An optimum solution could be, for
example, the best generalization extracted from a set of objects. The optimiza-
tion methods can be distinguished in terms of “what” is being optimized (search
space) and “how” it is optimized (iteration, search, optimization, genetic, etc.).
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e Functional relationship. After the learning procedure is performed, the result
of many methods is simply a function from one domain to another. This is most
common in the predictive methods where a function of the input descriptions
transformed to the goal descriptions.

e Logical operations. The basis of the “rule induction” paradigms is a logical
description, a formula of logical operations. The semantic behind the operations
depends on the logical paradigm.

e Incremental/non-incremental algorithm. In terms of the availability of the
data set, there are incremental, where the objects are given to the algorithm one
at a time, and non-incremental, where the entire data set must be available at
the time of processing.

e Supervised/unsupervised algorithm. One of the controlling factors in the
learning process is whether outside influences are taken into account. Supervised
learning is where the learn optimization is guided through feedback. In practice,
this is where the description of the object is used to predict a known goal pa-
rameter. Unsupervised learning is where only the description of the object is used
to classify and characterize object. It is the nature of the description and the
optimization method to “decide” the classification.

10.3.1 Discrimination and Classification

Classification and discrimination are fundamental to the characterization and dif-
ferentiation of objects, respectively. A class represents a set of similar objects to be
classified or discriminated. The common properties of a set of specific objects are the
defining features of the class. The degree of commonality of the properties between the
elements in the class represents the degree of similarity. At the most specific level of
classification, the properties are those of the specific objects themselves; two objects
belong to the same class only if they are exactly equal (which, in turn, is dependent on
the concept of equality). At the most general level of classification is the entire set of
objects. How the objects are grouped or classified in the levels between depends on the
concept of similarity.

The concept of discrimination is similar to classification, but the emphasis is dif-
ferent. Both discrimination and classification deal with differentiating objects between
classes. The difference lies in that the purpose of classification is to form a set of classes,
and the purpose of discrimination is, given a set of classes and an object, to determine
to which class the object belongs. The definition of the classes in discrimination can be
defined externally.

10.3.2 Optimization and Search

Optimization and search play an important role in machine learning algorithms by find-
ing the best generalized representation of the system. For many rule induction methods,
a traditional AI search is made by modifying the current representation at each step
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according to some (sometimes heuristically based) rules. In optimization, the machine
learning method defines a specific “criteria” with which to optimize the representation.
The most common optimization used is “iterative”, as in neural nets and clustering
algorithms, where at each optimization step the current representation is incrementally
modified toward the optimum. Often the methods that were originally formulated as a
search can be reformulated using basically the same criteria and representations into
an optimization. One reason genetic algorithms are often confused as being themselves
a machine learning method is that they are a class of very efficient and general global
optimization methods.

10.3.3  Functional Relationship

A function takes an input in one domain and transforms it to an output in another
domain. The most common use in machine learning is the prediction function with a
parameter description of an object as input. The prediction function takes a vector
of description parameters and transforms it to a prediction vector of goal parameters.
For example, given a numeric vector representation of the object space, the results
of regression or neural nets represent a function from n-dimensional input space to
m-~dimensional result space. The popularity and ease of neural nets can be partially ex-
plained by this easy transference of the problem from statistical methods. The decision
of whether or not an object belongs to a given class (such as a predicate description or
decision tree) is a function from input parameter space to the logical domain.

10.53.4 Logical Operations

A large class of machine learning algorithms create decision making functions. For
example, discrimination and classification decide whether a particular object belongs
to a particular class. The basis of this decision making process is first-order logic. In a
parameter description the logical functions are predicates in the set of parameters.

Rule induction methods directly manipulate and create logical expressions. For ex-
ample, from a set of goal and descriptor predicates, the ID3, C4.5, and CART methods
form decision trees and the AQ method forms a single logical conjunction. Other meth-
ods may create structures whose interpretation can be a predicate. For example, when
neural nets are used as a discrimination function, the predicted goal parameter is a
logical value.

10.4  Object-Oriented Generalization

An object-oriented structuring of algorithms facilitates their implementation (and ex-
tension) by creating a hierarchy of algorithm classes in which the superclasses (classes
from which derived classes inherit operators and structures) hold the fundamental op-
erations of similar algorithms [RBP192, GHJV94]. Differentiation of algorithms occurs
through substitution of the necessary algorithms of the superclass (the rest of the su-
perclass remains the same), and adding new structures or operators.
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Knowing the operational and structural aspects of an algorithm can aid in the design
of the implementation through the recognition of similarity and differences between
the algorithms. If a general structure for a class of algorithms already exists, then the
experimentation with variances on these algorithms is also facilitated. The strength of
the object-oriented philosophy can be used in data structures in two ways:

e Interchange. Recognizing similarities within data structures promotes inter-
change and reuse of the information they contain. Each data structure contains
different levels of information. For example, in a cluster tree, at one level, the
cluster is a collection of specific objects (common to all clustering methods). In a
derived class, additional information such as a description of classification objects
could be specified.

e Algorithm generalization A generalized algorithm is designed to operate on
generalized data objects using only the fundamental properties of the objects. For
example, logic-based algorithms would rely on the fundamental logical operations,
but would be insensitive to the actual logic, such as crisp or fuzzy logic.

In the design of algorithms, especially in the field of vision, it is not sufficient to
rely on one single analysis algorithm. Layers upon layers of sequential, iterative, and
optimizing steps are used to reach the goal. This means that the essential information
of each step must be transferred to the next. Data and algorithm reuse is implemented
in the object-oriented philosophy in two ways:

e Hierarchical Organization. Commonalities for a large class of similar algo-
rithms or data structures are put at the top of the hierarchy (superclasses), and
as one proceeds downward the algorithms differentiate.

e Overloading Functions. Within an algorithm, modular aspects can be defined,
which can be exchanged depending on the result desired.

Both are ways to represent the commonalities between algorithms and data.

The use of the object-oriented philosophy in the implementation and organization
of the data structures and algorithms will be illustrated in the following sections with
logical structures and clustering algorithms, respectively.

10.5 Generalized Logical Structures

The most important data structure in classification (clustering) and decision making
(rule induction) is the logical expression. In the original formulations, most analysis
techniques are defined in “crisp” terms, usually a binary yes or no; “Yes”, this logical
statement is true or, “Yes”, this object belongs to this cluster. However, experience tells
us that one cannot always choose between black and white, there are also gray areas.
Fuzzy logic allows this extension [DHR93, KGK94, Zad65].

Most of the rule induction methods use the instances to estimate probabilities within
their evaluation functions. The main idea behind the translation of a rule induction
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method from its classical n-valued formulation to a fuzzy logic formulation is the relax-
ation and approximation of the probabilistic concepts within an algorithm to a fuzzy
logic formulation. The fuzzy logic formulation will continue to hold some “semantic”
of the probability concepts, but some of the axioms associated with probability theory
will be relaxed.

In the literature fuzzy logic can be described as a “possibility” measure. Furthermore,
because a major aspect of machine learning involves the “separation” of objects, the
fuzzy concept has a large aspect of “membership” character. The fuzzy function can be
thought of as a simplified probabilistic function. The machine learning method is used
to provide the first fuzzy guess at a probabilistic description. For example, a Gaussian
distribution about a single value would be simplified to a pyramid function. After this
first probability based guess, the resulting fuzzy functions could then be optimized by
center and width shifts.

The following details how machine learning originally formulated in a crisp logic can
be reformulated to a generalized form in an object-oriented approach.

10.5.1 Reformulation

The goal of the generalized approach is to define machine learning methods to allow,
for example, the more general logical framework. This is accomplished through the
reformulation, i.e., generalization, of the logical operations as they are used in machine
learning methods. Within classification, discrimination, and decision making methods
there are three important properties that need to be reformulated:

e Counting and frequencies. Counting how many objects match a logical de-
scription is no longer crisp, in other words, it can be “partially” counted.

e Partitioning. Given a classification of several partitions, an object need not
belong exclusively to one but may have partial characters of several.

e Logical operations. The logical operations have to reflect conjunctions and
disjunctions of object distributions.

In the classical formulation, given an object and a partition, the object matches one
and only one of the descriptions in question. In a true-false logic, the answer is true for
one of the descriptions and false for the others. Given a finite number of objects (which
are assumed to be representative of the infinite number of objects), the probability that
one of the descriptions is true is found by simply counting the number of objects that
match and dividing by the total number of objects.

In the relaxed formulation, given an object and a partition, the object matches all
descriptions within the partition, but to varying degrees, with the restriction that the
sum of the degrees is one. If the degrees were restricted to only zeros and ones, then the
classical formulation would be represented, one for true and zero for false. To calculate
the total probability of each description in the partition, in this relaxed formulation, the
counting procedure summing is over all of the degrees of the objects in each description.
In a crisp logic, this would be summing with ones (true) and zeros (false); otherwise,
it would be summing over the “fuzzy” values between zero and one.
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An often-used criterion for clustering and decision trees is the minimum length prin-
ciple, i.e., entropy. The basic term that needs to be calculated is p; In p;, where p is the
probability of belonging to partition i. This probability is calculated using the counts of
the instances, T:zt , where n; and n,: are the counts within the set of training instances
of partition ¢ and all partitions, respectively. The use of this generalized counting to
represent probabilities requires that ni,; = ¥;n;.

In the classical formulation an object can only be assigned one distinct classification.
The conjunction of two classifications reduces down to whether both are true. If the
characteristics were of a probabilistic nature, the conjunction of two (evenly distributed)

characteristics would be clear:

P(ANB) = P(A) P(B).

Thus, because the characterization of the membership functions of the predicates rep-
resents a relaxation of probabilistic concepts, the AN D function has the same multi-
plicative form.

10.5.2  Object-Oriented Implementation

A rule induction algorithm, for example, manipulates logical objects. If the operations
on these logical objects are generalized, then the method can be defined independent
of the logic used. The data objects, including the logical objects, are represented in
a hierarchical fashion to promote interchangeability. The algorithms are formulated in
such a way that it is fairly independent of the form of the logical expression and the
particular logic used.

A simple example is a nominal attribute representing a set of colors. The superclass
is the Logical class. This is the class used in the machine learning methods. Derived
from this class is NValuedLogic. An instantiation of this class (as 1.2 is an instantiation
of the Real class) is a 3-valued logic, for example, representing the colors red, green,
and blue. A specific attribute value (as used within a data set instance) of this type
could be, for example, green. The machine learning algorithm would be formulated
(compiled) with the Logical class and at run time the Colors class would be used.

Some classes are compound classes consisting of several other classes. The instan-
tiation to a specific attribute type would be the instantiation of the classes mak-
ing up the compound class. For example, within Figure 10.1 the foundational class
NumericPredicate is a predicate function in which a real value is mapped to a log-
ical value. Its main use is to form fuzzy logic predicates. Its definition needs a logic
class (Logical) and a numeric function class (FuncRead1D). The logic class specifies
the form of the logic that the predicate will return and the numeric function specifies
the functional dependence, which, for fuzzy logic, maps the real numbers to a number
between zero and one. In the example, the logic class is set to Continuous logic, a
fuzzy logic class having a “logic” value from zero to one and the FuncRead1D call is set
to PlateauFunction, where eight parameters determine the exact fuzzy relationship.
This specifies a new class derived from NumericPredicate. This class could be used to
define many fuzzy relationships, each instantiation of which would be a specific set of
the eight parameters.
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PlateauFunction FuncReal1iD
A}
(x1,x2,x3,x4,y1,y2,y3,y4) 1 double operation()(double)
Continuous Logical

NumericPredicate Operation

Logical operation()(Numeric) Obiject * operation()(Object *)

—

Predicate

String Op

Parameter C

Object * operation()(Object *)

FIGURE 10.1. The interaction and building of a complex data structure from the frame given
is shown. The “Predicate” object has two strings for the parameter name (to be found for
each example instance) and the logic type of the predicate. The predicate itself is made up of
a numeric predicate (a function mapping a number to a logic value). The numeric predicate,
in turn, has two slots for the logic type and the numeric function type.

10.6 Generalized Clustering Algorithms

Clustering algorithms, as defined here, create a hierarchy of “clusters”, grouping of
objects. Each node is a grouping of “similar” objects, and the sons of each node are a
further refinement of these similar objects into even more similar objects. There are a
wide range of clustering algorithms ranging from k-means, the grouping of vectors into
a fixed number of clusters using a Euclidean distance function, to a generalized CRG
clustering where a hierarchy of clusters is formed by criteria determined at each level
(or node) in the cluster hierarchy.

At one level, the wide variance of clustering methods have characteristics in common.
For example, all produce a structure where each node is a grouping of objects. Fur-
thermore, once the clustering hierarchy exists, each has a function that can “classify”
a new object, i.e., assign it to a cluster. The two major aspects where the algorithms
differentiate are the representations of the descriptions of each cluster and how the
clustering hierarchy is created.

Within a similar class of clustering algorithms, certain procedures are common. For
example, all divisive clustering methods have the common procedure of splitting the cur-
rent objects on a node into another set of clusters making up the sons. The similarities
are found through the operational examination of the entire set of clustering algorithms.
The properties such as whether the method is incremental /non-incremental, divisive or
agglomerative, clustering criteria, and object representation are used to group the clus-
tering methods into classes.
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Within the object-oriented framework, the clustering algorithms are placed within a
hierarchy of algorithm classes. Common overloaded procedures to a class of algorithms
are put in the superclasses and as one moves down the hierarchy only the necessary
differentiation will occur. In the following section, this will be illustrated with the
organization of the current implementation.

10.6.1 Function Ouverloading

Within the class hierarchy, functions within the superclasses are designed in such a way
that the components, i.e., further overloaded functions, are shared by a large portion
of the derived classes. The definition of a variant is the substitution of one of these
components.

For example, within the generalized class of divisive clustering, the algorithm itera-
tively optimizes the clustering with the algorithm shown in Figure 10.2. Depending
on the clustering method, the operations of the basic divisive algorithm are over-
loaded in the derived classes. For example, the basic k-means algorithm defines the
Initialization routine to choose k seed vectors, the ClusteringInstancesOnNodes
would use the distance function to assign the objects to the nodes, AdjustCluster
Structure would redefine the node vectors and ContinueClusterIteration checks
the change in the node vectors for convergence. In ISODATA and some vector quanti-
zation methods, for example, the AdjustClusterStructure operator would eliminate
unused nodes in the cluster set. Among other differences, the CRG algorithm would
have a more complex ClusteringInstancesOnNodes that would cluster unary and
binary features depending on the node level.

Initialization The node is initialized with the appropriate cluster structure.

while(ContinueClusterIteration) The iterative looping continues until convergence
is reached based on the current cluster structure. The quality of the structure and
the improvement since the last iteration can be used as criteria.

ClusteringInstancesOnNodes Given the current set of instances, current node
and the current clustering, the next new clustering structure is created. This
routine would be where the distance function could be used to determine
the object assignment.

ComputeClusterQuality The quality of the current cluster is evaluated.

AdjustClusterStructure Given the new clustering, the cluster structure is ad-
justed. As a result, the measure of cluster improvement is calculated (to be
used in deciding whether further evaluations are needed).

FIGURE 10.2. The Main Algorithm of Divisive Clustering

Another form of function overloading, which is useful for clustering algorithms, is
where the function is not defined in the hierarchy but retrieved externally as an input
parameter. The most obvious candidate of this type is the distance function, a mapping
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from the object and node description to a floating-point number representing the sim-
ilarity of the object to the node description. In standard distance clustering over real
vector spaces, the set of distance functions would calculate the difference between the
input vector and the mean vector on the node. Another example in vector quantization
where a small representation is searched for is the use of description length (entropy)
as the distance function. With data objects beyond vectors, the object could be, for
example, graphs, where the definition of the difference between two graphs could be
experimented with. This experimentation would occur without distortion to the base
clustering algorithm.

Conclusion

A general summary of machine learning has been given from several perspectives. It
has been contrasted with other data analysis methods noting that the major differ-
ences are that they are based on more humanlike properties and that they are usually
a search through the representation space. From a more historical perspective, the
major paradigms were outlined, namely, statistical, clustering, rule induction, neural
net, genetic, and probabilistic algorithms. A more useful categorization of the meth-
ods was given from an operational point of view. This viewpoint was used as a basis
to illustrate how they are implemented in an object-oriented framework to expediate
the experimentation and developement of the complex algorithms that image analysis
requires.
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Part 1V

Information Fusion and
Radiometric Models for Image
Understanding



Introduction to Part IV

At first glance, the reader might feel that the topics in this part seem unrelated or only
very loosely coupled. On the one hand this is true, because Chapter 11 presents rather
theoretical work in fundamental areas of Image Understanding (IU), while Chapter 12
deals with more application-driven aspects of IU in remote sensing. However, taking a
closer look, there are many interrelations that justify the presentation of these topics
in one common part of this book:

e It has been the longstanding goal in IU for at least a decade to build generic
image understanding systems that are capable of interpreting scenes based on the
input of a single 2D image. Remote sensing has been the major application area
for these trials (medical TU being the second one).

e More recent developments have led to the idea that on the one hand a more
global modeling is required for effective IU. This includes the use of more than one
image, leading directly to a bunch of open problems in information fusion covered
in Chapter 11, and the accurate understanding and modeling of the radiometric
situation when taking an image, which is covered in Chapter 12.

e On the other hand, there is a clear understanding that the complexity of IU
applications can be dramatically reduced, if we build more application-specific
purposive systems or systems that work on a more gualitative (vs. metric) basis.
This issue is demonstrated for applications in object recognition (Chapter 11)
and for specific situations in remote sensing (Chapter 12).

We thus hope that, starting from a general presentation of the theoretical aspects of
information fusion in IU, the subsequent two Chapters will provide insight into IU in
general, cover in detail the more specific IU problem of object recognition, and finally
demonstrate the relevance of the presented techniques in several application areas of
remote sensing.
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Information Fusion in Image
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It is well known that static, single image analysis constitutes an ill-posed problem. One
reason is that the reconstruction of a 3D scene from one 2D image is underdetermined.
Interpreting and recovering information from one single image have been the goal of
many image understanding systems in the 1980s (e.g., [DCB189, MH90, Pin89]). While
a human has sophisticated image interpretation capabilities—we are in most cases able
to correctly infer information about the underlying scene from a photograph—a generic
image understanding system is still beyond today’s technical capabilities. In the kind of
systems mentioned earlier, researchers tried to reach their goals by implementing Ar-
tificial Intelligence techniques (expert vision systems, modeling of domain knowledge,
modeling of image analysis knowledge, etc.). In 198889, a new paradigm of “active
perception” or “active vision” [Baj88, AWB87] was introduced and became very pop-
ular in the following years, being extended to “active, qualitative, purposive” vision
[Alo91]. The main ideas behind these concepts can be subsumed as follows: The ill-
posed problem of general vision can become well-defined and easy to solve;

1. if there is an active observer taking more than one image of the scene;

2. if the “reconstructionist” metric approach to vision is relaxed to a qualitative one,
where it is sufficient to state, e.g., that object A is closer to the observer than
object B;

3. if instead of general vision, a well-defined narrow purpose of the vision system is
modeled (leading to a particular solution of a specific application problem); or

4. in the case of any combination of these three items.

The main goal of our work has been the systematic investigation of item 1 from a new
perspective: If there is an active vision system taking more than one image of a scene, or
even more general, if there are moving observers or objects in the scene and the system
is equipped with several sensors, then the essential problem has to be solved of how to
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integrate multiple information from multiple sensors and/or taken at different instances
in time. Information to be fused can be imperfect in many ways (wrong, incomplete,
vague, ambiguous, contradictory). Mechanisms are required to

e select information from different sources,
e combine information into a new aggregated state,
e spatially and temporally register visual information, and

e integrate information at different levels of abstraction (pixel, feature, symbol
level).

While the literature is full of specific solutions (e.g., [AS89]) to this general problem
of information fusion in image understanding, our work is about the first to investigate
this problem in a general information theoretic manner and, as a side product, to
come up with a new mechanism of control for an image understanding system called
active fusion. We have worked on metric spatial registration [PPG95], qualitative spatial
reasoning [PA98], the evaluation and comparison of several mathematical frameworks
for fusion [BPPPnt|, and we have applied fusion to medical applications [PBDK98], in
remote sensing [PPGB96] and to the task of object recognition [BPB98]. In subsequent
sections we briefly present the concept of active fusion and, in more detail, several
aspects of active object recognition.

11.1  Active Fusion

Figure 11.1 shows a general schema of processes and representations in image under-
standing, with a special emphasis (boldface, bold arrows) on the role of fusion within
the schema. The process of fusion combines information and actively selects the sources
to be analyzed and controls the processes to be performed on these data; we call it
active fusion. Fusion can take place at isolated levels (e.g., fuse several input images
producing an output image) or integrate information from different representational
levels (e.g., generate a thematic map from a map, digital elevation model, and image
information). Processing at all levels can be requested and controlled (e.g., selection of
input images, choice of classification algorithms, refinement of results in selected areas).

The purpose of the process of active fusion is twofold: generation and control of
processing strategies, and selection and combination of information from several repre-
sentations. The strategy management is required to limit the number of parallel paths,
thereby controlling the image understanding system and avoiding well-known problems
of computational complexity and combinatorial explosion. For more details of imple-
mentations of active fusion based on probability theory, Dempster-Shafer theory of
evidence, and fuzzy set theory as well as an application example in remote sensing we
refer the reader to [PPGB96].
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FIGURE 11.1. The concept of “active fusion” controlling a general image understanding frame-
work: The active fusion component constitutes a kind of expert system/control mechanism,
which has knowledge about data sources, processing requirements, and effective selection and
combination of multisource data. The upper half corresponds to the real-world situation, while
the lower half reflects its mapping in the computer. Boxes and ellipses denote levels of repre-
sentation and levels of processing, respectively. Solid arrows represent the data flow, dashed
ones the control flow in the image understanding system.

11.2  Active Object Recognition

Most computer vision systems found in the literature perform object recognition on
the basis of the information gathered from a single image. Typically, a set of features
is extracted and matched against object models stored in a database. Much research
in computer vision has gone in the direction of finding features that are capable of
discriminating objects [Bie87]. However, this approach faces problems once the features
available from a single view are simply not sufficient to determine the identity of the
observed object. Such a case happens, for example, if there are objects in the database
that look very similar from certain views or that share a similar internal representation
(ambiguous objects or object data); this difficulty is compounded when we have large
object databases.

A solution to this problem is to use the information contained in multiple sensor
observations. Active recognition provides the framework for collecting evidence until
we obtain a sufficient level of confidence in one object hypothesis. The merits of this
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framework have already been recognized in various applications, ranging from land-
use classification in remote sensing [PPGB96] to object recognition [BPPP98a, PPP9S8,
BPPPnt, PBGT96, GI94].

Active recognition accumulates evidence collected from a multitude of sensor obser-
vations. The system has to provide tentative object hypotheses for each single view
and combine observations over a sequence of active steps. The fusion of data collected
at multiple viewpoints moves the burden of object recognition slightly away from the
process used to recognize a single view to the processes responsible for integrating the
classification results of multiple views and planning the next action.

“—Pl Action |—b| Processing
Fusion |—>| Planning |—|

Termination ?

FIGURE 11.2. The major modules involved in active object recognition. A query triggers the first
action. The image data are processed and object hypotheses are established. After the newly obtained
hypotheses have been fused with results from previous steps the most useful next action is planned and
termination criteria are evaluated. The system will perform further active steps until the classification
results become sufficiently unambiguous.

In active recognition we have a few major modules whose efficiency is decisive for the
overall performance (see also Figure 11.2):

e the object recognition system (classifier) itself;
e the fusion task, combining hypotheses obtained at each active step; and
e the planning and termination procedures.

The work on active recognition was pursued in two different directions inspired by
two general object recognition paradigms.

1. Specific object recognition based on a collection of 2D views. This work
follows the paradigm of appearance-based object recognition. Sections 11.3 and
11.4 present two solutions, namely:

o Feature space active recognition—Objects are represented as a collection of
points in a high-dimensional feature space, and view planning tries to mini-
mize the uncertainty contained in the outputs of a classifier. We use a mod-
ified version of Murase and Nayar’s [MN95] parametric eigenspace as the
underlying feature space, and classification uncertainty is measured by Shan-
non entropy.

e Reinforcement learning-The solution to active recognition using reinforce-
ment learning also uses a feature space representation of the known objects
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but focuses on the aspect of learning. That is, during a training phase the
system learns a strategy of how to resolve classification ambiguities by repo-
sitioning the camera.

2. Generic object recognition based on 3D prototype models. This work fol-
lows the paradigm of generic model based object recognition. Section 11.5 presents
a solution to this difficult problem in the spirit of Biederman’s RBC theory [Bie87].
The aim is to establish a generic recognition system that can handle object classes
rather than specific object instances while still using the benefit of an active ob-
server. In order to do so, 3D prototype models are used to infer object identity
and estimate its pose. View planning is based on expected part visibility.

11.2.1 Related Research

The general ideas of active vision have already been applied to object recognition by
many other researchers.! Among them are Hutchinson and Kak [HK92], Callari and
Ferrie [CF96], Sipe and Casasent [SC98], Kovaci¢, Leonardis, and Pernus [KLP98], and
Dickinson et al. [DCTO94]. All of them pursue a similar aim: Given a digital image
of an object, the objective of the system is to actively determine the identity of that
object and estimate its pose in the scene. The identity or pose of the object may be
ambiguous from a given view. The algorithms include mechanisms to detect ambiguities
and select viewpoints that resolve these ambiguities.

Hutchinson and Kak describe an active object recognition system based on Dempster-
Shafer belief accumulation. The action that minimizes a newly defined measure of
ambiguity is performed next. They use various actively controlled sensors such as a
range-finder and a CCD camera. The experiments are performed in a blocks-world
environment with very simple objects.

Callari and Ferrie base their active object recognition system on model-based shape,
pose, and position reconstructions from range data. They estimate Bayesian proba-
bilities for the object hypotheses and choose those steps that minimize the expected
ambiguity measured by Shannon entropy.

Sipe and Casasent describe a system that uses an eigenspace representation. They
perform probabilistic reasoning for the object hypotheses but do not fuse the pose
estimations. In order to derive their active vision scheme they assume the variances of
the likelihood distributions to be constant for each object. This is a strong assumption
that neglects the variability of the actual data (see Section 11.3.2). For planning they
suggest learning for each pair of objects the most discriminating viewpoint.

Kovaci¢, Leonardis, and Pernu$ cluster similar views in feature space. The system
calculates the resulting new clusters for each possible action and chooses the action that
maximally separates views originally belonging to the same cluster. Doing this off-line
for all obtained clusters they compile a complete recognition-pose-identification plan,
a tree like structure that encodes the best next view relative to the current one and is
traversed during active runs.

1See for example [TAT95] for a survey of sensor planning in computer vision.
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Dickinson et al. present a system that includes active camera viewpoint selection to
facilitate object recognition. The control structure of the proposed system offers mech-
anisms for focusing attention (realized by Bayesian networks) and viewpoint selection
(realized by an aspect prediction graph in conjunction with the prediction capabilities
of Bayesian networks). The results look promising, although they only presented images
where all objects are representable by one single geon (no composite objects).

Previous work has also been reported in planning sensing strategies. Murase and
Nayar [MN94] presented an approach for illumination planning in object recognition by
searching for regions in eigenspace where object manifolds are best separated. Murase
and Nayar limited their approach to an off-line planning phase using no active steps.

11.3 Feature Space Active Recognition

It has been shown that there are no invariant features for 2D projections of a finite, un-
constrained set of 3D points ( [CJ91, BWRI3]). Hence, feature space representations for
3D object recognition usually work in a multiple view context. Objects are represented
as a collection of images, and each image in turn is represented as a vector of feature
values calculated on it. The resulting set of points in the (usually) high-dimensional
vector space then forms the representation for an object as a whole. It is interesting
to note that even though the feature space might be very high dimensional (e.g., thou-
sands of dimensions if every image pixel is used as a vector element), the collection of
points that represent a specific object forms a manifold representation of much lower
dimensionality. Actually, the dimensionality of the manifold is equal to the number of
degrees of freedom that were present when the set of images approximating an object
(e.g., translations, rotations, illumination changes, scale changes)? was recorded. The
intrinsically low dimensionality of a feature space representation offers the possibility
of using techniques for dimensionality reduction (e.g., principal component analysis)
that will result in a more compact representation for the point set forming an object
[EI97]. The system presented herein uses the principal component transform [0ja92] to
compress the feature space representation for an object.

One problem with multiple view representations is that even with many views a 3D
object is only approximated. Each image has to capture the object appearance over a
certain range of viewpoint values, where the actual appearance might change. So there
is a trade-off between the size of a multiview representation and its accuracy. One way
to improve the accuracy is to interpolate between training views to compute additional
images [UB91]. Another method is to calculate features on the training images that
are quasi-invariant, i.e., they remain approximately constant over a certain range of
viewpoint values. Our system can be regarded as falling within the first category.

A very attractive feature of multiple view-based object representations is the possi-
bility of acquiring the object models by automatic learning procedures. If a 3D CAD

2This dimensionality might be further reduced by calculating feature values that are invariant to
certain variations (e.g., translation-invariant).
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model of the object is available, then this model can be used to construct a multiview
(and subsequently a feature space) representation by sampling the view sphere around
the object either uniformly or stochastically and to use, for example, techniques from
computer graphics to generate the sample images. Alternatively, one can use intensity
images obtained from a real object to construct the object model without having to
solve the difficult problem of reconstructing the three-dimensional structure. A limita-
tion of this automatic learning procedure lies in the fact that it is exponential in the
number of degrees of freedom one would like to model. Usually, rotations in depth are
learned explicitly, while, for example, translations or rotations in the image plane, illu-
mination changes or changes in scale are compensated for by preprocessing operations.
This makes the number of required training images manageable. We follow the same
strategy in our experiments.

We shall now present an active recognition system that uses the parametric eigenspace
by Murase and Nayar [MN95] as a specific formulation of the more general notion of
a high-dimensional feature space. However, the principal derivations can be applied to
other feature spaces without major changes.

11.8.1 Object Recognition in Parametric Figenspace

The eigenspace approach requires an offline learning phase during which images of all
different views of the considered objects are used to construct the eigenspace (see, for
example, Figure 11.5). In subsequent recognition runs the test images are projected
into the learned eigenspace and assigned the label of the closest model point.

In a preprocessing step it is ensured that the images are the same size and that
they are normalized with regard to overall brightness changes due to variations in
the ambient illumination or aperture setting of the imaging system. Each normalized
image I can be written as a vector x(I) by reading pixel brightness values in a raster
scan manner, i.e., X = (r1,...,2y5)7 with NV being the number of pixels in an image.

X := (XOW1 2 Xop a0 - ,xonm%v) denotes a set of images with n, being the number

of models (objects) and n, being the number of views used for each model.? Next, we
define the N x N covariance matriz Q := XX and determine its eigenvectors e; and the
corresponding eigenvalues \;. See [MNO95] for a discussion of various efficient numerical
techniques that are useful in the given context. Because Q is real and symmetric, we
may assume that < e;,e; >= J;;. We sort the eigenvectors in descending order of
eigenvalues. The first k eigenvectors are then used to represent the image set X to a
sufficient* degree of accuracy: Xos,p; N Zle gs€s, with g =< e4,X,, », >. We call
the vector g,,,,; = (g1, .. ,gr)T the projection of Xo,,p,; into the eigenspace. Under
small variations of the parameters ; the images x,, ,, of object o; will usually not be
altered drastically. Thus for each object o; the projections of consecutive images x,, o,
are located on piecewise smooth manifolds in eigenspace parameterized by ¢;.

In order to recover the eigenspace coordinates g(I) of an image I during the recog-

3In order to simplify notation we assume X has zero mean.
4Sufficient in the sense of sufficient for disambiguating various objects.
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nition stage, the corresponding image vector y(I) is projected into the eigenspace,
g(I) = (ey,...,ex)Ty(I). The object 0, with minimum distance d,,, between its mani-
fold and g([I) is assumed to be the object in question: d,,, = min,, miny; [|g(1) —go, ¢, I|-
This gives us both an object hypothesis and a pose estimation.

As a way to improve the pose estimation, Murase and Nayar suggested using individ-
ual object eigenspaces that are built by taking only images from one specific object for
all values of the parameters ¢;. Once the object hypothesis has been obtained using the
universal eigenspace the image vector y(I) is projected into the eigenspace of object
om and a better estimate of the parameter ; is obtained.

(a) Sample distribution. (b) Samples for two views.

FIGURE 11.3. (a) Exemplary eigenspace representation of the image set of one object used
in the experiments to be described in Section 11.3.7, showing the three most prominent di-
mensions. (b) illustrates explicitly how different views of an object give rise to likelihood
distributions with different standard deviations in eigenspace. The dots indicate the positions
of the learned samples for the views 270° and 0° of object o1.

11.3.2  Probability Distributions in Eigenspace

Before discussing active fusion in the context of eigenspace object recognition we ex-
tend Murase and Nayar’s concept of manifolds by introducing probability densities
in eigenspace (Moghaddam and Pentland [MP97] also used probability densities in
eigenspace for the task of face detection and recognition). Let us denote by p(g|o;, ;)
the likelihood of ending up at point g in the eigenspace of all objects projecting an
image of object o; with pose parameters ;. The likelihood is estimated from a set of
sample images with fixed o;, ¢;. Figure 11.3(a) depicts the point cloud in eigenspace
corresponding to the full set of sample images of a specific object to be used in the ex-
periments. The samples capture the inaccuracies in the parameters ¢; such as location
and orientation of the objects; fluctuations in imaging conditions such as moderate light
variations; pan, tilt, and zoom errors of the cameras and segmentation errors. With the
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rule of conditional probabilities we obtain®

p(gloi, p;) P(pjloi) P(oi)
p(g) '

P(oi, 5l8) = (11.1)

Given the vector g in eigenspace the conditional probability for seeing object o; is

Plog) = > Ploiv,le) (112

Murase and Nayar’s approach consists in finding an approximate solution for o,, =
argmax; P(o;|g) by searching for the minimum distance to the next manifold. We
can restate this approach in the framework and thereby make explicit the underlying
assumptions. We obtain Murase’s and Nayar’s algorithm if we

1. Estimate P(0;,¢;|8) = f(||8o,.0, — &||) with f(z) > f(y) & @ < y. Thus they
assume that the mean of the distribution lies at the captured or interpolated po-
sition g, ,,- The distributions have to be radially symmetric and share the same
variance for all objects o; and all poses ¢;. With this estimation the search for
minimum distance can be restated as a search for maximum posterior probability:

arg max P(o0;, ¢;|g) = arg min Hgoh% — gH )
0i,Pj 0i,Pj

2. In the calculation of the object hypothesis the sum in Equation (11.2) is approx-
imated by its largest term:

P(oi]g) ~ max P(o;, ¢;]g) = argmax P(0;g) = arg minmin €00, — &]|-
Fi i i Fi

The first approximation is error-prone as the variance and shape of the probability
distributions in eigenspace usually differ from point to point. This is exemplified in
Figure 11.3(b) where the point clouds for the views ¢ = 270° and ¢ = 0° indicate
samples of the corresponding probability distributions. The experimentally obtained
values for the standard deviations in this example are og7gc = 0.01 and ogo = 0.07,
which have to be compared to an average value of 0.04. The second approximation may
lead to mistakes if only a few points of the closest manifold lie near g while many points
of the second-closest manifold are located not much further away.

11.3.8  View Classification and Pose FEstimation

During active recognition step number n, a camera movement is performed to a new
viewing position at which an image I, is captured. The viewing position 1, is known
to the system through v, = g + Ay +. ..+ A, where Ay, indicates the movement
performed at step k. Processing of the image I,, consists of figure-ground segmentation,

5We use lowercase p for probability densities and capital P for probabilities.
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normalization (in scale and brightness), and projection into the eigenspace, thereby
obtaining the vector g,, = g, ([,,). When using other feature spaces we have a similar
deterministic transformation from image I,, to feature vector g, , even though feature
extraction may proceed along different lines.

Given input image I,, we expect the object recognition system on the one hand to
deliver a classification result for the object hypotheses P(0;|I,) while a possibly sep-
arate pose estimator should deliver P(¢;o;,I,,).5 We obtain through Equation (11.1)
the quantity P(o0;,¢;|ln) = P(0;,$;|gn) from the probability distributions in the

eigenspace of all objects. From that quantity we can calculate P(o0;|I,,) := P(0;|gn)
as indicated by Equation (11.2). The pose estimation for object o; is then given by
P(oi, ;1)
P(pilo;, I,) = —2 2277 11.3

In order to ensure consistency when fusing pose estimations obtained from different
viewing positions, each pose estimation has to be transformed to a fixed set of coor-
dinates. We use the quantity P(y;|o;, I,,,1y) to denote the probability of measuring
the pose ¢; at the origin of the fixed viewsphere coordinate system after processing
image I,,, which is captured at the viewing position v,,. In our experiments the system
is initially positioned at ¢o = 0°. Therefore, P(y;|0;, In,%r) indicates how strongly
the system believes that the object 0; was originally placed at pose ¢; in front of the
camera. Because the current image I,, has been captured at position v,, this probability
is related to P(p;|o;, I,) through

P(0;,¢;|In,vn) will be used for fusion. For ease of notation we shall omit the depen-
dence on v, in the following and write only P(o;, ¢;|I,).

11.3.4 Information Integration

The currently obtained probabilities P(o0;|I,,) and P(yp;|o;, I5,) for object hypothesis o;
and pose hypothesis ¢; are used to update the overall probabilities P(o;|I1, .., I) and
P(gjloi, I1, .., Ip,). For the purpose of updating the confidences, we assume the outcome
of individual observations to be conditionally independent given o; and we obtain:

P(Oi|Il,..,In> (0.8 P(Oi|Il,..7In_1)P(0i|In) P(Oi)_l, (115)
P((pj‘Oi,Il,..,In) X P(Spj|0i7-[17~~7In71)P(@j|0i;In)P(@j|0i)_17 (116)
P(Oi,gﬁj|jl,..,In) = P(ng|O7;,Il,..,In) P(Oi|Il,..,In). (117)

The priors P(g;|o;) and P(o;) enter at each fusion step. In our experiments every
object is placed on the turntable with equal probability and P(o0;) is uniform. For the
purpose of simplifying the calculations, we also assume P(p;|o;) to be uniform even
though in general a rigid object has only a certain number of stable initial poses.

6The reason for the hat on ; will become evident later.
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The assumption of conditional independence leads to a very good approximate fusion
scheme that works well in most possible cases. Nevertheless, counter-examples exist and
lead to experimental consequences. We will discuss such a case in Section 11.3.8.

11.3.5 View Planning

View planning consists in attributing a score s, (A1) to each possible movement A
of the camera. The movement obtaining the highest score will be selected next:

Atppyq = argniz?bxsn(Aw). (11.8)

The score measures the utility of action A, taking into account the expected reduction
of entropy for the object hypotheses. We denote entropy by

H(olg1,...gn) == — Y _ P(oilg1,..8n)log P(0;|g1, ... 8n); (11.9)

(¢33

where it is understood that P(o;|g1, ..,gn) = P(0i|l1, .., I,). Other factors may be taken
into account such as the cost of performing an action or the increase in accuracy of
the pose estimation. For the purpose of demonstrating the principles of active fusion in
object recognition, let us restrict attention to the average entropy reduction using

$n(AY) = > P(oi, |1, .., In) AH(AYos, 05, Iy, ., In). (11.10)

0i,Pj

The term AH measures the entropy loss to be expected, if o;,¢; were the correct
object and pose hypotheses and step A is performed. During the calculation of the
score s, (A1) this entropy loss is weighted by the probability P(o;, ¢;|I1, .., I,,) for 0, ¢;
being the correct hypothesis. The expected entropy loss is again an average quantity
given by

H(A¢|Oi7(pj7[13 7In) =
H(0i|g1,~agn)_/Qp(gloivSOj + by + AV H (0|1, .., gnr g)dg.  (11.11)

Here ¢; is the supposedly correct pose measured at the origin of the view-sphere coordi-
nate system and 1, + Avy indicates the possible next viewing position. The integration
runs in principle over the whole eigenspace ) (i.e., over [~1,1]* because the images
are normalized). In practice we average the integrand over samples of the distribution
p(gloi, pj + ¥n + At). Note that H(0;|g1,..,8n,8) on the right-hand side of Equa-
tion (11.11) implies a complete tentative fusion step performed with the hypothetically
obtained eigenvector g at position o;, ¢, + ¥, + Av.

The score as calculated with Equation (11.10) is multiplied by a mask to avoid
capturing views from similar viewpoints over and over again. The mask is zero or low
at the recently visited locations and rises to one as the distance from these locations
increases. Using such a mask we effectively force the algorithm to choose the action
obtaining second-highest score in case the system would decide not to move at all.

The process terminates if the entropy H(0;|g1, .., gn) gets lower than a prespecified
value or no more reasonable actions can be found (maximum score too low).
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11.3.6  The Complexity of the Algorithm

In the following we denote by n, the number of objects, by n,, the total number of views
used to model an object, and by ny the number of degrees of freedom of the setup.
Because n,, depends exponentially on the number of degrees of freedom we introduce
n,, the mean number of views per degree of freedom, such that n, = ny’ . Finally let
us denote by n, the average number of possible actions. If all movements are allowed
we will usually have ng = n,.

Before starting the discussion of the complexity of the algorithm it is important to
realize that many of the intermediate results that are necessary during planning can be
computed offline. In Equation (11.11) the quantity H(o;|g1, .-, 8n, &) is evaluated for a
set of sample vectors g = g1, .., 8y, for each possible manifold parameter ¢; + v, + A.
We denote by ng the number of samples per viewpoint used for action planning. The
corresponding likelihoods p(gr|0;, ¢; + ¥, + A1) and probabilities P(0;]g,),r = 1..n,
are computed offline so that only the fusion step in Equation (11.5) has to be performed
online before computing the entropy according to Equation (11.9). Hence the complexity
of calculating the score for a particular action At is of order O(nony, ns o).

On the other hand, the complexity of calculating the score values for all possible
actions is only of order

O(nong ng Mo + NN Ng) (11.12)

if a lookup table is calculated online. The first term n,n,nsn, expresses the order
of complexity of calculating the fused probabilities (and the corresponding average
entropies) for all the n,n,ng possible samples that are used as potential feature vectors
for view planning (ns per view with n,n, being the total number of views). These
average entropies can be stored in a lookup table and accessed during the calculation of
the total average entropy reduction. Thus we need only n,n, n, additional operations
to compute all the scores s, (Av) through Equations (11.10) and (11.11).

We can also take advantage of the fact that only hypotheses with large enough confi-
dences contribute to action planning. This is due to Equation (11.10), where hypotheses
with low confidences do not affect the calculation of the score. Hence only the n; most
likely compound hypotheses (0;, ¢;) may be taken into account. The number n; is ei-
ther prespecified or dynamically computed by disregarding hypotheses with confidences
below a certain threshold. Usually n; << n,n,, for example, n; = 10 (taking n; = 2 im-
itates the suggestion presented by Sipe and Casasent [SC98]). With this simplification
we obtain the following estimate for the order of complexity of the algorithm:

O(n2ngpns +mng) o O(ny? (nng +mny)). (11.13)

This can be lowered again if not all possible actions are taken into account (n, < n).
The estimates explain why the algorithm can run in realtime for many conceivable
situations even though the algorithm scales exponentially with the number of degrees
of freedom. In fact, because the contributions of each sample and each action can be
computed in parallel a great potential for sophisticated real-time applications exists.
In the experiments to be described in Section 11.3.7 a typical view-planning step takes
only about one second on a Silicon Graphics Indy workstation even though the code
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has been optimized toward generality rather than speed and none of the mentioned
simplifications has been used.

11.3.7 Ezperiments

xz—table @[_\

controlled
illumination

camera on
pan-tilt head

q) turn table

(a) Sketch (b) Setup

FIGURE 11.4. A sketch (a) plus a picture (b) of the used active vision setup with six degrees
of freedom and fiteen different illumination situations. A rectangular frame carrying a movable
camera is mounted to one sidewall. A turntable is placed in front of the camera.

An active vision system has been built that allows for a variety of different movements
(see Figure 11.4). In the experiments to be described the system changes the vertical
position of the camera and the tilt and orientation of the turntable.

Eight Toy Cars:

The proposed recognition system was first tested with eight objects (Figure 11.5) of
similar appearance concerning shape, reflectance, and color. For reasons of comparison,
two objects o7 and og are identical and can only be discriminated by a white marker
attached to the rear side of object 0g. During the learning phase the items are rotated
on a computer-controlled turntable at fixed distance to the camera by 5° intervals.
The illumination is kept constant. The object region is automatically segmented from
the background using a combined brightness and gradient threshold operator. Pixels
classified as background are set to zero gray level. The images are then rescaled to
100 x 100 pixels and projected to an eigenspace of dimension three. For each view,
possible segmentation errors have been simulated by shifting the object region in the
normalized image in a randomly selected direction by 3% of the image dimension, as
proposed in [MN94].
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FIGURE 11.5. Each of the objects (top row) is modeled by a set of 2-D views (below, for object
01). The object region is segmented from the background and the image is normalized in scale.
The pose is shown varied by a rotation of 30° intervals about a single axis under constant
illumination. A marker is attached to the rear side of object os to discriminate it from object
o7 (bottom right).

The significant overlap between manifolds of all objects, computed by interpolation
between the means of pose distributions (Figure 11.6(a)), visualizes the overall ambi-
guity in the representation.

For a probabilistic interpretation of the data, the likelihood of a sample g, p(g|o;, ¢;),
given specific object 0; and pose ¢;, has been modeled by a multivariate Gaussian
density N (p,oi’%, 3o, ,p;), With mean Mo, . and covariance 3, o, being estimated from
the data that has been corrupted by segmentation errors. From this estimate both object
(Equations (2) and (3)) and pose (Equations (2), (4), and (5)) hypotheses are derived,
assuming uniform probability of the priors.
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(a) Manifolds (b) Marker distance

FIGURE 11.6. Manifolds of all eight objects (a) and distance between the manifolds of two
similar objects introduced by a discriminative marker feature (b).
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TABLE 11.1. Probabilities for object hypotheses in an exemplary run. See also Figure 11.7(a).
Py are the fused probabilities P(0;|g1,..,8xn). Object o7 is the object under investigation.

U = 0° Py = 290° Py = 125° U3 = 170°

0i | Ploilgo) | Py || Ploilgr) | Py || Ploilg2) | Py || Ploilgs) | Py

1| 0001 [0.00I| 0.000 |0.000] 0.139 [ 0.000 || 0.000 | 0.000
2 | 0.026 | 0026 | 0.000 |0.000| 0.000 |0.000]| 0.000 | 0.000
3| 0314 | 0314 | 0.097 | 0203 0.055 |0.074| 0.091 |0.013
40027 [0027 [ 0096 |0.017 [ 0.097 |0.011 | 0.002 | 0.000
5 0.000 | 0000 0.098 |0.000] 0.335 |0.000]| 0.032 | 0.000
6 | 0307 | 0307 0.015 |0.031[ 0.009 |0.001]| 0.224 | 0.000
7| 0171 |0.171] 0.354 | 0403 | 0224 | 0597 || 0.822 | 0.967
8 | 0.153 | 0.153 || 0338 | 0344 | 0139 | 0315 | 0.032 | 0.019

avg. steps
a

3

a

50 100 150 200 250 300 350 400 450 500
trials

Object o, [

50 100 150 200 250 300 350 400 450 500
trials

(a) Sample sequence (b) Performance

FIGURE 11.7. (a) Sample pose sequence actuated by the planning system (see Table 11.1). A
comparison of the number of necessary active steps (b) using a random (¢op) and the presented
look-ahead policy (below) illustrates the improved performance.

Table 11.1 depicts the probabilities for the object hypotheses in a selected run that
finishes after three steps obtaining an entropy of 0.17 (threshold 0.2) and the correct
object and pose estimations. Figure 11.7(a) displays the captured images. Object oy
has been placed on the turntable at pose 0°. Note that the run demonstrates a hard
test for the proposed method. The initial conditions have been chosen such that the
first image—when projected into the three-dimensional eigenspace—does not deliver the
correct hypothesis. Consequently, object recognition relying on a single image would
erroneously favor object o3 at pose ¢ = 0° (pose estimations are not depicted in Table
11.1). Only additional images can clarify the situation. The next action places the
system to position 290° and the initial probability for object o3 is lowered. Objects o7
and og are now the favored candidates but it still takes one more action to eliminate
object o3 from the list of possible candidates. In the final step the system tries to
disambiguate only between objects o7 and og. Thus the object is looked at from the
rear where they differ the most.
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The results of longer test runs are depicted in Figure 11.7(b) where the number of
necessary active steps to reach a certain entropy threshold are depicted for both a
random strategy and the presented look-ahead policy. The obtained improvements in
performance will also be confirmed in more detail in the following experiment.

Ezperiments Performed with Fifteen Objects and Two degrees of Freedom

FIGURE 11.8. Extended database consisting of fifteen objects (some cars, a bike, and animals).
Top row (left to right): objects 01 — 05, middle: 0 — 010, bottom 011..015. Objects os and og
are identical except for a white marker.

40°

20°

00

-
30°

FIGURE 11.9. Top half of the view sphere of two-dimensional rotation about the object
(at sphere center). Images are captured at three latitudinal levels (0°,20°,40°) and at 30°
longitudinal intervals.

In a second experiment we used fifteen different objects (Figure 11.8) and two degrees
of freedom (Figure 11.9) in camera motion. For each of the fifteen objects twelve poses
are considered at three different latitudinal positions, amounting to a total of 540
different views. The likelihoods p(g|o;, ¢;) have been modeled by univariate Gaussian
distributions. The mean and variance have been estimated for each view class separately.
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Forty additional views of slightly different poses of the objects have been captured for
that purpose.

An extensive set of 1440 test runs was performed during which each object was
considered for runs with initial poses close to the learned poses (+£5°). For each initial
condition the systems behavior was observed over fifteen steps. The experiment was
repeated with eigenspaces of dimensions 3, 5, 7, and 10. Each complete run has been
performed twice, once with view planning switched on, and once relying on random
motions of the camera. The recognition module has analyzed a total of 21,600 images.

The results of the experiments performed with the whole database of model objects
are depicted in Figure 11.10, where recognition rate over the number of active recogni-
tion steps is shown for three to ten dimensions of the eigenspace and for planned versus
random runs. The following observations can be made:

e A static system that stops after the first observation reaches recognition rates of
30% (3d), 57% (5d), 60% (7d), and 69% (10d). These values have to be compared
to 84 % (3d), 96% (5d), 98% (7d), and 99% (10d), which are finally achieved by
fusing the results from multiple observations.

e The final recognition level that can be obtained with a three-dimensional eigenspace
(84%) lies beyond the recognition rate of a system that relies on a single observa-
tion and is using a ten-dimensional eigenspace (69%). Thus multiple observations
allow the use of much simpler recognition modules to reach a certain level of per-
formance.

e When comparing the algorithm containing planned actions and the use of a ran-
dom strategy, attention has to be paid to the increase in recognition rate, espe-
cially during the first few observations. The system can come very close to its
final recognition rate after 2 — 3 steps if it plans the next action. In that region
the achieved recognition rate lies more than 10% above the level obtained for the
random strategy, which usually needs six or more steps to reach its final recogni-
tion rate no matter how many dimensions of the eigenspace are used. In Figure
11.10(e) this is reflected in the steep ascent of the surface of recognition rate
during planned runs compared to the relatively slow rise in Figure 11.10(f). The
beneficial effect of planning can also be inferred from the much faster decrease in
average entropy, indicating that the system reaches a higher level of confidence
already at earlier stages.

e These results can also be used to compare our approach to a static multi-camera
setup. A static system cannot perform the right movement already at the be-
ginning of the recognition sequence but rather has to hope that it will capture
the decisive features with at least one of the cameras. We have seen that using
a random strategy the system usually needs six or more steps to reach its final
recognition level. This fact translates to the assertion that a multicamera system
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FIGURE 11.10. Results obtained with the whole database of toy objects depicted in Figure
11.8. Average recognition rate (top row and middle row) and entropy (bottom row) over
number of steps (1-15). Each of the figures (a)—(d) contains three plots: the average recognition
rate for runs with action planning switched on (upper plot), for runs relying on a random
strategy (middle plot) and the difference of the two recognition rates (lower plot). The number
of dimensions of the eigenspace increases from left to right. The two middle row figures (e)
and (f) summarize the information in figures (a)—(d) by displaying the average recognition rate
(z-axis) over the number of steps (y-axis) and the dimensionality of the eigenspace (x-axis).
In the bottom row the average entropy of the probability distribution P(0;|I1,..I,) is depicted
for each step n. Each of the figures (g)—(j) shows the entropy for runs with action planning
(lower plot) and without action planning (upper plot). Again the number of dimensions of the
eigenspace increases from left to right.
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with randomly but statically placed cameras will need, on average, six or more
cameras to obtain a recognition rate comparable to our active system for the used
set of objects.

These observations are even more conclusive when comparing the results obtained
with the two Mercedes cars og and og. The cars are identical except for the marker
on og. Even using a seven-dimensional eigenspace the difference in average recognition
rate between planned actions and random strategy reaches a maximum beyond 30% at
the second step. As the dimensionality of the eigenspace increases to ten the maximum
difference is still above 10%.

11.3.8 A Counterexample for Conditional Independence in FEquation
(11.5)

The case of the Mercedes cars is noteworthy for another reason. We can see from
Figure 11.11 that o9 can be recognized without effort using only a three-dimensional
eigenspace. This is in sharp contrast to og, which often cannot be recognized when
using a three-dimensional eigenspace. The situation changes as the dimensionality of
the eigenspace increases. The explanation of this effect leads to deeper insight into the
fusion process in Equation (11.5).

S0 sop

(c) (d)
(a) Rec.Rate 3d (b) Rec.Rate 5d

FIGURE 11.11. (a) The average recognition rate achieved for the two Mercedes cars og and
09 (with marker) in case of a three-dimensional eigenspace. The upper plot corresponds to og,
the lower plot to os. In (b) the eigenspace has five dimensions. (¢) and (d) depict manifolds in
feature space if all possible observations for object os could stem from object og. (¢) The case
of a practically complete overlap of possible observations for object og with object og. Object
o0s has to be symmetric to produce a manifold where each point corresponds to two (or more)
views of the object. (d) The case in which os is not fully symmetric, i.e., feature vectors for
different views are not equal but only very similar. This can also happen if the chosen feature
space is not appropriate for resolving finer details of different views.

This effect occurs because the car without the marker appears to be symmetric under
rotations of 180° if one is using only a three-dimensional eigenspace. In other words,
there is a significant overlap of p(g|os, ¢) and p(glos, v+ 180°) because the system does
not resolve finer details at this level.

If the object database contains two identical objects that appear symmetric under
rotation of, e.g., 180° (for example, two blocks) and one of the objects carries a marker
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on one side, then fusing probabilities according to Equation (11.5) will fail to integrate
results correctly when trying to recognize the object without the marker. This can be
understood easily if one imagines a static system with an arbitrary number of cameras
placed all over the viewsphere observing the object without the marker. Each separate
observation will produce equal confidences for both considered objects because each
single view may stem from either of the two objects. But the whole set of observations
is only possible for the object without the marker because no marker can be found
even though images from opposite views have been taken. However, if fusion is based
on Equation (11.5), then this fact will not be accounted for. Instead, even after fusing
all single results both object hypotheses will achieve equally high probabilities.

The naive Bayesian fusion operator has been applied by different authors working on
active recognition tasks [CF96, PPP98, BPPPnt, SC98] because it allows for efficient
information integration. We have shown that in some cases the considered fusion scheme
will fail to integrate all the encountered hints. The necessary conditions for this to
happen may seem to be artificial. All conceivable features for one object must also be
possible for another object. But it should not be overlooked that what really counts is
not the actual visual appearance of the objects but rather the internal representation
(see also Figs.11.11(c) and (d)). This can also be concluded from the experimental
example in which the real car is not symmetric under rotations of 180° but its internal
representation is symmetric if the eigenspace has only three dimensions. Therefore, the
effect disappears if the eigenspace has enough dimensions to capture the data in greater
detail (see Figure 11.11(b)).

A more sophisticated fusion scheme requires the estimation or learning of the condi-
tional likelihoods of multiple feature vectors plus corresponding action sequences such
as P(8n, 8n+1|0i, 5, Athy,). One may also exploit the fact that the pose estimation for og
will usually become more and more uniform while the pose of og can still be estimated
precisely (modulo the rotational symmetry). We leave this for future extensions of the
algorithm.

11.3.9 Conclusion

We have presented an active object recognition system for single object scenes. De-
pending on the uncertainty in the current object classification the recognition task
acquires new sensor measurements in a planned manner until the confidence in a cer-
tain hypothesis obtains a predefined level or another termination criterion is reached.
The well-known object recognition approach using eigenspace representations was aug-
mented by probability distributions in order to capture possible variations in the input
images due to errors in the preprocessing chain. Furthermore, probabilistic object clas-
sifications (instead of hard decisions) can be used as a gauge to perform view planning.
View planning is based on the expected reduction in Shannon entropy over object hy-
potheses given a new viewpoint. The algorithm runs in real time for many conceivable
situations. The complexity of the algorithm is polynomial in the number of objects
and poses, and it scales exponentially with the number of degrees of freedom of the
hardware setup.
The experimental results lead to the following conclusions:
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1. The number of dimensions of the feature space can be lowered considerably, if
active recognition is guiding the object classification phase. This opens the way
to the use of very large object databases. Static methods are more likely to face
problems if the dimensionality of the feature space is too low relative to the
number of objects represented (due to the overlapping manifolds).

2. Even objects sharing most of their views can be disambiguated by an active
movement that places the camera so that the differences between the objects
become apparent. Independent of the applied fusion scheme the presented view-
planning module successfully identifies those regions in feature space where the
manifold representations of competing object hypotheses are best separated.

3. The planning phase is necessary and beneficial as random placement of the camera
leads to distinctively worse results.

Future work will focus on the use of different feature spaces, the extension of the
fusion scheme, multistep look-ahead planning, and the application of variants of the
algorithm to related tasks such as offline camera planning, illumination planning, and
robot self-localization.

11.4 Reinforcement Learning for Active Object Recognition

Active object recognition, as introduced in the previous section, involves the observer
in a search for discriminative evidence, e.g., by change of its viewpoint. The recognition
process, emerging from multiple visual measurements, is here understood as a sequential
decision task with the aim of disambiguating initial object hypotheses. Reinforcement
learning provides an efficient method to autonomously develop optimal decision strate-
gies in terms of sensorimotor mappings. The benefit in learning a strategy, in contrast
to explicit reasoning, is to enable the decision maker to extract the probabilistic struc-
ture of the control task, i.e., to orient decision making according to control experience,
and to weigh this knowledge with a cost measure to focus processing on only the most
promising actions. However, this advantage is gained by moving the load of reasoning
to an initial training phase, whereas explicit reasoning produces useful results from
scratch. Beyond this, reinforcement learning owns the property of integrating concerns
about delayed consequences into a current action selection.

We describe an adaptive object recognition system that learns object models from
visual appearance and uses a radial basis function (RBF) network for a probabilistic in-
terpretation of the two-dimensional views. The gain of information in fusing successive
object evidence provides a utility measure to reinforce actions leading to most discrim-
inative viewpoints. The system is verified in experiments with sixteen objects and two
degrees of freedom in sensor motion. Crucial improvements in performance are gained
when using the learned in contrast to random camera placements.

Related Work
Active recognition [RAR91, CF96] provides the framework for collecting evidence until
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FIGURE 11.12. Closed-loop recognition model: The agent recursively adjusts its discrimina-
tion behavior from visual feedback. Actions a and recognition states g are associated with
information gains I in the fusion module. This mapping is estimated by a connectionist archi-
tecture to recover efficient action selections.

confidence in a particular hypothesis attains sufficient support. The recognition dynam-
ics is actuated, e.g., by controlled camera motion, while other effectors, illumination
switches or visual modules might contribute to discrimination as well. Within this con-
text, object recognition can be formulated as an optimization task with the objective
of finding a sequence of observations to process the most informative features at mini-
mum cost. In purposive and animate vision [Alo90], task-dependent utility measures are
considered to evaluate different solution behaviors. Most of the reported applications
exhibit exhaustive search over future states or restricted analysis of immediate conse-
quences [Hag90, RB94]. Optimal sequential recognition has been outlined with respect
to specific 3-D shape models [CF96] and 2-D objects [BVB196], whereas evidences
from the temporal order of multiple 2-D views has been integrated for classification in
[SW92, BG95, Rao97]. A comprehensive analysis on the information content in succes-
sive recognition states is given in [SC97].

The contribution of the presented concept is to introduce reinforcement learning
methods [KM96] for active discrimination of arbitrary 3-D objects, with computational
costs being orders of magnitude lower than for exhaustive search. This framework com-
plements current methods on active object recognition that use explicit reasoning for
viewpoint planning ( [PGP96, BPPP98a], Section 11.3.3). The general concept of learn-
ing efficient perception-action cycles was introduced by Whitehead and Ballard [WB91].
Draper [Dra97] associated the decision task with the selection of visual modules. Recent
research on reinforcement learning in computer vision has focused on classifying single
views. Peng and Bhanu [PB98] introduced a closed-loop system that adaptively deter-
mines the optimal image segmentation parameters in a recognition task. Bandera et al.
[BVBT96] applied learning to optimize saccade sequences in a foveal task. In contrast,
the described method provides a working system to select and interpret multiple views
for 3-D object recognition.
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Closed-Loop Recognition Learning

A decision making system, i.e., an agent (Figure 11.12), can learn directly from vi-
sual interaction with its probabilistic environment. In a sensorimotor feedback loop,
the agent develops a sensor planning strategy by reinforcing behavior that will lead to
informative viewpoints. Based on a probabilistic interpretation of the visual pattern,
each action is evaluated by the degree of disambiguating the current object hypotheses.
The proposed recognition system operates adaptively and autonomously; it automati-
cally acquires the appearance-based object model, develops a mapping from 2-D views
to object hypotheses, and learns to selectively fuse the view-based information. The fu-
sion strategy is stored by the parameters of a connectionist architecture, which enables
the agent, in contrast to exhaustive planning methods, to reactively apply decisions,
i.e., in response to perceptive inputs.

11.4.1 Adaptive Generation of Object Hypotheses

Appearance-based models enable objects of arbitrary shape and texture being auto-
matically learned. In contrast, geometric models suffer from matching complexity and
fail to work for complex shapes [Ede97]. Eigenspace representations (eigenperceptions)
result from transformations of intensity images by principal component analysis (PCA)
[0ja83, MN95]; they are described in detail in Section 11.3.1. This Section describes how
an RBF network [BL88, Low95] is trained to map eigenperceptions to posterior prob-
abilities. The first paragraph investigates eigenspace representations from the point of
view of adaptivity and learning. How this feature space is mapped to object hypotheses
using an adaptive neural structure is outlined thereafter.

Principal Components Feature Space

On the basis of a process of segmentation and normalization of the image containing
the visual information about the object (Section 11.3.1), the question arises how of to
build a classifier based on the object appearance, i.e., in terms of the image brightness
pattern. Although a number of applications are reported to directly work on the raw
pixel input, when trying to construct a classifier they either suffer from high storage
requirements or the course of dimensionality [BP97, RBK98]|.

Feature selection on the basis of a linear transformation has been commonly used by
the method of PCA [Fuk90]. This transformation is achieved by finding a rotated coor-
dinate system such that (i) the elements in the new coordinates become uncorrelated
and (ii) the variances of the elements in the new vectors own the property of maxi-
mum decrease, such that a dimensionality reduction is optimum in the mean-squared
error sense. For example, principal components as a basis for neural face recognition is
described in [RA97].

The feature space obtained by PCA expansion, called eigenspace, can be iteratively
constructed using neural network architectures. Numerous methods have been pro-
posed; the most outstanding are linear PCA networks [San89, Oja92] using unsuper-
vised learning based on Hebbian and orthonormality constraint terms, as well as su-
pervised learning by the backpropagation algorithm, applying multilayer perceptrons
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in autoassociative mode [BK88, BH&9].

These neural network implementations enable us to keep the construction of the
object feature space adaptive, in response to a continuous stream of sensor patterns.
In combination with the learning structures for probabilistic object classification (Sec-
tion 11.4.1) and view selection control (Section 11.4.2), the complete recognition system
can be designed in terms of a neural network architecture.

Learning Posterior Probabilities

The statistical approach is based on a closed world assumption that allows us to assign
to each point in eigenspace a probability distribution over all object hypotheses Oy,
ke {1,...,Q}, Q being the number of objects. A maximum likelihood formulation
was outlined by Moghaddam and Pentland [MP97] with respect to distributions in
the original sensor space. This paragraph discusses an estimator situating classification
directly into the target description space.

As an approximation to the continuous object manifold we sample at discrete po-
sitions V,, in eigenspace (Figures 11.3 and 11.13). For each parameter value ¢, the
distribution of observations is modeled by a Gaussian function,

1 [
@

with mean vector p, and variance UZ, estimated from the measurements g, (Fig-
ure 11.13(a)), in eigenspace of dimension d. The local visual error might be alternatively
described by elliptical or multimodal Gaussian models, whereas the spherical Gaussian
enhances generalization and simplifies matters. A Bayesian estimator of the posterior
probabilities is then obtained for any g by

p(glORP(0y) Sy P(8|Ve)p(Vie | Ok)p(O%)
p(Oklg) = = : (11.15)
p(g) p(g)
where p(V,|Ox) and p(Oy) are assumed uniformly distributed and the index ¢ runs
over A views V,, belonging only to object Oy,.

The distribution model is refined using a mixture of local estimators, as represented
by a radial basis functions (RBF) architecture [Low95] (Figure 11.13(b), see also Sec-
tion 8.1). Within the context of classification, its network weights W and the © = QA
basis functions ¢;, j = 1...0, are interpreted as quantities of the Bayesian estimator;

p(glV;)p(V;)

¢; = o) =p(Vjlg), (11.16)

w; ~ sz(OkV}), (11.17)
i"(g) = ilwkj@ij (11.18)
p(Oilg) ~ p(Oxlg) = PP 8 (11.19)

Zj expp(g)’
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p(O1lg) ---- P(Oqlg)
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(a) View features (b) RBF architecture

FIGURE 11.13. (a) Gaussian basis functions ¢; model the distribution at each pose, i.e., the
view feature V. (b) Structural sketch of the RBF mapping from eigenperceptions g to posterior
probabilities p(Ox|g).

where the network outputs p* are normalized by an exponential transformation known
as softmazr to ensure a probabilistic interpretation [Bri90]. Note that the posterior
probabilities are estimated over all views V. The corresponding basis functions ¢;
operate as local receptive fields in eigenspace (Figure 11.13(a)), with their responses
being interpreted as characteristic features extracted from the sensor measurements.
During training, the configuration of basis functions is kept constant, whereas the

output weights [W]; are optimized by gradient descent on the concave error function
E

N
E(W) = 7% log P(D|W) = f% log [ [ 5(0"1g"), (11.20)

v=1

where P(D|W) denotes the likelihood of the training set D = {(g",0")|v =1,...,N}
and N is the sample size. The RBF mapping (Equation 11.19) outperforms the simple
Bayes estimator (Equation 11.15, Section 11.4.3) while its structure provides a basis to
minimize complexity with respect to the global error function.

An interesting glance at psychophysical findings about the human visual system in-
dicates that view-invariant representations seem to be driven by view-selective tunings
in the visual cortex [BE92]. Pauls et al. [PBL96| conclude from psychophysical and
electrophysiological experiments in the inferotemporal cortex (IT) of macaque mon-
keys that “learning a novel object from erxample-views may rely on the formation of
new, bell-shaped receptive fields tuned to the trained views’. In accordance, Poggio and
Edelman [PE90] and Logothetis et al. [LVHP94] encode view-invariant recognition by
RBF networks, yet in abundance of an explicit probabilistic interpretation.
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11.4.2 Learning Recognition Control

In each state of the recognition process, a decision making agent is asked to select an
action to drive its classifier toward a reliable decision. For example, a view-planning
system provides choices among a set of camera motions that determine a specific se-
quence of fusion steps. Optimal decisions resolve the ambiguity in the overall classifier
by providing viewpoints that are most discriminative with respect to the current state
of belief. Accumulated evidence might require us to sort out hypotheses of objects with
so far similar but potentially different appearance, or to indicate outliers by provid-
ing contradictary evidence. Further, overestimation of initially top-ranked hypotheses
might bias the recognition system to support incorrect conclusions. Thus the fusion
strategy effects not only the dynamics of the classifier in converging to a reliable deci-
sion but also determines whether ambiguity can be resolved at all. Consequently, crucial
improvements in performance are reported when using planned, in contrast to random,
camera motion (Section 11.4.3).

Optimal Viewpoint Planning

An optimal strategy for observer motion results in a sensor trajectory visiting viewpoints
that promise a maximum of discrimination from the measurements. The usefulness
of actions for view changes is expressed by a user-defined criterion, i.e., the utility
function U, that provides evaluative information about actions to the decision maker.
It must provide a cost-sensitive measure that might include terms indicating state of
ambiguity, reflecting time, and energy expenses of the physical system and including
future consequences of a current action.

In each state s of the recognition process, the utilities U of all possible actions a’
are compared to select the action of maximum evaluation,

a = argmax E(U(sr,a’)), (11.21)

E(+) is the expectation operator. Here we define the utility U(sr,a) = Z(st,a) as the
information gain Z(s7,a) caused by active step a, using the entropy term

I(sr,a) = H(pr-1) — H(pr), (11.22)

where H (pr) represents the entropy in the probability distribution pr = p(Ok|g1, - - ., &7),
k € [1,..,9Q]. Explicit evaluation [BPPP98a] of the expected utility needs to quantify
the expected information gain by investigating the confidence in every of QA viewpoints
(Section 11.3.5). Each pose-specific investigation requires a provisional fusion evalua-
tion over the entire view-specific receptive field V,,, computed by means of ¥ stored
training samples, with respect to € object hypotheses. Thus the entire computation
results in general in a time complexity of O(Q%AY) (Section 11.3.6).

Active object recognition is now interpreted as a multistep decision task with respect
to its discrimination dynamics. The framework of Markov decision processes (MDP
[Put94]) provides the mathematical formalism to handle the task of the decision maker.
In the context of object recognition, an MDP is defined by a tuple (S, A, §, Z) with state
recognition set S, action set A, probabilistic transition function d, and reward function
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Z. 6 : SxA—=II(S) describes a probability distribution over subsequent states, given
the action a € A executed in state s € S. In each transition, the agent receives reward
according to Z : S x A—=J; I; € J, J is the reward space. The agent must act to
maximize the utility @, i.e., the expected discounted reward

Q :5(Z’Yt1(5t,at))7 (11.23)
t=0

where v € [0,1] is a constant controlling contributions of delayed reward. Whereas
v = 0 is restricted to treating only immediate gain of the current action, increased
values of v > 0 tend to consider delayed rewards in future states for current decisions.
An optimal strategy has to consider not only immediate but also delayed consequences
of the action in question. Note that an extensive look ahead of the consequences in
an entire sequence of length O(A!) requires O(Q22A!AY) computations. While explicit
reasoning on each planning step investigates responses from tentative fusion steps, an
efficient strategy can be learned from experience in terms of a sensorimotor mapping.

What we expect from a learned strategy is to reduce the complexity of the processing
step in making a decision for a useful action. Extensive search over actions has to con-
sider all consequences without any exploitation of experience, for each decision again.
In contrast, an adaptive decision maker can adjust a parametric structure, appropriate
to the task at hand, that reflects essential statistical dependencies and hence directs
the search on the most promising sensor trajectories. An adaptive decision maker thus
implicitly aims at constructing a classifier that first categorizes the current recognition
state and then restricts reasoning on an appropriate subspace in trajectory space. As
a consequence, learning a mapping from recognition states to sensor actions moves the
load of reasoning about actions to an initial training phase. The resulting decision func-
tion, with the current observation as input, is then evaluated with lower computational
costs.

Reinforcement Learning of View Selection Strategies

Reinforcement learning [KM96, SB98| provides the means to construct an optimal ac-
tion selector from experience while exploring the utility @ by trial and error. In a
complex task, extensive search by explicit evaluation of all possible state sequences ap-
pears costly, whereas reinforcement learning focuses on visiting those states that have
already proved relevance. Furthermore, the use of parametric function approximators to
estimate the decision function enables implicit generalization over entire regions in state
space. After training, the utilities are stored by use of a parameter set W. Thereafter,
viewpoint planning consists in selecting the action a with the largest utility estimate
Q (Section 11.4.2).

In Q-learning [Wat89, WD92], a derivate of the reinforcement learning philosophy,
each state-action pair is associated with the expected utility @, and the action with
the largest @Q-value is selected for execution. The estimates Q(st, at) for the maximum
expected cumulative utility Q; received in subsequent steps are recursively updated for
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residuals of the consistency condition
Q(s¢, ar) = I(sy, ay) +’ymgx@(st+1,a). (11.24)

The recognition state s of the active system is represented by a vector sp that
captures the information from successive observations, by the encountered feature re-
sponses. Each measurement in eigenspace generates a vector of confidences in the fea-
ture hypotheses, p(V;|g:), which are integrated over the sequence. Consequently the
recognition state is dependent on the vector fr = (fr1,..., fr.e), each entry denot-
ing the maximum confidence in a view feature Vj, j € {1,...,0}, registered so far,
fr; = max,<7r p(V;|g:). Because the same set of features can be collected over differ-
ent state sequences, the effect of perceptual aliasing must be prevented, and thus the
recognition state vector s is supplemented by the current eigenperception gr, giving
st = (fr,gr).

The probabilistic, continuous definition of the recognition state requires the @-values
to be approximated by a universal function approximator ¥, e.g., by a neural architec-
ture Q = U(s, ar, W). In residual @Q-learning [Bai95], the free parameters w = [W]; of
the estimator ¥ are updated by

Aw = -« (I(shat) + 7mgx@(st+1, a) — Q(st,at)) X

(673 mx Q1. ~ Qo)) (11.29
where o denotes the learning rate. ¢ is the weighting factor between an algorithm
performing gradient descent on the mean squared residual of the consistency condition,
i.e., the Bellman residual, and a direct method similar to temporal difference learning
(TD(0) [Bai95, KM96, SB98]). The algorithm guarantees convergence in the limit to
the accurate estimates @ [Bai95].

After convergence, the reinforcing controller is assumed to perform a near-optimal
strategy with respect to the defined utility measure @ (Equation (11.23)). In response
to the current visual observation, the projection to eigenspace gr is fused to a new
recognition state st and the agent selects the action ar € A with largest Q(ST, a),

ap = argmax Q(sp,a’, W), (11.26)
a/

i.e., the action that promises maximum reduction of entropy. The planning step consists
of a single feed-forward processing of the neural architecture. The computational cost
for a network with © hidden and QA input units then amounts to O(QA®). Note that
the complexity does not increase for arbitrary look-ahead strategies; instead the load
is transferred to an extended training phase.

11.4.3 Ezxperiments

The experiments described here were performed in an active vision setup that enables
controlled manipulation by multiple degrees of freedom (Figure 11.4). Using coordinated
sensor translation, sensor tilt, and rotation of a turntable, it is possible to investigate
observer motion on the view sphere (Figure 11.9).
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FIGURE 11.14. Illustration of appearance-based object representation with five objects and
one degree of freedom. Each object (top row) is modeled by a set of 2-D views (below, for the
object top left). This database is a subset of the one depicted in Figure 11.16.
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FIGURE 11.15. Performance of the learned recognition strategy; (a) Stochastic learning curve
comparing test results of random (dotted) and learned strategy (line). (b) depicts a comparison
of individual trial lengths between a random (top) and a learned (bottom) policy.

Tllustrative Environment

In the first experiment, the proposed recognition system was tested with five objects
(Figure 11.14), presented on a computer-controlled turntable by 30° intervals, with
constant illumination and fixed distance to the camera. The object relevant region was
first segmented from the background, rescaled to 100 x 100 pixels, and projected to an
eigenspace of dimension ten. For each view, additional samples were collected, emulating
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FIGURE 11.16. Extended database consisting of sixteen objects (cars, bike, animals). Top row
(left to right): objects 01—o0s, bottom row: objects o9—016.

segmentation errors by shifting the object region in a randomly selected direction by
3% of the image dimension.

The posterior probabilities are approximated by an RBF network of sixty basis func-
tions, one for each object pose (Section 11.4.1). In the experiments, transitions between
states were initiated by table rotations a* of k x 30°, k € {1,...,11}, to enable direct
access to the next promising viewpoint. The @ function for each action a* was esti-
mated by a multilayer perceptron [RHWS86], each network with a hidden layer of five
sigmoidal units. For the stopping criterion the threshold on the entropy level in the
posterior distribution on object membership was chosen to be 0.5.

The stochastic online learning process (Figure 11.15(a), with discount factor v = 0.3,
learning rate @ = 0.1, and residual coefficient ¢ = 0.8) converges to a recognition
strategy that significantly outperforms random action selection (Figure 11.15(b)). In
the training phase, the average number of steps per trial, needed to satisfy the entropy
stopping criterion, converged to ~ 1.9 in contrast to ~ 3.6 using a random strategy.

Multiple Degrees of Freedom

An extended experiment with sixteen objects (Figure 11.16) and two degrees of freedom
(j x30° azimuth, k x 20° vertical elevation, and tilt, j € {1,...,11}, k € {0,...,2}, Fig-
ure 11.9) in camera motion demonstrates the behavior of a complex recognition system.
Objects’ appearances were chosen as different to increase variances in the eigenspace
and consequently the ambiguity in the representation of similar objects. Objects og and
09 are identical except for a white marker. For comparison, the data were interpreted
by a Bayes estimator (B, Equation 11.15) and an RBF net (R, Equation 11.19). Eval-
uation of the cross entropy (Equation 11.20, B: 1.12, R: 0.82) proved superior RBF
performance. All data were collected from a real scene, with view-specific samples ob-
tained by random deviation in azimuth rotation of £7° amplitude. The fusion strategies
were evaluated online in the lab environment.

The described system was tested using an alternative input representation that im-
plicitly records features and actions. The sequence of eigenperceptions g; is scanned and
compiled into a history vector. The resulting vector T' = (gy, ..., gr) was fed to an RBF
network with twelve output nodes representing the utility of azimuth actions and five
additional units for relative vertical elevation and tilt actions (—40°,—20°,0°,4+20°,440°).
In the experiments, observations in five-dimensional eigenspace are compiled into a se-
quence of ten vectors, giving an input vector of dimension fifty. The basis layer of
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FIGURE 11.17. Performance statistics: (a) Object-dependent performance (gray and black
bars denote learned and random sequence lengths, respectively). (b) Multistep look-ahead
policies (v > 0) improve on one-step strategies (y = 0).

the RBF network consisted of 100 spherical Gaussian basis functions. Using this ar-
chitecture, the complexity of the network forward pass reduces to O(©®), using ©
basis units and ® actions (O(OA) for one degree of freedom). Note that for the de-
scribed task the complexity of a single action selection, considering no look ahead,
decreases from O(Q2AY) ~ ki62 x 10 x 36 = 92,160 for explicit view planning to
O(0®) ~ k- 100 x 17 = 1700 for the neural network controller, which represents a per-
formance speedup of =~ 54. The entropy stopping criterion on a single trial was chosen
0.1.

Persistent learning again outperforms random strategies, while performance improve-
ment is merely achieved for ambiguous objects (Figure 11.17(a)). Policies evaluating
multistep look-ahead exhibit outperforming strategies concerning payoff collected only
at the immediate next step (Figure 11.17(b)). Learned selections needed = 1.62 steps
per trial, in contrast to ~ 2.42 steps for random decisions. The learned strategy not only
attains a substantial level of discrimination more rapidly (Figure 11.18(a)), but also as-
sociates the true hypotheses to the captured evidences, as recorded by the recognition
rate (Figure 11.18(b)). Sample sequences (Figure 11.19) are displayed for comparison
between the two action selection policies. We observe that the learned strategy (a)
immediately turns its focus to the discriminating marker, whereas the random selec-
tion (b) has to integrate multiple ambiguous views until the fusion operator extracts a
reliable classification.
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FIGURE 11.18. Convergence rate improvement by learning: (a) the speedup in reaching the
entropy goal (H = 0.1) by a learned (line) versus a random (dotted) strategy (online evaluation
for recognizing object 011); (b) a corresponding acceleration in increasing the recognition rate.
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FIGURE 11.19. Sample fusion sequences exhibited on object o9 (Figure 11.16). The learned
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(with marked object hypotheses superimposed), fused posterior distributions (Section 11.3.5),
entropy values H of fused distributions.
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11.4.4 Discussion and Outlook

It has been demonstrated that reinforcement learning provides near-optimal strate-
gies to recognize three-dimensional objects. The appearance-based model is extended
by probabilistic decision making that proposes a process to actively increase confi-
dence in the classification, under fusion of the visual evidence. Gaussian modeling of
view-specific receptive fields in connection with an RBF optimization framework al-
lows simple and efficient designs of probabilistic inference systems. Eventually, learning
viewpoint planning enables us to apply efficient actions in reaction to perceptive inputs.
This is a considerable advantage to explicit reasoning methods in case of large data sets.
Furthermore, the learning framework proposes autonomous observers that adjust their
recognition behavior to varying environmental conditions.

There are many possible applications of this technique. Autonomous robots take
advantage from 3-D object recognition to localize their position in the environment,
e.g., for navigation purposes. Visual inspection bears the requirement of high confi-
dence in the decision, e.g., in dangerous environments. The representation model per-
mits objects of any appearance, arbitrary shape, and texture, to be included in the
database. An important prerequisite is an attention-controlling mechanism to segment
relevant information from the background, e.g., using optical flow information in image
sequences. Limitations will be due to the complexity of the classifier estimating the
posterior distribution and the estimator of action utility. The RBF framework promises
relief with currently available methods for global complexity reduction.

Research on learning view selection should develop methods to handle continuous
actions, actions toward structures of the interpretation system, and occlusion in a com-
plex scene. The optimization of alternative utility measures, integrating costs on camera
motion or processing time, is considered. The described method applies by the same
concept to incremental sensor motion, i.e., to exploit the information while tracking
the object under inspection. This will open a wide area of applications for autonomous
systems in uncertain environments.

11.5 Generic Active Object Recognition

This solution to active recognition embodies a dual paradigm approach to generic 3D
object recognition from intensity images.

Opposed to recognition by model matching, we want to perform generic object recog-
nition, i.e., recognize objects that belong to the same class i.e., having the same prop-
erties (e.g., the objects have the same topological descriptions but differ in their geom-
etry), or are similar to pre-stored models [ZM94].

We use a structural decomposition model where the shape of an object is described
in terms of a few generic 3D components joined by spatial relationships. This decom-
position is naturally entailed into a graph structure [DPR92b]. Comparison between
objects is then resolved mainly by qualitative graph-matching resulting in a correspon-
dence between objects that are identical in their structure but might differ in their
geometry.
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Because part-based descriptions ignore fine (metric or quantitative) distinctions among
shapes [Ede97] and, therefore, may not have enough discriminatory power, we introduce
a 3D-prototype that contains all quantitative information needed for the recognition pro-
cess. The details about the representation of qualitative and quantitative information
are given in Section 11.5.1.

11.5.1 Object Models

Basically, objects are represented by a dual model (Figure 11.20) that consists of a
qualitative part (graph) and a quantitative part (3D-prototype).

FIGURE 11.20. Dual representation of object models. The direct correspondence between the
graph nodes and the primitives of the 3D-prototype is represented with double arcs.

e Qualitative representation: The description of the topological information
of the objects is achieved by a graph representation. The vertices of the graph
represent the volumetric primitives while edges define the connectivity relations
between the primitives. In a future stage of system development we plan to add
relations for symmetry and parallelism. Furthermore, we intend to extend generic
recognition by considering some variations in the primitives, e.g., a vertex in the
graph could be either a block or a cylinder.

e Quantitative representation:All quantitative information needed for the ob-
ject recognition process is represented within a 3D-prototype. The 3D-prototype
is a CAD model that uses basic elements denoting the volumetric primitives,
which have a one-to-one correspondence to the nodes of the qualitative graph.
These elements have fixed dimensions in the CAD model, but the dimensions of
the primitives in the real object may differ from those in the model. Also the
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position of the actual primitive attachment in real objects could be different from
the position in the CAD model.

The 3D-prototype is used for verifying object hypotheses and in the estimation of
viewpoints (Section 11.5.5). In the verification process currently only the topology
of the 3D-prototype is investigated (we generate a graph representing an aspect
of the 3D-prototype from an estimated viewpoint).

Information that will be retrieved from the CAD model in future stages of system
development include

e symmetry relations,
e relative sizes, and

e color and texture information.

11.5.2  Recognition System

The main parts of the generic object recognition system are depicted in Figure 11.21.
The three modules shown in the top part are generating object hypotheses and selecting
a specific hypothesis to be verified. After selection of a hypothesis a viewpoint reasoning
step is performed to derive the actual and the desired next viewpoint as well as the
transformation needed to move there in the active step.

The other major part of the recognition system, not depicted in this figure, is the
fusion module that integrates the new information.

Primitive Mapping Hypothesis
Extraction Model-Graph Selection

Primitive Ranked Belief Assignment,
Covering Hypotheses Single Hypothesis

Viewpoint
Reasoning

Transformation,
Movement

FIGURE 11.21. Generic object recognition system.

Active Step

11.5.3 Hypothesis Generation

The extraction of primitive elements is an adaptation of the work by Dickinson [DPR92a].
It starts with the extraction of contours from a single 2-D intensity image (Figure 11.22)
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and classifies them as straight, convex, or concave. These contours are grouped into
faces, which are represented by so-called face-graphs (Figure 11.24) containing struc-
tural properties (parallelism, symmetry, connectivity) in order to describe the nonac-
cidental properties of the RBC-theory [Bie85]. Grouping of faces results in so-called
aspects that are used to infer primitive elements. Furthermore, primitives are grouped
to give hypothetical interpretations of the scene in terms of graphs, where nodes corre-
spond to primitive elements and arcs contain connectivity information. These interpre-
tations are called primitive coverings and are ranked by their assigned score measures.
In our example, the best primitive covering (Figure 11.24) does not, due to segmen-
tation problems (cf. Figure 11.23), contain the tabletop and the back leg of the table,
which results in a rather low score for the ranking.

FIGURE 11.22. Original image. FIGURE 11.23. Segmentation result with de-
tected regions.

In our system we infer object hypotheses from the primitives, which are then verified
by investigation of the topological properties. First object hypotheses are generated
from single primitives for the objects that contain the particular primitive in their
model. This rather large number of initial hypotheses is reduced by establishing a
mapping between the primitive covering and the object model that includes as many
primitives as possible. The mapping is based on a subgraph isomorphism between a 3D
model graph and a 2D primitive covering graph. Due to occlusions, 3D-connections do
not appear in the 2D image, therefore, the connectivity relations between the primitives
are not investigated in the mapping module.

The result is a list of ranked object hypotheses with a mapping between the object
graph (extracted from the image) and the model graph (with direct correspondence to
the 3D-prototype). The ranking is established by calculating two values that describe
the quality of the match. The first value mq (Equation (11.27)) describes the percent-
age of recovered primitives of the model. The second measure og (Equation (11.28))
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FIGURE 11.24. Face graph on the left. Nodes denote faces, solid arcs represent adjacency
between faces, and dotted arcs specify inside relations. Best primitive covering on the right
side. The left block is built by aggregating the three lower-left faces in the face graph; the
right block is inferred by the two adjacent faces in the lower-right part of the face graph.

represents the ability of the hypothesis to fit the actual recovered primitives:

modelnum — mapnum

= 11.27
ma modelnum ( )
_ objectn.um — hypbel (11.28)
objectnum
where
hypbel ... sum of the score of matched object nodes;
modelnum ... number of primitives in the object model;
objectnum ... number of recovered primitive nodes in the
hypothesized object; and
mapnum ... number of matched nodes in the object-model

mapping of the hypothesis.
The overall value assigned to the hypothesis is calculated by the following equation

r(objhyp) =1 —axmqg—b* og, (11.29)

where a and b are weighting parameters to give priority to good model estimations or
to mappings with a higher number of recovered primitives (in our experiments both
parameters are set to one).

As stated earlier the connections are not used in the mapping; however, recovered
connections enhance the mapping, and, therefore, they should increase the rank of the
object hypothesis. In our system this is achieved by increasing the initial value with
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a connectivity weight according to the proportion of detected connections given in
following formulas:

re(objhyp) = (1 + confactor) * r(objhyp), (11.30)
where
confactor = _ Conmum (11.31)
modelconnum
where
modelconnum ... number of 3D-connections in the object model and
connum ... number of verified connections in the mapping.

After building the ranked hypotheses list, the system selects one hypothesis by as-
sessing the list within the transferable belief model (TBM [SK94]). The TBM is a
framework to represent the knowledge about the system state within evidence theory.
The domain of the model is a finite set of hypotheses called the frame of discern-
ment 2. In our case the frame of discernment is built by all objects in our model
database (2 = object | object € modeldatabase). The knowledge about an actual
event is represented by belief assignments. For each hypothesis of the object hypothe-
ses list we calculate a basic belief assignment as follows. Within the TBM a mass of
unit one is available for each belief assignment. One part of this mass is given to the
single object hypothesis (Equation (11.32)). The rest of the available mass is assigned
to the complete frame (Equation (11.33)).

m(objhyp) = rc(objhyp), (11.32)
m(Q) = 1—r.(objhyp). (11.33)

All these simple belief assignments are then fused by Dempster’s rule of combination
(Equation (11.35)) which results in a compound belief assignment for the object hy-
potheses list:

m*(Ag) = (m1 ® my)(Ag)
= oongmar 2o ma(Ai)ma(4;), (11.34)
AiNA;=Ay

(11.35)

with

Conflict= Y, mi(A;)ma(4;),
AiNAj=¢

where A;, A;, and A denote sets of object hypotheses.

The final belief assignment for our example shown in Figure 11.22-11.24 is given in
Table 11.2. The correct interpretation would be the object named Tablel, whereas the
system is in favor of Table/.

The compound belief assignment is transferred into a probability distribution, which
is then used to choose the object hypothesis with the highest probability.
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TABLE 11.2. Belief assignment after fusing all object hypotheses.

bel(Tablel) = 0.2949
bel(Tabled) = 0.4482
bel(Chair) = 0.0126

bel(Q) = 0.1382

11.5.4 Visibility Space

We want to use spatial relations to qualitatively estimate the current camera position
in our active object recognition experiment. Starting from a single intensity image of
an object and a corresponding mapping to a 3D CAD prototype, the visibility and the
occlusion of parts of the prototype are used to infer possible camera positions on a view
sphere (i.e., initial object pose estimation).

Motion planning in robotics, object recognition in computer vision, illumination sim-
ulation, or view maintenance in computer graphics are some examples where visibility
is a crucial issue. In a review of the field of sensor planning, Tarabanis et al. [TAT95],
following the ideas of Maver and Bajcsy [MB93], identified three areas of research in sen-
sor planning: object feature detection, model-based recognition, and scene reconstruction.
The systems in the first area determine the values of the sensor parameters (e.g., posi-
tion, orientation, optical settings) for which particular features of a known object in a
known pose satisfy particular constraints when imaged. The systems in the second area
are concerned with the selection of the most useful sensing operations for identifying an
object or its pose. The third area is concerned with building a model of a scene incre-
mentally, choosing new sensor configurations on the basis of the information about the
world currently available to the system. While our overall approach clearly falls within
the second area of this classification we have to notice that estimating the camera po-
sition after objects have been hypothesized falls into the first area of this classification.
More particularly in computer vision, aspect graphs [EBD92] and characteristic views
[CF82] have been developed to summarize the viewpoints from which an object has the
same structure. An aspect is defined as a region of space where a set of object features
remain simultaneously visible. When moving the sensor or the object, some features
may appear or disappear (a situation called visual event) and a new aspect is generated.
The features considered in the literature are mostly contours. Well-known drawbacks
of aspect graphs are their inefficient computation (O(n® log n) for a polyhedral object
composed of n faces under orthographic projection and O(n° log n) under perspective
projection) and their size: O(n®) and O(n?), respectively, even though any view within
the same aspect can be linearly transformed from its characteristic view. Most of the
shortcomings of aspect graphs are circumvented by the use of approximate visibility
techniques. Approximate representations discretize and restrict the domain of sensor
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configurations as well as the visibility space (possible viewpoints). While scale space
could be used to prune the number of aspects retained in an aspect graph [EBD*93],
the most widely used approximate visibility technique limits the visibility space to a
finite and discrete region of the 3D space surrounding the object being inspected. We
also choose such a viewing space because it allows computation of an approximation of
the exact aspect graph and a simple intersection of multiple viewing constraints.

We use the surface of a unit viewing sphere, centered around the object (located at
the origin of the coordinate system), as a model of the viewpoint space, which we call
view sphere. This model fits well with orthographic projection while perspective pro-
jection would require the knowledge of the viewer-to-object distance. This sphere can
be further approximated by a geodesic dome consisting of facets with equal triangular
shapes providing a quasiregular tessellation. The viewpoint space is then restricted to
the centers of the triangular facets backprojected onto the viewing sphere. Although
there are several methods to construct geodesic domes, we simply use a recursive split-
ting of a triangular facet into four smaller ones, the initial geodesic dome being an
icosahedron (20 facets). This enables us to easily adjust the tessellation of our view
sphere. Figure 11.25 shows a few examples of geodesic domes having an increasing
number of facets.

FIGURE 11.25. Examples of geodesic domes at increasing resolution (20, 80, 320 facets).

The visibility of an object (or part of it) is the open set consisting of all viewpoints
in free space for which the object is visible. The term wvisibility is inherently vague.
We define it here as the set of all viewpoints (consisting of the centers of the facets of
a geodesic dome) for which an object is totally or partially visible. Visibility can be
quantified in either a crisp way or in a fuzzy way. Figure 11.26 shows (transposed to a
2D case) these two possible types of quantification.

Fuzzy logic finds here its natural application in handling vagueness (i.e., difficulty
in characterizing a particular concept or property with a crisp set): The membership
values u calculated will represent the degree of evidence that an object (or part of it) is
visible from a given viewpoint. Considered in the context of the object (Obj) to which it
belongs and from a given point of view (Vp;), the surface area measurement of the part
(Part;): Aopj(Obg, Part;, Vp;) provides a basis for modeling occlusion. Unfortunately,
this measure is highly dependent on the shape of the parts and the projection model
used. Additional information is needed for normalizing A,;. For example, Figure 11.27
shows the same object part (here a stool leg) from three different viewpoints, where it
is obvious that:

Aop;(Stool, Leg, Vpg) > Agpj(Stool, Leg, Vipe) > Aop;(Stool, Leg, Vpy).
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Fuzzy Case

snnn : Visible = Totally occluded — (Membership Value =0)
wmmm : Occluded sunns ; Partially visible  (Membership Value € 10, 1[)
: Totally visible ( Membership Value = 1)

FIGURE 11.26. Crisp quantification (left) and fuzzy quantification (right) of visibility

Only considering the ordering of Aup;(Obj, Part;, Vp;) would mislead us to classify the
stool leg seen in Figure 11.27(b) as more occluded than in Figure 11.27(c), even though
the stool leg in Figure 11.27(b) is clearly not occluded by any other object part.

FIGURE 11.27. Visibility of the same stool leg (dotted lines) from different viewpoints.

To avoid this error we introduce a normalizing factor represented by the surface area
measurement of the part under inspection in a context where the other parts of the
object are hidden: Agingie(Obj, Part;, Vp;). Thus, the normalized value representing
visibility from one viewpoint is expressed as:

Vis(Obj, Part;, Vp;) = Ao (Obj, Part;, Vip;)/Asinge(Obj, Part;, Vp;).
With the help of this normalizing factor, it can be seen from Figure 11.27 that:
Vis(Stool, Leg, Vp.) < Vis(Stool, Leg, Vp,) = Vis(Stool, Leg, Vpy) = 1.

Figure 11.28 shows the resulting visibility regions (here displayed on tessellated spheres
of 320 facets) of the geometric primitives composing a simple lamp (the darker the facet,
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the higher the object part visibility) under orthographic projection. In this figure, both
the view sphere and the object are represented from the same viewpoint and viewing
direction. Figure 11.28(a) shows the visibility of the lampstand, Figure 11.28(b) presents
the visibility of the lamp pole, and Figure 11.28(c) the visibility of the lamp shade.
Notice that, because of the geometry of the object and the relative size of the different
parts, the lampshade is never totally occluded while the lampstand is totally occluded
only from a limited portion of the view sphere (polar position).

c)

FIGURE 11.28. Visibility view spheres for the three different parts composing a simple lamp.

We now have visibility of object parts conveyed as fuzzy view spheres interpreting
Vis(Obj, Part;, Vp;) as a fuzzy membership value uy that reflects the degree of vis-
ibility of the i'" part of the object Obj seen from the center of the j facet. Each of
these membership values is stored in the corresponding facet of the view sphere Sgsﬁ,ti:

v (Sped, Vp;) = Vis(Obj, Part;, Vp;). (11.36)

The fuzzy complement gy represents the degree of “invisibility” of the i*" part of the
object Obj seen from the center of the ;" facet:

pr(Sea, Vp;) =1— py(So,  Vp;). (11.37)

11.5.5 Viewpoint Estimation

Assuming certain parts are identified in a 2D image of a hypothesized object, an ag-
gregation of the fuzzy view-spheres representing the object parts, visibility can be
interpreted as an indication for camera positions.

Basic fuzzy set operators (e.g., complement, intersection, and union) are defined
as generalizations of their classical crisp counterparts and must satisfy proper sets
of axioms (commutativity, associativity, monotonicity) that, however, do not uniquely
define them. As a direct consequence, several operators for the same operation are
available. This contributes to the richness and flexibility of fuzzy logic, but, on the
other hand, the selection of the most suitable operators is often difficult and application-
dependent.

We give here three standard and simple intersection operators, but others are avail-
able (e.g., Yager class, Dombi class [KF88]):

e Original intersection: i1 (pa(x), up(z)) = panp(x) = min(pa(x), pp(z)),
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e Algebraic product: ia(j1a(x), 1(2)) = pans(x) = pa(e) - (),
e Bounded product: is(pa (), s (2)) = f1ans(x) = maz(0, pa(x) + pa() - 1).

Information about single parts can then be aggregated, facet by facet, into a new fuzzy
view sphere, specifying for the complete object which parts are visible or invisible and
parts for which there is no evidence at all. The aggregation results in:

SO (R) = {mmow’(parti, Vi), Vij} (11.38)
where:
v (Spt,  Vp;) if (Part;, Visible) € R
pC% (Part;, Vp,) = MI(SgZiti,ij) if (Part;, Invisible) € R (11.39)

1 (neutral element for N) if (Part,, Irrelevant) € R

with R(P, ST) representing the relation between the two sets:
e P ={Party,..., Part,} set of the parts of the object Obj,
o ST = {Visible, Invisible, Irrelevant} set of states for an object part.

Figure 11.29 shows the influence of the three fuzzy intersection operators i1, io, and i3
described on the resulting aggregation of view spheres. The aggregation is based on the
assumption that the tabletop and the first leg are Visible while the other three legs are
Invisible. Results are displayed on a tessellated sphere of 320 facets, darker gray values
reflecting higher membership values. Figure 11.29(a)) shows the aggregation performed
using the standard min operator i1, Figure 11.29(b) using the algebraic product i, and
Figure 11.29(c) the bounded product is.

iy b) i, c) i

FIGURE 11.29. Influence of fuzzy intersection operators 41,42, i3.

These three fuzzy intersection operators show increasingly restrictive behavior (i; <
iz < ig): min(pa(e), up () < pal@) - (@) < maz(0, pa(e) + pp(z) — 1).

We give here an example of the influence of the selected configuration (“visual query”
in terms of parts Visible, Invisible, or Irrelevant) on the aggregation result. Fig-
ure 11.30 shows the aggregation result (using the bounded product) for a table lamp
(Figure 11.30(a) using two different “visual queries”. The first configuration used for
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calculating the view sphere shown in Figure 11.30(b) was to consider the back of the
lamp shade Visible, the first articulated pole Invisible and the other parts Irrelevant.
For Figure 11.30(c), the back of the lamp shade was V'isible, the lamp shade Invisible
and the other parts were Irrelevant. In Figure 11.30(b), the region of the most likely
viewpoints is not narrow even though the fuzzy intersection operator used (bounded
product) is the most restrictive one. In comparison, Figure 11.30(c) shows a quite
compact region, reflecting the more restrictive nature of the query. The accuracy of
the resulting visibility regions is thus highly dependent on the “visual query”. Stating
parts as Irrelevant of course brings less discriminating power than considering them
Visible or Invisible.

a) c)

FIGURE 11.30. Aggregation with two different object parts configurations.

We have shown how to aggregate the view spheres of different parts of the same
object. This aggregation reflects the visibility constraints of a given objects part con-
figuration. In other words, the resolution of these constraints gives hints to the camera
position with regard to a given objects part configuration. Even though the aggregation
could result in a very narrow region on the view sphere, the most likely viewpoints do
not result in a single facet, making the camera and viewer position estimation difficult.

A first and trivial approach consists in ranking the facets according to their member-
ship value, the most likely camera positions corresponding directly to the center of the
sorted facets. This approach is prone to fail due to unfortunate viewpoints. Further-
more, it does not provide a meaningful list of possible camera positions. For example,
the second most likely camera position is probably a neighbor facet of the first ranked
facet, which does not give, qualitatively, a very different viewpoint. Figure 11.31(a)
shows the ranking of the facets according to their membership value. Notice that view-
point 1 and its neighbors (2-6) are not very different, qualitatively speaking. On the
other hand, a meaningful list of the most likely viewpoints would contain, for the same
example the viewpoints 1 and 2 as depicted in Figure 11.31(b).

To estimate meaningful camera positions, we use a standard non-maxima suppression
algorithm whose local neighborhood has been adapted to match the neighborhood of
the view sphere facets.

If several maxima form a connected region on the view sphere we select the most
promising one by using a binary distance transform on the region composed of the con-
nected maxima. Among the maxima having the same value, the more distant one from
the boundaries of its region is chosen (for results see Figure 11.31(b)). This disfavors
unstable regions, i.e., regions associated with configurations seen from a small portion
of the viewsphere, which are poor candidates for camera positioning even if they meet
the correct configurations. This votes in favor of the region’s stability already mentioned
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FIGURE 11.31. Camera position estimation methods: (a) simple ranking (b) using
non-maxima suppression.

by Trucco et. al. [TDR94].

11.5.6 Viewpoints and Actions

We can infer camera positions but even though viewing directions are now known the
rotation angle around the line of sight (between object and viewer coordinate system)
remains unknown. Before taking any new action (camera displacement), one should
disambiguate the object’s pose with respect to the camera’s viewing direction (the
camera in an orthographic projection is supposed to always point to the object’s center).
Figure 11.32 depicts the situation where the angular displacements Ay and A are
planned as next camera action to reach the desired viewpoint. These displacements are
a function of the angle U: the rotation angle around the viewing direction (between the
camera and the object coordinate systems).

FIGURE 11.32. From the current view Vi, under the knowledge of the camera orientation ¥,
relative angular displacements (Ap, Af) determine the location of the next viewpoint Va.

In order to resolve the angle ¥ one might try to use the difference of principal axes
between the image under inspection (test image) and the model image seen from the
same viewpoint (see Figure 11.33). It is well known that principal axes are undefined
for many shapes (such as n-fold rotationally symmetric shapes or mirror-symmetric
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shapes). Even though universal principal axes [Lin93| could be used, we prefer a more
intuitive approach comparing the object’s parts embedding in the two images. This is
referred to in the literature as spatial arrangements [TVJID95]. These spatial relations
describe how parts are oriented (e.g., “right to”, “above”) relative to each other. The
similarity (after rotation) of part embeddings can thus be used to infer the orientation
between the images. Bloch [Blo97] noted that relative positioning is highly ambiguous;
therefore, such a concept is well suited to the framework of fuzzy sets.

FIGURE 11.33. Model image and test image both seen from the same viewpoint (¥: unknown
camera orientation).

Following Bloch’s approach, we denote by S the Euclidean space where the objects
are defined, i.e., 2D discrete space of an image. Let us consider a reference object R
and an object A for which the relative position with respect to R along the direction
« has to be evaluated. Let us further denote by P any point of S, and by @ any point
of R. Let B(P, Q) be the angle between the vector Q_P and the direction «, computed
in [0, 7]:

QP.ioy
P, Q) = arccos——=—, 11.40
B(P.Q) a7 (11.40)

where (i, denotes the unit vector of direction a: tig, = (cosa, sina

A fuzzy landscape can then be defined around the reference object R as a fuzzy set
such that the membership value of each point corresponds to the degree of satisfaction
of the spatial relation examined with respect to R. Considering the previous definitions,
the fuzzy landscape u,(R) at point P is then given by:

2ming B(P, Q) >

™

)E

to (R, P) = mazx <O, 1- (11.41)
Figure 11.34 illustrates the definition of pn(R) for o = 0 (i.e., “right-to” relation),
where R is a binary hand-sketched region.
As we already mentioned, our objects are represented by a graph structure. We use
this graph structure to compute the fuzzy spatial relations between each pair of ver-
tices (i.e., object parts). The orientation space considered is limited to eight directions
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FIGURE 11.34. Fuzzy landscape pq(R) for oo = 0 (i.e., “right-to” relation). High gray values
correspond to high membership values.

(i.e., every 45 degrees) but can be set to a finer or coarser granularity. Figure 11.35
depicts the resulting fuzzy spatial relations computed for a chosen part (highlighted by
a dotted line) with an orientation space sampled in eight directions.

FIGURE 11.35. Fuzzy spatial relations between an object part (surrounded by a dotted line)
and its neighbors (left: model image, right: test image). The arrows depict the direction of the
relation and their length shows the strength of belief that the neighboring object part lays
within the considered direction.

Considering this sampled orientation space, one can measure the best similarity mea-
sure (correlation) between fuzzy spatial relations stored at the edges of the graph struc-
tures extracted from both model and test images. A correlation over the sampled ori-
entation space is performed between each edge of the model graph structure and its
corresponding edge from the test graph structure. Because we have fuzzy values (ne-
cessity: NF(A), average: M (A), and possibility: IT1(A)) for the different orientations,
we need a de-fuzzyfication scheme to perform a standard correlation. We simply use:

Orientation(A) = ME(A)(1 — (TE(A) — NE(A))). (11.42)

The shift (according to the sampled orientation space chosen) resulting from the best
correlation thus approximates the rotation angle difference between the model and the
test object.

11.5.7 Motion Planning

In order to verify the derived object hypothesis, a new viewpoint is chosen to get some
new data for the fusion step. Two different strategies arise for selecting the new viewing
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position:

e Like in the estimation of the most likely actual viewpoint, we can use the same
visibility sphere to find the least likely viewing position. The image generated
from this new position will most likely include object parts not yet seen by the
active object recognition system.

e The second strategy would try to verify all parts of the object. It will, therefore,
construct a new visibility sphere by generating a new query from the model-object
mapping. Now we want to see all the remaining primitives in the model that were
not included in the mapping. The most likely viewpoint derived from this query
is chosen as the next viewing position.

For the example shown in Figure 11.22-11.24, the resulting belief value for the correct
object hypothesis is bel(Tablel) = 0.2949, but the highest belief value is given to a
different object bel(Tabled) = 0.4482. The reason for this can be seen by investigating
the most likely actual viewpoint. In Figure 11.36 the visibility sphere and the model of
the best object hypothesis can be seen from the actual viewing direction.

(a) Visibility sphere. Dark (b) Object model from the
facets represent likely viewing most likely viewing direction.
positions, the tiny white spots

represent the most promis-

ing viewing positions with the

most likely one in the central

facet of the sphere.

FIGURE 11.36. Actual viewing position.

In our example the system selects, by application of the first strategy, a movement
to a new viewing position (Figure 11.37), where the tabletop can be seen, and therefore
the initial object hypothesis is rejected and the belief for the correct object is increased.
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(a) Visibility sphere. White (b) Model of the hypothesized
facets represent unlikely view- object from the least likely
ing positions, dark spots rep- viewing direction.

resent the most unlikely ones.
The least likely viewing posi-
tion is in the central facet of
the sphere.

FIGURE 11.37. Next selected viewing position.

11.5.8 Object Hypotheses Fusion

Once the next viewpoint is chosen, the object recognition system will move the camera
to this point and gather a new image. This image is then processed by the recognition
system, i.e., the image is segmented, face graphs and aspects are extracted, and finally
a new primitive covering is built. From this primitive covering, a new list of object
hypotheses is derived like in the hypotheses generation Section, which is transferred
into a new belief assignment.

The new belief assignment is fused together with the one already derived by ap-
plying Dempster’s rule of combination (Equation (11.35)). In the case that the initial
hypothesis can be verified, the new evidence increases the belief in this hypothesis. The
system will further choose new viewpoints and exploit the new information until the
belief value for the hypothesis is above a predefined threshold (in our experiments we
have chosen a belief value of 85 %) and, therefore, the object is recognized. Otherwise,
if the new evidence is contradicting the initial hypothesis it will reduce the belief value
for this object hypothesis, and increase a different one. The procedure of selecting new
viewpoints and integrating the evidence will again be repeated until the threshold value
is exceeded.

Going back to our illustrative example, if we compare the new image (Figure 11.38)
taken by the system and the predicted image of the model (Figure 11.37b), we can
see that the new information contradicts the initial belief distribution. Due to physical
restrictions of the hardware setup, the desired top view of the object was not possible.
But the missing tabletop can still be seen clearly now and, therefore, the initially se-
lected hypothesis ( Table/ ) will have reduced belief and the correct hypothesis ( Tablel)
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gains some portion of belief.

FIGURE 11.38. Image of the object from the new viewing position.

11.5.9 Conclusion

In the framework of generic object recognition based on primitive decomposition, a 3D
object model consisting of a 3D CAD prototype and a 3D model graph was presented.
The 3D CAD prototypes are composed of connected geometric primitives having a
high indexing power, while the 3D model graphs represent the spatial relationships
between these primitives. While we extract the primitives in a similar way to Dickinson
[DPR92al, we differ in the generation of the object hypotheses. In his approach, object
hypotheses are inferred by building subgraph isomorphisms, which ignores the fact that
3D connections may disappear in the 2D graphs. We use the recovered connections
only to increase the belief in the object hypotheses, not during the establishment of the
mapping.

The approach exposed here makes qualitative spatial inference of the camera and
viewer position based on the arrangement and occlusion of the parts of the object under
inspection. In terms of qualitative spatial reasoning in computer vision, the presented
concept of the fuzzy view sphere enables qualitative pose estimation or estimation of the
camera position with respect to an object-centered coordinate system. It handles the
vagueness of the visibility concept in a fuzzy framework and helps after estimating the
camera position, in predicting what will be seen after changing the camera viewpoint
or, by mean of a history, in incrementally refining the camera position estimation. We
thus achieve active fusion [PPGBI6).

This system is ongoing work and under permanent refinement, therefore, some prob-
lems remain to be solved.

Because part-based descriptions are ignoring fine (metric or quantitative) distinc-
tions among shapes, they might not have enough distinguishing power; therefore the
basic model (3D CAD prototypes and 3D model graphs) we proposed can be further
augmented by including n-ary relations like size, color, and relative size between parts.

As could be seen from the small example the strategy to find new viewing positions
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is reasonable, because it tries to verify the object by inspection of all parts. Dickinson
[DCTOY4] in contrast uses a strategy for refining aspects to verify single primitives,
which could be used to treat the remaining problems of occlusions and bad or wrong
segmentations, which are not resolved in our system directly. At the current stage of
system development one hypothesis is selected for the verification process. By consid-
ering to investigate the best hypotheses at the same time, it is still an open question to
find the strategy for selecting the best viewpoint for multiple hypotheses. In addition,
the fusion of the view sphere coming from different viewpoints is under investigation.
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Remotely sensed images can be interpreted either visually by human expert inter-
preters or automatically, by employing digital image processing and pattern recogni-
tion methods [KWM99]. The demand for automatic methods mainly stems from two
facts:

e A huge number of images continually acquired from Earth observation satellites
are waiting for interpretation. At the same time, human interpreters are rare, and
their interpretations are costly.

e Humans interpret subjectively. Results obtained by different experts often cannot
be compared quantitatively.

Automatic analysis of remotely sensed images is conventionally performed by pixel-
wise statistical classification. These methods are very effective in extracting multi-
spectral image information from images of lower and medium spatial resolution such
as LANDSAT TM (see Figure 12.1(a) ) and outperform the human interpreter in this
respect: In multispectral interpretation, the human interpreter relies on color vision.
Due to the three-dimensional nature of color space, visual interpretation is restricted to
three spectral bands. For example, the spectro-radiometric information content of the
four spectral bands of LANDSAT TM shown in Figure 12.2 cannot be fully exploited
in visual interpretation.

Pixelwise statistical interpretation, however, completely neglects shape and context
aspects of the image information, which are the main clues for a human interpreter.
Shape, texture, and context are particularly important in the interpretation of images
of high spatial resolution such as IRS-1C (Figure 12.1(b) ).

In contrast to pixel-by-pixel techniques, image understanding (computer vision)
methods try to simulate human visual interpretation. These techniques are based on
the conceptual analysis model shown in Figure 12.3.

The model follows the general approach of analytical science and the technology
of breaking complex reality down into individual objects, identifying these objects,
determining their attributes, and establishing relationships between the objects.
Starting from a digital image, “objects” are delimited in the segmentation process.
These “image objects” can conceptually be regions, lines, or points. In actuality, the
image objects are sets of adjacent pixels having a meaning in the real world depicted.
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(a) Landsat TM Band 3 (b) IRS-1C Pan

FIGURE 12.1. Satellite images: Differences in geometrical resolution.

The objects of an image are, in a second process, classified, i.e., each object is assigned
to a category out of a set of predefined categories. This classification can be seen
as a process of matching (establishing correspondences) with prototypes stored in a
knowledge base and defining the categories.

The process of segmentation may imply a change of representation from the digital
image data structure (pixel raster) to a list data structure. Classification (matching) is
then performed on the objects represented in the list. The process of converting this
list of classified objects (map objects) into a thematic map may again involve a change
of representation from the list data structure back to an image data structure. This
process of visualization is not explicitly shown in Figure 12.3.

The process of classification or matching with prototypes stored in the knowledge base
is hindered by the fact that radiometric attributes of the image objects may be image-
dependent. The use of a generic knowledge base with image-independent prototypes is
therefore made difficult. The solution of this problem is radiometric calibration of
the images, as discussed in Section 12.1.

Another difficulty occurs in the segmentation process: Depending on the pixel size
and the fineness of the spatial land-cover pattern, a considerable fraction of the pixels
may be mixed pixels, i.e., pixels comprising more than one land-cover type. In the
segmentation process, mixed pixels may produce regions without meaning in the real
world. To avoid this phenomenon, segmentation based on subpixel analysis (Sections
12.2 and 12.3) may be used.

Section 12.4 illustrates the use of a generic spectral knowledge base for land-cover
classification of image objects and addresses the distinction of land cover and land use.

Information derived from remotely sensed images often has to be related to informa-
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(c) Band 4 (d) Band 5

FIGURE 12.2. LANDSAT TM image (4 out of 7 bands) of a region near Krems, Austria.
tion from other sources. For example, in the case of land-cover mapping, reference has

to be made to the ownership of parcels. The techniques of image information fusion at
hand for these purposes are discussed in Section 12.5.

12.1 Radiometric Models

The concept of radiometric calibration is illustrated in Figure 12.4. Every land-cover
type is characterized by reflectance values p on the terrain. The corresponding pixel
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FIGURE 12.3. Conceptual model of computer vision in remote sensing. Classification trans-
forms image objects (im.obj.) into map objects (map obj.).

values p in the image, which should be measures of these terrain reflectances, are influ-
enced by disturbances, mainly by the atmosphere. Radiometric calibration of an image
means the establishment of the transformation between pixel values in the
image and reflectance values on the terrain.

In Figure 12.4, the various paths of radiation in the atmosphere are shown. The
radiometric quantities are given for a certain wavelength.

The intensity of the radiation from the sun can be characterized by an irradiance Fg
on a plane perpendicular to the incoming radiation at the top of the Earth’s atmosphere.
This radiation traverses the atmosphere and falls onto the terrain surface. The specular
transmittance of the atmosphere for this path is 744 (s for specular, d for downward).
The resulting irradiance Eg, of the terrain surface is

FEqs = Eg - 154 - cos g, (12.1)

where g is the zenith angle of the sun. Another portion of the radiation from the sun
is being scattered in the atmosphere, i.e., it is deflected from its original direction of
propagation, eventually reaching the terrain surface as diffuse sky radiation. In anal-
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FIGURE 12.4. Influence of the atmosphere on the relationship between
terrain reflectance p and pixel value p.

ogy to specular transmittance, this scattering process can be described quantitatively
by a diffuse transmittance of the atmosphere, 744, giving rise to an additional terrain
irradiance

Eqq= FEs -Tqq - cosg. (12.2)

A fraction p of the radiation falling onto the terrain surface (irradiance Eq) is re-
flected upward and partly propagates directly to the sensor. The resulting radiance Lgg
at the entrance aperture of the sensor is

1
™

The factor 1/7 accounts for the fact that radiance is related to the solid angle (assum-
ing Lambertian reflectance of the terrain surface, see, e.g., [Wol98]). p is the reflectance
of the surface, and 75, is the specular transmittance of the atmosphere for the up-
ward radiation path.

Another part of the radiation reflected upward by the terrain surface reaches the sen-
sor not on a direct path, but after being scattered in the atmosphere. Again in analogy
to specular transmittance, this scattering process can be described quantitatively by
a diffuse transmittance of the atmosphere, 74, (d for diffuse, u for upward), giving
rise to radiance Lgg at the entrance aperture of the sensor:
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1
LSd: ; -Eg~p-7'du. (12.4)

A third part of the radiation reflected upward by the terrain surface is being scattered
in the atmosphere back to the terrain, increasing the irradiance there. Introducing a
reflectance paq (A for atmosphere, d for downward) of the atmosphere, the total terrain
irradiance is

_ Egs + Ega

Ec=FEgs+FEga+Eg-p-paa or  Eg= : (12.5)
1—p-pad

A portion of the radiation from the sun is scattered upward in the atmosphere before
it reaches the terrain surface. It is called atmospheric path radiance. and it causes a
radiance Lg4 at the entrance aperture of the sensor. It can be described quantitatively
by a reflectance pa, of the atmosphere (A for atmosphere, u for upwards) in direct
analogy with the process of reflection at the terrain surface:

1
Lsa=—-FEg-pay-costs. (12.6)
T

The total radiance at the entrance aperture of the sensor is given by the three
terms

Ls=Lgs+ Lsq+ Lsa. (12.7)

Combining all equations from (12.1) to (12.7) one obtains

( (Tod + Taa) (Tou + Tdu) - P
1—p-pag

1
Ls = —FEscostg - + pau)- (12.8)
Y

The resulting pixel value p is linearly related to this radiance Lg by

Ls=aop+ay-p, (12.9)

where ag and a; are the offset and gain of the sensor, respectively.
Equations (12.8) and (12.9) provide the relationship between pixel value p and re-
flectance on the ground, p:

p=p(p, Es, Vs, Tsd: Tdd, Tsus Tdu, PAus PAds Q05 G1), (12.10)

which is needed for radiometric calibration.
The situation is more complicated in the cases of
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(a) Spatially inhomogeneous surfaces: Due to scattering in the atmosphere, radia-
tion from the surroundings of a pixel on the ground will influence the radiance
sensed for this pixel (Equation (12.4)). In addition, radiation reflected from the
surroundings of a terrain pixel will partly be backscattered by the atmosphere
to this terrain pixel (Equation (12.5)). To account for this, p in Equations (12.4)
and (12.5) has to be substituted by p, which denotes a spatial average of p in the
surroundings of a pixel. The exact weight function for the averaging depends on
atmospheric properties.

(b) Uneven terrain: Equations (12.1) and (12.2) have to be altered to account for the
effect of irradiance variations at inclined surfaces. In addition, all atmospheric pa-
rameters 7 and p depend on terrain altitude. A digital elevation model is required
to make allowance for this.

(¢) Non-Lambertian surfaces: Many natural land-cover types exhibit directional re-
flectance effects. The main problem is the target-dependence of these effects.

These complications are not further dealt with here. It should only be mentioned
that the treatment of spatially inhomogeneous surfaces and uneven terrain is rather
straightforward, albeit costly in terms of computing time and input data requirements
(digital elevation model). The quantitative treatment of non-Lambertian reflectance on
natural surfaces, on the other hand, is a largely unsolved problem.

Equations (12.8) and (12.9) contain a number of parameters whose actual values may
come from various sources:

e Fg is known from satellite measurements. (It is not constant, but it shows seasonal
variations due to the varying sun-earth distance.)

e g can be computed from the exact time of image acquisition.

® Tod, Tdds Tsu, Tdus PAu, and paq can be modeled quantitatively by computer simu-
lation. Here, the 6S-code (Second Simulation of the Satellite Signal in the
Solar Spectrum) developed at the Laboratoire d’Optique Atmosphérique of the
Université des Sciences et Technologies de Lille [V197] is used.

e ap and a; may be considered constant and are provided by the supplier of the
satellite images.

The 6S-code allows us to compute the listed atmospheric transmittance and re-
flectance quantities from other parameters on the gaseous components (e.g., vertical
pressure and temperature profiles) and on the aerosol components of the atmosphere
(aerosol types, aerosol distribution and aerosol concentration). Typical parameter com-
binations are compiled in “atmospheric models for gaseous components”, Mg (e.g.
“midlatitude summer” model), and in “aerosol models”, M4 (e.g., “continental” aerosol
model). The aerosol concentration, which is highly variable and has a strong impact
on radiation processes in the atmosphere, is not included in the aerosol model, but is
characterized by an additional parameter, e.g., by the “horizontal visibility” V3,.
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To avoid the repeated time-consuming simulation computations of the 6S-code, a
polynomial formulation of the dependence of the atmospheric transmittance and re-
flectance quantities on ¥g and V}, has been found for different choices of Mg and M4
by regression from individual data points obtained with the 6S-code:

Tsd = Tsd(Vs, Ma, Ma, Vi), Tad = Taa(Vs, Ma, Ma,Vyp),  etc. (12.11)
Inserting Equations (12.11) into (12.10) yields

p=p(p, Es, Vs, Ma, Ma, Vi, ao, a1). (12.12)

Here, the quantities Fg, ¥g, ag, and a1, which are constant for the image, are known
from external sources. Mg, M4, and V}, are assumed to be constant for the image, but
these parameters are unknown.

It is unrealistic to try to obtain these data from field observations and measurements
(e.g., with radiosondes) during image acquisition in operational applications. Rather,
the aim is to derive this information from the image itself. Such a method of calibration
is called radiometric self-calibration.

The basic idea of an approach for radiometric self-calibration of remotely sensed
images is outlined in Figure 12.5. The relationship between pixel values and terrain
reflectance is not formulated for individual pixels, but for image objects. In analogy
to Figure 12.3, a distinction is made here between image objects (in the image, with
remote-sensing-specific attributes such as pixel values or reflectance values) and map
objects (with application-specific attributes such as land-cover). Image objects are ob-
tained by segmentation of an image. Initially, the various attributes of the image objects
such as spectral characteristics (mean pixel vector) are image-dependent: The same ob-
ject may have different attributes on two images (e.g., acquired at different dates).
The image-dependent attributes are converted to image-independent attributes
by transformations making use of a geometric model and a radiometric model of
image acquisition (georeferencing and radiometric calibration). The transition to
map objects with application-specific attributes is then accomplished by classification,
which is a matching with map object prototypes in a knowledge base.

The main point now is the determination of the parameters of the radiometric model.
According to the idea of radiometric self-calibration, this is tried by simultaneous
classification and radiometric model parameter estimation: Starting from plau-
sible initial values, the radiometric model parameters are varied systematically until a
maximum match between image objects and prototype objects in the knowledge base
is reached.

It should be pointed out that, in this method of simultaneous calibration and classifi-
cation, comprehensive use of spectro-radiometric and structural image information can
be made for both radiometric calibration and thematic image analysis. For example,
shape properties of image objects may influence the radiometric parameters: If an image
object, due to its rectangular shape with straight boundaries, is more likely to repre-
sent an agricultural field than a forest, this may have some bearing on the radiometric
calibration.
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FIGURE 12.5. Simultaneous classification and radiometric calibration.

A simple version of this approach is the “dark-object” method, which tries to es-
timate V}, from the darkest pixels pg in every spectral band, while making plausible
assumptions on M¢ and M 4 according to the season of image acquisition and the region
depicted. For these darkest pixels, one has, from Equation (12.12):

Pa =P (03 ESa 1953 MG» MA7 ‘/lu ao, a1)~ (1213)

From these equations (one for every spectral band), V}, can be determined by least
squares estimation. With this value, all pixel values of the image can be converted to
terrain reflectance values by using Equation (12.10) or, equivalently, (12.12), i.e., the
radiometric calibration can be performed.

Figure 12.6 illustrates the result of radiometric calibration for a part of a Landsat
image from the border of Lower Austria and Styria in Austria. In this case, the influ-
ence of varying terrain illumination due to uneven terrain has been taken into account.
A digital elevation model was used for this purpose. It can be seen that the big differ-
ences of the gray values of north-facing and south-facing slopes caused by different sun
irradiance in the original image have been largely eliminated in the calibrated image.
However, due to the coarse digital elevation model used (250-m raster width), radio-
metric deviations remain close to topographic discontinuities not resolved by the digital
elevation model.
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(a) Band 4 original (b) Band 4 corrected

FIGURE 12.6. Landsat TM image of a region near Miirzzuschlag, Austria, original and radio-
metrically corrected.

12.2  Subpixel Analysis of Remotely Sensed Images

Conventional image classification techniques assume that all the pixels of an image are
pure, i.e., that they represent an area of homogeneous cover of a single land-cover class.
This assumption is not justified because there are many situations that lead to pixels
having mixed spectral signature (“mixed pixels” or “mixels”), mainly as a consequence
of the limited spatial resolution (large pixel size) of the sensor.

To alleviate the mixed pixel problem, two approaches can be taken: Spectral sub-
pixel analysis treats every pixel separately, exploiting the spectral pixel pattern. Every
pixel vector (whose elements are the pixel values in the different spectral bands) is as-
sumed to be a linear combination of pure “prototype” pixel vectors known in advance.
The proportions of the prototype pixels (ground-cover proportions) forming the mixed
pixel are estimated. The second method, spatial subpixel analysis, will be described
in detail here. It exploits the spatial pattern of pixels within a certain neighborhood
of a pixel to be analyzed. Geometrically simple real-world situations are assumed, e.g.,
two homogeneous regions separated by a straight boundary. The real-world scenes are
described by a small number of model parameters. Given the pixel distribution within
an image window (e.g., a 3x3-cell), spatial subpixel analysis aims at deriving these
parameters.

Figure 12.7 illustrates the idea behind spatial subpixel analysis. The aerial photo
in the lower left of Figure 12.7 symbolizes the real-world scene from which a model
description (two homogeneous regions delimited by a straight boundary) is derived.
The parameters of every pixel in the multiband image are estimated from the pixel
values of the 3 x 3 neighborhood. Each pixel value is given by a pixel vector containing
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the spectral values in the different bands.

.. I Multiband image
. I Spatial Subpixel Analysis

Model of

real world
scene

Image W acquisition

Derivation of model

Real world scene

FIGURE 12.7. The relations between real-world scene, its model, and multiband image.

The following discussion is given for one spectral band only. The extension to multi-
band images is indicated later. In order to estimate the model parameters (spatial:
S1,82, " , Sy, spectral: pi,pa, -+ ,ps) from pixel values (q1,q2, - ,qn) in a given im-
age window, a generalized optimization problem is formulated. n is the number of
pixels in the cell, r is the number of spatial parameters, and s is the number of spectral
parameters. In order to find a solution, it is necessary that r + s < n. The solution of
the optimization problem is the set of estimated parameters giving the minimum error.

It is assumed that each pixel value in the image window is a linear mixture of the
pure spectral pixel values p1,pa,- - ,ps. The pixel value ¢} derived according to the
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model from the estimated parameters is thus given by
S
4= fupr, i=1-,n. (12.14)
k=1

The scalar fi; gives the area of the homogeneous region with pure spectral value py
within the pixel with true value ¢;, measured as a portion on the total pixel area. Thus,
fri are dependent of the spatial parameters sq,--- , s, and Z;zl fri = 1 for any fixed
i. The optimization problem leading to the optimal model parameters within a certain
image window can be formulated as follows:

n

2
€<817"' uS’r’>p17"' 7ps) = Z[qz_q;]
i=1
n s 2
= Z [Qi - kaipk} — min. (12.15)
=1 k=1

In the following, solution strategies for the special case of two homogeneous regions
delimited by a straight boundary are discussed. The spatial parameters for this ex-
ample are d, the normal distance from the pixel center to the line, and «, describing
the orientation of the line. The spectral parameters are p; and po, the pure spectral
signatures of the adjacent regions. It is thus required to minimize a four-dimensional
error function e(d, «, p1, p2):

]2

e(d,a,p1,p2) = lai — g

-

=1

lgi — (fri(d, @)p1 + f2i(d, Oé)pQ)]Q — min. (12.16)

Il
_Mw

i=1
Figure 12.8(b) displays an error function given the cell of Figure 12.8(a).

Iterative methods are required to solve Equation 12.16. Because remote sensing appli-
cations usually deal with large quantities of data, time-efficient strategies are necessary.
One possibility of reducing computation time is to begin the optimization process with
a good starting point. Assuming that long, straight boundaries exist, model param-
eters to start with may be derived from adjacent pixels where parameters have already
been found. If no neighborhood information is available, a fast neural net method as
described in [SS97, SS98] may also provide a good starting point. Ultimately, either a
least-squares method as introduced in [Sch93] or a more time-efficient method involv-
ing direct search methods (Fibonacci search) (see [SS98]) is applicable to the solution
of the optimization problem. A model is accepted if a minimum error is found that lies
below a given threshold.

Object boundaries are hardly detectable in one band but very clearly detectable
in others. Figures 12.9(a) and (b) show examples of objects that are distinguishable
in only one band. A multiband approach helps in this situation: The minimum of
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u= 23010360 = d=-07t007

(a) Image window (b) Error space

FIGURE 12.8. Example of an image window with optimal subpixel line and respective error
space.

the error function e(d, a, p1, p2) (according to Equation (12.15)) is determined for the
image windows of each band separately. The mean values of the spatial parameters are
subsequently chosen as final spatial model parameters.

(a) LANDSAT TM Band 3 (b) LANDSAT TM Band 4

FIGURE 12.9. Different discernibility of segments in different bands.

The resultant spatial subpixel information can be used in different ways. The subpixel
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(a) Original image (b) Subpixel resampled image

FIGURE 12.10. Spatial subpixel analysis applied to LANDSAT TM image (only near-infrared
band is shown).

parameters can be used to obtain an enhanced image by subpixel resampling. Figure
12.10 depicts an original LANDSAT TM image and the subpixel-resampled image.
Each pixel is replaced by a (k x k) window. The pixels of the window obtain values
according to the subpixel parameters. The resultant image is then used as input for
further processing, e.g., for segmentation.

In a different approach, the subpixel parameters can be used directly in a special
segmentation algorithm, as will be described in the next section.

12.3  Segmentation of Remotely Sensed Images

Segmentation in general is the process of partitioning an image into regions (segments,
sets of adjacent pixels) having a meaning in the real world [HS93]. The criteria for
selecting pixels to belong to one segment can be spectral or textural similarity, dissim-
ilarity to other segments, geometric simplicity (smoothness) of the boundaries of the
segments, or special thematic knowledge about the real-world objects one is interested
in. In remote sensing applications, special emphasis is placed on spectral homogeneity
of the segments (indicating identical land cover) and on abrupt and, if present, straight
boundaries between the segments.

The segmentation process used and described here is a region growing method.
This process is easily adaptable to multiband images and can be implemented with a
variety of homogeneity criteria. Starting from an arbitrary seed pixel, pixels are added,
if their spectral differences from the mean of the region existing so far is below a certain
threshold. If a region stops growing, a new seed pixel is placed automatically in the
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TABLE 12.1. Comparison of spectral parameters of segmented objects.
| Spectral mean values |

Vector Raster Nominal

Segmentation | Segmentation Value
1 144.8 144.4 145.0
2 126.8 123.4 127.0
3 108.6 104.8 109.0
4 90.6 91.0 91.0
5 53.6 51.5 54.0
6 71.6 69.3 72.0
7 35.7 35.1 36.0

TABLE 12.2. Comparison of spatial parameters of segmented objects for vector and raster
segmentation. The nominal values are: area = 115.5, perimeter = 47.

Vector Raster
Segmentation Segmentation
Area Perimeter Area Perimeter
1 114.4 47.1 112.0 46.0
2 113.2 49.2 108.0 54.0
3 111.8 474 113.0 60.0
4 112.9 47.6 96.0 44.0
5 113.0 48.0 118.0 56.0
6 112.0 474 114.0 62.0
7 111.0 45.7 99.0 60.0

image area not yet assigned to a segment. The main parameters for influencing the
mean segment size are the thresholds controlling termination of the growing process.
These thresholds specified for the individual spectral bands are adjusted in test runs.

The segmentation generates objects for which shape parameters (e.g., elongation,
degree of fill of minimum bounding rectangle, area, perimeter), spectral parameters
(mean pixel values), and textural parameters (entropy, energy) can be deduced. These
parameters are used for land-cover classification (see Section 12.4), but also for de-
ducing other information, e.g., ecologically relevant attributes of landscape elements
represented by the regions.

To achieve segmentation with subpixel accuracy, the region growing algorithm is
modified. In addition to the homogeneity criterion, an unconditional stop of the growing
process is introduced at pixels for which subpixel parameters have been found in a
preceding analysis step. The segment boundaries are then defined in vector form based
on the subpixel parameters. The method is termed vector segmentation [SSS98].

Apart from alleviating the mixed pixel problem, segments obtained by vector seg-
mentation allow a more reliable determination of shape parameters.

Figure 12.11(a) is a synthetic image displaying a rectangular object and rotated copies
with different gray values. This image is segmented by conventional region growing and
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(a) Synthetic image

(b) Synthetic image with conventional re-
gion growing borders

(c) Synthetic image with vector segmen-
tation borders

FIGURE 12.11. Segmented synthetic image.
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(a) Original LANDSAT TM (band 4) (b) LANDSAT TM with vector seg-
mentation

FIGURE 12.12. LANDSAT TM (band 4) and vector segmentation results

by vector segmentation.

Spectral parameters (mean value) and spatial parameters (area and perimeter) of the
resultant regions are compared and displayed in Tables 12.1 and 12.2. The parameters
of the vector segmentation show a significantly lower deviation from the nominal values
compared to the results of the conventional region growing. This example demonstrates
the strong distortion of some shape parameters in the case of raster segmentation.

Figure 12.12 shows a LANDSAT TM (band 4) scene with the vector segmentation
result superimposed.

12.4 Land-Cover Classification

Land-cover maps and land-use maps are required for many applications such as regional
planning, landscape ecology and landscape planning, agricultural management, and
forestry.

Land-cover refers to the actual material present on the ground and to the real bio-
physical conditions of the terrain surface, while land-use includes aspects of the eco-
nomic and cultural use of the surfaces. For example, a piece of land being composed
of land-cover types gravel, concrete, tarmac, vegetated area, and buildings may repre-
sent land use type settlement area or industrial area. A clear felling area in a forest
may represent land-cover grassland, while its land use is forest. A forest road may be
land-cover gravel, while land use is forest, and so on.

Remote sensing can only provide information on land-cover in the first step. Generic
knowledge on the spectral characteristics of land-cover types is available for the classi-
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FIGURE 12.13. Spectral reflectance curves of typical land-surface objects.

fication of segments in the radiometrically calibrated image. The coordinate axes rep-
resent brightness, wetness, and greenness of the objects on the Earth surface, providing
important information about objects. Figure 12.13 shows the spectral reflectance of
land-cover categories in the wavelength range from 400 nm to 2400 nm, together with
the peak sensitivity of the spectral bands of the satellite sensor LANDSAT TM, TM1,
TM2, TM3 (blue, green, red), TM4 (near infrared), TM5, TM7 (midinfrared), TM 6
(thermal infrared).

The following generic rules for classification can immediately be seen from the figure:

Snow and limestone have a reflectance above 40% in TM3.

e The ratio of reflectances in TM4 and TM3, p4/ps, is positive for limestone and
negative for snow.

Water, soil, and vegetation have reflectance values below 40% in TM3.

The ratio of reflectances in TM4 and TM3, p4/ps, is negative for water, has small
positive values for soil, and is large (above 2.0) for vegetation.

These rules can be formulated in a decision tree classifier (see [SS99]).

In addition to spectro-radiometric knowledge, shape and texture rules can be in-
cluded in the decision tree (e.g., agricultural parcels are characterized by segments
of predominantly rectangular shape with straight boundaries, while grassland exhibits
more irregular boundaries).
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Landsat TM Band 2 I Water Agriculture
[ Forest [ ] Urban and Built Up
[ Grassland

FIGURE 12.14. Classified Landsat TM scene.

An example for land-cover classification based on this method is illustrated in Figure
12.14.

A land-cover map can be transformed into a land-use map by applying expert
knowledge on land use. In many cases, data from additional sources will be necessary
for this, e.g., from a digital elevation model, existing maps and GIS data sets (e.g., with
administrative boundaries), and the like. This topic is, however, beyond the scope of
this book.

12.5 Information Fusion for Remote Sensing

In addition to the application-independent benefits of fusion (as discussed in chapter
11), the combination of data from different acquisition dates and sensors is important
in remote sensing, e.g., for

e the interpretation of land-cover types with multiseasonal data showing different
states of phenology,

e the detection of land-cover changes during several years, and
e the combination of land-cover data with other data such as cadastral maps.

Traditionally, in a first step, multiple remote sensing data sets are registered using
control points. Due to differences in viewing angle, resolution, illumination, sensor char-
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acteristics, etc., the selection of such control points may be difficult and is thus often
performed manually or semiautomatically.

An alternative approach is object-level fusion [SB97]. Instead of raster images, im-
age objects obtained by segmentation (compare Figure 12.3) are combined. In optical
remote sensing of the Earth surface, the most useful objects for object-level fusion are
regions of homogeneous land cover. If their land cover already can be determined before
the combination, then fusion is performed with the map objects.

The morphological and geometrical object attributes are matched to find correspond-
ing object pairs. Depending on the types of images to be matched, it may be neces-
sary that these attributes are independent of scale, rotation, and translation to enable
matching. In figure 12.15, two regions (one from Landsat TM and one from IRS-1C)
are shown with certain shape attributes. While pixel-count and perimeter are com-
pletely incomparable due to the different scale of the original images, others fulfill the
requirement of invariance and can thus be used in matching.

" )
Y

LANDSAT TM
Pizels 2484
Perimeter 240
Minimum-bounding-rectangle-fill 0.639
FElongation 0.561
Radius [m] of mazimum 240

Inner circle

FIGURE 12.15. Regions and their shape attributes.

After matching image objects, the information on correspondences may be used in
different ways. One possibility is to derive the geometric transformation parameters
between the coordinate systems of the original images. The matched pairs of image
objects are thus used as control point pairs. The images may then be registered relative
to each other, and subsequent fusion may be performed on a pixel level.

Another approach is to remain on the image object level, e.g., with a list data struc-
ture, and to combine attributes of corresponding image objects from different image
sources (object-level fusion).
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If one data source to be fused is available in vector format, then object-level fusion
is most appropriate. An example of interest for agricultural subsidies control is the
fusion of satellite image data and a cadastral map [BPCP96]. Agricultural fields with
crop-type attributes are identified on the (unregistered) image with an edge detector
and a line connecting tool. This information may then be fused with a cadastral map
by matching the line segments (see Figure 12.16) and integrating the crop data into
the land owner database.

FIGURE 12.16. Matching of line segments from the cadaster (in white)
and from the image (in black).
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Part V

3D Reconstruction



Introduction to Part V

One central topic of digital image processing is the calculation of three-dimensional
(3D) information from two-dimensional (2D) camera data. Depending on the object
type, different sensors will be used and the structure of the desired result, i.e., the
description method, will differ considerably. Here is an (incomplete) list of applications
of 3D reconstruction:

e Mapping: The object is the Earth’s surface with topographic objects, and the
images are taken from aircraft with almost parallel viewing directions (vertical
stereo). Depending on the image scale (the ratio of flying height and focal length),
one can distinguish “small-scale” aerial images from “large-scale” aerial images.
Small-image scales, e.g., 1:30 000, are used for the production of small-scale to-
pographic maps. For these applications, the Earth’s surface can be assumed to
be smooth, and artificial objects such as buildings are to be plotted in a sym-
bolic form. Large image scales, e.g., 1:4000 are used for the production of precise
topographic maps, urban GIS data, or 3D city models. In these applications,
man-made objects can be plotted accurately in three dimensions.

e Architecture: The object to be reconstructed is a building, especially its facades.
The photographs are taken from viewpoints on the Earth’s surface (“terrestrial
photos”), and the result can be used, e.g..for reconstruction purposes, damage
documentation, or virtual reality models. The representation of this class of ob-
jects is task-dependent. However, in general, a 3D representation will be required.
Reconstruction has to handle severe problems such as low texture, occlusions, and
shadows.

e Construction: Deformation analysis is an important topic in construction con-
trol. It can be performed by theodolite-mounted CCD cameras. In road/railway
construction, mining, and tunnel construction, 3D measurement techniques based
on computer vision start to become relevant for planning and quality control.

e Medicine: The object is the human body or a part of it, which is photographed
from several viewpoints in a close-range setup. Again, true 3D representations are
necessary in many cases.

e Industrial applications: Three-dimensional reconstruction methods in indus-
trial environments are a quickly growing field. The applications in the following
list comprise only a small fraction of the potential set:

— Quality and/or process control within an industrial production line (e.g.,
rails, turbine blades, crank shafts, timber manufacturing, car bodies).
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— Determination of 3D geometries of metallic objects.

— Target tracking, surveillance, motion detection, and navigation.

All these applications are based on camaras that operate analogous to our human
eye, and the system of cameras and software simulate the human biology.

First we consider the human visual mechanism. The inmost membrane of the eye
is the retina. When the eye is properly focused, light reflected by objects outside the
eyes is imaged on the retina. Over the surface of the retina 110 million to 125 million
discrete light receptors (divided in cones and rods) are distributed. The 4 million to
7 million cones are located primarily in the central portion of the retina, called fovea
centralis, and are highly sensitive to color. We can distinguish three types of pigments
that are sensitive for the red, green, and blue parts of the light spectrum. Cone vision
is known as the em photopic- or bright-light vision. The many rods are not involved in
color vision but are sensitive to low levels of illumination. Rod vision is known as the
scotopic- or dim-light vision.

After the perception of light with cones and rods our brain has to interpret the image
of our surrounded world. So human visual perception is a complex interaction between
the two eyes and different regions of the brain and is composed of three actions:

e perception of shape and color,
e 3D perception, and
e perception of motion.

The perception of color is a sense, not a physical property of objects. It is an effect
of electromagnetic waves in our consciousness. Therefore theory of color is an inter-
disciplinary field between physics (composition of electromagnetic waves of the light
stimulus), physiology, and psychology (response of our visual system to light stimu-
lus). Today two concepts explain the physiology of color vision. These theories and the
use of color information for decision making in surface reconstruction are described in
Section 17.4.

The 3D perception is the result of the perception of two eyes. Similar to the human
visual system, it is possible to generate 3D spatial information from the data of two
or more cameras that, from different positions, view the same scene. The exact func-
tionality of this process within the human brain is a yet-unsolved problem. From the
mathematical point of view, a camera provides the projection of visual 3D information
onto the 2D image space. Attempts to simulate the human biology using two cameras
and software have not been very successful. However, for industrial automation tasks
and mapping using remote sensing images, specific solutions can be developed that are
robust enough for the respective application. Geometrical camera calibration and ori-
entation are essential for each accurate measurement task as it defines the geometrical
description of a lens-camera system with respect to the outside world (using “ground
truth data” as a basis), which, as a consequence, also allows the fusion between dif-
ferent sensors. Most sensors provide accurate 3D information, but the geometry of the
points can be rather complex, depending on the surface viewed (consider a tree, for
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example). In order to obtain a data description that is usable for further processing,
such as making a CAD model of an existing part, consistent modeling or approximation
of the surface by primitives becomes necessary.

Therefore, 3D reconstruction can be seen as a process of two stages:

1. Getting individual 3D points (ordered or not, directly from the sensor or as a
result of complex image processing) and

2. Deriving a surface model that is usable for the respective measurement task.

The fundamentals of 3D reconstruction from multiple views will be described in
Chapter 13. In that Chapter, an overview about sensors that can be used for recon-
struction purposes will be given, as well as the fundamental mathematical relationships
between 3D object space and 2D image space. In addition, basic principles of object
surface modeling will be dealt with. The basic problem that has to be solved in 3D
reconstruction is the correspondence problem: In order to reconstruct 3D points, two
or more homologous (corresponding) points from different images have to be found.
An overview of these matching techniques can be found in Chapter 14. After that,
three sections will deal with specific algorithms and setups for 3D reconstruction from
the point of view of three different sciences:

e Photogrammetry: High-precision measurement of targeted points and 3D re-
construction from more than two images for photogrammetric purposes are de-
scribed in Chapter 15. Photogrammetric applications, especially mapping, are
often characterized by the enormous amount of image data that has to be han-
dled.

e Computer vision: In Chapter 16, algorithms for 3D stereo reconstruction and
navigation based on video or CCD cameras will be presented.

e Engineering geodesy: In engineering geodesy, video theodolites are applied as
sensors to automate 3D reconstruction tasks. Three-dimensional object recon-
struction using video theodolites will be dealt with in Chapter 17.
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The large number of 3D reconstruction applications yields an equally large number
of approaches to the solution of that problem. These approaches differ in both the
instruments and the algorithms used. However, the basic mathematical models are quite
similar as they describe the imaging geometry. In this Chapter, these mathematical
models and other basic principles will be presented. In Section 13.1, the problems
connected with image acquisition are discussed. After that, the basic mathematical
model of perspective transformation will be explained in Section 13.2. Section 13.3 gives
the basic setup for 3D reconstruction using two images. This concept is generalized to a
more complex image setup applying an arbitrary number of photographs in Section 13.4.
Finally, Section 13.5 deals with the question of how to represent a more or less complex
object on the computer.

13.1 Image Acquisition Aspects

Due to the application-specific requirements regarding speed, accuracy, and object di-
mensions, different image acquisition methods for 3D reconstruction have to be used.
It is the goal of image acquisition to get digital images as depicted in Figure 13.1. A
Cartesian coordinate system is attached to these images, which is called sensor co-
ordinate system. Its origin is in the center of the left upper pixel, and the axes (r, c)
point in the directions of the image rows and columns, respectively. The units of the
sensor coordinate system are pixels; thus, the sensor coordinates (r, ¢) of a point P can
be interpreted as its row and column indices, respectively.

»C

i
<

FIGURE 13.1. The sensor coordinate system.
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The most commonly used sensors for 3D reconstruction are video cameras, CCD
cameras, analog photographic cameras, and remote sensing scanners.

153.1.1 Video Cameras

Video cameras are connected to a PC with a frame grabber that performs conver-
sion of the analog video signal to digital images. The size of these images is typically
768 x 572 pixels, which corresponds to 0.44 MB. These cameras are relatively cheap, and
they are well-suited for real-time applications; this is why they are used for industrial
and medical purposes. On the other hand, both their sensor size and their resolution
are restricted.

13.1.2 Amateur Cameras with CCD Sensors

CCD sensors can be mounted in the image planes of conventional photographic cameras.
In addition, such cameras need a device for data storage, e.g. a PCMCIA card. They
can then be used just like analog cameras, with the advantage that the images can be
checked on a laptop PC immediately after they have been taken, and bad photographs
can be replaced by better ones. The sensor size varies considerably between different
sensor models: A typical sensor may have about 2000 x 3000 pixels, which corresponds
to 6 MB per grayscale image or 18 MB for a true color image. The format of these
sensors is about 2.4 x 1.6 cm?; thus, it is still 33 percent smaller than a common small-
format analog photograph. The images in Figure 13.6 were taken using such a sensor.
These cameras can be used for architectural applications and basically for everything
that can be photographed because their handling is very flexible. However, in order to
achieve an economic operating cycle, camera objectives with small focal lengths have
to be used that enlarge the aperture angle but bring about geometrical problems due
to distortions (Section 13.2).

13.1.8  Analog Metric Cameras

Photographs taken by metric cameras correspond with high accuracy to central per-
spective images (Section 13.2). These cameras deliver analog images that have to be
scanned offline using photogrammetric scanners. They are used for high-precision ap-
plications or if the format of the CCD sensors is too small for an economic operating
cycle, which is especially true, e.g., for mapping purposes. Scanning offline turns out to
be a very time-consuming process, which is especially true for aerial images: The format
of aerial images is usually 23 x 23 cm?, and due to the high demands for accuracy, they
have to be scanned with high resolution, thus yielding an enormous amount of data:

e 15 pm: 256 MB per grayscale image (16,000 x 16,000 pixels).

e 30 um: 64 MB per grayscale image (8000 x 8000 pixels).
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The image size for terrestrial metric cameras is typically 12 x 9 cm?, which cor-
responds to 8000 x 6000 pixels or 48 MB per grayscale image at a pixel size of 15

pm.
Some strategies for handling these enormous amounts of data are covered in Chap-

ter 15.

13.1.4 Remote Sensing Scanners

Image plane .-~

i Orbit
i
C
. 1 \ off nadir
i \ angle
s(H)
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o
£ Flying
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—Y ,\\
x/ Cartesian <\ 4‘\“
System "-
P\
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FIGURE 13.2. Image acquisition principle of optical line scanners from satellites or aircraft.

In the case of satellite line scanners [RHR 93] (Figure 13.2) a comparable amount of
data must be handled. Images consisting of a single line are composed into an “infinite”
strip making use of the sensor motion. The platform has its own coordinate system
(f, 3, E), which is dynamically changing with respect to the world coordinate system
(X,Y, Z). The sensor is moving in the i direction. The transformation between image
plane and sensor platform remains fixed. In the standard case, the line scanner is
arranged perpendicular to the direction of movement. Each line is oriented individually
using the orbit description of the respective satellite. A refinement of these orientations
is possible using reference points on the ground. Two line scanners simultaneously
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looking forward and backward realize a stereo configuration.

Remote sensing images are taken in many different spectral bands of the visible and
infrared spectrums with a spatial resolution typically between 5 and 40 m on the ground
per pixel. Airborne sensors reach a much higher resolution, but calibration of the data
is rather complex due to complicated motion of the sensor.

13.1.5 Other Visual Sensor Systems

e Modern theodolite systems use low-resolution CCD sensors for target localization.
These video theodolites will be discussed in detail in Chapter 17.

e Optical scanners are used for digitization of analog images, both in the profes-
sional area for photogrammetric purposes and for consumer and desktop purposes.

13.2  Perspective Transformation

The photographic imaging process is mathematically formulated by a perspective trans-
formation that gives the relation between the position of a point p in the photograph
described by its coordinates (u,v,0) in a camera-related coordinate system (image
coordinate system) and the corresponding object point P described by its object
or ground coordinates (X,Y,Z) (Figure 13.3). Each object point is projected by a
straight line through the projection center C' into the image plane I. If we reduce
both the image coordinates and the object coordinates to the projection center C, the
mathematical formulation of the perspective transformation looks like this [Kra97]:

T

U — Ue 11 Ti2 T3 X —-Xc
p—c= v — U, =X-| ro1 7Ty 7o3 . Y -Yo :)\-RT-(P—C).
—f T3y T32 T33 Z—Zc

(13.1)

In Eq. (13.1), ¢ = (ue¢, ve, f)T is the projection center in the image coordinate system,
C = (X¢,Yo,Zo)T is the projection center in the object coordinate system, R is a
3 x 3 orthonormal matrix with three degrees of freedom that describes the rotations
between the coordinate systems (u,v,w), and (X,Y, Z); RT is the transposed matrix
of R. The coeflicients r;; of R can be computed from trigonometric functions of three
rotational angles w, ¢, and £ [Kra93]:

COS ¢ COS K —cos¢sink sin ¢
R= coswsink +sinwsingcosk coswcosk —sinwsingsink —sinw cos ¢
sinwsink — coswsin ¢ cosk sinw cos k — cosw sin ¢ sin K COS W COS @

(13.2)

A is a scaling factor describing the position of P along the projection ray; thus, A is
not constant for all points in the image. This interpretation of A makes Eq. (13.1) which



13. Fundamentals 377

FIGURE 13.3. Perspective Transformation.

formally looks like a spatial similarity transformation, the mathematical formulation
of a perspective. If the first two rows of Eq. (13.1) are divided by the third one, A is
eliminated, and we get the common formulation of perspective transformation [Kra93]:

_ Tll'(X_XC)"_er (Y_YC)+7"31'(Z—Zc)
U = U.— f- ’
ri3- (X —Xo) 4713 (Y =Ye) +r33- (Z - Zc)
12 (X_XC)+7”22 (Y_YC)-‘F?”gQ-(Z—ZC)
vo= Ve . 13.3
/ r3- (X —X¢) +7r23- (Y = Ye) +r33-(Z - Zc) ( )

The mathematical model described by Eq. (13.3) is fulfilled by metric cameras with a
variation of a few micrometers. However, if nonmetric cameras are used, there might be
considerable deviations from the model, which are called distortions. These distortions
are larger for small focal lengths; their major component is radial to the image center.
The mathematical model can be expanded to hold correctional terms for radial or
tangential distortion components, which are usually modeled by polynomial functions
of the image coordinates [Kra93, Kra97].

We have not yet considered the relation between the sensor coordinate system (r, ¢)
(Figure 13.1) and the image coordinate system (u, v). For video cameras, cameramounted
CCD sensors, and remote sensing images, these coordinate systems can be assumed to
be identical, thus (u,v) = (r,c¢). This is no longer true for photographs from analog
metric cameras that were scanned offline. Metric cameras have fiducial marks, i.e., small
targets on the camera body that are imaged in the photographs. In this case, the im-
age coordinate system is defined by these fiducial marks; their image coordinates are
provided by the camera manufacturer in a calibration protocol. The form and the
distribution of fiducial marks depend on the camera manufacturer; an example can be
seen in Figures 15.1 and 15.3, respectively. If the sensor coordinate system and the
image coordinate system are not identical, the relation between them can be described
by an affine transformation T, [Kra93|:
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(2)-meo= () (i m)(0) o

The goal of 3D reconstruction is the inversion of the perspective, i.e., the computation
of object coordinates from measured image coordinates. For that purpose, several tasks
have to be solved in advance:

e Camera calibration: The determination of the position of the projection center
¢ = (Ue,ve, f)T in the image coordinate system. For metric cameras, this step
is performed by the camera manufacturer, and the calibrated parameters are
contained in the calibration protocol. Otherwise, cameras can be calibrated in an
offline procedure [Kra93].

e Inner orientation: The establishment of the relation between the image coor-
dinate and the sensor coordinate systems. As stated earlier, this is only necessary
for scanned analog images. In this case, the sensor coordinates of the fiducial
marks have to be measured. As their image coordinates are known, the parame-
ters of the affine transformation (Eq. (13.4)) can be determined. After that step,
the position of the projection center relative to the images is given by the camera
parameters (u., v, f) which in this context are often called parameters of inner
orientation.

e Outer Orientation: The determination of the projection center C' and the
rotations of the image plane relative to the object coordinate system (Figure 13.3).
The parameters of outer orientation can be determined from points with known
object coordinates (control points). If high precision is required, control points
can be targeted. A minimum of three control points are required for the outer
orientation of a single image.

Note that camera calibration and outer orientation can be performed in one step
(Section 13.4). In this case, at least five control points that must not be coplanar are
required [Kra93]. In computer vision, the term camera calibration is usually applied
to that step.

Another way to describe the perspective transformation is given by the following
relation:

U
V | =T
S

X
Y
7 (13.5)
1

where T is a 3 X 4 matrix, namely, the perspective or calibration matrix of a
camera, (U, V,S)T the projective coordinates on the image plane, and P = (X,Y, Z)T
the coordinates of the point P in world coordinates [GT90]. In case P does not lie
within the focal plane of the camera, the image coordinates (u,v) can be rewritten as
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The 3 x 4 matrix T consists of twelve parameters, but these are defined only up to
a factor of scale. We need an additional constraint, where the simplest solution is to
set t34 to 1 (for a discussion of this constraint and the use of other constraints, see
[FT86]). We now have eleven unknown parameters. These parameters, the coefficients
ti; of T can be shown to be functions of the parameters from Eq. (13.1) together with
two new intrinsic parameters m and d describing a different scaling and a skewness of
axes of the image coordinate system. The new mathematical model of the perspective
transformation, including additional parameters for describing an affinity of the image
coordinate system, looks like this:

p—c=AX-

S Q=

0 0
m 0 | -RT-(P-0). (13.7)
0 1

A comparison of coefficients yields the relations between the coefficients of the per-
spective model from Eq. (13.7) and the model from Eq. (13.5). Using R = (3, j, k) with
(4,7, k) being the column vectors of R, T can be expressed as follows [Kra97]:
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Using the mathematical model from Eq. 13.5 has the advantage that no approx-
imations for the parameters t;; are required: If the image coordinates of at least six
non-coplanar control points are known, ¢;; can be computed from linear equations: Each
match of an image point p with an associated scene point P gives two linear equations
in the eleven unknowns of the matrix T, i.e.,

PTtl + t14 — U(PTtg + 1) =0
PTty +toy —v(PTtz3 +1) = 0. (13.9)
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where t;; is the (¢,j) element of T and ¢; is the vector composed of the first three
elements of the row ¢ of T

t; = (tilvtiQ,ti3)T~ (13.10)

On the other hand, this model is overparameterized if metric cameras are used, and
the orientation procedure will fail if the control points are coplanar or nearly coplanar,
which is the case in topographic mapping of flat regions.

However, independent of the formulation of the perspective transformation, it is not
sufficient to know the parameters of inner and outer orientation in order to reconstruct
a point P: In order to compute its three object coordinates (X,Y, Z) from its image
coordinates (u, v), only two Eq. (13.3) are available. The position of P along the imaging
ray cannot be determined without additional information. This information can be given
by an assumption about the object, e.g., by the assumption that Z = 0 for a planar
object, or by another ray coming from another image. The 3D reconstruction of points
from two or more images will be described in the following sections .

13.3 Stereo Reconstruction

Stereo reconstruction is based on the same principle the human visual system uses for
depth recovery. Two cameras viewing the same scene use different perspective transfor-
mations. Each scene point is therefore projected on different locations in the two sensors
and can be localized using the perspective in Eq. (13.3). The process of searching for
corresponding points (projections of the same scene point) in two or more images is
called matching, which is covered in Chapter 14.

Stereoscopy is a widely used method for surface reconstruction in photogrammetry.
Originally, analog cameras were used for image capture, followed by a manual eval-
uation to get 3D points from stereoscopic images. Growing computational resources
enabled the development of systems that strongly support this process, in terms both
sensors and of data processing. Stereoscopic machine vision can be split roughly into
the following major steps:

1. Image orientation (Section 13.2) to describe the geometry of the sensing devices,

2. stereo matching to get corresponding points in two or more images of the same
scene, and

3. 3D reconstruction from the correspondences.

A general stereoscopic system takes at least two different views of the scene to be
observed. It can be realized by one moving imaging sensor or by several sensors at
different locations.

Figure 13.4 depicts the standard case of two cameras with identical physical prop-
erties. The projection center of the left image [ is C*, and the projection center of the
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FIGURE 13.4. Geometry of the common two-camera stereo model.

right image r is C"; the corresponding rotation matrices are R! and R¥. The vector
b=C"—C"= (bx,by,bz)T is called the stereoscopic base-line. If the orientation
parameters of both images are known, an object point P can be determined by the in-
tersection of the image rays from two corresponding image points p' and p”: each point
gives two Eq. (13.3) which can be solved for the unknown object coordinates (X,Y, Z).
As there are four equations but only three unknowns, the problem is overdetermined
and can be solved by a least squares adjustment. Using the mathematical model given
by Eq. 13.5, knowledge of the two calibration matrices T! and T* (left and right cam-
era) is sufficient to compute the unknown object coordinates from the image points p'
and p" in quite a similar manner.

An important property of stereo arrangements is epipolarity (Figure 13.4): The
vectors b, C'P and C"P form a plane called the epipolar plane. This plane intersects
the image planes in the epipolar lines e/ and e”. The coplanarity condition can be
written as follows [Bra9l]:

-7 RT SR (p — ) =0 (13.11)

with
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0 —b. b,
S=| b. 0 -—b (13.12)
b, by 0

and ¢! and ¢” being the projection centers in the image coordinate systems of the left
and right images, respectively. If the orientation parameters of both images are known,
for a point p! in the left image, the corresponding point p” in the right image is situated
on the epipolar line e”, which is given by Eq. (13.11). This is an important property
that is used in image matching to reduce search space (Chapter 14).

Using three or more sensors in the practical case reduces errors but increases compu-
tational complexity because the point’s backprojections into 3D space in general do not
intersect in a single scene point. Trinocular vision [Aya9l] is a well-known approach
in this field.

13.4 Bundle Block Configurations

The stereo configuration described in the previous Section is widely used in 3D re-
construction. Stereo configuration faces problems with occluded object parts and with
objects that are too large to be covered by a stereo model. In addition, there is a relia-
bility problem: The depths of points determined from stereo images are not checked by
other observations. A more general configuration is bundle block configuration. In
this case the object is photographed from arbitrary positions so that each part of the
object is at least visible in two (better: three) images and the intersection angles at the
object points are close to 90° (Figures 13.5 and 13.6).

AN

X

FIGURE 13.5. A bundle block configuration.
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In the images, the image coordinates of control points (points with known object
coordinates, e.g., Pc) and tie points (points with unknown object coordinates, e.g., P)
are measured. jFrom these observations, the orientation parameters of all images I;
and the object coordinates of the tie points P are determined simultaneously by least
squares adjustment (bundle block adjustment). For each measured image point,
two Eq. (13.3) are used in the adjustment, the unknowns being P, C;, and the three
angles determining R;. As Eq. (13.3) are nonlinear, they have to be linearized using
approximate values for the unknowns; adjustment thus has to be performed iteratively.
If nonmetric cameras are used, the parameters of inner orientation (u,v., f) and the
additional parameters modeling distortions will be unknown; camera calibration will
then be performed “on the job”. The concept of bundle block adjustment can be ex-
panded to handle different types of observations such as geodetic observations (angles,
distances) or feature observations, e.g., “three points are situated on the same straight
line” (hybrid adjustment) [Kra93, Kag89].

On the one hand, bundle block adjustment is used for the determination of the ori-
entation parameters of all photographs. On the other hand, bundle block configuration
increases both the reliabilty and the accuracy of object reconstruction because an object
point P can be determined by intersection from more than two images. For example, if
P has been observed in three images, there are six Eq. (13.3) for the determination of
its three unknown object coordinates. This local redundancy facilitates the elimination
of gross errors in the data.

13.5 From Points and Lines to Surfaces

Automation of surface reconstruction is one of the main current fields of research in 3D
reconstruction. Starting from a coarse object model, from the digital images and from
the parameters of outer orientation, the surface of the object visible in the images is
to be reconstructed. The term Surface Reconstruction implies two separate groups of
problems that have to be solved:

1. Matching: Homologous points or lines have to be found in the images. Feature-
based or raster-based matching methods can be applied for that purpose; the
result of this step is a list of 3D points or lines. Matching techniques will be
discussed in greater detail in Chapter 14.

2. Modeling: A point cloud can hardly be considered an appropriate representation
of an object surface. Two methods for surface representation are commonly used:
2.5-dimensional digital elevation models (DEM) and 3D triangulations. In any
case, the parameters of the surface are to be determined from the matching results.
As these results will probably contain gross errors caused by false matches, robust
techniques for parameter estimation are required for filtering.

The way to represent object surfaces depends on the task to be solved. In the following
Section we will discuss very general object representation techniques that can be used
for the representation of arbitrary surfaces as they appear in many applications. After
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FIGURE 13.6. A photogrammetric block for the generation of a virtual reality model of an
architectural object. The original images were taken with a Kodak DCS460. Size of the CCD
sensor: 3060 x 2036 pixels; focal length = 15 mm.
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that, the representation of man-made objects will be discussed in Section 13.5.2. These
representation techniques are less general with respect to their applicability. However,
they have their benefits in object reconstruction and visualization.

13.5.1 Representation of Irregular Object Surfaces

Flexibility is a basic requirement for object surface representation methods. Whereas
simple geometric entities such as spheres, ellipsoids, or prisms can be represented by
a small set of parameters and continuous functions to describe them, this is no longer
true for arbitrary surfaces as they appear, for example, in mapping: The terrain cannot
be represented in such a way. Descriptions based on discrete points or lines have to be
used instead. Representation techniques for arbitrary surfaces can be characterized by
several items:

1. Data structure: The surface can be described as raster models or by more
sophisticated techniques. An important issue is dimensionality, i.e., if a surface
model can only handle 2.5-dimensional data or if it is really three-dimensional.

2. Mathematical model: The surface has to be modeled between the discrete
points of the data. Thus, a functional model for the interpolation of surface points
between the discrete data points has to be provided.

3. Generation: The surface model has to be generated from a more or less unstruc-
tured point cloud. The generation methods can be classified according to whether
or not they allow for filtering. Another classification scheme distinguishes local
generation techniques and global ones.

Digital Elevation Model (DEM): The DEM is a valuable data source for mapping
purposes or can be used as a static database for virtual reality and navigation (tracking
and motion detection for robot navigation and surveillance). Figure 13.7 shows the
geometry of the selected gridded DEM representation. On the ground plane Z = z,
normal to the Z-axis, a regularly spaced grid is defined by specifying xq, Dz, dxr and
Yo, Dy, dy. Here, the first grid point is determined by (xg,yo). Dz describes the range,
and dz defines the distance between two adjacent grid points in the X-coordinate
direction and the direction of grid expansion with respect to (zg,yo). By analogy, Dy
and dy are defined in the Y-direction. The DEM is stored in a raster image with
C = Dx/dx columns and R = Dy/dy rows. The height Z of an arbitrary point P with
its planimetric coordinates (X,Y’) can be computed from a bilinear interpolation from
the corner points of the grid mesh containing (X,Y") [Kra93].

The DEM raster points are interpolated from the arbitrarily distributed object points
by least squares interpolation. In order to bridge regions with a low density of points,
certain smoothness assumptions have to be made. The least squares interpolation has a
filtering effect [Wil83]. For high-quality DEMs, the effect of filtering is, sometimes, too
rigid. Considering, for example rough terrain, there are regions with abrupt changes of
terrain smoothness. In order to model such terrain edges, a hybrid DEM data structure
containing breaklines is required: The breaklines are introduced in the generation
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FIGURE 13.7. Geometry of digital elevation models (DEM).

process: Along these lines, no smoothness assumptions are introduced to adjustment.
In addition, the breaklines have to be added to the DEM data structure, which will
then no longer be a pure raster image [KS86]. Figure 13.8 shows a high-quality DEM

from large-scale topographic mapping: The edges of road ditches are introduced as
breaklines.
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FIGURE 13.8. A high-quality 2.5-dimensional DEM of a topographical surface containing
breaklines.

3D Triangulation: It is a drawback of 2.5-dimensional DEMs that vertical and
closed surfaces cannot be modeled by them, and the representation depends on the coor-
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dinate system. 3D triangulation, which is a generalization of 2D triangulation methods
for three dimensions, can be used to overcome these problems. The surface is repre-
sented by a set of nodes n and a set of edges e, each connecting two nodes. The 3D
coordinates of the measured points are assigned to the nodes, which makes 3D trian-
gulation independent of the selection of a coordinate system. As the “raw” coordinates
of the measured points are used, no filtering is performed. The edges of the triangula-
tion determine the neighborhood relations of the measured points. The surface is then
approximated by the plane triangles (Figure 13.9).

FIGURE 13.9. A perspective view of a 3D triangulation with constraints at the ridge.

In the generation step, the triangulation has to be built incrementally by inserting
one point after the other. If a point is inserted, the edges connecting it to its neighbors
have to be inserted in such a way that triangles are formed. However, triangulation of a
point set is not unique; thus, criteria have to be formulated to achieve an optimal trian-
gulation. The Delaunay criterion, which was described in closer detail in Section 6.1.3,
is a well-known optimization criterion in 2D triangulation. The 2D criterion cannot be
used here directly because this again would make the results of triangulation depen-
dent on the selection of a coordinate system. One possible approach is to approximate
the surface locally by its tangential planes and compute an estimate for the surface
normals. For the insertion of a point these surface normals will be used to determine to
which triangle the point to be inserted belongs; after that, the point will be connected
with all nodes of that triangle. After that, the triangulation has to be modified locally
to fulfill the optimization criteria. For that purpose, two criteria can be formulated:

e Maximization of minimum angles of the triangles to gain uniformly shaped trian-
gles. This is the 3D generalization of the Delaunay criterion (cf. Section 6.1.3).

e Maximization of the angle between two neighboring triangle surfaces, i.e., mini-
mization of the angles between the surface normals; this criterion will result in a
smooth approximation of the surface.

As with 2.5-dimansional DEMs, breaklines must be considered in order to obtain a
high-quality representation of the surface. At breaklines, there is a discontinuity of the
first derivatives, thus, for points at a breakline, there exist two surface normals; the
smoothness criterion described earlier is not to be used. In addition, we want the break-
lines to appear as edges in the triangulation. This is done by making them constraints
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in the triangulation: Two nodes connected by a breakline in object space have to be
connected by an edge in the triangulation even if the shape of the triangles will then
no longer be optimal in the sense of the first criterion.

For very complex surfaces such as urban areas, this algorithm might fail. In that
case another algorithm has to be used, or constraints to model the surface have to be
introduced [HHK96].

13.5.2  Representation of Man-Made Objects

DEMs with 2.5 dimensions and 3D triangulation are, within certain limits, well-suited
for the representation of irregularly shaped object surfaces. Man-made objects such as
buildings are often characterized by regular shapes such as vertical or parallel planes,
rectangles, or symmetrical surface parts. As stated in the previous Section, vertical
planes cannot be modeled by 2.5D DEMs. Triangulation would overcome that prob-
lem; however, it is designed for irregular surfaces, and it would be very difficult to
formulate regularity conditions as conditions for a triangulation to be fulfilled as we
did with breaklines. In addition, semantic attributes are often connected to man-made
objects. Thus, for the representation of man-made objects, different techniques from
those described in Section 13.5.1 are often used. Figure 13.10 shows four possibilities
for the representation of buildings characterized by increasing complexity [Bru98]:
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FIGURE 13.10. Object representation methods (left to right): Point cloud, wireframe model,
boundary representation, solid model.

1. Point cloud: This certainly is not a sufficient way of representing objects, which
was the first statement of this Section already.

2. Wireframe model: Wireframe models are widely used in CAD applications. The
object is represented by the corner points and the edges connecting them. There is
no information about surfaces. However, surface information is a desirable feature,
especially for visualization tasks.

3. Boundary representation: In addition to points and edges, surfaces are used
to model the object. Boundary representations are well suited for modeling 3D
objects.

4. Solid models: Objects can be modeled as the combination of simple primitives
represented by solid models. Constructive solid geometry provides the techniques
necessary for formulation of such models.
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Boundary Representations: Boundary representations offer a very flexible tool for
modeling man-made objects. They consist of surfaces, edges, points, and the topological
relations of these features. The surfaces, edges, and points are the (labeled) nodes of a
graph, and the direct neighborhood relations are described by the edges of the graph
(Figure 13.11):

e edges have two neighboring surfaces that intersect at the edge;
e surfaces thus have a set of neighboring edges by which they are bordered;
e edges have two neighboring points; and

e points have a set of neighboring edges that intersect at them.

Indirect neighborhood relations can be derived from the direct ones: Two edges are
indirect neighbors if they share a common point neighbor, two surfaces are indirect
neighbors if they share a common edge neighbor, and a point is an indirect neighbor of
a surface if one of its edge neighbors is a neighbor of that surface. Thus, all topological
relations can be determined from the graph. The object coordinates (X,Y, Z) of the
points are attributes of the point nodes, and the geometrical parameters of the surfaces
are attributes of the surface nodes. The surfaces need not necessarily be planar; thus,
curved objects can be modeled as boundary representations, too.

FIGURE 13.11. Boundary representation: A graph with nodes of type s (surfaces), e (edges)
and v (points) and their topological relations.

It is the main drawback of boundary representations that similarities cannot be
modeled easily; they would have to be added to the geometrical descriptions of a
model [Vel98].
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Constructive Solid Geometry (CSG): It is the concept of CSG to provide solid
3D primitives that describe a set of parameters reflecting the object dimensions (Fig-
ure 13.12). The CSG primitives are simple objects such as cubes, boxes, tetrahedrons,
or quadratic pyramids, and more complex objects are composed of a set of primitives
by logical operations: union, intersection, and difference [Miil98]. A minimum set of pa-
rameters can be chosen for the description of each primitive, and symmetries are thus
modeled implicitly, which makes CSG a suitable technique for modeling man-made
objects. For certain applications, a boundary representation is to be derived from a
CSG model. The appropriate surface parameters and point coordinates can be derived
from functions of the CSG parameters; this functional model is also a part of the CSG
description. CSG is a very powerful concept to be used e.g., for object modeling in
automation procedures for building extraction and for 3D city models, especially for
objects that are relatively simple and show symmetries. However, CSG is not as flex-
ible as boundary representations: The applicability of CSG depends on the primitive
set that can be used [Miil98, Vel98]. If an inappropriate set of primitives is chosen,
object modeling using these primitives will become difficult.

.
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FIGURE 13.12. CSG: The model is represented by its parameters w, !, h1, and hs.
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18.5.8 Hybrid Representation of Object Surfaces

We saw in Section 13.5.1 how irregular surfaces can be modeled by 2.5D DEMs, and
we saw that these techniques are not sufficient to model more complex objects, espe-
cially if semantic attributes are connected to them. However, it would be desirable to
combine the advantages of both types of representations and find a hybrid data struc-
ture using 2.5 DEMs wherever possible and more complex representations where they

are necessary. A concept for such a structure called irregular tiling was presented
by [MWW96].
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FIGURE 13.13. A hybrid representation: Boundary representation for houses and a
high-quality DEM for the terrain.
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Image Matching Strategies
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One of the central tasks in photogrammetry and computer vision concerned with both
the location of objects and the reconstruction of object surfaces with digital images
is to solve the correspondence problem, i.e., the establishment of a relation either
between two or more images or between one or more images and an object to be
reconstructed or located.

In case of stereo reconstruction that means finding pixel coordinates in one image
that can be located in the other stereo partner describing the same world location.
The coordinate shift of two corresponding (homologous) points P! = (u!,v!) and

P" = (u",v") is designated by a disparity vector d,
P =P 4 d", (14.1)

at which the exponents [ and r, respectively, denote the left and right image coordinate
space. Usually, for searching correspondences, the left image is selected as reference and
the right one as search image.

To solve the local correspondence problem, a large variety of core methods for match-
ing have been published for many applications. Probably the bestknown approach uses
local correlation coefficients to describe local similarities [BNL90]. To overcome the
numerical complexity for a single match, some of the older implementations used first-
order statistics such as Laplacians of Gaussians on selected points [Gri85]. The idea to
use local features evolved to a large variety of different local attributes like edges [1186],
corners [WAHO92] and local phase [Jen91]. Syntactic methods like labeling [MN95]
or contour detection [HAS89] still decrease the numerical effort but introduce combi-
natoric complexity. Most of the newer approaches rely on hybrid algorithms or active
vision [AA93]. Almost all known matching approaches use multiresolution techniques
to decrease search space and preserve robustness.

Depending on the geometric models used for the mapping functions (Figure 14.1,
taken from [LF98]), two cases can be distinguished:

1. Object Space Matching: In this case, the object O is reconstructed directly
by inverting the perspective transformations Tp; and Tps. An explicit model for
O has to be available, and the problem is solved by establishing correspondences
between image features and features of the object model. Object space matching
techniques have the advantage that they are closer to physical reality so that they
may be capable of handling occlusions if sophisticated object models are used.
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FIGURE 14.1. Matching versus object reconstruction.
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On the other hand, the number of parameters to be estimated in the inversion
process can be very high in some cases [LF98].

Image Matching: Image matching techniques directly relate the images I; and
I5 by a mapping function T75. In this case, the object model is implicitly contained
in the formulation of Tjs, which will be very complex in general but can be
locally approximated by an affine transformation if the object surface can be
assumed to be smooth, thus yielding a reduction of computational complexity
compared to object space matching. However, in the presence of occlusions the
smoothness assumption will be hurt, and image matching algorithms will have to
face problems [LF98, Giil94].

This section will concentrate on describing strategies for image matching. Image
matching algorithms can be characterized by the image model they use [Giil94]:

e Raster-Based Matching: These algorithms use a raster representation of the

image, i.e., they try to find a mapping function between image patches by directly
comparing the gray levels or functions of the gray levels. They offer the highest
potential for accuracy, but they are very sensitive to occlusions [Ack84, LF98,
G194]. Raster-based matching techniques will be presented in Section 14.1.

Feature-Based Matching: In this case, a symbolic description of the images
is derived in a first step by extracting salient features from the images using
some feature extraction operator, e.g., the Forstner operator [FG87]. After that,
corresponding features from different images have to be found under certain as-
sumptions regarding the local geometry of the object to be described and the
mapping geometry. These algorithms are more flexible with respect to surface
discontinuities and requirements for approximate values than raster-based tech-
niques [Krz95, Giil94]. Feature-based matching will be discussed in closer detail
in Section 14.2.

Relational Matching: Relational or structural matching techniques rely on the
similarity of topological relations of features that are stored in feature adjacency
graphs rather than on the similarity of gray levels or of point distributions. This
is motivated by the fact that topology is an image property that is invariant un-
der perspective transformation. Matching of relational descriptions or relational
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matching is thus a very powerful concept that might work in rather general cases.
However, its computational complexity is very high because it leads to rather com-
plex search trees [Vos95]. Structural matching techniques and their application
in object recognition were described in detail in Chapter 9.

One of the main reasons to enhance the idea of using local features for matching in-
stead of area-based correlation or syntactic methods was the high density of matching
points required for 3D surface reconstruction that would have exceeded the available
computational resources for these approaches. Therefore a new matching method, com-
ing from space research [Paa95], relies on a combination of local features to describe
the surrounding of each pixel. The so-called hierarchical feature vector matching
(HFVM) (Sections 14.3.1 and 14.3.4) turned out to be robust and accurate enough to
be a valid tool in a stereo vision-based 3D reconstruction processing chain.

14.1 Raster-Based Matching Techniques

Raster-based matching techniques use the gray levels themselves or functions of the
gray levels as the description of the images. It is the goal to estimate the parameters
of the transformation Tjo between two images (Figure 14.1). One of the images is
chosen to be the reference image (the template), its gray levels will be denoted by
gr; the other image will be called search image and its gray levels denoted by gs. T12
can be a dense parallax field. In this case, the whole images will be used as reference
and search images, respectively. However, raster-based matching can also be applied to
small image patches only. In this case, the reference image is either a synthetical one
derived from a given target description or a small image patch in a region surrounding a
feature previously extracted by a feature extraction algorithm or provided by a human
operator. The search image is then an image patch limited by approximations.

14.1.1  Cross Correlation

Cross correlation is an algorithm for the location of corresponding image patches based
on the similarity of gray levels. A reference point is given in the reference image, and
its coordinates are searched for in the search image. That is why, the reference image
is moved in the search image, and the position of maximum similarity of gray levels
is searched for. For that purpose, at each position of the reference image in the search
image, a similarity value, e.g., the cross-correlation coefficient kg g of the gray levels is
calculated [Rot93]:

> l9r(rr,cr) — gr] - [9s(rr + A1, cr + Ac) — gs]

kr.s(Ar, Ac) = [oR . (14.2)
> lgr(rr,cr) —grl? - Y l9s(rr + Ar,cr + Ac) — gs]?
TR,CR TR,CR

In Eq. (14.2), gr and gg denote the arithmetic mean gray level in the reference image
and the part of the search image covered by the reference image, respectively. All sums
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are to be taken over all pixels of the reference image. In order to speed up computation,
Eq. (14.2) can be rewritten as follows using the shorthand gr = gr(rr,cr), gs =
gs(rr + Ar,cgr + Ac), and kg s = kg s(Ar, Ac):

Y 9R-9Ss — D 9r - . 9s
k = . .
N S TR IR (143

In Eq. (14.3), the expressions > gr and [ g% — (3. gr)?] are constant, and most
terms of > g% and Y gs remain so, too. Thus, as the reference image moves over the
search image, only the sum of gs and g%, respectively, of one row or column has to be
added and another one removed. Only Y gg - gs has to be fully recomputed for every
new position of the reference image. The position of the point corresponding to the
reference point is given by the position of the maximum of the similarity measure; the
result is only accepted if a certain threshold is met by the similarity measure. In case
the cross-correlation coefficient is used, the threshold can be chosen rather easily (e.g.,
0.7) because that coefficient is bounded by —1 and 1. Thus the position of that point
can be determined with a resolution of one pixel. jFrom Eq. (14.2) it can further be
seen that 175 in this case just comprises two shifts:

. rs _ TR A7”'7nar
n ()= () o (3 ). »

krs(Ar,Ac)
A
Ar,Ac
I, Ar,,Ac, »Ar,
FIGURE 14.2. Cross correlation. FIGURE 14.3. Subpixel estimation.

Subpixel estimation can be performed by approximation of the correlation coefficients
kr,s by a second-order polynomial function:

kR,5:a0+a1~r+a2~c+a3-r-c+a4-T2+a5-02. (14.5)
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The coefficients a; in Eq. (14.5) can be determined from the correlation coefficients
in a small, e.g., 3 x 3 pixel?> window by least squares adjustment. The subpixel shift
vector (ATpmazs Acmaz)? can then be computed as the position of the maximum of the
polynomial function from its differentials:

%nr.s ax 2-a4 ag Tmaz 0
(az?,;s>=<a2>+( o 2_%)-(%%):(0). (14.6)
dc
The accuracy of subpixel estimation was empirically determined to be about + 0.2 to
=+ 0.3 pixel for targeted points.
Cross correlation is tolerant with respect to the quality of the approximations; prob-
lems may arise with repeating patterns because in this case there will be different

positions with high similarity. The algorithm will also fail if the images are not similar,
which will happen in several cases [Rot93]:

e The approximations are too bad. New approximations have to be provided by a
human operator in order to overcome that problem. In some cases measurement
can also be aborted. The important thing is that failure is detected at all.

e Ti5 from Eq. (14.4) cannot be used because the image is rotated or scaled. If
the rotation is unknown, the search can be repeated with successively rotated
reference images until the correct position has been found. In the second case,
better approximations for the scale are required.

e The image patch is too big. In this case, the search has to be repeated with a
smaller patch size.

e There are occlusions. This is one of the greatest problems with raster-based
matching techniques and can hardly be handled by them; in applications where
occlusions are to be expected it is better to use feature-based matching techniques.

14.1.2  Least Squares Matching

Least squares matching (LSM) is the most accurate image matching technique [Ack84,
Pri95]. Just as in cross correlation, it is based on the similarity of gray levels. However,
Tio is more complex in this case. Assuming the image patch in question is small and
the object surface is smooth, 77, can be modeled as an affine transformation T, from
Eq. (13.4):

Tia(rg, cg) = ( Zi ) = Ta(rg, cr). (14.7)

If the parameters c;; of T12 were known exactly and there were no radiometric errors,
the gray levels of the search image and the reference image transformed by 775 according
to Eq. (14.7) are assumed to be identical up to randomly distributed noise n [Ack84]:
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9r(rR,cr) +n = gs(rs,cs) = gs[Ti2(rr, cr)]- (14.8)

I

FIGURE 14.4. Least squares matching.

The reference image is transformed to the search image using approximate values c?j

for the parameters of T15. Due to radiometric errors and the fact that the parameters of
T15 are not known exactly, there will be gray level differences between the two images.
It is the basic idea of LSM to estimate the parameters of 175 from these observed gray
level differences by a least squares adjustment. Equation (14.8) is linearized using the
approximate values ¢}; and setting ¢;; = ¢; + dc;;. Approximating the first derivatives
of the gray levels of the search image dgs/0r and dgg/dc by the differences of gray
levels of the reference image Agr, , Agr, gives the observation equations, which can be
established for each pixel [Pri95]:

or Oc
n= Z(AgRT : 802 + Agr, - 672) -6cij — {gr(rRr,cr) — 95T (TR, cr)]}.  (14.9)
%,]

Least squares adjustment using the observation in Eq. (14.9) delivers the unknown
corrections dc¢;; for the transformation parameters. Due to the nonlinearity of Eq. (14.8),
least squares has to be iterated using the corrected transformation parameters of the
previous adjustment as approximations for the successive one. Iteration implies the cal-
culation of g5[Tt,(rg, cr)] by resampling. The mathematical model can be expanded to
other transformations 77> and to handle radiometric parameters. However, radiomet-
ric parameters might prevent iteration from convergence. Thus, it is better to apply
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radiometric corrections before stepping into the LSM algorithm [Pri95]. Due to the
great number of observations (one observation per pixel of the reference image), LSM
is the most accurate image matching technique. The transformation parameters can be
estimated with an accuracy of up to £ 0.1 pixel [Ack84]. However, it is very sensitive
with respect to the quality of the approximations. They have to be known with an
accuracy of a few pixels. For that reason, LSM is often used to improve accuracy as a
final step following another matching step, e.g., cross correlation, for establishing the
approximations T1,. Just as in cross correlation, LSM will fail if the two image patches
are not similar; it is especially confronted with problems if there are occlusions due to
surface discontinuities. Additional care has to be taken on the determinability of the
parameters ¢;;. Analyzing Eq. (14.9) it can be seen that pixels in homogeneous regions
with Aggr, and Agg, close to zero do not deliver any information for the determina-
tion of the parameters. Some parameters cannot be determined if there are certain
dependencies between the gray level differences, e.g., for a circular target, the rotations
cannot be determined.

LSM can be expanded to more than two images. In case IV images are used, %71)
transformations T;; with 1 <4 < j can be established because the gray levels of each
image pair can be compared. However, these transformations are not independent.
Again, one image, e.g., I1, is chosen to be the reference image. Now all transformations
T;; with 1 < ¢ < j can be expressed as Tj; = le(Tfil), which leads to more complex
normal equation systems. In addition, geometrical constraints can be included in the
mathematical model [Bal91, Tsi92].

14.2 Feature-Based Matching Techniques

Feature-based matching techniques do not use the gray levels themselves as the de-
scription of the images but rather an abstract image representation derived from a
feature extraction algorithm. The form of the description and the type of features
used for matching (points, lines, homologous patches) depend on the task to be solved.
In any case, the correspondence problem between features from different images has
to be solved. Again, the parameters of the transformation Tj5 between two images
(Figure 14.1) are to be estimated in order to solve this problem. In Section 14.2.1 a
framework for the extraction of points and lines from digital images will be presented.
Section 14.2.2 shows how abstract descriptions from different images can be matched.

14.2.1 Feature Extraction

Many techniques for feature extraction have been proposed in the literature. These
techniques differ by the type of primitives to be extracted, e.g., points, lines, homo-
geneous regions, or wavelet coefficients, and they also apply different image models,
e.g., analysis of first or second derivatives. Following is an (incomplete) list of different
feature extraction schemes:

1. Contour-Based Primitives:
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straight line segments [BWR89, BHRS6];
e parameterized curve segments [FH88, Leo93];
e corners [BR92, CVK91, GD91, MN90J; and

multiscale curve descriptions [LE92, Sau90].

2. Region-Based Primitives:

e classical region segmentations [KR84];
e local homogeneous blobs [Bur88, Heu92, LE92, RS88|; and
e oriented wavelet patterns [BGER92, Malg9].

3. Qualitative 3-D surface primitives using invariance characteristics derived from
differential geometry, based on the promising results from [Sar92, Sar93].

A framework for simultaneous extraction of point and line features is polymorphic
feature extraction based on the Forstner operator [FG87, Fuc95]. The framework is
based on analysis of the gray level gradients Vg(r, ¢):

Ag,(r,c) 1 (r+1,¢) —g(r—1,¢)
Vg(r,c):[ g ]:2'[§(r,c+1>_§(r,c_1) . (14.10)

;From the gray level gradients Vg of a small window, e.g., 5 x 5 pixels?, a measure
W for texture strength can be calculated as the average squared norm of Vg [Fuc95]:

W = Lx|[Vyg||* = Lx(Ag; + Ag2), (14.11)

with L being a linear low pass filter, e.g., a 5 x 5 Gaussian filter. W will be high in
windows containing great gray level differences. An additional measure @ for isotropy
of texture can be computed from the gray level gradients Vg. () can be derived from
the equations for LSM (Section 14.1.2). If the affine transformation 715 in Eq. (14.7)
is replaced by a simple shift by setting c1; = co2 = 1 and ¢35 = ¢27 = 0, the normal
equation matrix N derived from the observation Eq. (14.9) looks as follows if the
observations are weighted by L:

[ L*xAg? Lx Ag, - Age
N = ( LaAr Aa Toas ) (14.12)

Note that the normal equations can be derived from the gray levels of one image
only. The standard deviations of the resulting shifts can be estimated a priori from the
inverse ¥ = N~! of N. In addition, the error ellipse can be analyzed a priori. Its axes
are proportional to the square roots of the eigenvalues A\; and Ay of ¥. Thus, the ratio
i—; gives a measure for the isotropy of texture. In [For91], the following measure for Q
is proposed:
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B A —Ao\?  4-det(N)
@=1 <)\1 + /\2> ~ trace2(N)’ (14.13)

where @ from Eq. (14.13) is bounded by 0 and 1; it equals 0 if all the gradients in the
small image patch are parallel, and it is 1 if the gradient directions are equally dis-
tributed. Figure 14.6 shows the W and ) images derived from the image in Figure 14.5
with L being a 5 x 5 Gaussian filter.

FIGURE 14.5. Original image.

S

A\
Y /\
i -

FIGURE 14.6. Left: W image. Right: @@ image. White: @ = 0; black: Q = 1, or Q is undeter-

mined.

By applying thresholds W,,;, and Qin to W and @, each pixel can be classified as
belonging to a homogeneous region, a point region, or a region containing a line:

1. W < Winin: the pixel is inside a homogeneous region;
2. (W > Wpin) A (Q < Qumin): the pixel is inside an edge region;

3. (W = Wiin) AMQ > Qmin): the pixel is inside a point region.
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FIGURE 14.7. Left: Classified image: point regions (black), line regions (light gray), homo-
geneous regions (dark gray). Right: Extracted points and lines superimposed to the original
image.

As the classification result is especially sensitive to the selection of the threshold W,
for texture strength, this threshold is selected in dependence on the image contents,
e.g., Win = j - median(W) [For91], with j being a constant for a certain class of
images. The selection of @i, is less critical because @ is bound by 0 and 1. Thus,
Qmin can be chosen to be, e.g., 0.7. The results of classification have to be thinned
out. Points are found at the positions of relative maxima of texture strength W in the
point regions. Line pixels are relative maxima of texture strength in the direction of the
gradient of the gray levels. Neighboring line pixels have to be connected to line pixel
streaks by an edge-following algorithm [Ker95, KDFR95]. Finally, these streaks are to
be thinned out and approximated by polygons. For both line pixels and points, their
coordinates are estimated with subpixel accuracy [Fo6r91, Fuc95].

Evidently, by just describing the image by an unstructured cluster of such features, a
considerable amount of information would be thrown away. Having in mind nonstereo
configurations and surface discontinuities, structural matching considering similarity
of topology for generation of correspondence hypotheses might be a convenient ap-
proach. That is why it is a good idea to also extract the topological relations between
the features to create a feature adjacency graph (FAG) [Fuc95]. The basis is a 2D
Delaunay triangulation of the extracted points and the line vertices. To the Delaunay
triangulation the lines are added as constraints, i.e., the vertices of the polygons have
to be connected by edges (labeled as line edges) in the graph in the way described in
Section 6.1.3. Obviously, the new graph describes the original image better than the
Delaunay graph [HHK96, MR97].

As experience shows, errors due to noise are contained in the extracted features. In
the future, topological relations will be used to perform consistency tests in order to
eliminate these errors.

14.2.2  Matching Homologous Image Features

As already stated, it is the goal of feature-based matching to establish correspondences
of features from different images rather than to establish correspondences between
pixels. Thus, the raster images are replaced by a symbolic description of the images,
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FIGURE 14.8. Left: Delaunay triangulation of the extracted points and line vertices. Right:
Constrained triangulation: Line vertices are connected by edges.

which can be more or less complex depending on the difficulties of the task to be solved,
as was described in Section 14.2. Having detected features in two or more images,
correspondences between homologous features from different images have to be found.
Again, a model for the transformation 775 is required. Under the assumptions made in
Section 14.1.2, the affine transformation (Eq. (14.7)) can be used again. However, the
image patches used for feature-based matching are usually larger (e.g., 200 x 200 pixels?)
than those used for raster-based techniques; on the other hand, the result is not a single
point or a raster of displacement vectors but a set of homologous points or lines from
which a set of 3-D points or lines in object space can be computed. These 3D features can
be used to derive a description of the object surface. A useful approach for establishing
correspondences is given by the hypothesis generation and verification paradigm, which
splits the task into two subtasks [Krz95, TPOT96, LF98]:

1. the generation of correspondence hypotheses—find initial matches between features
from different images.

2. the evaluation of hypotheses—eliminate false under the assumption of a trans-
formation T7o (which implicitly contains a model of the object surface). Only
hypotheses consistent with 775 will be accepted.

In the following sections we will assume that the problem of finding homologous
image patches has already been solved. As the size of the object usually exceeds the
patch size for matching, the object is split into object patches, which one after the other
provide homologous regions of interest in the images.

Generation of Hypotheses: If no other information were available, each feature
from image I; could correspond to each of the features from the other image I5. This
would obviously lead to too great a number of possible matches; methods for the re-
striction of the number of possible matches have to be searched for. First of all, the
number of possible matches can be considerably reduced by geometric constraints, both
of them corresponding to knowledge about T75:

e Epipolar Constraints: A feature in Is homologous to a certain feature in image
I; has to be situated along the epipolar line (Section 13.3). Thus if the orientation
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FIGURE 14.9. The principle of feature-based matching.

parameters of the images were known exactly, only points along the epipolar line
would be possible candidates. If the orientations are only known approximately,
the search space is still restricted to a band centered at the epipolar line; its width
depends on the quality of the approximations.

e Approximations for the Object: They reduce search space along the epipo-
lar lines. These approximations can either be specified by the user, e.g., in the
form of limits for the object’s distance from the images, or they can be derived
automatically from hierarchical procedures (Section 15.3.1).

In this way, the search space for one feature is reduced to a more or less small
rectangular area (Figure 14.9). The remaining possible hypotheses have to be assigned
weights based on a measure of similarity S of the corresponding images. Depending
on the contents of the symbolic image information and on the feature type, there are
several possibilities for assigning weights:

e Similarity of Gray Levels: The cross-correlation coefficient of the gray levels
from small image patches can be used as a similarity measure for point features
from different images, e.g., [Tsi92].

e Similarity of Neighborhood: A similarity measure can also be derived from
the topological relations.

e Similarity of Lines: Lines can be parameterized by their length [, and a measure
for similarity can be derived from a comparison of the curvatures Wy (1), Uy(l)
[LST91].

In any case, the number of hypotheses can further be reduced by excluding hypotheses
that fail to meet a certain threshold for their similarity measure. As a result, we get a
set of weighted correspondence hypotheses that, however, is not consistent because it
might contain multiple matches and because it still contains false matches.

Evaluation of Hypotheses: As stated earlier, those correspondence hypotheses
contradicting to our model of the image transformation 775 have to be eliminated.
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We will show this, assuming that we want to search homologous points. In this case,
the parameters of T75 can be estimated by least squares adjustment. Each correspon-
dence hypothesis gives two observation equations based on the mathematical model in
Eq. (14.7). The coordinates of the feature from image I are the observations (u,v), and
the parameters of 715 are the unknowns to be determined in the adjustment. The weight
p; of the observation pair from point ¢ is chosen to be proportional to the similarity
measure S;, thus p; = ¢-5;. The more similar two features from different images are, the
greater is their influence on the determination of the parameters of T75. However, least
squares adjustment is not robust with respect to gross errors in the data, thus it offers
no possibility for eliminating false matches. Robust estimation techniques are required
for that purpose. A more general overview on robust estimation techniques was given in
Section 8.1; in this section we will restrict ourselves to maximum likelihood (ML)-type
robust estimators (“soft redescenders” in the context of Section 8.1), which are often
used for matching purposes because the number of parameters to be estimated is not
restricted by them [F6r98].

Robust Estimation: It is the idea of ML-type robust estimation techniques to
minimize a function of the residuals d other than the weighted sum of squares. This is
equivalent to assuming a probability distribution different to the normal distribution.
However, the routines for least squares adjustment can be used for that purpose because
the goal of minimizing different functions can also be achieved by making the weights
functions of the residuals in least squares adjustment. As stated earlier, the initial
weights p,,, and p,, for the two observations (u,v) of correspondence hypothesis ¢ was
given by p,, = p,, = ¢+ 5, and a least squares adjustment was carried out using these
weights. After adjustment, the residuals d; with j € {u;,v;} can be computed. They
are normalized by their initial weights; thus the normalized residuals r; are calculated
from Eq. (14.14):

d.
ry=s2. G (14.14)
vPi

In Eq. (14.14), so denotes the a posteriori rms. error of unit weight. If we want to
apply robust estimation, adjustment will be iteratively applied with the weights p; 41
in iteration n + 1 being modulated by weight functions w(r; ) of iteration n according
to:

Pjnt1 = W(rjn) - Pj- (14.15)
The weight functions w should fulfill several requirements [F6r98]:
e An observation with 7;,, = 0 should receive its initial weight, thus w(0) = 1;
e w should be monotonously decreasing;
e The influence of gross errors on the results of adjustment should be reduced, thus

lim w(r;,)=0; and
T'j,n—>00 ’
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e In order to completely eliminate observations marked as gross errors, w should
be cut off at a certain threshold t: w(r;,) = 0 for r; , > t.

A weight function fulfilling these criteria is [Kra97]:

1
w(rj,) = TENEESTEE (14.16)

Parameter h is the size of a normalized residual causing weight modulation to give
an observation half its original influence. If redundancy is great enough, blunders, i.e.,
observations not fitting our mathematical model, will successively lose influence by
receiving a lower weight. However, an observation with a low influence according to
Eq. (14.16) can be rehabilitated in the next iteration step if another, this time the
true blunder, has in the meantime been eliminated. Convergence speed depends on h;
h can be selected a bit smaller than the greatest residual. In addition, w(r; ) = 0 for
rjn < h. Adjustment is repeated with h being reduced at each step until h reaches
a given threshold. In order to make robust adjustment work, a high redundancy is
required and the number of outliers should not exceed 30 percent.

After iteration is finished, there may still be multiple false correspondences in the
data. Robust estimation should not be used rigorously in the preceding context if the
mathematical model, e.g., an affine transformation Tis, is not very exact. However,
this shows one of the strengths of feature-based matching compared to raster-based
techniques: It works even if the mathematical model is not rigorously fulfilled. Thus,
feature-based matching is, to a certain extent, less sensitive to occlusions than raster-
based matching. Multiple matches are resolved by accepting the match with the best fit,
i.e., the one receiving the smallest residuals. False matches will be propagated to object
space, and again robust techniques have to be applied in object space to eliminate false
3D features [Gul94].

14.3 Hierarchical Feature Vector Matching (HFVM)

14.3.1 Feature Vector Matching (FVM)

Many published matching techniques deal with just one, or at most two, different prop-
erties of an image. These include grey levels, edges, corners, and other local primitives. A
natural extension of this property-based matching philosophy is a combination of many
of these features that would lead to a significant improvement of the stereo matching
step, especially in terms of robustness. Such a method combines the advantages of sev-
eral image features, whereas the particular disadvantages are compensated by the large
variety of features. This new stereo matching approach is based on the idea of creating
a feature vector for each pixel and comparing these features in the images to be
registered.

In the following context a feature is a value that numerically describes the neighbor-
hood of a pixel location. Most of the features used here are described as convolutions or
can be approximated by means of convolutions [PP91]. Calculating a certain feature
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for all pixels of an image results in a so-called feature image. In the following a method
is presented that matches pixels by comparing a number of features.

Suppose there are m features. All features of one location are collected in the feature
vector f for this pixel. From the contents of the feature images this vector can be derived
for each pixel of the stereo image pair. Finding a match is performed by comparing a
feature vector of the reference image, the reference wvector, to all feature vectors of
the search area that is a part of the search image. The reference image and the search
image are named r and s, respectively, and the “images” consisting of the corresponding
feature vectors 7 and 3, respectively. Then, for a point p, 7(p) is the feature vector of p
in the reference image and 5(p) is the feature vector of p in the search image. The [*"
component of a vector f is denoted by fl Table 14.1 lists a set of features currently
in practical use. In order to compare a reference vector to a search vector, the feature

TABLE 14.1. FVM feature set (example); n; are normalization factors, w; are weights.

| fi | Property | Kernel | n; | w; |
fo Horizontal high pass 21 0 -1 =2 4 2
f Vertical high pass 2 1 0 -1 —2)7 4 2
fo Horizontal band pass 1 0 -1 01 0 -1 2 3
fa Vertical band pass 1 0o -1 0o 1 0 -1 2| 3
fa Horizontal band pass 210 -1 -2 —-101210 —1 —2 8 3
fs Vertical band pass (210 -1 -2 —-101210 -1 —2)T [ 8 | 3
fe | Local variance [Han89] 10

f7 Gaussian 56 4

O RN~ O
=W ot W =
N Ot Co O N
=W ot W =
O R N~ O

distance between the two vectors is computed. The feature distance is defined such
that each component of the vectors is weighted. If the weight of feature [ is denoted as
wy, then the feature distance between the vectors f and g is defined as the Euclidian

distance:
2
\/Zl 1Z wl) wl) ) (1417)
=1

It could be shown that the absolute difference can be used instead of Euclidian distance
without loss of accuracy. Computing, for a point p, the distance between 7(p) and each
vector in the search image is generally too expensive. In practice, a search can be
restricted to a certain search space o,. This search space is defined by the search area,

e., the center (7,7), (which is assumed to be given) and the extensions J;, and J,
(which are the same for all points):

op=1{5q) | g €[i—0ni+dn]x[j—3du,j+06)]} (14.18)
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FIGURE 14.10. Feature vector matching principle.

For a point p, the best correspondence is found at position ¢ in the search space,
where the distance between the reference vector and the search vector is minimal, i.e.,

7(p) — 8(g)| = fnéin 7(p) — 1. (14.19)

The principle of feature vector matching is depicted in Figure 14.10. The algorithm is
split into the following parts:

1. Create feature images for both the reference and the search image.

2. Compare each reference vector to all search vectors of the search space. Best
correspondence is found where the feature distance is minimal. The difference
in - and y-coordinates is stored as a disparity vector. If the minimum feature
distance exceeds a given threshold, the correspondence is invalid and the reference
pixel is not matchable. As a result, the disparity for the reference pixel remains
undefined.

3. Remove errors and interpolate undefined disparities.
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14.3.2  Subpixzel Matching

Within the search space o, of each reference pixel p (Eq. (14.18)) the feature vector
distances |7(p)—3(q)| (Eq. (14.19), ¢ € 0,) describe a small image. Around the minimum
location gyqn, the neighboring feature vector distances are used for a linear interpolation
in each direction (row and column).

It turns out that the distribution of subpixel disparities between —0.5 and 0.5 is not
equal. Therefore a lookup table is defined that maps subpixel values in the interval
(—0.5,0.5) onto itself to get an equal distribution. This can be done by one learning
step, i.e., applying FVM on some typically textured images and analyzing the histogram
of the subpixel values.

14.3.3 Consistency Check

To measure the consistency of the disparities, matching from right to left is also per-
formed. This is called backmatching. On each point [ of the left image, the left disparity
map is applied. The result is r. Next, the right disparity map is applied on r resulting
in I’. The match is invalid when the distance between [ and I’ exceeds one pixel.

14.53.4 Hierarchical Feature Vector Matching

In order to evaluate the center of the search area for each point and to improve ro-
bustness and efficiency of the matching algorithm, pyramids of the input images are
generated (see also Part IIT in this book). Level 0 of the pyramid is the original image.
To create the next level, the average grey level of four pixels in a square is computed
and stored as one pixel in a new image. Matching starts at the top level of the pyramid
with large search areas for each pixel. The resulting disparity map is smoothed and
undefined disparities are interpolated before it is used as input initial disparity map
(defining the centers of the search areas) for matching the next lower level of the pyra-
mid. Incorporating pyramids, backmatching, and filter algorithms leads to hierarchical
feature vector matching [PP92b]. The major steps are as follows (Figure 14.11):

Build the pyramid.

Compute the feature images for each pyramid level.
Match the top level of the pyramid.

Filter the resulting disparity map.

Check matching consistency by backmatching.
Interpolate the undefined disparities.

NSOt W

Use the resulting disparity map as the initial disparity map to match the next
lower pyramid level.

Steps 4 through 7 are repeated until a disparity map at level 0 is computed.
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Precise Photogrammetric
Measurement: Location of Targets
and Reconstruction of Object
Surfaces

Franz Rottensteiner

Digital photogrammetry is photogrammetry with digital images in contrast to analog
photogrammetry, where the analog photographs are used for measurement. There are
several advantages connected with using digital images:

e Digital soft copy workstations running on standard computers can be used for
working with digital images rather than expensive plotting devices requiring spe-
cial hardware.

e Data transfer is simpler with regard to plotting results because they can be post-
processed on the same computer.

e Digital image processing techniques can be used for image enhancement.

e Digital image processing techniques render possible the automation of photogram-
metric measurement tasks.

However, there are problems connected with image acquisition. For many applications
the format of CCD sensors, which are commercially available, is too small or the sensors
are too expensive.

The enormous amounts of data involved in digital photogrammetry require specific
strategies to be applied for image processing techniques because the image cannot nec-
essarily be kept in computer RAM. In addition, visualization of great images cannot be
done straightforwardly for the same reason. This is why Gaussian image pyramids (sec-
tion 7.1) are used. Figure 15.1 shows a visualization of a digital image: In an overview
window, a coarse level of the Gaussian pyramid is displayed. This overview window is
used for navigation: With a mouse click, the zoom window can be placed and a small
section of the pyramid level with the finest resolution is displayed.

In order to achieve precision comparable to those achieved in analog photogramme-
try, point location has to be done with an accuracy better than one pixel (“subpixel
accuracy” ). Subpixel accuracy can be achieved because of the information contained
in “mixed pixels”: Their gray level is a mixture of the gray levels of the neighboring
homogeneous regions. In addition, algorithms aimed at achieving subpixel accuracy for
a certain task can be designed to use a greater number of pixels and thus redundant
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FIGURE 15.1. Large-scale aerial image: Image scale = 1:4000, original pixel size = 15 pym. In
the right upper window, a zoom window shows a small part of the image at full resolution.
Two fiducial marks are indicated; the others are on the corresponding places on the other
image borders and in the other corners.

information. Figure 15.2 gives an idea that there is a higher potential for accuracy
available in the images than the image resolution.

The following section gives an overview of automation in inner and outer orientation.
In subsequent sections, two groups of tasks will be discussed in greater detail: The lo-
calization of targets as used in inner orientation and for the detection of targeted object
points will be discussed in Section 15.2, and in Section 15.3, a general framework for
object reconstruction will be presented together with its application to DEM genera-
tion for topographic mapping. Finally, no other application of that general framework,
namely, semiautomatic building extraction, is dealt with in Section 15.4 due to its great
importance in data acquisition for GIS.
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FIGURE 15.2. A small section of an aerial image scanned at 15 ym and enlarged in a zooming
viewer. Left: Nearest neighborhood resampling; right: Bilinear resampling. The right image
looks significantly smoother which shows that subpixel information is contained in the image.

15.1 Automation in Photogrammetric Plotting

The goal of current research in the field of vision-based 3D reconstruction is the au-
tomation of both orientation and object reconstruction tasks by applying digital image
processing or, to be more precise, image matching techniques (Chapter 14). Two strate-
gies can be applied for that purpose, depending on the complexity of the task to be
solved and the semantics involved:

e Data-driven or bottom-up strategies: These algorithms start with low-level
feature extraction from all images and then typically search for homologous fea-
tures from different images. There is no semantic meaning assigned to the features:
Data-driven processes do not care which features are found as long as they come
from identical object features. Knowledge about the object depicted in the images
is used for matching; however, it is not very detailed and is often given implicitly
in the algorithm, e.g., by the assumption that the object surface is flat. Typical
examples for this strategy are surface matching for the generation of DEMs in
topographic mapping [Giil94, Krz95] and automatic measurement of tie points
for image orientation [TPO'96].

e Model-driven or top-down strategies: Features are extracted from the im-
ages, but in this case, an explicit object model is provided in a knowledge base, and
the model is to be adjusted to the data, i.e., model features have to be matched
with image features. Typical examples for this strategy are automatic inner ori-
entation [SP96], automation of measurement of targeted control points [RP96]
or untargeted control points [Sch92], and building reconstruction from aerial
images [GMLR98, Rot98].

Data-driven and model-driven strategies can be combined. For example, an algorithm
could start with feature-based matching aimed at 3D lines and then match the 3D lines
with an object model from a task-specific knowledge base.
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15.1.1 Automation of Inner Orientation

The term automation of inner orientation is a synonym for the automation of fiducial
mark measurement. Fiducial marks are available on metric cameras only (Section 13.2).
Metric cameras are usually analog cameras because no CCD chips of appropriate size are
currently available. Automation of inner orientation is a typical model-driven process.
On the one hand, a camera model is required that contains the positions of the fiducial
marks and the borders of the camera body, and on the other hand, models of the
fiducial marks are required. The positions of the fiducial marks are usually symmetric
with respect to the axes of the image coordinate system. Automatic inner orientation
basically consists of three stages [SP96, Rot93]:

1. Coarse location of the fiducial marks: Image pyramids (Section 7.1) can be
used for that purpose. If only one photograph per image data file is permitted,
the search can start at standard positions (e.g., the corners) [SP96]. Another pos-
sibility is the detection of the camera borders by Hough transformation [Rot93].

2. Fine location of the fiducial marks: At this stage, any target location algo-
rithm can be applied (Section 15.2).

3. Determination of the camera pose: An analog photograph can be put into a
scanner in eight different ways (four different rotation states, geometrically posi-
tive or negative). A nonsymmetric feature on the camera body has to be located
for that purpose. This could be one of the auxiliary features visible at the image
borders; modern metric cameras have an asymmetric mark on the camera body
(Figure 15.1). From the results of the previous step, eight sets of transformation
parameters can be derived, each giving an approximate position for the asymmet-
ric feature. This feature is searched for in all those areas; the area with the best
fit corresponds to the correct set of transformation parameters [SP96].

Note that steps 1 and 3 would be unnecessary with digital metric cameras (if such
cameras were available). Whether fiducial marks are required for digital metric cam-
eras depends on the construction principle. If the CCD chip were mounted in a stable
connection to the camera body, no fiducials would be necessary.

15.1.2  Automation of Outer Orientation

The automation of outer orientation comprises two steps that have to be treated in
different ways [Hei97]:

1. Automatic measurement of tie points: Being a typical data-driven pro-
cess, this task is solved by multiimage feature-based matching techniques (Sec-
tion 14.2): There is no emphasis on which features are detected as long as the
same features are found in different images. Current procedures work well in
near-normal case configurations as they appear in aerotriangulation (orientation
of aerial images) [TPOT96]; in other situations, e.g., in the configuration from
Figure 13.6, they might fail. Automatic measurement of tie points is basically a
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task similar to the generation of DEMs (Section 15.3), the difference being the
fact that only coarse approximations for the orientation parameters are available.
Automatic measurement of tie points is often referred to as automatic relative
orientation [Hei97].

2. Automatic measurement of control points: This is a model-driven pro-
cess. Automatic measurement of targeted control points will be explained in Sec-
tion 15.2. Automatic measurement of nontargeted control points is very difficult
because the structures of the models involved are different, depending on the ob-
ject used as a control point. Most algorithms aim at using one specific class of
objects. [Sch92] gives an example for the automation of control point measure-
ment using a countrywide control point database containing wire-frame models
of houses that are matched to imaged data. Another example is given in [DR96],
where the control points are manhole covers. In this case, the model of the control
points is given implicitly as a radiometric model that is the basis for a search for
candidates in the images. The candidates are matched to a GIS database con-
taining all manhole covers of the given area. Automatic measurement of control
points has been solved for certain classes of objects but not yet in as general a
manner as the measurement of tie points [Hei97].

15.2 Location of Targets

In close-range applications, points on the object surface are sometimes targeted if no
or hardly any contrast is available and high precision is required. If the object is small
enough and it is a bright color, the targets can also be projected. Figure 15.3 shows
two examples for targeted object points in the center and on the right-hand side.

FIGURE 15.3. Targets in photogrammetry. Left: A fiducial mark at 15 um pixel size. Center:
A targeted control point in an aerial image: Image scale = 1:4000, pixel size = 15 pum, target
size = 60 cm. Right: Circular symmetrical target used in a close-range application; diameter
of the central circle = 2.5 mm.

In the sense discussed in Section 15.1, target location is a model-driven task. Thus,
the shape of the signal in object space must be given. In addition, approximate values
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for the position of the targets in image space are given to reduce search space and
to avoid false matches. The algorithms that can be used for target location can be
classified according to the way of modeling the targets:

e The target model is given implicitly: In this case, a special algorithm is
designed for a special target shape. These algorithms are very fast and efficient;
however, they lack flexibility because for obvious reasons they fail if the target is
shaped differently from the given form. An example for this class of algorithms is
given in Section 15.2.1.

e The target model is given explicitly: In this case, a uniform description
method is provided. With the help of this description method, arbitrarily shaped
targets can be modeled; the algorithms used for target locations have to be de-
signed to handle the uniform description method rather than a specific target
shape. This subject will be discussed in greater detail in Section 15.2.2.

In the course of photogrammetric plotting, automation of target localization occurs
at three stages:

1. Location of fiducial marks for inner orientation;
2. Location of targeted control or tie points for outer orientation; and

3. Location of targeted object points for high precision surface reconstruction, e.g.,
for deformation analysis.

In analog photogrammetry, targets can be located in the images with an accuracy
of + 4 pym. In digital photogrammetry, analog images are usually scanned at 30 um
or 15 pum, the pixel size of the CCD chips described in the introductory text to this
chapter is about 11 pgm. This means that if we do not want to lose accuracy in switching
to digital techniques, subpixel accuracy is required in any case.

15.2.1 Location of Circular Symmetric Targets by Intersection of
Gradient Vectors

This is a very simple algorithm that works with circular or nearly circular targets only.
In addition to circular shape, the algorithm requires the absence of greater disturbances
(e.g., occlusions, parts of other objects) in the image and approximate values in the
sense that a window has to be known that contains one and only one target.

The algorithm starts with the determination of the gray level gradient vector Vg, .
in each pixel (r, ¢) from Eq. (14.10). Vg, . is considered to be the direction of a straight
line I, . through pixel (r,c). As the gray level gradient points to the direction of the
greatest change of the gray levels, it is orthogonal to a gray level edge; this only holds
for pixels where such an edge exists (Figure 15.4). In other pixels in homogeneous areas,
it is only influenced by noise, thus its direction is arbitrary. The distance d of the center
p = (rp,cp)T of the circle can be computed from the Hesse form of the straight line
equation. If p is on I, ., d has to be 0:
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FIGURE 15.4. Location of circular symmetric targets by intersection of gradients.
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Equation (15.1) can be interpreted as an observation equation: The distance of the
center p of the circle from the line I, . through pixel (r,c) is observed to be 0. The
coordinates (r,,¢,) of p can be determined by intersection of all straight lines [,.. by a
least squares adjustment. For each pixel in the given image window, one equation can
be added to the adjustment system. If the observations are weighted by the norm of the
gradient vectors P, . = y/Ag2 + Ag2, the influence of noise is reduced as only pixels
at significant gray level edges will influence the adjustment. Under these assumptions,
the normal equations for the determination of (r,, c,) look as follows [FG87]:

d=0 (15.1)

Z Agg - Z Ag’l"AgC . Tp — Z TAgg - Z CAgTAgC (15 2)
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If the requirements of the algorithm are fulfilled, it can give results with an accuracy
of + 0.1 pixel. If the requirements are not fulfilled, the results can be completely wrong.
In order to make the algorithm more robust, robust estimation techniques as described
in Section 15.3.3 can be used: Those observations that deviate from the circular model
can be eliminated by successively modulating their weights.

This model is mainly used in close-range applications, e.g., for camera calibration
in a laboratory or in industrial surveying tasks. In both cases, circular retroreflective
targets can be used. An example dealing with deformation analysis of wooden doors
will be given in Section 15.2.4.

15.2.2  Location of Arbitrarily Shaped Targets

In this case, the target model is given explicitly by a vector description, e.g., a CAD
model. This model can consist of simple geometric primitives such as circles, circle arcs,
circular rings, and closed polygons, which are to be filled with a given gray level. A raster
image can be derived from the vector description, taking into consideration the pixel
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size. This is sufficient for fiducial marks because their rotation with respect to the pixel
coordinate system is known; targeted object points first have to be transformed from
object to image space using approximate values for the outer orientation parameters
and can be sampled in the sensor system afterwards (Figure 15.5). As an alternative,
raster images representing the targets can be given from the beginning in a certain
resolution; from these images, the actual templates can be calculated by resampling.

h mlocm _> .
<>
10cm

60 cm

FIGURE 15.5. Vector-raster conversion for target models.

In addition to the raster image representing the target, approximate values for the
location of the targets are required in order to speed up computation and avoid false
matches. The approximate positions can be found in two ways:

1. If relatively good approximations for the parameters of outer orientation and the
target position in object space are known, they can be found by transformation
using the perspective Eq. (13.3).

2. Coarse interactive location by a human operator if this is not the case.

The raster image is used as a template for a raster-based image matching algorithm,
e.g., cross correlation (Section 14.1.1) or least squares matching (Section 14.1.2) or
both: As LSM requires relatively good approximate values, cross correlation can be
used for a first location, and the results can be improved by LSM [Rot93].

With respect to targeted object points, another problem has to be solved: If they are
not circular, their rotation in object space has to be determined, too. The raster-based
matching algorithms will not work if the rotation is not at least approximately known.
This problem can be tackled by repeating cross correlation in the first images with
different rotation states of the template that are created from the original one by a
rotation and bilinear resampling (Figure 15.6).

The matching algorithms can be sped up significantly if image pyramids (Section 7.1)
can be used: In this case, a coarse-to-fine strategy can be applied. However, image
pyramids can only be used if the targets are great enough that they are still visible in
the higher pyramid levels. For fiducial marks, this is usually the case. Targeted object
points are very often too small. In Section 15.2.3, an example for a project where
cross-shaped targets were to be located in high-resolution digital images will be given.
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FIGURE 15.6. Rotation of the template from Figure 15.5 by 30°.

15.2.3 The OEEPE Test on Digital Aerial Triangulation

A test on digital aerial triangulation was initiated by the European Organization for
Experimental Photogrammetric Studies (OEEPE) in 1995. The OEEPE provided a test
block covering the small town of Forssa in southern Finland. The block consisted of 28
aerial images at an image scale of 1:4000, which were scanned at two resolutions (15 pm
and 30 um); Figure 15.1 shows one of the images. About 100 targeted points (crosses
about 60 cm wide; Figure 15.7) were visible in up to six images each, and these targets
were located by cross correlation and LSM. A few of the targets were used as control
points in bundle block adjustment; the others were simply tie points. However, their
ground coordinates were known from geodetic measurements, so that they could be used
as check points for the determination of empirical accuracy values [Pri95, RP96, JS96].

FIGURE 15.7. Left: One of the targets at 15 pym. Right: The same target at 30 pm.

Table 15.1 sums up the empirical accuracy measures for the check points. The values
are rms errors of the differences between the geodetically derived coordinates of the
check points and the matching results. About 80 coordinates were compared; differ-
ences greater than three times their rms errors were excluded from computation. The
rms errors of the object coordinates were computed from the rms errors of the coordi-
nate differences under the assumption that both techniques are equally accurate. From
Table 15.1, several conclusions can be drawn [RP96]:

1. The empirical accuracy improves with resolution; however, the improvement is
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not linear. This is due to the increasing influence of noise with decreasing pixel
sizes.

2. Although robust estimation was used in bundle block adjustment, there are still
(few) outliers in the data.

3. With respect to the 15 pm images, LSM is both more accurate and more reliable
than cross correlation. This is due to the fact that it does not only consider shifts,
but also scale and rotation parameters.

4. With respect to the 30 pm images, cross correlation is surprisingly more accurate
and reliable than LSM. This is caused by the fact that the signals are already
quite blurred in the 30 pum images (Figure 15.7 shows actually a good example),
and the rotations and scales for LSM can no longer be determined well.

TABLE 15.1. CC = Cross correlation. Res. = Resolution. maz, may, ma. = rms errors of the
differences between geodetically derived coordinates and matching results. mg, my, m. = rms
errors of the object coordinates derived from the matching results. Out.: number of eliminated
coordinates.

Alg. | Res. || mags My Out. || may My Out. || ma. m, Out.
[pm] || [mm] | [mm] [mm] | [mm] [mm] | [mm]

CC 30 23 16 1 30 21 1 35 25 2
LSM | 30 36 25 2 36 25 2 48 34 3
CcC 15 27 19 3 24 17 5 37 26 1
LSM | 15 23 16 1 24 17 1 37 26 1

15.2.4  Deformation Analysis of Wooden Doors

In a joint research project carried out at the Institute of Photogrammetry and Remote
Sensing with the Austrian Timber Research Institute, procedures for automatic deriva-
tion of surface models were tested. The goal of the project was to derive exact models of
the surfaces of wooden doors for an exact deformation analysis for quality control. The
accuracy to be achieved should fulfill the criteria of the accuracy required by European
norm EN 79: an accuracy of + 0.5 mm for this kind of quality control measurement.
The Timber Research Institute aims at an even better accuracy of = 0.2 mm. In order
to achieve this accuracy, a metric camera had to be used. As the wooden doors are
often dark and hardly structured, small retroreflective targets had to be fixed on them
manually in a 10 x 10 ecm? raster. One door dummy was photographed twice: first in
its initial position and then in a deformed one. At each epoch, five images had to be
taken, some of them are quite convergent (Figure 15.9). Figure 15.8 shows one of the
frontal images.

The diameter of the retroreflective targets was about 2.5 mm (the inner circle in
the right part of Figure 15.3). They were measured in the images by intersection of
gradients, which worked well in the frontal images but less well in the convergent ones:
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FIGURE 15.8. One of the images taken from the door.
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FIGURE 15.9. Image configuration.

In the convergent images, the circular targets appear as ellipses, which do not fit well
to the circular model. Measurement was carried out in two steps. In the first step, only
four points per image were measured interactively by the human operator. The images
were oriented using these observations. In a second step, the target points could be
projected into the images, and starting at these approximate positions, they could be
located automatically.

Using the 3D coordinates of the target points, 2.5-dimensional DEMs (Section 13.5.1)
could be calculated for both epochs. These elevation models had to be transformed to an
identical coordinate system in order to be compared. Four points in the door corners
were used for transformation. After that the differential model could be calculated
(Figure 15.10; the absolute size of the deformation was about 3.5 mm). The preliminary
results achieved by this method are quite promising. The rms error of the calculated
height differences was estimated to be £+ 0.15 mm.
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FIGURE 15.10. A shaded view of the differential model.

15.3 A General Framework for Object Reconstruction

As we have seen in Chapter 13, depending on the class of object to be reconstructed
and the level of detail to be achieved, different sensors have to be used, different con-
figurations of photographs are necessary, and the results have to be represented in
different ways. ; From this point of view, photogrammetric plotting tasks that are to be
automated can be categorized as follows:

e Small-Scale Topographic Mapping: Techniques for the automatic reconstruc-
tion of object surfaces for small-scale topographic mapping are described in Chap-
ters 14 and 16. Most algorithms aim at a 2.5-dimensional DEM (Section 13.5),
which can be computed from a set of points. The object surface can be assumed
to be smooth, and the image configuration is usually close to the stereo case with
two images covering each surface patch (Figure 15.11). The images are analogous
aerial images that have to be scanned offline.

FIGURE 15.11. Two homologous image patches used for small-scale topographic mapping.
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e Large-Scale Topographic Mapping: A 2.5-dimensional DEM will no longer
be sufficient to describe the Earth’s surface, especially if we think of built-up
areas. 3D modeling techniques useful for man-made objects were described in
Section 13.5. If topographic objects such as houses are to be reconstructed, a
point cloud will no longer be sufficient to derive an object description; this task
requires surfaces and lines as well as topological information. As is obvious from
the image patches in Figure 15.12; the object surface can no longer be assumed
to be smooth so that we have to deal with occlusions and surface discontinuities.
This is why two images might no longer be sufficient for the automation of this
task. Again, the images are scanned analogous aerial images.

FIGURE 15.12. Two homologous image patches from a large-scale photo flight.

e Close-Range and Industrial Applications: Depending on the actual object
class, close-range and industrial applications have to face different problems. Flat
building facades can more or less be treated similar to the way described for
small-scale topographic mapping; in other applications, surface discontinuities
and occlusions must be handled. Especially in architectural and industrial appli-
cations, nonstereo (bundle) configurations are typically used to increase accuracy
and reliability (Section 13.4). Some classes of objects might be better described by
points and others by lines (e.g., Figure 15.13). In most cases, 3D representations
will be required.

In this section, we first want to describe a general framework for object reconstruction
that relies on robust hybrid photogrammetric adjustment and consistent 3D modeling.
After that, an example will be given showing the application of that framework to
DEM generation for topographic mapping. Another example for the application of the
framework is given in Section 15.4.

15.8.1 Hierarchical Object Reconstruction

Considering the great variety of objects that can be reconstructed by photogrammetric
techniques, it appears to be impossible to find one algorithm capable of handling all
possible cases. However, it does make sense to investigate common strategies for object
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FIGURE 15.13. Three images for the reconstruction of a car’s door.

reconstruction and common structures for object modeling, in order to create a frame-
work for object surface reconstruction into which specific algorithms can be inserted
easily rather than try to find one single algorithm capable of handling all possible cases.
Such a framework is to be based on the following considerations [Rot96, Rot98]:

e Hierarchical Object Reconstruction: In order to make the algorithms work
with quite coarse approximations, a hierarchical coarse-to-fine strategy using im-
age pyramids (Section 7.1) has to be applied.

e Multilmage Solution: Two images might be sufficient for topographic appli-
cations, but in case of more complex tasks, occlusions will enforce the usage of
more, e.g., four, images.

e Feature-Based Matching: As stated in Section 14.2, feature-based matching
is more flexible with respect to occlusion and surface discontinuities than raster-
based matching.

e Consistent Object Modeling: A consistent way of object modeling in the
reconstruction process provides a powerful tool for treating different applications
in a similar way in a framework based on the hypotheses generation or verification
paradigm.

e 3D Representation of Results: The problem of object representation was dis-
cussed in Section 13.5. As long as the hybrid approach combining 2.5-dimensional
raster techniques and 3D techniques is not available, 3D triangulation is a good
compromise capable of modeling most objects.

A coarse approximation for the object is assumed to be given, which can either be
provided by the human operator in a semiautomatic system or from project parameters
such as flying height in topographic mapping. Object reconstruction is then first applied
to the upper level i = N of the image pyramids with approximate values derived from
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FIGURE 15.14. A flowchart of hierarchical object reconstruction.

the coarse object model. The resulting representation of the object surface is now used
as an approximation for a reduction of search space at the next lower pyramid level, and
so on. The process is terminated as soon as the lowest level of the image pyramids (i.e.,
the level with the highest spatial resolution; ¢« = 0) has been reached (see the flowchart
in Figure 15.14); this hierarchical concept is common to all applications, which is not
the case for the reconstruction step itself.

Object Reconstruction at a Given Pyramid Level: Feature-based matching
techniques are applied for object reconstruction at pyramid level ¢ (Figure 15.15). Thus,
the first step required at each level is the extraction of salient features (points and/or
lines) together with their topological relations, which is a process controlled by a model
of what we expect to find in the images. The result of feature extraction applied to
an image is a feature adjacency graph (FAG) by which the image is described on a
symbolic level (see Section 14.2.1 for more details on feature extraction).

Having detected features in two or more images, the correspondence problem has to
be solved. Contrary to Section 14.2.2, where the relation between two images was given
by a functional model T} for a transformation between two images, a more general
approach will seek correspondences in object space, as was indicated in the introductory
section of Section 14, because these methods are more flexible with regard to handling
occlusions and surface discontinuities. Instead of the functional model 15, a task-
dependent local model of the object surface is provided, and false correspondences are
detected from bad fits to that model in object space. Thus, despite these differences, the
same principle of hypotheses generation and verification as described in Section 14.2.2
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can be used, with some modifications:

Images (level i) Approximations Orientations

Image Model

Y

Feature Extraction

v Object Model
y

Feature Adjacency

Craphs G ion of Object S Hypoth
eneration o ject Space Hypotheses

Evaluation of Hypotheses

A

v
Consistent Object Features

Y

Filtering

Object Representation (level 1)

FIGURE 15.15. A flowchart of object reconstruction at pyramid level 3.

1. The generation of correspondence hypotheses makes use of approximate values
and the orientation parameters assuming a model of imaging geometry in order
to reduce search space (Section 14.2.2). Depending on the object class, differ-
ent algorithms can be used for that step. A correspondence hypothesis can be
(Figure 15.16):

(a) a correspondence between two points or lines from different images, such
a correspondence is propagated to object space and can be assigned to a
feature of the local surface model.

(b) a correspondence between a point or line and a point or line of the local
surface model.

2. The evaluation of these hypotheses is performed under the assumption of the (pre-
defined) local surface model in object space: Only hypotheses consistent with the
model will be accepted. Using a uniform mathematical formulation of these local
surface models makes this step independent of the object class.

The selection of an appropriate local surface model mainly depends on the class of
object to be reconstructed. For each object class, a knowledge base of possible models



F. Rottensteiner 427

Hypotheses

Similarity
Epipolar Lines
Approximations
Task dependent

Hypotheses
Task dependen

13

P —

o o/
Object Model
Robust Hybrid Adjustment

o
o

FIGURE 15.16. Generation and evaluation of correspondence hypotheses.

is prepared; the decision about which of the models is to be used has to be taken by
user interaction. In some applications, model selection can be automated. The way the
object models are represented in the reconstruction process differs from the way we
represent the final output: 3D triangulation is a very flexible technique to represent
object surfaces, but for object reconstruction it brings about overparameterization as
even planar surfaces are split into several triangles; thus, triangulation is not “rigid”
enough for hypothesis evaluation. Boundary representation (cf. Section 13.5.2) can
be used instead because practically all objects can be described by a set of surfaces
and their topological relations. In Section 15.3.2, the mathematical formulation of the
local surface models will be described. Hypothesis evaluation by robust hybrid adjust-
ment using the mathematical model of that section will be explained in more detail in
Section 15.3.3 [Rot98].

15.3.2  Mathematical Formulation of the Object Models

Boundary representations are graphs as depicted in Figure 13.11. As stated in Sec-
tion 15.3.1, the local surface models have to be used in a robust hybrid adjustment.
This means that the mathematical model for “fictitious observations” (observations
made without a measuring device) is to be formulated from which observation equa-
tions for a least squares adjustment can be derived. The surface models are formulated
in a local 3-D Cartesian observation coordinate system (u,v,w) (Section 13.2),
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and the transformation, between the observation coordinate system and the object co-
ordinate system (X,Y, Z) is given by the spatial similarity transformation which can
formally be written as Eq. (13.1). For the surface models, the reference point is formally
written as ¢ = (uc, ve, we)? and X = 1, thus from Eq. (13.1) we get:

U — Ue
p—c=| v—v. | =RT-(P-0). (15.3)
W — We

The internal reference point ¢ will receive a special interpretation later. The obser-
vation “A point P is on a surface (on a plane)” can be expressed as “P’s distance
from that surface is observed to be 0.” If we do not use the Euclidean distance but its

projection to the w-axis, we can write down an observation equation for w taking the
third line of Eq. (15.3):

”LUZOZ’LUC+T13'(X7X0)+T’23'(Y*YC)+T’33'(Z7ZC). (154)

Equation (15.4) describes a plane parallel to the uv-plane in the observation system.
In order to describe more general surfaces, we consider w. to be a polynomial function
in v and v:

we = Z cijut vl (15.5)

4,7=0

with u, v from Eq. (15.3), n being the maximum degree of the polynomial and assuming
. = V. = 0. Similar considerations can be made for v and v. In addition, the math-
ematical model has to be expanded to handle symmetries; the observation coordinate
system can be mirrored by one of its principal planes. Thus, the observation that a
point P is on a surface can be formulated in one of the following ways:

n,n

u =0=8,-ugp+ >, aj’k-(swa)j-(sw-wR)k;
G.k=0
n,n )
v =0=s8,-vp+ > bi}k-(su-uR)’-(sw~wR)k;
i,5=0
n,n . .
w =0=5y -wr+ Y. Cij-(Su-ur) - (sv-vr).
i,j=0

(15.6)

Equation (15.6) is yielded by replacing w. Eq. (15.4) by the sum in Equation 15.5, u,
and v, by analogous equations, and by using the short-hand pr = (ug,vr, wg)? = RT-
(P — C) for the right-hand side in Eq. (15.3). The polynomial coefficients a; x, b; 1 and
¢;; describe the surface in the observation coordinate system [Kra97]. The parameters
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(Su, Sv, Sw) can take two values: s, € {—1,1} for ¢ € {u,v,w}. By assigning identical
parameters but different values of s, to different surfaces, symmetries with respect to the
coordinate planes of the observation coordinate system can be modeled. It is one of the
benefits of this way of mathematical formulation that geometrical constraints between
surfaces can be modeled with it: For example, by assigning identical coefficients and
identical but unknown rotations 7;; to a set of surfaces, parallelism can be enforced,
and rectangularity of two planes can be obtained by formulating them as being the
uv— and vw-planes of the same coordinate system, respectively.

Three-dimensional polynomial curves can be formulated as the intersection of two
surfaces by using a set of two of the Eq. (15.6), and a 3D point is determined by the
intersection of three surfaces, i.e., by all three Eq. (15.6).

Using these techniques of formulation, task-dependent knowledge bases can be
built. The knowledge base contains a set of predefined object models (primitives) that
make sense in the context of the task to be solved; in Sections 15.3.4 and 15.4, examples
for such knowledge bases will be given. Each primitive, i.e., each object model in the
knowledge base, is a graph as described in Figure 13.11. The following information has
to be provided to build that graph:

1. aset of surfaces s. For each surface, a subset of the coefficients a; i, b; i, ¢; ; defin-
ing the mathematical formulation of the surface or a reference to a symmetrical
surface and the symmetry have to be provided;

2. a set of corner points v; and

3. aset of edges e. For each edge, its starting and endpoints and the surface neighbors
have to be defined.

In object reconstruction, an appropriate surface primitive is selected, and points
or lines are assigned to points, edges, or surfaces of the primitive in the hypothesis
generation step. Hypothesis verification by robust hybrid adjustment is described in
the following section.

15.3.83  Robust Hybrid Adjustment

By hybrid adjustment we mean a simultaneous least squares adjustment of different
types of observations. In the context of object reconstruction as described here, for each
correspondence hypothesis, two types of observations are basically used:

1. Image coordinates: For each image point and for each vertex of an image line
that is one of the partners of a correspondence hypothesis, two Eq. (13.3) are
inserted in the adjustment. As the orientation parameters are assumed to be
known, only the coordinates of the object point P = (X,Y, Z)T are unknown.

2. Surface observations: For a point on a surface, one, and for each vertex of
a line attached to an edge, two Eq. (15.6) are inserted in the normal equa-
tion system. In these observation equations a subset of all possible parameters
(P,C,R,aj, bk, ci ;) is unknown.
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The observations are weighted by p; = %7 m;, and ¢ being the a priori rms errors

of the observation (an image coordinate or a point’s distance from a surface or curve)
and of the weight unit (an observation with weight 1), respectively. By selecting an
appropriate rms error for the surface observations, the “rigidity” of the object models
can be tuned. Starting from coarse approximate values, all unknown parameters are
determined by iterative simultaneous adjustment of all observations. If only planar
surfaces are used, adjustment will converge within a few iterations.

There are dependencies between the coordinates of C' and the constant coefficients
and between the rotations R and the linear coeflicients; the way these dependencies
are treated is task-dependent. With respect to edges, care has to be taken on the
determinability of the coefficients of the intersecting surfaces. For example, thinking of
a straight line being the intersection of two planes, the tilts of the planes orthogonal
to the line have to be either determined by other observations or be declared constant.
It is worth mentioning that no homologous points are required to determine a curve
in object space: A point being observed in one image and on one curve gives four
equations, three of which are required to determine its object coordinates. The fourth
equation will give support for the curve parameters; thus the curve will be determined
by intersection of two or more bundles of rays.

As soon as convergence has been achieved, robust estimation by modulating weights
by the weight function in Eq. (14.16) described in Section 14.2.2 is used to eliminate
the outliers. The arguments r; ,, of the weight function w(r;,) in Eq. (14.16), i.e., the
normalized residuals, are in this case given by r;,, = 2. As described in Section 14.2.2,
it is the goal of robust adjustment to eliminate false matches; the observation equations
corresponding to false matches, i.e., hypotheses contradicting the surface model, are
successively eliminated from adjustment. The results of hybrid robust adjustment is
an estimation for the surface parameters, the object coordinates, and (if desired and
possible) of C' and R. In addition, blunders are marked in the data. In order to make
robust adjustment work, a high redundancy is required, and the number of outliers
should not exceed 30 percent.

The hybrid photogrammetric adjustment system ORIENT [Kag89], which was de-
veloped at the Institute of Photogrammetry and Remote Sensing at Vienna University
of Technology in the mid-1970s, is used for the implementation of the object reconstruc-
tion framework described in this section. ORIENT offers the possibility of simultaneous
hybrid least squares adjustment of different types of observations, including image coor-
dinates, control points, model coordinates, and surface observations. The great number
of observation types it can handle and its possibilities for blunder detection are the
most important reasons for ORIENT’s flexibility, which makes its application in object
reconstruction possible [Rot98].

15.3.4 DEM Generation for Topographic Mapping

A digital elevation model for small-scale topographic mapping can be derived from
a point cluster in object space. In the framework described in the previous sections,
the whole area of interest is divided into surface patches that are treated individually.
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Within a patch, the object surface can be approximated by one or more almost hori-
zontal planes, depending on whether we want to model smooth terrain, a ridge edge, or
a step edge. Which model is eventually used is decided by user interaction, depending
on the kind of terrain available in the area of interest.

H N ™

FIGURE 15.17. Surface models for DEM generation: A flat surface (left), a ridge (center), and
a step edge (right).

Points are extracted from the digital images, and each point of the first image is
compared with each point of the other image situated on or close to the epipolar line.
Given the approximations from the previous pyramid level, the search space (i.e., re-
gions where we compare points) is reduced along the epipolar line, so that a point
corresponding to a feature from the first image has to be within a flat rectangle parallel
to the epipolar line; all points within that rectangle are possible candidates. Similarity
of gray levels is used to assign weights to the correspondence hypotheses and to ex-
clude hypotheses failing to meet a certain similarity threshold. Having done that, each
correspondence hypothesis gives a 3D point P, which is assigned to one of the planes
comprising the local object model. Thus, each hypothesis gives five observations:

e four image coordinates (two per image), and

e one surface observation.

Each hypotheses adds three new unknowns to the adjustment, the point’s object
coordinates, and there are three additional unknowns per object plane to be determined.
Thus, the system is highly redundant, an important prerequisite for robust estimation.

15.4 Semiautomatic Building Extraction

The great demand for 3D city models, 3D GIS, and virtual reality models collides with
the enormous costs of data acquisition. Thus, automation of extraction of buildings
from large-scale aerial images is a very desirable and challenging yet equally difficult
task because of the great number of possible building forms, even in a rather homoge-
neous cultural region such as central Europe. In principle, automatic building extraction
consists of two steps [Bru98]:

1. Building detection gives an answer to the question “Where is a building?”;
thus it comprises methods to detect regions of interest for subsequent building
reconstruction. Automation of building detection is not yet operational due to
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the great complexity of the task. The application of different data sources seems
to be most promising;:

(a) digital images: Grouping of extracted image features to find rectangular
structures or color-based segmentation methods, e.g., [BM97].

(b) high-quality digital surface models can be analyzed with respect to sudden
local height changes, e.g., [Wei97].

(¢) 2D GIS information can be used to locate existing buildings, e.g. [HBA9T].

(d) As long as the automated techniques are not operational, interactive deter-
mination of the regions of interest will be inevitable. In this section, we will
only describe interactive methods for building detection.

2. Building reconstruction gives an answer to the question “What does the build-
ing look like?”, it is the determination of the geometrical parameters of a building
located in a given region of interest. The fact that there is a building in the region
of interest is assumed to be answered by a previous detection step. In order to
automate building reconstruction, the computer has to learn what a building is.
Thus, a knowledge base containing one or more models of what a building is has
to be made available. This knowledge base can be provided explicitly by giving
a set of building primitives, or it can be provided implicitly by declaring rules
for feature grouping. Two strategies are followed in current research involving
different degrees of automation:

e fully automatic building reconstruction; and

e semi-automatic building reconstruction.

Fully automatic building reconstruction: In fully automatic building recon-
struction, data-driven and model-driven techniques have to be combined. In a first
step, feature aggregates have to be found by a grouping process. This step is driven by
implicit assumptions on which structures are typical for all buildings, e.g., characteris-
tic patterns of intersecting edges. In a second step, the feature aggregates have to be
combined using information from a knowledge base. The knowledge base gives the pos-
sible combination of aggregates that make sense with respect to the task. In [FKL97],
the feature aggregates are 3D corners with neighboring edges combined by applying
a knowledge base containing typical building forms. [HBWT96] aggregate the bound-
ing edges of homogeneous image patches and derive 3D planar surface blobs that are
combined by a consistency check considering the neighborhood relations of adjoining
blobs.

Semiautomatic building reconstruction: Due to the complexity of the task, fully
automatic building reconstruction is not yet operational. That is why semiautomatic
systems are currently being developed [Miil98, Vel98, Rot98] to offer a compromise
between the great demand for automation in data extraction and the fact that the
problem has not yet been completely solved. Semiautomatic systems provide a knowl-
edge base of building primitives typical for a certain cultural region, and they offer
tools for the automation of precise determination of the building parameters as well
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as for efficient interactive adaptions. The workflow for the reconstruction of a certain
building looks as follows [Miil98]:

1. interactive selection of an appropriate building primitive from the knowledge base
by the human operator;

2. interactive determination of approximations for the building parameters;

3. automatic fine measurement and adjustment of the building parameters to the
image data; and

4. visual inspection of the matching results and interactive editing in case the au-
tomation tools failed to achieve correct results.

In this section, the realization of semiautomatic building extraction within the frame-
work given in Section 15.3 is described.

15.4.1 Building Models

In Section 15.3.2 the mathematical model for describing surface primitives was de-
scribed. If we analyze the task of building extraction in the context of surface recon-
struction as discussed in Section 15.3.1, there are three possibilities for providing local
object surface models [Bru98] in a knowledge base:

e Parameterized models: Basic primitives such as hip roof buildings or saddleback
roofs (Figure 15.18). The topology of these primitives is provided by the knowl-
edge base; only the geometrical parameters have to be adjusted.

e Prismatic model: This type of model provides a construction rule rather than
a fixed topology; a prismatic building is characterized by two horizontal planes
(roof and bottom) and a set of n vertical planes (walls).

e Combinations of simple primitives in order to model more complex buildings.
This means that “gluing tools” are required.

N
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FIGURE 15.18. Surface models for building reconstruction: A hip-roof building (left) and a
saddleback roof building (right).
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Both parameterized models and the prismatic model can be expressed in the same
way in the framework of Section 15.3.2, the difference being only the initialization
phase. Taking the saddleback roof as an example, the following formulation would be
adequate:

e The reference point C' must be in the center of the floor. Its object coordinates
determine the position of the house in object space.

e The coordinate system is parallel to the building facades; thus only one rotation
k around the Z-axis is required to determine the orientation of the building in
object space.

e The model consists of seven surfaces:

floor (not visible): w, = 0.

front facade: v. = aggg-

back facade: identical parameters as front facade, mirrored by the uw-plane.
right facade: u, = bggp.

left facade: identical parameters as right facade, mirrored by the vw-plane.

right roof plane : w, = cooo + C100 - T7-

R e

left roof plane: identical parameters as right roof plane, mirrored by the
vw-plane.

Although the building primitive is formulated as a boundary representation, it is
determined (apart from its position and orientation in the object coordinate system)
only by a small set of parameters that can be easily interpreted: the building length
I = 2 |apoo|, the building width w = 2 - |bygg|, the gutter height h = |cogo|, and
for the obliquity angle § of the roof we get tan(d) = |cipo|. Using the formulation
method described in Section 15.3.2, the boundary representations behave in a way
similar to CSG models, and the overparameterization usually connected with boundary
representations is avoided.

15.4.2 Interactive Determination of Approximations

As soon as the primitive has been selected from the knowledge base, the building
parameters have to be determined interactively. First they are initialized by default
values, e.g., by the parameters of the previous building of the same type. Typically,
two images will be open for visual determination of approximations. As soon as one
point on the eaves has been digitized in an image, the building can be positioned in
object space using a default value for the height of C; it is then projected into the
images and the projections are superimposed to the image data. As soon as the first
point has been measured in the second image, the object coordinates are computed
and the shifts can be initialized (Figure 15.19, upper row). If a second point of the
eaves is measured in one of the images, the rotations and the building length can be
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FIGURE 15.19. Semiautomatic building extraction: Upper row: One point has been measured
in the left two images. Second row: A second point has been measured in the left image. Third
row: A third point has been measured in the left image. The house primitive is backprojected
to all images in which the house is visible.

determined (Figure 15.19, second row); a third point finally gives the building width,
and the model is approximately positioned in object space (Figure 15.19, last row).

Of course, the rest of the parameters are still initialized by defaults. The procedure
described earlier relies on the eaves being horizontal, a condition that is not necessarily
fulfilled for all buildings. A more general and very elegant approach which sets up rules
for directly modifying the building parameters in dependency of changes of the image
coordinates of the corner points is described in [Miil98]. Another possibility is given
by introducing observations for the building parameters and performing robust hybrid
adjustment after each mouse click; by robust estimation the observations for building
parameters that have been determined by image rays can be eliminated so that the
model fits optimally to the interactively determined corner coordinates.
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15.4.8 Automatic Fine Reconstruction

As soon as it is requested by the human operator, fine adjustment of the building
parameters is to be performed in the sense of the framework described in Section 15.3.1.
The surface model and the approximations are provided by interactive measurement.
First, the building model is projected into all images to determine the regions of interest.
In these regions of interest, features are extracted (Figure 15.20).

FIGURE 15.20. Semiautomatic building extraction: Features extracted in the region of interest.

In a subsequent step the features have to be matched to the corners and edges of
the building models: Hypothesis generation comprises both the assignment of extracted
image lines to building edges and extracted image points to corner points of the model.
Thus, we get four observations for each image line vertex assigned to an object line:

e two image coordinates; and
e two surface observations.

For each image point assigned to a building corner, we get five observations:

e two image coordinates; and
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e three surface observations.

Each hypothesis (each line vertex and each corner point) adds three unknowns to the
adjustment, the point’s object coordinates, and there are three additional unknowns
per object plane to be determined. Note that we do not need homologous points for
determination of lines! As each line vertex adds four observations and three unknowns
to the adjustment, it increases redundancy by one. The line parameters are actually
determined by intersection of two or more bundles of rays. Again, adjustment is highly
redundant; in order to speed up computation, a preliminary elimination of the un-
known object point coordinates is desirable. Even if the automatic determination of
the building parameters fails, the workflow of building extraction is sped up signifi-
cantly by providing a knowledge base of building primitives because symmetries are
used in interactive positioning and the topology of the building is also given by the
primitives.

15.5 State of Work

In the previous sections, strategies for the automation of photogrammetric measuring
tasks were discussed and examples given. The degree of automation that could be
achieved depended on the complexity of the task to be solved: In some cases, especially
in extracting buildings from digital images, human interaction remained an important
part of the system, even though the amount of work to be done by the human operator
could be considerably reduced. A part of the work described in the previous sections has
already been finished; other parts are currently in the implementation phase. The latter
holds true for surface reconstruction: The components of the framework described in
Section 15.3 have been implemented in the course of the Austrian Research Program on
Digital Image Processing in C++ and in object-oriented design. Current work does not
only comprise the specialization for DEM generation but also semiautomatic building
extraction. A prototype of the knowledge base for building extraction has been made
available; the matching algorithm described in Section 15.4 is about to be implemented.

In order to increase the degree of automation that can be achieved in photogram-
metric plotting in the future, several strategies can be followed:

e Modeling: In order to automate 3D reconstruction tasks, knowledge about the
objects to be reconstructed has to be converted into a form that can be understood
by computers.

e Multiimage solutions: In photogrammetry, stereo configurations are still com-
monly used, and many algorithms for surface reconstruction rely on that. By
increasing the number of images, automation of more complex tasks might be-
come easier.

e Multisensor solutions: Sensors other than photographic cameras can provide
valuable information, which can be applied for the automation of 3D reconstruc-
tion. This especially holds true for laser scanners.
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16.1 High Accurate Stereo Reconstruction of Naturally
Textured Surfaces for Navigation and 3D-Modeling

16.1.1 Reconstruction of Arbitrary Shapes Using the Locus Method

Stereoscopy is one of the widely used techniques for passive three-dimensional (3D)
measurements. With known sensor geometry, the projection of one scene point into
different locations within the stereo images is used to reconstruct the scene surface (see
Section 13.3). In addition to correspondence analysis, which concerns the matching of
points in two perspective views of a scene so that the matched points are projections
of the same scene point (Section 14), the surface reconstruction process is one of the
essential tasks in stereo image processing.

Many publications address the topic of registration or alignment between 3D point
clouds and given surface models (see [SS89] for a survey). The application in the case
described in this section is different because the geometrical properties of the measured
data and the reference are exactly known from sensor calibration. This makes it a 8D
inspection task.

Traditional recovery of scene topography for stereo vision using spatial forward in-
tersection [BKT78] is not satisfying for many applications. When corresponding image
points are directly projected into Cartesian object space using triangulation, the re-
sulting elevation description is sparse and nonuniform with all the problems attached
thereto.

The stereo locus reconstruction method is based on an approach by Kweon and
Kanade [KK92| for multiple range finder data. The fundamental concept of working in
image space rather than object space is extended to the stereo disparity mapping case.
Having dense disparities (i.e. on each pixel of the input images), the locus method can
be applied in a straightforward and efficient way to gain a robust 3D reconstruction of
the observed surface.

Usually point clouds are the result of a spatial forward intersection step and need
to be projected on the given surface patches. Some operational systems need manual
assistance [UP95b, Len96] for tasks that is not acceptable for fast and cheap indus-
trial inspection. It is one of the advantages of the locus method that the problems
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induced by triangulation, spatial forward intersection, and interpolation do not affect
the measurement. Ambiguities, occlusions, and especially uncertainties caused by cali-
bration and matching errors can be detected, which is an essential property of industrial
measurement systems.

In the following we assume that the orientation of the stereo camera system is exactly
known with respect to the surface model. This is the case in any standard medium-range
stereophotogrammetric system [BUv96].

The surfaces to be inspected are a combination of discrete primitives (patches) that
can be described analytically in 3D space. Planes, spheres, superquadrics, or cylindric
shapes are well-known examples. In addition, the position and orientation of each patch
are known exactly. The basic aim of the inspection process is to measure the deviation
of the measured surface to the model. One of the simplest scenarios for such a task
is the generation of a digital elevation model (DEM: Section 13.5.1) from remotely
sensed stereo images. Here the locus method already proved to be a valid tool [BP93].
However, the general problem is sparsely represented in literature. We claim that the
simplicity of DEM reconstruction is the reason why operational solutions in the field
of stereo reconstruction exist mainly in the remote sensing domain.

A result of HFVM (Section 14.3) is a set of disparity images with the same geometry
as the input images. Each pixel defines a parallax between corresponding points on the
left and right images of the stereo pair. They can be considered the basic database for
the locus reconstruction.

The idea of incorporating the known image orientation into the matching process
[Gru95] could be applied to improve the matching robustness. Because the locus con-
sistency provides a very similar measure of matching correctness, this has not yet been
done for the current HFVM implementation. Furthermore it would significantly reduce
the matching speed.

The fundamental concept of the locus reconstruction approach is to work in image
space rather than object space. It requires knowledge of correspondence between the
left and right image spaces. For this reason it is well suited to exploit dense and uniform
disparity maps computed with HFVM.

The elevation at an arbitrary reference position is found by intersecting a hypothetical
line at this location with the object’s surface (Figure 16.1). The line is projected into
the stereo images (left and right locus). The image information at the locus location
characterizes a profile curve on the object’s surface. The corresponding location in the
other image is found by mapping the locus using the given disparities. The elevation is
determined by the most consistent intersection between the locus and the profile curve
projection, taking into account the well-known height of the curves [BP93]. The stereo
locus reconstruction algorithm operates as follows:

1. Define a discrete grid on the reference model shape. For every point do steps 2—(6:
2. Construct a hypothetical vertical straight line to the reference surface.

3. Determine the maximal possible deviation from the reference shape on this point
to restrict the search space.

4. Determine the stereo images whose field of view includes the search line.
5. Project this line section into both stereo images (left and right locus).
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FIGURE 16.1. Stereo locus reconstruction: Project straight line at desired grid location into
left (1) and right stereo image space (2). Map left locus into right image using disparities (3).
Intersect left locus projection and right locus to yield surface point.

6. Look at the disparity of each image pixel that covers the left locus. If it points
at a right image pixel covering the right locus, this is a candidate for describing
the “elevation” (surface normal distance) at this location. Consistency checks for
both the disparity and the given elevation at the respective locus location lead to
the best fit elevation. Several simple constraints can be applied to decide whether
or not a valid candidate exists.

Using simple neighborhood relationships and the pyramid structure to gradually re-
fine the reference surface resolution permits a drastic reduction of the search space
for consistent elevations. The adaptation to the multiresolution HFVM disparity map
structure makes it possible to provide a rough elevation description for a general view.

A consistency check allows us to evaluate the quality and accuracy of both the eleva-
tion and the disparity map and calibration. The locus approach shows less sensitivity
to noise in the disparities than the spatial forward intersection method.

The result is an elevation map projected on the reference surface. The byproduct
is an ortho image, the gray level projection of the images acquired on the reference
surface.
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FIGURE 16.2. Combination of surface patches. Left: Camera field of view; right: example for
a regular grid on the patches, and one locus L(sy) on each patch sy.

For many measuring applications, it is important to easily project the measured
surface to any analytically describable shape. The locus reconstruction method can
handle arbitrary global shapes: In object space, straight lines perpendicular to a refer-
ence surface are defined. By preference for a dense reconstruction, they are arranged
in a regular grid thereon. Generally, the interesting locations can be selected without
restriction on a reference surface in object space (Figure 16.2). This allows us to indi-
vidually inspect specific regions with different reference resolutions but the same height
resolution. Another task is to use stereo image sequences acquired from different loca-
tions and viewing angles to view the same target. The locus reconstruction approach
can handle and merge a set of stereo images in a direct and efficient way. Without any
further processing, it combines the results of many stereo configurations that can cover
arbitrarily distributed parts of the surfaces. A disparity data base and a surface data
base can be taken into consideration within a single processing step (Figure 16.3).

The advantage is that the reconstruction starts to inspect the target locations in
object space but evaluation is done in image space. For that purpose it is possible to
predict whether the search location is relevant for a specific stereo geometry.
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FIGURE 16.3. 3D inspection database: Each set of disparities and camera calibration rep-
resents a stereo camera setup. The locus method combines all setups into one process and
calculates for each given surface patch s, the deviations.
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16.1.2 Using the locus Method for Cavity Inspection

The process of cavity construction needs thorough correctness checking of the current
cavity shape. Figure 16.4 shows such a geometric scenario. Three stereo setups are used
to monitor different parts of the surface. Stereo images of a plane P and two views c;
and co of a cylinder surface C' are acquired. HFVM is performed on the three image
pairs. Disparity images and locus reconstruction results are depicted in Figure 16.5 for
the plane P and in Figure 16.6 for the cylinder surface C'.
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FIGURE 16.4. Cavity inspection scenario: One stereoscopic view p; of plane P and two views
c1 and ¢z of a cylinder surface C. Image size is 1000 x 1000 pixels.
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e SEES s
FIGURE 16.5. Left: Row disparity image for plane P; right: locus reconstruction results (top:
ortho image, bottom: isolines of surface structure with 40 mm depth spacing). Scene size is
about 10 X 5 m.
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FIGURE 16.6. Row disparity images (top) and locus reconstruction results for cylinder C
(center: ortho image, bottom: isolines of surface structure with 40 mm depth spacing). The
results of views ¢; and ¢z have been merged. A large area of erroneous matching was detected
in the ¢y reconstruction. Scene size is about 8 x 4 m.
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16.1.3 Stereo Reconstruction Using Remote Sensing Images

Operational solutions in the field of stereo reconstruction exist mainly in the remote
sensing domain. Most of the commercially available remote sensing data processing
and GIS packages provide subtools that support DEM generation from satellite and
aerial stereo imagery. One of the most widely used data set is generated by the Land-
sat [U.S84] or SPOT [spo88] satellites. In Figure 16.7 an example for a stereo pair
from a mountainous region in Austria is displayed. The stereo reconstruction results of
two different stereo matching methods are depicted in Figure 16.8. An evaluation of the
errors introduced by the matching process is given in Tables 16.1 and 16.2. The results
indicate that feature-based techniques in this field are superior to standard correlation
techniques (see Chapter 14).

FIGURE 16.7. 1024 x 1024 pixel stereo partners, part of SPOT TADAT test site. The two
subareas mentioned in Table 16.1 are marked in the right image with subarea RAMSAU being
inside the upper rectangle.

The example in Figure 16.8 was generated using a system by an Austrian distribu-
tor [RHR'93]. As one representative in the GIS domain, the OrthoMax system should
be mentioned [Vis96], which also provides automatic DEM generation from two im-
ages from the same sensor. Several other products have entered the market during the
last ten years, most of them for the DEM generation from SPOT stereo pairs [GR93]:
see [TVD94, BT91] for comparison. The reconstruction accuracy lies in the range of
pixel resolution, i.e, in case of the SPOT panchromatic sensor (10 m/pixel) a height
error of 10 m can be expected.

A list of all available systems for remote sensing applications would go far beyond
the scope of this book. However, it must be stated that an overall solution has not been
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TABLE 16.1. 1024 x 1024 pixels part of SPOT TADAT test site: Comparison between errors (m)
of reconstruction using three different HFVM pyramid levels and traditional cross-correlation
approach for disparity generation. Reference is a DEM manually generated from topographic

1:25.000 maps.

G. Paar and W. Polzleitner

| HFVM L. 0 | HFVM L. 1 | HFVM L. 2 | Correlation |

Nb. of points matched 1000000 227300 59200 2200
Nb. of points used 26490 25258 14800 1197
Proc. time (disparities) 32 min 8 min 2 min 13 min
Image resolution (m) 10 20 40 10
Standard Deviation

error (m) 15.5 19.2 29.2 21.1
Mean error 1.78 0.9 2.1 1.7
Max error 151 178 199 110
Min error -129 -104 -159 -202

TABLE 16.2. Comparison between errors (m) of reconstruction using HFVM (Section 14.3)
and cross correlation (Section 14.1.1) for disparity generation on subareas SCHLADMING

(urban area) and RAMSAU (field and forest area).

SCHLADMING RAMSAU
HFVM L. 0 | Correlation || HFVM L. 0 | Correlation
Standard Deviation
error (m) 12.3 16.8 10.6 16.5
Mean error 2.09 1.77 4.76 4.23
Max error 77 80 50 70
Min error -52 -87 =51 —87

published yet and the necessary amount of interaction and manual corrections are, for

good reason, not mentioned in the advertisements for the respective systems.
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FIGURE 16.8. Left: Contour plots (6z=40 m) of TADAT test area DEMs; right: heights coded
d with regions of height error > 30 m. Thin lines represent negative error

as grey levels overlai
regions; thick lines represent positive error regions.
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16.1.4 Stereo Reconstruction for Space Research

Unmanned space research requires the highest amount of autonomy for all data pro-
cessing tasks. Therefore, so far, stereoscopy has only been used with other methodism
in this domain. Nevertheless, a set of prototypes has been developed in Europe, the
US and Japan to demonstrate the feasibility of autonomous navigation systems and
robotic applications:

e Medium-sized rovers are able to reconstruct the environment using onboard stereo
cameras and processing resources [HZF93].

e Comet exploration models foresee stereo mapping from near orbits [de 90].

e A testbed for landing simulation of unmanned spacecraft was developed. Auto-
matic surface stereo mapping from orbit is followed by closed loop vision-based
navigation [Paa95, PP92a].

e A stereo vision testbed for robotic operations [STR94] shows real-time capabilities
in tracking artificial 3D objects.

e The advantages of trinocular stereoscopy were shown on a robotic vehicle called
Dante for reconstruction of its environment [Ros93].

16.1.5 Operational Industrial Stereo Vision Systems

Most advancements in steoroscopic measurements for industry were gained in the field
of industrial quality control, mainly in the automotive and aircraft industries. High-
precision photogrammetric methods use a new generation of high-resolution digital
cameras as well as digital theodolites in integrated systems [BD93, Hoe93]. The field
of application is mainly offline: the texture observed is covered with reference points
for single high accuracy measurements (1/200.000 of object dimensions).

One example of the new generation of stereoscopic surface reconstruction systems was
developed at JOANNEUM RESEARCH in Graz, Austria [PPB95]. It is capable of fully
automatic reconstruction of rocklike surfaces with included error detection. Results of
several reconstructions are merged and projected on selected analytically described
surfaces as raster data (DEM and gray levels, namely, ortho images). Figure 16.9 shows
an example of input images and disparities as a result of HFVM (Section 14.3). A
reconstruction result is shown in Figure 16.10. The prototype system is able to generate
a 10 x 10 m grid of 10 mm density with a height accuracy of 10 mm in half an hour on
standard PC hardware.
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FIGURE 16.9. Image examples: Left and right stereo partner and row disparity image (dis-
parities coded as gray levels) of a concrete surface.

FIGURE 16.10. Result of merging four stereo reconstructions: Ortho image and raster DEM
(gray level coded) projected on a cylindric surface.
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16.2 A Framework for Vision-Based Navigation

A vision-based navigation system is a basic tool to provide autonomous operations of
unmanned vehicles. For offroad navigation that means that the vehicle equipped with
a stereo vision system and perhaps a laser ranging device shall be able to maintain a
high level of autonomy under various illumination conditions and with little a priori
information about the underlying scene. The task becomes particularly important for
unmanned planetary exploration with the help of autonomous rovers.

Major advances in autonomous navigation based on computer vision techniques have
opened the possibility of using autonomous rovers to explore the planets. The imple-
mentation of the recent technological achievements to planetary rovers was outlined in
the previously withdrawn LEDA moon exploration project [Eur95]. Three roving con-
trol modes should be supported by the vision-based navigation (VBN) system according
to LEDA mission objectives:

1. teleoperating mode of ground-based piloting;

2. medium autonomy mode or autonomous piloting and ground-based navigation;
and

3. full autonomy mode or autonomous navigation.

Stereo vision techniques offer a number of advantages in solving the task of autonomous
vehicle navigation. They rely on low-cost video technology, which uses little power; the
sensor is mechanically reliable and emits no signature (unlike laser rangefinding).

A stereo system also allows more flexibility. Most of the work during stereo range
image production is performed by software that can easily be adapted to a variety of
situations. The same applies to the path planning software block: The logic of the path
planning procedure can easily be changed depending on a goal to be approached on a
planetary surface.

There have been several attempts by different teams in the world to integrate stereo
vision into the rover navigation system. The construction of the first wheeled rover,
named Robby, that successfully used stereo was completed in December 1989 at JPL
[LB91]. Another early stereo vehicle was developed by Nissan and named PVS [OOK89].
With faster computers and advanced algorithms new perspectives in stereo vision
have been opened. Robust stereo systems have been realized on the robotic truck
NAVLAB [Tho90] developed by Carnegie Mellon University. More time-demanding
trinocular stereo vision has been employed on the eight-legged walker Dante [Ros93]
also developed at Carnegie Mellon. The idea to use three stereo cameras was justified in
the work by Dhond and Aggarwal [DA91], who found that the increase in computation
due to a third camera was only 25 percent while the decrease in false matches was
greater than 50 percent.

French teams have been working on autonomous navigation systems for several
years [PHFT93, PLSNO93]. Their approach proved for the Marsokhod rover combined
the chain of sequential operations such as stereo reconstruction, obstacle location, and
path planning. Nevertheless both Dante and the French system imposed a parallel ge-
ometry condition by the stereo reconstruction algorithms used. This condition weakens
the whole system, because parallel stereo geometry is practically difficult to arrange
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and maintain. Even small distortions in epipolar stereo image geometry cause immedi-
ate impact on the reliability of stereo matching. Therefore, an additional rectification
procedure must be employed before [BHPT92].

In the following we present a concept for the fully autonomous mode of the rover
equipped by an active/passive imagery sensors setup. Our approach combines both
stereo and mono vision techniques. The 3D stereo reconstruction algorithm is based on
almost arbitrary stereo geometry, which makes it stable against accidental distortions
on the vision system arrangement. Tracking techniques are employed during the path
execution step to control the vehicle locomotion along the local path. It can be stated
that optimized versions of the algorithms involved in a closed-loop processing chain
are suitable for onboard implementation. The reliability of the proposed algorithmic
solution is demonstrated during simulation sessions with the help of an accurate robot
and a lunar terrain mockup.

16.2.1 Vision Sensor Systems

Experiences of several teams working on autonomous navigation have proved that par-
allel geometry of stereo cameras is difficult to arrange and maintain. A special platform
has been designed to adjust and maintain parallel geometry for three stereo cameras
on Dante, the autonomous vehicle for Antarctic applications [Ros93]. In case of the
Russian Marsokhod rover [Kol94] both stereo cameras were fixed on top of a special
device performing accurate three-angle rotation.

Evidently, the parallel stereo geometry can be easily distorted by vibrations during
motion or day/night temperature variations. Therefore a 3D stereo reconstruction ap-
proach based on almost arbitrary stereo geometry looks more preferable and reliable.
Consequently, the necessary calibration procedure for the stereo system comprises three
steps:

1. Inner orientation (Section 13.2). It is performed on the ground during system
compilation and is considered unchanged (or recalculated depending on the known
temperature conditions) during vehicle operation.

2. Initial calibration of camera positions and orientations with respect to the ve-
hicle frame. One important parameter is the distance between the stereo cam-
eras, which can be considered unchanged. This sensor description is performed
during system integration and can be used for 3D reconstruction of the envi-
ronment and as prediction during navigation. However, a very accurate relative
orientation between the cameras can be accomplished using results from stereo
matching [UP95a).

3. Online extrinsic (camera position and orientation) calibration. These parameters
must be updated with respect to a given coordinate system while the vehicle is
moving. Auxiliary sensors can help to avoid drifts and provide predictions for
attitude parameters.

Auxiliary sensors (measurement units) are integrated in the vehicle navigation system to
provide additional independent information regarding vehicle position and orientation.
These are:
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e magnetometer to know the general orientation of the vehicle and make it follow
in the desired direction.

e wheel odometers and accelerometers as additional control units. The vehicle op-
erations are stopped immediately if the data obtained from the sensors are above
predefined safe thresholds.

e star tracker for independent self-localization of the vehicle on a planetary surface
other than Earth.

e gyroscope/inclinometer, the only source of rotation data, used for both ortho
DEM generation based on stereo matching and the image sequence tracking pro-
cedure. The tracking itself does not presume any relative rotation between subse-
quent image frames. In case relative rotation between two frames cannot be omit-
ted, one can use sensor rotation data to derotate corresponding image frames.

e laser range-finding (ladar). This optional sensor can be effectively used for quick
monitoring and obstacle detection near the vehicle.

16.2.2  Closed-Loop Solution for Autonomous Navigation

The vehicle vision-based navigation (VBN) system must operate under a set of specific
conditions and requirements that are present on a planetary surface where immediate
human intervention is in fact impossible. These are:

1. automatic initial calibration of the vision sensors;
absence of accurate reference points or landmarks for precise self-calibration;
low angle illumination conditions;

low angle viewing conditions; and

AR

no a priori information about the underlying terrain.

On the other hand there are two conditions that simplify the operation of the vehicle
VBN system:

1. low speed of the vehicle operations. The vehicle can move in a stop or thinking
mode, thus performing time-consuming stereo reconstruction while it is stopped.

2. static environmental conditions. The vehicle’s VBN system operates in a still
scene if no moving objects within its field of view are expected.

To accomplish a fully autonomous vehicle navigation mode we suggest using a combina-
tion of stereo and mono vision techniques. Time-consuming stereo matching processing
is employed during the stop thinking vehicle mode to calculate a DEM, to classify the
underlying scene, and to generate a safe local path. A less time-consuming tracking
procedure is employed during the path execution mode to control the vehicle displace-
ments along the path. Summarizing, we propose the following approach to accomplish
the vehicle’s autonomous mode:
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1. Initialization phase. This step is performed only once to initialize the opera-
tional units of the vehicle. These are: initial calibration of the imagery sensors
(laser, stereo cameras) and measuring units (wheel odometer, accelerometer, in-
clinometer sensors, gyroscope, star tracker) and self-localization of the vehicle
position with respect either to a given global map of the surface or another vehi-
cle.

2. Operational phase. This step consists of the following operations implemented
in the cycle:
Stop thinking mode: 1. stereo image acquisition;
2. DEM reconstruction;
3. risk map generation;
4. local path generation;
Path execution mode: 5. consecutive image acquisition;
6. landmark tracking; and
7. update vehicle position (calibration update).

16.2.3 Risk Map Generation

A risk map is generated on the basis of a DEM, which has been generated using the
HFVM (Section 14.3) and locus (Section 16.1.1) algorithms. The DEMs and ortho im-
ages are reconstructed in a world coordinate system considered fixed at the motion
initialization point of the vehicle. Therefore elevation models from different vehicle po-
sitions can be merged to get a full 3D description of the surrounding vehicle path.
Figure 16.16 shows an example of a merging result of nine subsequent stereo recon-
structions.

The basic idea for generating a trajectory risk map is to select steep slopes and
elevated areas from the DEM and to mark them as hazardous and unsuitable for the
vehicle motion by comparing to some predefined safe threshold. The algorithm evaluates
the minimal and maximal heights on the DEM in a local window and then calculates
the local inclination. It takes O(N) calculations per pixel in the optimized version of
the algorithm (where N is the local window size).

16.2.4 Local Path Planning

A path based on a Voronoy diagram [BL91] is an equal distance from obstacles but is
computationally expensive. Our idea is to consider the points of the risk map located
outside hazardous areas as the nodes of a directed graph [Kol95]. The path is generated
from a predefined start point and should reach a specified target point on the local
map in such a way to minimize the length of a subgraph (Dijkstra algorithm [Dij59],
Figure 16.11).

The start point of the path, e.g., the current position of the vehicle, is considered
the graph origin. The length of the graph edges are positive values (weights) defined
as the height difference between the subsequent vertices. As usual, the length of a
particular path that joins any two given vertices of the graph is defined as the sum of the
edge weights composing the path. Because the real local path must follow continuously
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FIGURE 16.11. Path planning task: Directed graph on the image field. Each node in the image
row Y can be connected only with the three nodes from the previous row Y+1.

through the image field, the graph edges must be connected in a directed way: Each
node on the graph can be connected only with the three nodes from the previous image
row. Under this restriction, the number of operations for searching the shortest path
from the start point to the possible destination points is equal to O(N), where N is the
image size.

16.2.5 Path Execution and Navigation on the DEM

The accuracy of initial localization for the vehicle in a given world coordinate system
depends on the accuracy of the available auxiliary sensor systems or a global map. After
vehicle deployment, a local map with respect to the vehicle (its position will specify
the beginning of the local coordinate system) can be used on board for further vehicle
operations. The vehicle position and orientation shall be constantly controlled on board
in the local coordinate system. That can be done with the help of the vision system,
as described herein.

A landmark tracking algorithm [PSP95] is used to follow on the tracks of ho-
molog points (interest points) in two subsequent images. Corresponding displacements
between the Interest Points are then used as a database for the calibration update. To
extract the interest points from the original image a derivative of the Moravec opera-
tor [Mor77] is used. Using auxiliary sensors (Section 16.2.1) it is only possible to make
coarse predictions of the motion between two consecutive images (frames) taken while
the vehicle is moving. Therefore, we propose using a hierarchical approach to identify
corresponding interest points on subsequent frames. As a first iteration, the disparities
of all points on the image are calculated in coarse resolution. In the following, this infor-
mation is used to calculate the disparities only for the interest points in high resolution
using feature vector matching. Figure 16.12 depicts this process: In a search window
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FIGURE 16.12. Coarse-to-fine tracking using HFVM results from higher pyramid levels.

around the coarse location of the point the best match of the old feature vector within
the new image is searched for in the highest resolution. Because of the coarse tracking
step, the search window needs only to be approximately 8 x 8 pixels, which implicates
relatively low computational effort.

The essence of the calibration update method (i.e., identifying an instant cam-
era position and pointing parameters along the vehicle path) is the following. Let us
consider two consecutive images (frames N and N + 1) taken from the vehicle during
motion. The 3D coordinates of the interest points on frame N are calculated from the
DEM and the calibration matrix of frame N. Having 3D coordinates of interest points
acquired from Frame N(x;,y;, 2;) and their 2D coordinates (u;,v;) on frame N + 1
(from landmark tracking between frame N and Frame N + 1), a calibration can be
performed to obtain position and pointing parameters of frame N + 1. The calibra-
tion method keeps the intrinsic camera parameters fixed and gains only an update for
extrinsic camera parameters.

Assume the lens distortion has already been corrected to gain perfect perspective
geometry. Having a,, a,~the focal length divided by pixel sizes in column and row
directions—and ug, and vg—the coordinates of the principal point—as intrinsic parameters
(assuming an orthogonal pixel coordinate system), we use the perspective projection
matrix for the pinhole camera model [PU93]:

ayT11 + UOT31  GyuT12 + UQT32  AyuT13 + UeT33 Ayt + Upls
T:= | ayre1 +v0T31 GyuT22 +VoT32 QuT23 +UT33  Gyl2 + Vol3
731 732 733 t3

. (16.1)

where (t1,%2,t3) is the translation vector (camera position) and R = (r;;) is the rotation
matrix from Eq. (13.2) with the three pointing angles w, ¢, and k.
The minimization of

> (pi+ i) (16.2)

i
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gains the position and pointing parameters to be calculated for frame N + 1 with

t11%; + 12y +11,32; +t14
t31%; + 132y + 332 + 134
and
t i+t i+t i+t
Vi = |; — 2,1%; 122y +t232; + 124 (16.4)
t3,1%; + 132y +1332; +t34

being the backprojection error for each individual landmark on frame N + 1.

The quality of the calibration is checked on each individual interest point by pro-
jecting its 3D coordinates back into the image using the calculated calibration. The
deviation of the corresponding 2D coordinates to the original image coordinates of the
respective interest point is again calculated using Eq. (16.3) and (16.4) and is a mea-
sure of consistency. The calibration is iterated with the most inconsistent interest points
removed, until this error gets below a certain threshold for all interest points.

Reflex obstacle detection is done in the following way: Any unexpected obstacle
whose size is above a given threshold as well as unknown areas (shadowing, specula
reflection) have to be detected during the vehicle motion at a minimum distance equal
to two times the stopping distance of the vehicle. The fact that a bright stripe from
the laser is easily recognized on the image field can be used to detect obstacles in the
vicinity of the vehicle. A well-known approach is to analyze the shape of the laser
stripe on the images taken during the motion. High curvy portions of the trace can be
detected as parts of hazardous areas on the underlying scene.

A passive method for quick obstacle detection using images is described in [PSPS93].
The approach is based on a shadow and bright area detection mechanism that estimates
the location and size of possible hazards with respect to the viewed image. It uses low-
level image processing in connection with a highly dedicated syntactic object detection
process that is robust against noise and adaptive in terms of various possible surface
properties.

16.2.6  Prototype Software for Closed-Loop Vehicle Navigation

The vehicle’s on-board software should be designed as a combination of separate al-
gorithmic solutions (software blocks) that minimize intermediate data exchange. It is
especially important to separate those software blocks that will need data from the
vehicle sensors as input. All necessary processing shall be sorted into on-board and
remote parts after on-board computational resources are clarified. The software blocks
that need data from the vehicle sensors as input are preferable to be put on board. The
computational complexity of the algorithms to be developed is a good starting point in
a trade-off regarding necessary on-board computational power.

The current software organization is depicted in the left side of Figure 16.13. Ta-
ble 16.3 gives raw estimates for the computational performance of the currently used
modules on standard hardware.
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| Process | Parameters | CPU time (sec) |
Stereo matching HFVM | Image size 570 x 520, every pixel 40
DEM/ortho image 600 x 300 pixels 20

locus reconstruction

Risk map generation 1
Path planning 1 path 1
Tracking 200 landmarks 5
Calibration 10 iterations 5

TABLE 16.3. Processing time for the simulation software modules (Pentium 166 MHz, Win-
dows NT).

16.2.7 Simulation Results

This section describes data and processing results collected during the sessions sim-
ulating vehicle operations on the moon surface. The hardware used for simulation
(CamRoblI, Figure 16.13) includes an accurate robot holding two cameras that can
be moved with seven degrees of freedom within a 2 m x 1 m x 1.5 m wide volume.
The motion is performed by seven step engines. CamRoblI is controlled by software
running on a SPARC workstation. A software interface enables an operator to move
the camera on an interactive-command basis to capture images and store video data
with the camera position and orientation data. In addition, CamRoblII can be accessed
via a programmable interface. A model of the lunar terrain was placed in a 1.6 m x 2 m
bed mockup. The whole setup is designed to simulate a scale factor of 1:10 to reality.

For the vehicle motion simulation session both cameras were placed in the lowest
position and directed forward and slightly downward. The positions of the cameras
are detected with respect to the world coordinate system. The correspondence between
CamRoblI and world coordinate systems is given by a transformation matrix. Initial
coordinates for the very first position of the left stereo camera and the stereo basis
for the stereo pairs in the sequence are taken as known. The relative orientation of
the stereo configuration based on stereo correspondences was performed using a fixed
baseline between the cameras to obtain a certain scale factor. The following sequence
of operations has been performed with the help of the system described earlier:

1. stereo sequence image acquisition;
2. stereo matching and DEM generation;
3. risk map generation and local path planning; and

4. landmark tracking and calibration update.

A long sequence of stereo images (40 pairs) was taken. The left image frames with
odd image indices are taken by the left camera whereas even frames are regarded to the
right camera (Figure 16.14). Both stereo cameras are set close to the mockup surface
and directed slightly downward (15-20 degrees) to obtain a convergent low viewing
angle perspective stereo pair of the mockup terrain. After the first pair is acquired
both cameras are moved one step forward (15-20 mm) to catch the next stereo pair
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FIGURE 16.13. Left: Software components currently used for simulations; right: CamRoblII
camera motion device with a mockup simulating the lunar surface.

and so on. The whole camera path is straight for the case presented in the illustrations.

A general elevation model of the mockup terrain (ortho DEM) is generated on the
basis of each fifth stereo pair (called basic stereo pairs) from the sequence. Intermediate
left image frames (e.g., taken by the left camera) between the subsequent basic stereo
pairs are used for the tracking and calibration update for the left camera. The frequency
of the basic stereo pairs is defined by the necessary overlap between the reconstructed
ortho DEMs to keep 3D coordinates known on the underlying surface (about 70 per-
cent). The ortho DEMs calculated from the subsequent basic stereo pairs are merged to
generate the entire ortho DEM for the underlying terrain. The stereo pairs are matched
automatically (Figure 16.15); the locus method is applied for the 3D reconstruction.
DEM resolution in x and y is selected 1 mm.

The left side of Figure 16.16 depicts the merging result of the nine ortho images
calculated from the nine subsequent basic stereo pairs. Occluded and undefined areas
are marked as white.

Path planning was done independently from the tracking simulation to demonstrate
the robustness of the proposed approach for the moonlike terrain. A local path has
been generated on the basis of the once reconstructed DEM. The generated local path
is shown in the right side of Figure 16.16. Hazardous areas unsuitable for the vehicle
motion are marked on the DEM as black. The start and destination points for the vehicle
path are specified by an operator. A safe path is generated automatically within safe
areas on the basis of the DEM slopes.

The goal of the landmarks (interest points) tracking is to calculate actual displace-
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FIGURE 16.14. Every fifth stereo pair is used for the reconstruction of a new DEM.

ments between the CamRoblI positions (calibration update) on the basis of tracking
information for each subsequent image frame. The calibration update results have been
compared with the actual CamRoblII coordinates. The image sequence used for the
tracking and calibration update is composed with the ten basic stereo pairs (20 frames)
and four intermediate left image frames between each of them (40 frames). A relative
calibration procedure based on stereo matching [UP95a] is used to calculate the co-
ordinates of the right camera for each basic stereo pair. This simulates the process of
self-calibration for the case of slight mechanic changes of the stereo system.

A calibration update procedure [PSP95] based on the interest points (landmarks)
tracking is used to maintain the coordinates of the four intermediate frames known.
Each forth intermediate frame comprises the left image for the next basic stereo pair,
starting the next calibration loop.

The actual CamRobllI trajectory used for the stereo sequence acquisition is a straight
line. An offset between subsequent odd and even frames is 15 mm in the X direction and
30 mm in Y direction (Figure 16.14). The stereo basis (SB) for the basic stereo pairs
is equal to 97 mm. An example of the tracking paths between corresponding interest
points in four subsequent frames is shown on Figure 16.17. The major parameters during
interest points tracking are the number of landmarks and their backprojection error
as a measure of the calibration consistency. The most inconsistent interest points are
rejected and not used for calibration. Experiments showed that the optimum number of
landmarks necessary for the reliable calibration is about 200 points; however, a smaller
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FIGURE 16.15. Four subsequent stereo pairs (top) and HFVM matching result of first stereo
pair. Left: Row disparities; right: column disparities, gray level coded. Occluded areas around
the image center rows caused matching errors.

set of landmarks (<200) still leads to robust tracking.

Figure 16.18 displays the trajectory calculated on the basis of tracking and cali-
bration update for the cameras. The position offsets are presented in the right side
of Figure 16.18. They show that the discrepancy between CamRobll coordinates and
tracking positions have not considerably accumulated along the path. The fact that Y
offset values are always above 30 mm is explained by the uncertainty in the scale factor
chosen with the estimated stereo baseline.
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FIGURE 16.16. Left: Ortho image merged from nine stereo configurations; right: local path
put on the DEM. Elevations are gray coded, bright areas are high. Unknown and hazardous
areas are marked black.

e

FIGURE 16.17. Four consecutive image frames and landmark tracking paths.
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FIGURE 16.18. Left: Camera trajectory (~40 frames) as calculated on the basis of landmark
tracking. The positions of the second stereo camera are included (every fifth frame). right,
from top: x, y and z components of displacement vectors between successive positions. All

values in mm.
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Scientists, managers and planners in the industry and governmental offices increasingly
need 3D representations of objects in the built environment. The demand for 3D data
and real imagery of the environment is ever increasing.

Typical application areas are:

e quality control for production lines;

e facility management;

e construction management;

e 3D geographical information systems (GIS);
e hazardous site survey;

e accident site survey;

e general site survey;

e building interior survey; and

e archaeological site survey.

Theodolite- and image-based measurement systems using videometric methods can help
to fulfill these demands.

17.1 Concept of Image-Based Theodolite Measurement
Systems

A theodolite measurement system makes use of the intersections provided by a series of
pointings to the same points (targets) by several theodolites to determine coordinates
of the points measured (Figure 17.1). For the computation of the point coordinates, we
use the angle readings on the scale circles of the theodolites pointing to the target.
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FIGURE 17.1. Theodolite measurement system consisting of two theodolites.

The coordinates of the measured points and the instrument stations are determined
by a three-dimensional network adjustment. The system is oriented in a given coordi-
nate system by reference to control points that form part of that system. In addition,
these control points provide the scale of the system.

The measurement system is a combination of different components:

e theodolites used as sensors;
e computer system;

e software; and

® accessories.

The sensors used to capture data are computer controlled video theodolites. A video
theodolite has a CCD camera in its optical path (Figure 17.2). The horizontal and
vertical axes carrying the telescope and the CCD camera, are driven by motors. The
motors are controlled by a computer.

The images of the telescope’s visual field are projected onto the camera’s CCD chip.
They consist of the target object and a frame in the focus plain of the telescope replac-
ing the standard telescope reticule. The CCD camera is capable of capturing mosaic
panoramic images through camera rotation. With appropriate calibration these images
are accurately georeferenced and oriented as the horizontal and vertical angles of rota-
tion are continuously measured by electronic angle measuring systems and fed into the
computer. The oriented images can then be used directly for direction measurements
with no need for object control points or photogrammetric orientation processes. The
image resolution can be chosen by selecting different camera lenses and should be lim-
ited only by the angular precision of the total station. In practice, the camera system
should have a two-camera lens systems. A wide angle system should provide overview
images to support the organization of the measurements and a narrow angle system
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FIGURE 17.2. Optical path of a video theodolite.

that provides images for the measurements. The focal length of the narrow angle lens
system should be chosen so that the image pixel angle is compatible with the angular
precision of the theodolite.

In addition to the motor drives for both theodolite axes, the focusing drive is also
motorized. The search for an optimal autofocus distance is controlled by an autofocus
function.

17.2 The Videometric Imaging System

17.2.1 The Purpose of the Videometric Imaging System

A videometric imaging system consists of a light source, image sensor, components
for image acquisition and image processing, a computer for system control, and some
output devices. The electrooptical sensor converts an optical image into a video signal.
Especially if high resolution is required, a CCD camera should be used as the image
sensor. An example of an electrooptical setup, based on a CCD camera, is shown in
Figure 17.3.

In videometric imaging systems sensing and computer technologies are merged. The
sensor acquires electromagnetic energy from a scene and converts it into an alternate
form (voltage), that the computer can use. The computer then extracts information
from the data, compares the information with the previously developed standards, and
outputs the result, usually in the form of a response.

Videometry may be defined as follows: the use of devices for optical sensing to auto-
matically receive and interpret an image of a real scene, to obtain geometrical informa-
tion, and to control direction information, the particular location, or orientation of a
part in an assembly, the simple presence or absence of an object, or part of an assembly.

Based on videometry, theodolite measurement systems can be developed, which can
perform their measurements with and without targeting. The basic idea behind the
second method is to use the texture on the surface of the objects to define targets
(natural targets). If both methods are available, the theodolite measurement systems
are much more flexible. This will be described in the following.
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FIGURE 17.3. A simplified concept of a videometric imaging system.

In combination with theodolites, CCD matrix sensors can be used to produce au-
on the reduction of direct angular
readings to x-, y- and z- coordinates. If a CCD camera is integrated into the telescope
of the theodolite, automatic direction measurements can be performed with the system
depicted in Figure 17.4. A special frame in the focus image of the theodolite’s tele-
scope is used there as an “interface” to combine the theodolite system with a camera
system. With the frame, the orientation and translation parameters are determined,
describing the relationship between the sensor and the telescope coordinate system.
As these parameters are determined frequently, the system can be considered free of
temperature-influenced drift. The first such system was developed by Leica in Heer-

tomatic coordinate determination systems, based

brugg.
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FIGURE 17.4. CCD camera combined with the telescope of a theodolite.

A suitable definition of the telescope coordinate system (CS) is given, if it is lo-
cated in the focus plane of the objective system and perpendicularly intersected by the
collimation axis.

The direction measurement process then consists of the following steps:

1. The coordinates of the geometrical center of the target are determined by image
processing procedures in the computer CS.

2. The coordinates of the computer CS have to be transformed into the telescope
CS.

3. If the collimation axis is not aligned with the center of the target, the target
coordinates in the telescope CS are used to correct the direction readings of the
theodolite.

The three steps comprise the inner orientation (intrinsic parameter) whereby Step 2
can be considered an affine transformation:

Teg | _ | Co1 + 11 C12 . Lpg . (17_1)
Yti Co2 C21 €22 Yri
with z,;, y.;—coordinates of the computer CS;
T4, Ygi—coordinates of the telescope CS;

co1, Coo—translation parameters;
c11, Coo—Totation parameters; and
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My = m’
my = /G + B, (17.2)
a = arctan(cia/c11),

= arctan(ca1 /ca2),

My, My—scale factors of the - and y-axes and
a, f-rotations between the z- and y-axes.

The six transformation parameters describe all translations, rotations, and variations
in scale between the computer CS and the telescope CS.

The coordinates of the corners of the frame are used for the calibration of the camera
and must therefore be known with high precision. The calibration is performed by
imaging the four control points on the image plane of the camera and determining
their coordinates in the computer CS. The coordinates of the four identical points in
the computer CS and telescope CS can then be used to compute the transformation
parameters. Once determined, these parameters allow one to perform Step 2.

Normally, the collimation axis need not be aligned with the center of the target. In
that case, the coordinates (x¢;, y:;) have to be used to correct the direction readings of
the theodolite (Figure 17.4). If the theodolite has a panfocal telescope, the corrections
are given by:

{ tandH,

wmv]«uﬂ+@p+@)ﬂm“y (17.3)

Yti

where C7,C5, (5 are the parameters obtained from the calibration of the telescope
and D is the path length the focus lens was moved away from an intial point.

Starting at an initial point, the focus lens can be moved by a DC motor (see Fig-
ure 17.2). The desired path length that the focus has to be moved can be determined
with an autofocus function.

Finally, the corrected angles are used to compute the object coordinates of the target.
The measurement process is automated by incorporating motors to drive the horizontal
and vertical axes of the theodolites and to focus the telescope.

With the measurement process described earlier only a small part of the information
produced by the camera for the detection of the targets is used. Therefore a new type of
measurement system was under investigation, which enables not only fast and accurate
pointing of targets but also allows object reconstruction without targeting by using
nearly all the information the images contain. Without targeting pointing shall be
possible on two ways: either interactively performed by an operator or automatically,
controlled by a computer. In the following, both methods will be described.

17.2.2  An Interactive Measurement System—A First Step

The key element of the first system is vision software that supports the operator to
find “natural targets” (extracted features) on the object [Roi96]. The diagram of the
videometric system is shown in Figure 17.5. The main steps are image formation, image
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FIGURE 17.5. Diagram of videometric system of the theodolites.

preprocessing, iconical image processing, image feature extraction, image interpretation,
and image analysis.

Image formation involves the light source and the object reflecting the light. The
optical image is transformed into a two-dimensional function of the object and stored
as a matrix of gray values. The hardware contains amplifiers, A/D converters, frame
grabbers, and other devices. The preprocessing software enables improvement of the ra-
diometric quality of the images and enhancement. Enhancement includes improvement
of the geometric quality of the image and data reduction by applying digital filters to
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FIGURE 17.6. (a) Facade original; (b) after applying histogram equalization and So-
bel-operator; (c¢) after applying thresholding.

support the feature extraction and positioning phase. Iconical image processing is used
to create new images, finally resulting in sets, containing the desired information. Image
feature extraction (segmentation) comprises searching the objects of interest from the
rest of the scene with the aim of partitioning the image into various clusters. Thresh-
olding is a special method in region segmentation assigning “white” to each pixel in the
image with gray scale above a particular value. All pixels below this become “black”
(Figure 17.6).

Finally the operator has to extract feature information from the enhanced and seg-
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FIGURE 17.7. Standard deviation of the horizontal direction.

mented images and analyze whether they can be used as targets.

There is no standard telescope reticule in the telescope’s visual field; it is replaced
by a reference frame. Therefore, for interactive pointing a recticule (identical to the
coordinate axes of the telescope coordinate system) has to be added to the optical
system by special image processing software. This recticule then can be used for the
alignment of artificial and natural targets on the object.

To test the measurement system, a facade was monitored. Instead of targeting, the
videometric system described in Figure 17.5 was used. Sixteen selected edges were
monitored (Figure 17.6(a)). To enhance the edges a Sobel operator was used with
histogram equalization and thresholding (Figure 17.6(b) and (c)). Figure 17.7 depicts
the standard deviations of the horizontal directions we got after we monitored the
detected edges. The facade was monitored with two video theodolites. The distance
between the object and the theodolites was about 33 m; that leads to an accuracy of
the determined edges of £2 mm (1 ). The accuracy was only limited by the roughness
of the surface. In addition, the observations were performed with only the standard
theodolite without using image processing. Then the standard deviations increased
to about £5 mm (1 ). Other projects showed that the videometric system can also
sucessfully be used for extremely accurate measurement and shape fit of small industrial
objects (Figure 17.8). Accuracies of about 0.1 mm (1 o) are possible [KR95, Roi96].
The results encouraged us to start with the development of an automatic system.

17.2.3  An Automatic System—A Second Step

The most effective way to develop an automatic system is to use the theodolites in a
master and slave mode. Then one theodolite (master) scans the object while the second
theodolite (slave) tracks it by automatically searching for homologous regions.

Two different scanning procedures were developed:

e The first method is based on the subposition that there are patterns on the surface
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FIGURE 17.8. (a) Tripod original; (b) after applying image processing.

of the object to be scanned or that the object is composed of different structural
parts so that corners, intersections of lines, or other wellmarked points can be
detected.

e The second method can be applied without any of these subpositions.

The first scanning method works with an interest operator, the second with different
grid-line methods.

A Scanning Method Based on an Interest Operator: The procedure is de-
scribed in Figure 17.9 [Mis97].

Scanning of the object is started with the master theodolite; scanning means that
points of interest have to be detected, which finally can describe the 3D surface of the
object. This can be performed with interest operators. We decided to take the Forstner
operator. With the Forstner operator a wide field of different points can be located
with subpixel accuracy:

e points on lines or edges;

e centers of symmetrical figures;
e intersections of lines; and

e edges.

The speed, accuracy, and reliability of the Forstner operator depend on the quality
of the images, the number of pixels to be processed, and limiting parameters chosen
by the user. In our systems it is possible to use the operator for the total image or a
predestined region of interest.

For all points identified with the Forstner operator on the surface of the object, image
coordinates are stored in a list. In addition, they can be marked on the screen to help
the operator decide if they should be used for object reconstruction.

While the master theodolite is scanning the object, the slave has to track it in order to
find homologous regions and, finally, the homologous points. For the tracking procedure
the collimation axis of the master theodolite is used (Figure 17.10).
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FIGURE 17.9. Diagram of the automatic measurement system.

This method is very time-consuming if there are no approximate coordinates of those
points P; of interest available that the master theodolite had identified. These approx-
imate values can be calculated with the approximate distance T7P; we get from the
autofocus function of the master.

A new autofocus function was developed [MW95, Mis96]. The main idea behind the
mathematical model is the fact that a sharply defined image is only formed at the focal
plane of the telescope. In view of digital image processing this means the sum of the
absolute values of all gray value gradients becomes maximum in the focal plane. First
experiments showed, for practical use, the following approximation model, which leads



476 H. Kahmen, A. Niessner, and A. de Seixas

dlrmenny

T

11
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to sufficient results:
L

C
opt ZZ Gi,j — Yi,5— 1) + ZZ i — Gi— 1J 2 = max. (17.4)

1=15=2 J=1 =2

In Eq.(17.4) gray value gradients are only computed for lines and columns to get
a better effectiveness of the algorithm. This can be done without loss of accuracy. A
further simplification and less time-consuming solution is possible by not using every
column and line but only every a — th line and b — th column:

L/a C/b

Prr(Fopt) = ZZ(ga*i,b*j - ga*i,b*(j—l))2

i=1j=2
C/a L/b

Z Z(gb*i,a*j - gb*(i—l),a*j)z = max. (17.5)

j=1i=2
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If focusing has been performed accurately, we get not only a sharply defined image
but also an image with the smallest dimensions. An object imaged with minimum di-
mensions shows minimum properties of gray value variations. This is taken into consid-
eration by normalizing function ®;; by dividing it through the number of the registered
gray value variations:

D, (F,
Qrrr(Fopt) = %; (17.6)
A
with Na = number of the Ag # 0.
Besides influences of refraction can disturb the autofocus procedure. This can be
avoided if only gray value differences below a certain threshold s are used for the

computations. Then, finally, the autofocus function is given by

; (17.7)

withM =30 3, 0 otherwise 0 otherwise

i=1j=2

L/aC/b{ 2fort; > s } C/GL/”{ t3forty > s }

L/aC/b ( {fort, > s LaLlb [ 1forty > s
N = : Z { 0 otherwise }+ { 0 otherwise }

i=1j=2 j=1i=2

ty = |ga*i,b*j - ga*i,b*(j71)| to = |gb*i7a*j - gb*(ifl),a*jl-

For the slave theodolite a very fast tracking algorithm has been developed by making
use of the epipolar line geometry (see Chapter 13). An epipolar line is given by the
intersection of two plains. Here one plain is defined by the points 77, 177, and P; and
the second plain is given by the CCD array of the slave. T; and T are the intersection
points of the principal axes of the theodolites. Figure 17.11 shows how the intersections
of the epipolar line and the frame of the CCD array can be used to control the slave
theodolites. After the coordinates of the intersection points are determined with respect
to the theodolite, coordinate system correction angles can be calculated by which the
collimation axis of the slave can be moved along the epipolar line.

This tracking procedure starts at one intersection point and stops at the other. If the
searching procedure was without success the axes of the theodolite have to be moved
for some steps and further epipolar lines have to be determined in the neighborhood of
the first one.

Simultaneous with the tracking procedure, a search algorithm is used to detect homol-
ogous regions and points with respect to the master theodolite by a matching procedure.
In our case least squares matching (see section 14.1.2) was used.

With the image coordinates determined with the camera of the master and slave,
horizontal and vertical angles of the theodolite measurement system are calculated (see
Section 17.2.1), which can then be used to compute the object coordinates by spatial
intersection or three-dimensional network adjustment.
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FIGURE 17.11. The tracking procedure by using the epipolar line.

A Scanning Method Based on Different Grid-Line Methods. For this method,
the measurement system has to be modified in such a way that regularly arranged vir-
tual grid lines of the 3D object coordinate system can be created. The grid lines can
be chosen a priori and shall intersect the surface of the object to be reconstructed.
Figure 17.12 depicts, with a very simple example, how regularly arranged grid lines of
a Cartesian coordinate system intersect an object, which has the form of a cuboid.

We get grid lines parallel to the y-axis, if the z- and z-coordinates are kept constant,
grid-lines parallel to the x-axis, if the y- and z-coordinates are kept constant; and
grid lines parallel to the z-axis, if the y- and x-coordinates are kept constant. The
intersection points can then be used for 3D object reconstruction. The density of the
points of interest depends on the density of the grid lines and should be chosen such
that 3D reconstruction of the object is possible without loss of accuracy.

The modified measurement system consists of a laser theodolite (master) and a video
theodolite (slave). The laser theodolite is coupled to a laser generator of a visible laser
beam that projects target points on the object. To ensure maximum contrast between
the target and the surface of the object during measurement, the intensity of the laser
should automatically be adjusted.

The video theodolite is automatically pointed at the same time as the pointer theodo-
lite. As soon as the target point appears in the visual field, the video theodolite identifies
it and determines its position on the CCD array. Computation of the point of intersec-
tion P; of the two space directions that represent the two lines of sight produces the
effective point coordinates.

Figure 17.13 shows the surface of an object and point P;, where the laser hits the
surface. While scanning the object, the laser target point has to be moved until it is
identical with points P,, where the grid line intersects the surface.

Different iterative methods were developed to get the intersection points by scanning
[Sei99]. All methods are in common with that the shortest distance

d=/(Azis)?2 + (Azi)? (17.8)
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FIGURE 17.12. Lines intersect the surface of an object.

between the laser beam, and the grid line y; has to be minimized. The coordinate
differences are defined as

Ax;s =x; —xs =pcosH, sinV — xy;

Azis =2 — 25 = pcosV — zg . (17.9)

H, (horizontal angle) and V' (vertical angle) are measured with the laser theodolite. p is
the distance between the position Prj, of the laser theodolite and P;. As the coordinates
of Prp and P; are known from the intersection procedure, p is well known. Consequently
d can be written

d= f(H.,V). (17.10)

Here only the gradient method shall be mentioned. If P;(x;,y;,2;) is a point in the
neighborhood of the searched minimum, then the new point Ps(zs,ys, 25) is searched
in the direction of the gradient of f(H,,V) by:

sz+1 sz 9k z
’ = ’ hp— = k hiug 17.11
Ve ] Jem [ e am

with g = gradf(H,,V).

The minimization procedure comprises seven steps:

1. computation of point P; by spatial intersection;
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2. evaluation of the gradient gradf(H,,V) = gi at point P;;

3. computation of the search direction uy = —gi/|gkl;

4. performance of a linear search in the search direction by choosing hy;
5. generatation of a new point xx41 = T + hrug;

6. the process must then be repeated iteratively by setting £ = k+ 1 and going back
to Step 2; and

7. the iterative process is stopped if step hpug, taken at iteration k, is less than
the positioning error caused by resolution of the angle measurement systems of
theodolites.

If the object to be monitored is rotationally symmetrical or a sphere it can be ad-
vantageous to use a cylindrical or spherical object coordinate system for 3D object
reconstruction. In that case the grid lines have to be adapted to these coordinate sys-
tems. Sometimes it can be useful to combine different coordinate system. Then complex
surfaces, like that shown in Figure 17.14, can be covered with regularly arranged mea-
surement points.
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FIGURE 17.14. An application of scanning complex surfaces with the grid-line method.

17.3 Conversion of the Measurement System into a Robot
System

In order to increase productivity, reduce product and personal costs, and improve prod-
uct quality and reliability in many branches of the industry, new highly automated
measurement systems for 3D object recognition had to be integrated into the produc-
tion processes. Because during measurement tasks a lot of repetitive work often has
to be done, it seemed necessary to study the impact robot techniques could have on
measurement systems. Although everyone uses the word robot it has been difficult to
find a usable, generally agreed-upon definition of a measurement robot.

With the help of the definition of the industrial robot we can define:

A measurement robot is a programmable feedback controlled multifunctional device
with several axes designed to both move and orientate measurement devices to perform
specific measurement tasks along variable programmed paths [Kah97].

Move and orientate means the measurement devices have to be rotated around the
axes or moved along axes to be, e.g., prepared for automatic target finding. Measure-
ment devices are, e.g., electronic sensors for angular, range, or range rate measurements.
Measurements tasks are tasks applying triangulation, trilateration, or interferometric
techniques.

The theodolites of the measurement system, described in Section 17.2, can work like
servo-controlled robots, if

e their axes are driven by servo motors,

e automatic target finding is performed by electronic sensors, and
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FIGURE 17.15. The principle of a feedback control system.

e the measurement process is controlled by a computer.

Servo-controlled robots are run in a closed loop. A feedback control system is used
to drive the robot to certain sequenced desired positions so that the camera fixed at
the manipulator is capable of capturing mosaic panoramic images (Figure 17.15).

The master theodolite can be considered a servo-controlled robot. It is programmed
by storing a series of positions along a path so that the search for points of interest is
possible. The positions can be gained in a teaching mode in two ways:

e by taking the information from a theoretical 3D model of the path or

e by walking the robot through the operational mode and storing a series of coor-
dinates along the path.

Conversion of the measurement system into a robot system shall here only be de-
scribed for the scanning method, based on an interest operator. One closed loop is used
to scan the object by internal sensing in such a way that it is covered with overlapping
mosaic images (Figure 17.16).

After the position of a mosaic image has been founded, an on line search for all
points of interest is started within this image with a second closed loop. This searching
procedure is based on an interest operator.

The slave theodolite is also moved simultaneously with the master. It gets the approx-
imate coordinates of the point of interest from the master. Based on this information
the slave can be moved to an approximate position with the first closed loop. Then
a search for homologous points of interest can be started with the second closed loop
using the epipolar line geometry, a matching procedure, and the interest operator.

17.4  Decision Making

The measurement system shall apply further decision making for 3D surface reconstruc-
tion and exchanging or varying programs to be executed. Decision making is based on
how close the representation from the present object being examined compares to the
original or standard representation. To keep the system in action a “goodness of fit”
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FIGURE 17.16. Scan of object with overlapping images.

has to be defined based on certain tolerance criteria. The goodness-of-fit criteria can
be defined with different criteria.

In the case of semantic analysis vision methods emulate how humans would charac-
terize the image and make decisions. For human vision, perception of color is of great
importance. How this can be used for decisions is described in the following.

Two concepts of physiology of color vision have been developed since the beginning
of the nineteenth century:

e three-component theory of T. Young and H. Helmholtz; and
e opponent theory of E. Hering.

The three-component theory drafted by Thomas Young and Herman Helmholtz ex-
plains color vision by three basic colors (red, green, and blue). The opponent theory
of Ewald Hering sets the hypothesis that three contrary processes determine vision of
color (bright-dark, red-green, and blue-yellow). Red-green and blue-yellow constitute
pairs of colors and the colors of a pair cannot be a part of an intermediate color. Both
concepts explain different aspects of human color vision and have come in competition.
Today we know that both theories are correct in principle but they describe different
levels in the process of visual perception. The three-component theory describes pro-
cesses on the level of light receptors, and the opponent theory comprises further steps
of our human visual perception system.

Analogous to the eye, the CCD camera produces a three-component signal with a
red, green, and blue part of the light spectrum. Every color is a combination of these
components, and that is well represented by the color cube (see Figure 17.17). The three
base vectors point to the pure basic colors red, green, and blue. The origin of the axes
means black. The other corners of the cube mean the mixed colors yellow (red-green),
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FIGURE 17.17. Representation of colors in the color cube.

cyan (green-blue), magenta (blue-red), and white (red-green-blue). The gray values are
situated on the diagonals between the point of black and the point of white.

A cut through the cube furnishes the color triangle named by James Clerk Maxwell
with the corners red, green, and blue. The center of this triangle is uncolored. All colors
in this triangle have the same value of intensity I (Figure 17.18), which is defined by

R = red [0,255]
B ) )
I = % G = green [0,255], (17.12)
B = blue [0,255].

The consideration of this triangle offers the possibility of defining two other quanti-
ties:
e the saturation S as the weighted distance from the center to the boundary line
of the triangle, which is calculated by

B min{R, G, B}

describes the “strength” of color (Figure 17.19); and

e the hue H as the angle between an arbitrary zero line and the line between the
center and color point describes the “kind” of color (Figure 17.20).

At the zero line the hue value H leaps from 255 to 0, so neighboring colors have large
different values. In practice it is necessary to choose an unimportant color region for
the position of the zero line. If this line is used between the center and magenta, the
transformation equations are written as:

H = 2 + arctan 7(0{%?(;%1—3)3) for R> B and G > B

or

H =T 4 arctan % for G> R (17.14)
or

V3(R—B)

H = arctan m .
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FIGURE 17.19. Saturation S of a scene.

The transformation of the CCD image from RGB to ISH is the basis of color-based
digital image processing because a direct extraction of the kind of color is possible.
An important pillar of color-based feature extraction is the segmentation of an image
according to colors. The search for significant objects and interesting features or parts
of these objects is simplified by the use of color information.

The comparison of the three figures (Figure 17.18, Figure 17.19, and Figure 17.20)
shows that the balls are only distinguished by hue H, because this quantity furnishes the
“kind” of color. The information of intensity I and saturation S restricts the candidates
for interesting regions. For details of the process of segmentation look at the CD-ROM.

Semantic analysis also applies methods to make decisions based on pieces of an object.
With this analysis, e.g., the object can be represented as a graph of primitive patterns
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FIGURE 17.20. Hue H of a scene.

and their relationships. Decision making is then based on local feature analysis using a
collection of features (e.g., curves, angles, and lines) with spatial relationships between
various combinations.

On the other hand, the object can be represented by an ensemble of simple geomet-
rical forms (e.g., spheres, cubes, cones). Decision making in that case is based on local
form analysis using a collection of the simple forms with spatial relationships between
various combinations.

17.5 Outlook

Surveying objects with a complex surface will only be possible if all the knowledge
is available, and the operator normally adds to the measuring system. Then decision
making of the measurement system will be possible, based on semantic analysis. Further
investigations of a knowledge-based system will therefore be the main goal in the future.
Complex surfaces, as shown in Figure 17.1 or 17.6 and, e.g., frameworks, as depicted
in Figure 17.21 can then be reconstructed.
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FIGURE 17.21. Automatic deformation monitoring of frameworks as an example of a main
goal for future research.
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abstract cellular complexes, 216
abstract harmonic analysis, 25
active fusion, 286
active recognition, 317
admissibility condition, 58
algorithm

genetic, 254

genetic programming, 254

operational point of view, 254

appearance based recognition, 248, 288

arrangements, 191
art history, 163
aspect graphs, 323
aspects, 320
atmospheric path radiance, 342
atmospheric radiative transfer, 343
atmospheric transmittance
diffuse, 341
specular, 340
attribute, 180
attribute-value pairs, 252
autofocus function, 470, 475
AWC generators, 109

best basis algorithm, 69, 71
binary image, 179

boundary representation, 389
bridge, 215

building extraction, 431
bundle block adjustment, 382
Burns line extraction, 83

Calderon’s reproducing formula, 59
calibration, 378

camera, 378, 470

protocol, 377

radiometric, 338, 339
camera

amateur with CCD sensors, 374
analog metric, 374, 377
distortions, 377
video, 374
Canny edge detection, 83
CCD
array, 477, 478
camera, 466, 467
sensor, 374
cell content, 203
cell survival state, 210
change-in-angle function, 51
chaotic systems, 104, 105
characteristic views, 323
characters, 26
classification, 53, 255, 256, 338
decision tree, 354
pixelwise statistical, 337
closed contour, 52
co-ordinates
sensor, 373
coherent states, 12
color
basic, 483
cube, 483
opponent theory, 483
quantities
hue, 484
intensity, 484
saturation, 484
segmentation, 485
three-component theory, 483
triangle, 484
vision, 337
commutation relations, 18, 59
commutative group, 25
compactly supported, 65
component labeling, 183
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compression, 3, 69, 81
artifacts, 85
lossless, 81
lossy, 81-83
system, 95
conditional rule generation, 247
confusion, 103, 105, 107, 111
connected components, 183
connecting path, 197
constructive solid geometry, 390
content based retrival, 161
contour line, 52
contraction, 193
dual
edge, 193
face, 193, 194
graph, 193
edge, 193
kernels, 196
control points, 378
convex hull, 183
coordinate system, 468, 478, 480
coordinates
ground, 376
image, 376
object, 376
correlation, 395
correspondence, 393, 426
cyclic group, 25

data decomposition, 144
data encryption, 5
data management, 156
decimation parameters, 193
decimation rules, 208
deformable templates, 4
deformation, 50, 420
Delaunay graph, 186

area, 191
Delaunay triangulation, 186
DEO, 192
descriptors, 71
diagonal exchange operator, 192
diameter, 183
differential cryptanalysis, 111

diffuse sky radiation, 340

diffusion, 103, 105, 107, 111

digital elevation model, 345, 385, 423,
430, 447, 455

discrimination, 255, 256

disparity, 440

dispersion based measurement, 192

distributed processing, 149

dual graph contraction, 184

dual group, 26

earth observation, 135
echocardiography, 42, 43
edge, 179

multiple, 179, 194
edge image, 230
eigenfaces, 166
eigenimages, 232
eigenspace, 166, 288, 291, 307
encryption, 81, 102, 111, 114
energy function, 210
epipolar, 381, 403, 477
equivalence class, 52
equivalent contraction kernel, 215
ergodicity, 105
eye detection, 167
EZW algorithm, 97, 98, 100

Forstner operator, 474
face recognition, 163
fast wavelet transform, 65
father wavelet, 65
FBI fingerprint compression standard,
95, 96, 98-100
feature extraction, 71, 82, 472, 485
feature selection, 238
feedback control system, 482
fiducial marks, 377, 414
filter
Gabor, 244
linear, 204
maximum, 204
minimum, 204
morphological, 204
nonlinear, 204



quadratic mirror, 64
Fourier, 3
Fourier transform, 24
fractal image compression, 84, 94
frame

affine, 62

Gabor, 17

wavelet, 62

Weyl-Heisenberg, 17
frames, 3, 17, 58
function

change-in-angle, 51

predicate, 254
fusion, 286, 333

object level, 356

pixel level, 356
fuzzy logic, 324
fuzzy relation, 206

Gabor analysis, 8
Gabor atom, 10
dual, 18
Gabor expansion, 17
Gabor frame, 3, 17, 28
Gabor frame operator, 17
Gabor transform, 16
Gabor wavelets, 14
generic object recognition, 317
geometry correction, 92
geophysics, 42, 44
Gibbs cell, 12
global optimization, 4
graph, 179
Delaunay, 186
dual
contraction, 184, 193
face, 180
embedded, 179, 193
face of, 179
image, 180
line adjacency, 181
planar, 179, 193
region adjacency, 184
run, 180
vertical simple, 181

Index

Voronoi, 186
greedy algorithm, 226
group, H2

Abelian, 24

affine linear, 59

dual, 26

elementary, 26

locally compact, 60
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locally compact Abelian, 24, 26

representation, 60, 61
Weyl-Heisenberg, 60
grouping, 239, 241

hard redescenders, 220
HEFVM, 409

hierarchical feature vector matching, 409,

455
hierarchy, 423
tree, 254
homologous point, 474, 477
homologous region, 474, 477
Hopfield network, 210
horizontal visibility, 343

IDEAL, 244
image acquisition, 373
image coding, 3
image compression, 5
image coordinates, 376
image databases, 161
image matching, 137
image objects, 337
image pyramid, 199, 425
image reconstruction, 34, 42
image understanding, 286
incidence, 179
incomplete information, 53
indexing, 161, 167, 239, 242
induction

rule, 254
information integration, 294
inner orientation, 378, 414
interval encoding, 181
IRS-1C, 337

iterative polynomial interpolation, 94
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JPEG, 5, 84, 94, 98 maximum likelihood, 56
maximum strength, 207
knowledge medial axis transform, 181
spectro-radiometric, 354 minimum description length principle,
Kolmogorov flows, 104, 107 224
confusion, 108 minimum line property preserving form,
continuous, 104 184
diffusion, 108 minimum strength, 207
discrete, 105 minmax principle, 207
keys available, 106 missing data, 34, 46
mixed pixels, 338, 346
LAG, 181 mixed run graph representation, 181
land use, 353 mixing systems, 105
land-cover, 353 MLPP, 184
LANDSAT TM, 337 model selection, 224
lattice, 10 model-recovery, 221
learning, 289 modulation, 68
reinforcement, 311 moment invariants, 183
supervised, 256 mother wavelet, 65
unsupervised, 256 motion planning, 331
line image, 180 MRG, 181
list data structure, 338 multi resolution analysis, 90
load balancing, 145 multilevel polynomial interpolation, 90
local discrimination basis, 71 multiple points, 183
local optimizer, 77 multiscale analysis, 63
locus method, 440 multispectral, 337
locus reconstruction, 439
logic navigation, 452
first order, 254, 257 neural network, 230, 254, 308
twovalued, 254 Nevatia & Babu edge detection, 83
next view planning, 288, 310
machine learning, 251 non-surviving edge, 194
Marr & Hildreth edge detection, 83 non-surviving vertex, 194
MAT, 181, 183
matching, 242, 338, 380, 383, 418 object recognition, 232, 243, 248, 287
appearance based, 232 optimization, 226, 256
feature based, 394, 399, 402, 406, orientation
424 inner, 378
image, 394 outer, 378
least squares, 397, 477 orthogonality relation, 61
object, 393 oscillation, 68
raster, 394, 395 outer orientation, 378, 414
relational, 394
template, 5 part adjacency graph, 246

matching pursuit, 23 permutation, 102, 103, 108



perspective transformation, 376-380
phase space, 12
point cloud, 388
polygonal distance, 50
polymorphic features, 238, 242
pose estimation, 293
predicate, 257
predictive coding, 84
primary non-surviving edge, 194
principal component analysis, 166
probability densities, 292
product cipher, 81, 102
pyramid, 199, 409

adaptive, 209, 212

asynchronous, 203

curve, 204

fuzzy curve, 205

gray level, 203

irregular, 193

numerical, 203

processing, 203

regular, 202

stochastic, 208

structure, 201

symbolic, 203

Q-learning, 311

radar images, 137
radial basis function, 230, 308
radiometric calibration, 339
radiometric self-calibration, 344
RAG, 184
range image, 228
RANSAC, 222
receptive field, 203
reconstruction

3D, 478, 482

stereo, 380
reduction computation, 209
reduction factor, 202
reduction function, 199
reduction window, 202
reflectance

Lambertian, 341
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non-Lambertian, 343
remainders, 25
remote sensing, 135
remote sensing scanners, 375
representation, 60
boundary, 427
logical, 254
rigid motions, 52
robot
measurement, 481
servo-controlled, 482
robust estimation, 220, 232, 405
robust local operators, 220
rotation matrix, 376
run graph, 180
run length encoding, 181

sampling positions, 91
sampling values, 92
Scaffolding, 188, 191
scaling equation, 64
scaling function, 63
scanning method

grid-line, 478-480

interest operator, 474-477
scanning offline, 374
scattered data, 34
search, 256
security, 81, 102, 111, 114
segmentation, 337, 350

color, 485

region growing, 350
selection criterion, 69, 71
self-loop, 179, 194
sensor co-ordinates, see co-ordinates
sensor gain, 342
sensor offset, 342
Shannon entropy, 69
shape, 52
shape analysis, 49
shape from shading, 138
shape parameters, 351
short-time Fourier transform, 15
signal approximation, 3
signal reconstruction, 34, 36, 37
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similarity

clustering, 253
soft redescenders, 220
solid model, 388
spanning forest, 196
spanning tree, 196
spectrogram, 16
star topology, 218
stationary processes, 55

statistical pattern recognition, 56

stereo, 380, 439
STFT, 15
sampled, 16
structural decomposition, 317
subpixel analysis, 338
spatial, 346
spectral, 346
subpixel resampling, 350
substitution, 102, 108
superellipsoids, 229
superquadric, 229
surface model, 228
surface reflectance, 341
surviving vertex, 193
SWB generators, 109
confusion, 110
diffusion, 110
keys available, 110
symbolic processing, 204
synthetic aperture radar, 137

template matching, 5
terrain irradiance, 340
theodolite
laser, 478
master, 473-475
measurement system, 465
slave, 473, 474, 477
video, 466, 473, 478
time-frequency, 3
time-frequency dictionary, 23
time-frequency plane, 3, 10
tracking, 456, 460
transform
fast wavelet, 65

wavelet packet, 67
transformation, 52
affine, 377, 469
parameter, 468, 470
RGB to ISH, 485
similarity, 53
tree
hierarchy, 254
triangulation, 386, 419

uncertainty inequality, 12
uncertainty principle, 10
unit roots, 25

valid decimation, 209
vanishing moments, 65
vector quantization, 84, 94
vertex, 179
end, 179
videometric system, 467, 470
videometry, 467
view planning, 295
view sphere, 324
visual interpretation, 337
visualization, 338
Voronoi diagram
area, 189
generalized, 188
ordinary, 185
Voronoi graph, 186, 213
area, 191
Voronoi neighborhood, 184
Voronoi region, 186
area, 189
boundary, 186, 189
VSG, 181

wavelet, 3, 244
biorthogonal, 93
compression, 84, 94, 95
decomposition, 65
interpolating, 93
ransform

continous, 58
texture coding, 92



transform, 90
wavelet descriptors, 71
wavelet frame, 62
wavelet packet transform, 67
Weyl-Heisenberg frame, 17
Weyl-Heisenberg group, 14
Wigner distribution, 15
wireframe, 388
WSQ standard, 96

zerotree coding, 95, 97, 100
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