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Preface

Medical imaging is an indispensible tool for many branches of medicine. It
enables and facilitates the capture, transmission, and analysis of medical
images and aids in medical diagnoses. The use of medical imaging is still on
the rise with new imaging modalities being developed and continuous improve-
ments being made to devices’ capabilities. Recently, computational intelligence
techniques have been employed in various applications of medical imaging and
have been shown to be advantageous compared to classical approaches, par-
ticularly when classical solutions are difficult or impossible to formulate and
analyze. In this book, we present some of the latest trends and developments
in the field of computational intelligence in medical imaging.

The first three chapters present the current state of the art of various areas
of computational intelligence applied to medical imaging. Chapter 1 details
neural networks, Chapter 2 reviews evolutionary optimization techniques, and
Chapter 3 covers in detail rough sets and their applications in medical image
processing.

Chapter 4 explains how neural networks and support vector machines can
be utilized to classify wound images and arrive at decisions that are compa-
rable to or even more consistent than those of clinical practitioners. Neural
networks are also explored in Chapter 5 in the context of accurately extract-
ing the boundaries of skin lesions, a crucial stage for the identification of
melanoma. Chapter 6 discusses tabu search, an intelligent optimization tech-
nique, for feature selection and classification in the context of prostate cancer
analysis.

In Chapter 7, the authors demonstrate how image processing techniques
based on intuitionistic fuzzy sets can successfully handle the inherent uncer-
tainties present in mammographic images. Fuzzy logic is also employed in
Chapter 8, where fuzzy set–based clustering techniques for medical image
segmentation are discussed.

A comprehensive system for handling and utilizing biomedical image
databases is described in Chapter 9: The features extracted from medical
images are encoded within a Bayesian probabilistic framework that enables
learning from previously retrieved relevant images. Chapter 10 explores how
machine learning techniques are used to develop a statistical parts-based
appearance model that can be used to encapsulate the natural intersubject
anatomical variance in medical images.

vii



viii Preface

In Chapter 11, a multistage image segmentation algorithm based on
reinforcement learning is introduced and successfully applied to the prob-
lem of prostate segmentation in transrectal ultrasound images. Chapter 12
presents a machine learning approach for automatic segmentation and diag-
nosis of bone scintigraphy. Chapter 13 employs a set of intelligent agents that
communicate via a blackboard architecture to provide accurate and efficient
3-D medical image segmentation.

Chapter 14 explains how Monte Carlo simulations are employed to perform
reconstruction of SPECT and PET tomographic images. Chapter 15 discusses
the use of artificial life concepts to develop intelligent, deformable models that
segment and analyze structures in medical images.

Obviously, a book of 15 chapters is nowhere near sufficient to encompass
all the exciting research that is being conducted in utilizing computational
intelligence techniques in the context of medical imaging. Nevertheless, we
believe the chapters that were selected from among almost 40 proposals and
rigorously reviewed by three experts present a good snapshot of the field. This
work will prove useful not only in documenting recent advances but also in
stimulating further research in this area.

Gerald Schaefer, Aboul Ella Hassanien, Jianmin Jiang
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Chapter 1

Computational Intelligence on
Medical Imaging with Artificial
Neural Networks

Z. Q. Wu, Jianmin Jiang, and Y. H. Peng
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Neural networks have been widely reported in the research community
of medical imaging. In this chapter, we provide a focused literature survey
on neural network development in computer-aided diagnosis (CAD), medi-
cal image segmentation and edge detection toward visual content analysis,
and medical image registration for its preprocessing and postprocessing. From
among all these techniques and algorithms, we select a few representative ones
to provide inspiring examples to illustrate (a) how a known neural network
with fixed structure and training procedure can be applied to resolve a med-
ical imaging problem; (b) how medical images can be analyzed, processed,
and characterized by neural networks; and (c) how neural networks can be
expanded further to resolve problems relevant to medical imaging. In the con-
cluding section, a comparison of all neural networks is included to provide
a global view on computational intelligence with neural networks in medical
imaging.
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2 Medical Imaging Techniques and Applications

1.1 Introduction

An artificial neural network (ANN) is an information processing system
that is inspired by the way biological nervous systems store and process infor-
mation like human brains. It contains a large number of highly interconnected
processing neurons working together in a distributed manner to learn from the
input information, to coordinate internal processing, and to optimize its final
output. In the past decades, neural networks have been successfully applied
to a wide range of areas, including computer science, engineering, theoretical
modeling, and information systems. Medical imaging is another fruitful area
for neural networks to play crucial roles in resolving problems and providing
solutions. Numerous algorithms have been reported in the literature applying
neural networks to medical image analysis, and we provide a focused survey on
computational intelligence with neural networks in terms of (a) CAD with spe-
cific coverage of image analysis in cancer screening, (b) segmentation and edge
detection for medical image content analysis, (c) medical image registration,
and (d) other applications covering medical image compression, providing a
global view on the variety of neural network applications and their potential
for further research and developments.

Neural network applications in CAD represent the mainstream of compu-
tational intelligence in medical imaging. Their penetration and involvement
are comprehensive for almost all medical problems because (a) neural net-
works can adaptively learn from input information and upgrade themselves in
accordance with the variety and change of input content; (b) neural networks
can optimize the relationship between the inputs and outputs via distributed
computing, training, and processing, leading to reliable solutions desired by
specifications; (c) medical diagnosis relies on visual inspection, and medical
imaging provides the most important tool for facilitating such inspection and
visualization.

Medical image segmentation and edge detection remains a common prob-
lem fundamental to all medical imaging applications. Any content analy-
sis and regional inspection requires segmentation of featured areas, which
can be implemented via edge detection and other techniques. Conventional
approaches are typified by a range of well-researched algorithms, including
watershed, region-growing, snake modeling, and contour detection. In com-
parison, neural network approaches exploit the learning capability and train-
ing mechanism to classify medical images into content-consistent regions to
complete segmentations as well as edge detections.

Another fundamental technique for medical imaging is registration, which
plays important roles in many areas of medical applications. Typical examples
include wound care, disease prediction, and health care surveillance and mon-
itoring. Neural networks can be designed to provide alternative solutions via
competitive learning, self-organizing, and clustering to process input features
and find the best possible alignment between different images or data sets.
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The remainder of this chapter provides useful insights for neural network
applications in medical imaging and computational intelligence. We explain
the basics of neural networks to enable beginners to understand the structure,
connections, and neuron functionalities. Then we present detailed descriptions
of neural network applications in CAD, image segmentation and edge detec-
tion, image registration, and other areas.

1.2 Neural Network Basics

To enable understanding of neural network fundamentals, to facilitate pos-
sible repetition of those neural networks introduced and successfully applied
in medical imaging, and to inspire further development of neural networks, we
cover essential basics in this section about neural networks to pave the way for
the rest of the chapter in surveying neural networks. We start from a theoret-
ical model of one single neuron and then introduce a range of different types
of neural networks to reveal their structure, training mechanism, operation,
and functions.

The basic structure of a neuron can be theoretically modeled as shown in
Figure 1.1.

Figure 1.1 shows the model of a single neuron, where X{xi, i = 1, 2, . . . , n}
represents the inputs to the neuron and Y represents the output. Each input
is multiplied by its weight wi, a bias b is associated with each neuron, and
their sum goes through a transfer function f . As a result, the relationship
between input and output can be described as follows.

Y = f

(
n∑

i=1

wixi + b

)
(1.1)

A range of transfer functions have been developed to process the weighted
and biased inputs. Four of the basic transfer functions widely adopted for
medical image processing are illustrated in Figure 1.2.

Via selection of transfer function and connection of neurons, various neu-
ral networks can be constructed to be trained for producing the specified out-
puts. Major neural networks commonly used for medical image processing are

b

n

i51
wi xi

Transfer
function

x1

f
x2

xn
Output

Y

w1

w2

wn

Weights
1

Inputs

FIGURE 1.1: The model of a neuron.
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FIGURE 1.2: Four widely adopted transfer functions: (a) hardlimit,
(b) linear, (c) RBF, and (d) sigmoid.

classified as feedforward neural network, feedback network, and self-organizing
map. The learning paradigms for the neural networks in medical image pro-
cessing generally include supervised networks and unsupervised networks. In
supervised training, the training data set consists of many pairs in the source
and target patterns. The network processes the source inputs and compares
the resulting outputs against the target outputs, and adjusts its weights to
improve the correct rate of the resulting outputs. In unsupervised networks,
the training data set does not include any target information.

A general feedforward network [1] often consists of multiple layers, typically
including one input layer, a number of hidden layers, and an output layer.
In the feedforward neural networks, the neurons in each layer are only fully
interconnected with the neurons in the next layer, which means signals or
information being processed travel along a single direction.

A back-propagation (BP) network [2] is a supervised feedforward neural
network, and it is a simple stochastic gradient descent method to minimize
the total squared error of the output computed by the neural network. Its
errors propagate backwards from the output neurons to the inner neurons. The
processes of adjusting the set of weights between the layers and recalculating
the output continue until a stopping criterion is satisfied.

The radial basis function (RBF) [3] network is a three-layer, supervised
feedforward network that uses a nonlinear transfer function (normally the
Gaussian) for the hidden neurons and a linear transfer function for the output
neurons. The Gaussian is applied to the net input to produce a radial function
of the distance between each pattern vector and each hidden unit weight
vector.

The feedback (or recurrent) neural network [4] can have signals traveling in
both directions by introducing loops. Their state is changing continuously until
they reach an equilibrium point. They remain at the equilibrium point until
the input changes and a new equilibrium must be found. They are powerful
but can get extremely complicated.

The Hopfield network [4] is a typical feedback, and its inspiration is to
store certain patterns in a manner similar to the way the human brain stores
memories. The Hopfield network has no special input or output neurons, but
all neurons are both input and output, and all of them connect to all others in
both directions. After receiving the input simultaneously by all the neurons,
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they output to each other, and the process does not stop until a stable state
is reached. In the Hopfield network, it is simple to set up the weights between
neurons in order to set up a desired set of patterns as stable class patterns.
The Hopfield network is an unsupervised learning network and thus does not
require a formal training phase.

Quite different from feedforward and feedback networks, the Kohonen neu-
ral network (a self-organizing map, SOM) [5] learns to classify input vectors
according to how they are grouped in the input space. In the network, a
set of artificial neurons learns to map points in an input space to the coor-
dinates in an output space. Each neuron stores a weight vector (an array
of weights), each of which corresponds to one of the inputs in the data.
When presented with a new input pattern, the neuron whose weight is clos-
est in Euclidian space to the new input pattern is allowed to adjust its
weight so that it gets closer to the input pattern. The Kohonen neural net-
work uses a competitive learning algorithm to train itself in an unsupervised
manner.

In Kohonen neural networks, each neuron is fed by input vector (data
point) x ∈ Rn through a weight vector w ∈ Rn. Each time a data point is
input to the network, only the neuron j whose weight vector most resembles
the input vector is selected to fire, according to the following rule:

j = arg min(‖x − w‖2) (1.2)

The firing or winning neuron j and its neighboring neurons i have their
weight vectors w modified according to the following rule:

wi(t + 1) = wi(t) + hij(‖ri − rj‖, t) · (x(t) − wi(t)) (1.3)

where hij(||ri − rj ||, t) is a kernel defined on the neural network space as a
function of the distance ||ri−rj || between the firing neuron j and its neighbor-
ing neurons i, and the time t defines the number of iterations. Its neighboring
neurons modify their weight vectors so they also resemble the input signal,
but less strongly, depending on their distance from the winner.

The remainder of the chapter provides detailed descriptions of compu-
tational intelligence in medical imaging with neural networks. Their recent
applications are classified into four categories: CAD, image segmentation, reg-
istration, and other applications. Each section gives more details on an appli-
cation in one of these categories and provides overviews of the other relevant
applications. A comparison of neural networks is presented in Section 1.7.

1.3 Computer-Aided Diagnosis (CAD) with Neural
Networks

Neural networks have been incorporated into many CAD systems, most
of which distinguish cancerous signs from normal tissues. Generally, these
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systems enhance the images first and then extract interesting regions from
the images. The values of many features are calculated based on the extracted
regions and are forwarded to neural works that make decisions in terms of
learning, training, and optimizations. Among all applications, early diagnosis
of breast cancers and lung cancers represents the most typical examples in the
developed CAD systems.

Ge and others [6] developed a CAD system to identify microcalcification
clusters automatically on full-field digital mammograms. The main procedures
of the CAD system included six stages: preprocessing, image enhancement,
segmentation of microcalcification candidates, false positive (FP) reduction
for individual microcalcifications, regional clustering, and FP reduction for
clustered microcalcifications.

To reduce FP individual microcalcifications, a convolution neural network
(CNN) was employed to analyze 16 × 16 regions of interest centered at the
candidate derived from segmentations. The CNN was designed to simulate
the vision of vertebrate animals and could be considered a simplified vision
machine designed to perform the classification of the regions into two out-
put types: disease and nondisease. Their CNN contained an input layer with
14 neurons, two hidden layers with 10 neurons each, and one output layer.
The convolution kernel sizes of the first group of filters between the input and
the first hidden layer were designed as 5 × 5, and those of the second group
of filters between the first and second hidden layers were 7 × 7. The images
in each layer were convolved with convolution kernels to obtain the pixel val-
ues to be transferred to the following layer. The logistic sigmoid function
was chosen as the transfer function for both the hidden neurons and output
neurons. An illustration of the neural network structure and its internal con-
nections between the input layer, hidden layer, and output layers is given in
Figure 1.3.

1

2

N2

N1

2

1

Input ROI 1st Hidden
layer

2nd Hidden
layer

Output
neuron

FIGURE 1.3: Schematic diagram of a CNN.
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The convolution kernels are arranged in a way to emphasize a number
of image characteristics rather than those less correlated values derived from
feature spaces of input. These characteristics include (a) the horizontal ver-
sus vertical information, (b) local versus nonlocal information, and (c) image
processing (filtering) versus signal propagation [7].

The CNN was trained using a backpropagation learning rule with the sum-
of-squares error (SSE) function, which allowed a probabilistic interpretation
of the CNN output, that is, the probability of correctly classifying the input
sample as a true microcalcification region of interest (ROI).

At the stage of FP reduction for clustered microcalcifications, morpholog-
ical features (such as the size, mean density, eccentricity, moment ratio, axis
ratio features, and number of microcalcifications in a cluster) and features
derived from the CNN outputs (such as the minimum, maximum, and mean
of the CNN output values) were extracted from each cluster. For each cluster,
25 features (21 morphological plus 4 CNN features) were extracted. A lin-
ear discriminating analysis (LDA) classifier was then applied to differentiate
clustered microcalcifications from FPs. The stepwise LDA feature selection
involved the selection of three parameters for selection.

In the study by Ge and colleagues, a set of 96 images was split into a
training set and a validation set, each with 48 images. An appropriate set of
parameters was selected by searching in the parameter space for the combi-
nation of three parameters of the LDA that could achieve the highest classi-
fication accuracy with a relatively small number of features in the validation
set. Then the three parameters of LDA were applied to select a final set of
features and the LDA coefficients by using the entire set of 96 training images,
which contained 96 true positive (TP) and over 500 FP clusters. The trained
classifier was applied to a test subset to reduce the FPs in the CAD system [6].

To develop a computerized scheme for the detection of clustered microcal-
cifications in mammograms, Nagel and others [8] examined three methods of
feature analysis: rule based (the method currently used), an ANN, and a com-
bined method. The ANN method used a three-layer error-backpropagation
network with five input units corresponding to the radiographic features of
each microcalcification and one output unit corresponding to the likelihood of
being a microcalcification. The reported work revealed that two hidden units
were insufficient for good performance of the ANN, and it was necessary to
have at least three hidden units to achieve adequate performance. However,
the performance was not improved any further when the number of hidden
units was increased over three. Therefore, the finalized ANN had five inputs,
three hidden units, and one output unit. It was reported that such a combined
method performed better than any method alone.

Papadopoulossa, Fotiadisb, and Likasb [9] presented a hybrid intelligent
system for the identification of microcalcification clusters in digital mam-
mograms, which could be summarized in three steps: (a) preprocessing and
segmentation, (b) ROI specification, and (c) feature extraction and classifi-
cation. In the classification schema, 22 features were automatically computed
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that referred either to individual microcalcifications or to groups of them.
The reduction of FP cases was performed using an intelligent system contain-
ing two subsystems: a rule-based system and a neural network-based system.
The rule construction procedure consisted of the feature identification step
as well as the selection of the particular threshold value for each feature.
Before using the neural network, the reduction in the number of features
was achieved through principal component analysis (PCA), which transforms
each 22-dimensional feature vector into a 9-dimensional feature vector as the
input to the neural network. The neural network used for ROI characteriza-
tion was a feedforward neural network with sigmoid hidden neuron (multilayer
perceptron, MLP).

Christoyiani, Dermatas, and Kokkinakis [10] presented a method for fast
detection of circumscribed mass in mammograms employing an RBF neural
network (RBFNN). In the method, each neuron output was a nonlinear trans-
formation of a distance measure of the neuron weights and its input vector.
The nonlinear operator of the RBFNN hidden layer was implemented using
a Cauchy-like probability density function. The implementation of RBFNN
could be achieved by using supervised or unsupervised learning algorithms
for an accurate estimation of the hidden layer weights. The k-means unsu-
pervised algorithm was adopted to estimate the hidden-layer weights from a
set of training data containing statistical features from both circumscribed
lesions and normal tissue. After the initial training and the estimation of the
hidden-layer weights, the weights in the output layer were computed by using
Wincer-filter theory, or minimizing the mean square error (MSE) between the
actual and the desired filter output.

Patrocinio and others [11] demonstrated that only several features, such as
irregularity, number of microcalcifications in a cluster, and cluster area, were
needed as the inputs of a neural network to separate images into two distinct
classes: suspicious and probably benign. Setiono [12] developed an algorithm
by pruning a feedforward neural network, which produced high accuracy rates
for breast cancer diagnosis with a small number of connections. The algorithm
extracted rules from a pruned network by considering only a finite number of
hidden-unit activation values. Connections in the network were allowed only
between input units and hidden units and between hidden units and output
units. The algorithm found and eliminated as many unnecessary network con-
nections as possible during the training process. The accuracy of the extracted
rules from the pruned network is almost as high as the accuracy of the original
network.

The abovementioned applications cover different aspects of applying neu-
ral networks, such as the number of neurons in the hidden layer, the reduction
of features in classifications, and the reduction of connections for better effi-
ciency. Similar improvements could be made in applying ANN to other prac-
tical utilizations rather than just in identifying microcalcification clusters.

ANN also plays an important role in detecting the cancerous signs in lungs.
Xu and colleagues [13] developed an improved CAD scheme for the automated
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detection of lung nodules in digital chest images to assist radiologists who may
miss up to 30% of the actually positive cases in their daily practice. In the
CAD scheme, nodule candidates were selected initially by multiple gray-level
thresholds of the difference image (subtraction of a signal-enhanced image and
a signal-suppressed image) and then classified into six groups. A large number
of FPs were eliminated by adaptive rule-based tests and an ANN.

Zhou and others [14] proposed an automatic pathological diagnosis pro-
cedure called neural ensemble-based detection that utilized an ANN ensem-
ble to identify lung cancer cells in the specimen images of needle biopsies
obtained from the bodies of the patients to be diagnosed. An ANN ensemble
formed a learning paradigm while several ANNs were jointly used to solve
a problem. The ensemble was built on a two-level ensemble architecture,
and the predictions of those individual networks were combined by plural-
ity voting.

Keserci and Yoshida [15] developed a CAD scheme for automated detection
of lung nodules in digital chest radiographs based on a combination of morpho-
logical features and the wavelet snake. In their scheme, an ANN was used to
efficiently reduce FPs by using the combined features. The scheme was applied
to a publicly available database of digital chest images for pulmonary nodules.
Qian and others [16] trained a computer-aided cytologic diagnosis (CACD)
system to recognize expression of the cancer biomarkers histone H2AX in lung
cancer cells and then tested the accuracy of this system to distinguish resected
lung cancer from preneoplastic and normal tissues. The major characteristics
of CACD algorithms were to adapt detection parameters according to cellular
image contents. Coppini and colleagues [17] described a neural network–based
system for the computer-aided detection of lung nodules in chest radiograms.
The approach was based on multiscale processing and feedforward neural net-
works that allowed an efficient use of a priori knowledge about the shape of
nodules and the background structure.

Apart from the applications in breast cancer and lung cancer, ANN has
been adopted in many other analyses and diagnosis. Mohamed and others [18]
compared bone mineral density (BMD) values for healthy persons and iden-
tified those with conditions known to be associated with BMD obtained
from dual X-ray absorptiometry (DXA). An ANN was designed to quanti-
tatively estimate site-specific BMD values in comparison with reference val-
ues obtained by DXA. Anthropometric measurements (i.e., sex, age, weight,
height, body mass index, waist-to-hip ratio, and the sum of four skinfold thick-
nesses) were fed to an ANN as input variables. The estimates based on four
input variables were generated as output and were generally identical to the
reference values among all studied groups.

Scott [19] tried determining whether a computer-based scan analysis could
assist clinical interpretation in this diagnostically difficult population. An
ANN was created using only objective image-derived inputs to diagnose the
presence of pulmonary embolism. The ANN predictions performed compara-
bly to clinical scan interpretations and angiography results.
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In all the applications mentioned above, the roles of ANNs have a common
principle in the sense that most of them are applied to reduce FP detections
in both mammograms and chest images via examining the features extracted
from the suspicious regions. As a matter of fact, ANN is not limited to aca-
demic research but also plays important roles in commercially available diag-
nosis systems, such as ImageChecker for mammograms.

1.4 Medical Image Segmentation and Edge Detection
with Neural Networks

Medical image segmentation is a process for dividing a given image into
meaningful regions with homogeneous properties. Image segmentation is an
indispensable process in outlining boundaries of organs and tumors and in the
visualization of human tissues during clinical analysis. Therefore, segmenta-
tion of medical images is very important for clinical research, diagnosis, and
applications, leading to requirement of robust, reliable, and adaptive segmen-
tation techniques.

Kobashi and others [20] proposed an automated method to segment the
blood vessels from three-dimensional (3-D) time-of-flight magnetic resonance
angiogram (MRA) volume data. The method consisted of three steps: removal
of the background, volume quantization, and classification of primitives by
using an artificial neural network.

After volume quantization by using a watershed segmentation algorithm,
the primitives in the MRA image stand out. To further improve the result
of segmentation, the obtained primitives had to be separated into the blood
vessel class and the fat class. Three features and a three-layered, feedforward
neural network were adopted for the classification. Compared with the fat,
the blood vessel is like a tube—long and narrow. Two features, vascularity
and narrowness, were introduced to measure such properties. Because the
histogram of blood vessels is quite different from that of the fat in shapes,
the third feature, histogram consistency, was added for further improvement
of the segmentation.

The feedforward neural network is composed of three layers: an input layer,
a hidden layer, and an output layer. The structure of the described neural
network is illustrated in Figure 1.4.

As seen, three input units were included at the input layer, which was
decided by the number of features extracted from medical images. The number
of neurons in the output layer was one to produce two classes. The number
of neurons in the hidden layer was usually decided by experiments. Generally,
a range of different numbers were tried in the hidden layer, and the number
that achieved the best training results was selected.

In the proposed method, the ANN classified each primitive, which was
a clump of voxels, by evaluating the intensity and the 3-D shape. In their



Computational Intelligence on Medical Imaging 11

Vascularity

Narrowness

Histogram
consistency

Decision 

HiddenInput Output

FIGURE 1.4: Three-layer feedforward neural network.

experiments, the ANN was trained using 60 teaching data sets derived from
an MRA data set. Each primitive was classified into the blood vessel (indi-
cated by the value of 1) or the fat (indicated by the value of 0), and the
values of the three features were calculated. All these values were fed into the
feedforward ANN for training the weights of the neurons. Seven new MRA
data, whose primitives were unclassified, were fed into the trained neural net-
work for testing. The segmentation performance was measured by the value
of accuracy, as defined in Equation 1.4, and the rate achieved by the reported
algorithm is 80.8% [20].

Accuracy =
Number of correctly classified primitives

Total number of primitives
× 100% (1.4)

Apart from the work proposed by Kobashi and colleagues in ANN-based
segmentation, there are many applications for the images generated by com-
puted tomography (CT) and magnetic resonance imaging (MRI). Middle-
ton and Damper [21] combined use of a neural network (an MLP, a type
of feedforward neural network) and active contour model (“snake”) to seg-
ment structures in magnetic resonance (MR) images. The highlights of the
reported work can be summarized by the following two steps:

1. The perceptron was trained to produce a binary classification of each
pixel as either a boundary or a nonboundary;

2. The resulting binary (edge-point) image formed the external energy
function for a snake model, which was applied to link the candidate
boundary points into a continuous and closed contour.

Lin [22] applied the Hopfield neural network (a feedback neural network)
with penalized fuzzy c-means (FCM) technique to medical image segmenta-
tion. In the algorithm, the pixels with their first- and second-order moments
constructed from their n nearest neighbors as a training vector were mapped
to a two-dimensional (2-D) Hopfield neural network for the purpose of classi-
fying the image into suitable regions.

Lin and colleagues [23] generalized the Kohonen competitive learning
(KCL) algorithm with fuzzy and fuzzy-soft types called fuzzy KCL (FKCL)
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and fuzzy-soft KCL (FSKCL). These KCL algorithms fused the competitive
learning with soft competition and FCM membership functions. These gener-
alized KCLs were applied to MRI and MRA ophthalmological segmentations.
It was found that these KCL-based MRI segmentation techniques were use-
ful in reducing medical image noise effects using a learning mechanism. The
FSKCL algorithm was recommended for use in MR image segmentation as an
aid to small lesion diagnosis.

Dokur and Olmez [24] proposed a quantizer neural network (QNN) for
the segmentation of MR and CT images. QNN was a novel neural network
structure and was trained by genetic algorithms. It was comparatively exam-
ined with an MLP and a Kohonen network for the segmentation of MR and
CT head images. They reported that QNN achieved the best classification
performance with fewer neurons after a short training time.

Stalidis and others [25] presented an integrated model-based processing
scheme for cardiac MRI, which was embedded in an interactive computing
environment suitable for quantitative cardiac analysis. The scheme provided a
set of functions for the extraction, modeling, and visualization of cardiac shape
and deformation. In the scheme, a learning segmentation process incorporating
a generating–shrinking neural network was combined with a spatiotemporal
parametric model through functional basis decomposition.

Chang and Ching [26] developed an approach for medical image segmen-
tation using a fuzzy Hopfield neural network based on both global and local
gray-level information. The membership function simulated with neuron out-
puts was determined using a fuzzy set, and the synaptic connection weights
between the neurons were predetermined and fixed in order to improve the
efficiency of the neural network.

Shen and others [27] proposed a segmentation technique based on an
extension to the traditional FCM clustering algorithm. In their work, a neigh-
borhood attraction, which was dependent on the relative location and features
of neighboring pixels, was shown to improve the segmentation performance,
and the degree of attraction was optimized by a neural-network model. Simu-
lated and real brain MR images with different noise levels were segmented to
demonstrate the superiority of the technique compared to other FCM-based
methods.

Chang and Chung [28] designed a two-layer Hopfield neural network called
the competitive Hopfield edge-finding neural network (CHEFNN) to detect the
edges of CT and MRI images. To effectively remove the effect of tiny details
or noises and the drawback of disconnected fractions, the CHEFNN extended
the one-layer 2-D Hopfield network at the original image plane to a two-layer
3-D Hopfield network with edge detection to be implemented on its third
dimension. Under the extended 3-D architecture, the network was capable
of incorporating a pixel’s contextual information into a pixel-labeling proce-
dure. In addition, they [29] discovered that high-level contextual information
could not be incorporated into the segmentation procedure in techniques
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using traditional Hopfield neural networks and thus proposed the contextual
constraint-based Hopfield neural cube (CCBHNC) for image segmentation.
The CCBHNC adopted a 3-D architecture with pixel classification imple-
mented on its third dimension. Recently, still for the edge detection, Chang [30]
presented a specially designed Hopfield neural network called the contex-
tual Hopfield neural network (CHNN). The CHNN mapped the 2-D Hopfield
network at the original image plane. With direct mapping, the network was
capable of incorporating pixels’ contextual information into an edge-detecting
procedure. As a result, the CHNN could effectively remove the influence of
tiny details and noise.

Most of these applications were developed based on CT or MRI images but
the neural networks adopted are in quite different ways. ANN can reduce the
influence of noise in the image and hence make the segmentation more robust.
Further, ANN can classify different tissues and then combine them accord-
ing to segmentation requirements, which is beyond the power of traditional
segmentation.

1.5 Medical Image Registration with Neural Networks

Image registration is the process of transforming the different sets of data
into one coordinate system. Registration is necessary in order to be able to
compare or integrate the images from different measurements, which may be
taken at different points in time from the same modality or obtained from the
different modalities such as CT, MR, angiography, and ultrasound. Medical
imaging registration often involves elastic (or nonrigid) registration to cope
with elastic deformations of the body parts imaged. Nonrigid registration of
medical images can also be used to register a patient’s data to an anatomical
atlas. Medical image registration is the preprocessing needed for many medical
imaging applications with strong relevance to the result of segmentation and
edge detection.

Generally, image registration algorithms can be classified into two groups:
area-based methods and feature-based methods. For area-based image regis-
tration methods, the algorithm looks at the structure of the image via correla-
tion metrics, Fourier properties, and other means of structural analysis. Most
feature-based methods fine-tune their mapping to the correlation of image
features: lines, curves, points, line intersections, boundaries, and so on.

To measure the volume change of lung tumor, Matsopoulos and colleagues
[31] proposed an automatic, 3-D, nonrigid registration scheme that applied
SOM to thoracic CT data of patients for establishing correspondence between
the feature points. The practical implementation of this scheme could pro-
vide estimations of lung tumor volumes during radiotherapy treatment plan-
ning. In the algorithm, the automatic correspondence of the interpolant points
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FIGURE 1.5: The elastic registration scheme.

was based on the initialization of the Kohonen neural network model able to
identify 500 corresponding pairs of points approximately in the two CT sets
S1 and S2. An overview of the described algorithm is illustrated in Figure 1.5.

In the algorithm, two sets of points were defined: S2 is the set of points
for vertebrae, ribs, and blades segmented from the reference data; and S1 is
the set of points for the same anatomical structures from the second data set,
called float data. Preregistration took place between these sets of points, and
triangulation of S1 was performed. The preregistration process was applied
in three dimensions and was applied in order to realign the two data sets in
all coordinates. After preregistration, two steps were performed to obtain the
interpolant points:

1. Triangulating S1 and producing a wire frame based on the topology of
S1; the triangulation was based on Feitzke’s work [32] and was performed
by defining an SOM with the following characteristics:

a. A grid of neurons with 20 rows by 100 columns (20 × 100) was
chosen for the specific implementation.

b. The initial weighting vectors of the neurons of the grid were set
equal to the coordinates of a set of points extracted from an enclos-
ing surface, typically a cylindrical surface.

c. The input to the neural network consisted of the Cartesian coordi-
nates of the set of points to be triangulated.

After the process of adaptation of the neural network, the weighting
vectors of the neurons had values identical to the appropriate points
of S1. A wire frame consisting of one node for each neuron could be
constructed, with Cartesian coordinates of each node equal to the weight
vector of the corresponding neuron. The wire frame was triangulated
according to the connectivity of the neurons.

2. Establishing an SOM in terms of the topology of S1 and training the
SOM by using S2; the search for corresponding points was based on
replicating the topology of the set S1 on the input layer of an SOM
model. In the SOM model, one neuron was allocated to each node of the
wire frame and the connections between the neurons were identical to the
connections of the wire frame. No connection between two neurons was
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accepted when the two corresponding nodes were not directly connected
in the float set. The initial weight vector of the neurons was the Cartesian
coordinates of the corresponding wire frame nodes in the 3-D space.

The training of the network was realized by providing the network with
the coordinates of randomly selected points sampled from the reference set
S2. The neuron with weight vector closest to signal was selected to fire. The
firing neuron adjusted its weight vector, and its neighboring neurons modified
their weight vectors as well but less strongly. The neighboring neurons were
restricted to a window of 3 × 3 neurons during the network training.

The convergence of the SOM network during the triangulation of S1 set
of points leads to a triangulated subset of points (S1

′). Each node of subset
S1

′ corresponded to a neuron of the SOM network (20 × 100 neurons), whose
initial weighting vector (wx0, wy0, wz0) in S1 was set to the initial Cartesian
coordinates of this node. In S1, this node was moved to new coordinates and
equal to the final weighting vector (wx1, wy1, wz1). The new position always
coincided with a point in S2.

Although SOM lateral interactions between neurons generated a one-to-
one point correspondence, more than one point from S1

′ might correspond to
one point in S2. However, most such point mismatches are avoided by using
a distance threshold criterion to exclude corresponding points exceeding a
distance of more than five voxels. With the help of this process, excessive
deformation of the final warped image was also prohibited. Therefore, the total
number of successful corresponding points was cut down to approximately 500
pairs of points for all patient data [31].

SOM also has been used in many other applications. Shang, Lv, and Yi
[33] developed an automatic method to register CT and MR brain images
by using first principal directions of feature images. In the method, a PCA
neural network was used to calculate the first principal directions from feature
images, and then the registration was realized by aligning feature images’ first
principal directions and centroids.

Coppini, Diciotti, and Valli [34] presented a general approach to the prob-
lem of image matching that exploits a multiscale representation of local image
structure. In the approach, a given pair of images to be matched were named
target and stimulus, respectively, and were transformed by Gabor wavelets.
Correspondence was calculated by exploiting the learning procedure of a neu-
ral network derived from Kohonen’s SOM. The SOM neurons coincided with
the pixels of the target image, and their weights were pointers to those in the
stimulus images. The standard SOM rule was modified to account for image
features.

Fatemizadeh, Lucas, and Soltanian-Zadeh [35] proposed a method for auto-
matic landmark extraction from MR brain images. In the method, land-
mark was extracted by modifying growing neural gas (GNG), which was a
neural network–based cluster-seeking algorithm. Using the modified GNG
(a splitting–merging SOM), corresponding dominant points of contours
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extracted from two corresponding images are found. The contours were the
boundaries of the regions generated by segmenting the MR brain image.

Di Bona and Salvetti [36] developed the volume-matcher 3-D project, an
approach for a data-driven comparison and registration of 3-D images. The
approach was based on a neural network model derived from self-organizing
maps and extended to match a full 3-D data set of a source volume with the
3-D data set of a target volume.

These applications suggest that SOM is a promising algorithm for elastic
registration, which is probably due to its clustering characteristics.

1.6 Other Applications with Neural Networks

In addition to those mentioned previously, ANN has been applied to other
relevant areas such as medical image compression, enhancement, and restora-
tion. In image compression [37,38], medical images such as mammograms are
usually quite large in size and are stored in databases inside hospitals, which
causes some difficulties in image transfer over the Internet or intranet. Some
researchers applied ANN to existing compression algorithms to select inter-
esting regions transmission for transmission or reduce the errors during the
quantization in compression [40–43,47].

Panagiotidis and others [39] proposed a neural network architecture to
perform lossy compression on medical images. To achieve higher compression
ratio while retaining the significant (from a medical viewpoint) image content,
the neural architecture adaptively selected ROI in the images.

Karlik [40] presented a combined technique for image compression based
on the hierarchical finite state vector quantization and neural networks. The
algorithm performed nonlinear restoration of diffraction-limited images con-
currently with quantization. The neural network was trained on image pairs
consisting of a lossless compression algorithm named hierarchical vector quan-
tization.

Meyer-Bäse and colleagues [41] developed a method based on topology-
preserving neural networks to implement vector quantization for medi-
cal image compression. The method could be applied to larger image
blocks and represented better probability distribution estimation methods.
A “neural-gas” network for vector quantization converged quickly and reached
a distortion error lower than that from Kohonen’s feature map. The influence
of the neural compression method on the phantom features and the mammo-
grams was not visually perceptible up to a high compression rate.

Jaiswal and Gaikwad [42] trained a resilient backpropagation neural net-
work to encode and decode the input data so that the resulting difference
between input and output images was minimized. Lo, Li, and Freedman [43]
developed a neural network–based framework to search for an optimal wavelet
kernel that could be used for a specific image processing task. In the algorithm,
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a linear convolution neural network was applied to seek a wavelet that mini-
mized errors and maximized compression efficiency for an image or a defined
image pattern such as microcalcifications in mammograms and bone in CT
head images.

To enhance original images, ANN has been used to suppress unwanted
signals such as noise and tissues affecting cancerous signs. Suzuki and others
[44] proposed an analysis method that makes clear the characteristics of the
trained nonlinear filter, which is based on multilayer neural networks, and
developed an approximate filter that achieves very similar results but was
computational cost-efficient.

To detect lung nodules overlapped with ribs or clavicles in chest radio-
graphs, Suzuki and colleagues [45] developed an image-processing technique
for suppressing the contrast of ribs and clavicles in chest radiographs by means
of a multiresolution massive training artificial neural network (MTANN). The
structure of this neural network is illustrated in Figure 1.6, in which “bone”
images are obtained by use of a dual-energy subtraction technique [46] as
the teaching images to facilitate the neural network training. After that, the
multiresolution MTANN was able to provide “bone-image-like” images that
were similar to the teaching bone images. By subtracting the bone-image-like
images from the corresponding chest radiographs, they were able to produce
“soft-tissue-image-like” images where ribs and clavicles were substantially
suppressed.

The MTANN consists of a linear-output multilayer ANN model, which
was capable of operating on image data directly. The linear-output multilayer
ANN model employed a linear function as the transfer function in the output
layer because the characteristics of an ANN were improved significantly with
a linear function when applied to the continuous mapping of values in image
processing [47]. The inputs of the MTANN are the pixel values in a size-fixed
subimage and can be written as

�Ix,y = {I1, I2, . . . , IN} (1.5)

Overlapped
subimage

Linear-output
multilayer ANN

Output
image

Teaching
image

FIGURE 1.6: Architecture of MTANN.
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where N is the number of inputs (i.e., the number of pixels inside a subimage).
The output of the nth neuron in the hidden layer is represented by

On = fh

{
N∑

m=1

wmn · Im − bn

}
(1.6)

where wmn is a weight between the mth unit in the input layer and the nth
neuron in the hidden layer, fh is a sigmoid function, and bn is an offset of the
nth unit in the hidden layer. The output of the neuron in the output layer is
represented by

f(x, y) = fo

{
Nh∑

m=1

wo
m · OH

m − bo

}
(1.7)

where wo
m is a weight between the mth neuron in the hidden layer and the

neuron in the output layer, bo is an offset of the neuron in the output layer,
and fo is a linear function.

To train MTANN, a dual-energy subtraction technique [48] was used to
obtain the teaching image T (i.e., “bone” images) for suppression of ribs in
chest radiographs. Input chest radiographs were divided pixel by pixel into
a large number of overlapping subimages. Each subimage I(x, y) corresponds
to a pixel T (x, y) in the teaching image, and the MTANN was trained with
massive subimage pairs as defined in Equation 1.8:

{I(x, y), T (x, y) |x, y ∈ RT } =
{(

�I1, T1

)
, (�I2, T2), . . . , (�INT

, TNT
)
}

(1.8)

where RT is a training region corresponding to the collection of the centers of
subimages, and NT is the number of pixels in RT . After training, the MTANN
is expected to produce images similar to the teaching images (i.e., bone-image-
like images).

Since ribs in chest radiographs included various spatial–frequency compo-
nents and it was difficult in practice to train the MTANN with a large subimage,
multiresolution decomposition/composition techniques were employed in the
algorithm. Three MTANNs for different resolutions were trained independently
with the corresponding resolution images: a low-resolution MTANN was used
for low-frequency components of ribs, a medium-resolution MTANN was used
for medium-frequency components, and a high-resolution MTANN was used for
high-frequency components. After training, the MTANNs produced a complete
high-resolution image based on the images with different resolution [45].

Hainc and Kukal [49] found the ANN could also be employed as a kind
of a sophisticated nonlinear filter on a local pixel neighborhood (3× 3), since
linear system sensitivity to impulse (isolated) noise was not good.

Chen, Chiueh, and Chen [50] introduced an ANN architecture for reduc-
ing the acoustic noise level in MRI processes. The proposed ANN consisted of
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two cascaded time-delay ANNs. The ANN was employed as the predictor of a
feedback active noise control (ANC) system for reducing acoustic noises. Pre-
liminary results showed that with the proposed ANC system installed, acoustic
MR noises were greatly attenuated, while verbal communication during MRI
sessions was not affected.

Apart from compression and enhancement, ANN has been applied to medi-
cal image processing for other purposes. Wu [51] developed a new method to
extract the patient information number field automatically from the film-
scanned image using a multilayer cluster neural network. Cerveri and oth-
ers [52] presented a hierarchical RBF network to correct geometric distortions
in X-ray image intensifiers, which reduced the accuracy of image-guided pro-
cedures and quantitative image reconstructions.

Hsu and Tseng [53] established a method to predict and create a profile
of bone defect surfaces by a well-trained 3-D orthogonal neural network. To
train the neural network to team the scattering characteristic, the coordinates
of the skeletal positions around the boundary of bone defects were input into
the network. After the neural network had been well trained, the mathematic
model of the bone defect surface was generated, and the pixel positions were
obtained. The 3-D orthogonal neural network avoided local minima and con-
verges rapidly.

It is difficult to generalize all these applications of ANN into several unified
models. However, it might be possible to analyze the general pattern of apply-
ing ANNs. In Section 1.7, a comparison is made by studying the applications
described in all previous sections.

1.7 Conclusions

As described in the previous five sections, applications of neural networks
are classified into four major categories. These applications seem quite differ-
ent from one another and cover many aspects of medical image processing. To
summarize all the neural networks successfully applied to medical imaging, we
highlight the comparisons of their application patterns, structures, operations,
and training design in Table 1.1. Because there is no theory to indicate what
is the best neural network structure for medical image processing and pattern
recognition, the information such as type of network, type of input, number
of inputs, neurons in hidden layers, and neurons in output is listed to help
with searching and designing similar neural networks for future applications.
Although these applications may come from different areas, such as CAD and
segmentation, and inputs for neural networks are various, the essential pur-
pose of applying these neural networks lies in their classifications, providing
inspiring summary for existing modes of neural network applications and thus
leading to further developments. Since the data sets for these applications are
quite different, it is not possible to compare their results and the performance
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of these algorithms. Some applications are ignored in the list because the
details about their neural networks are limited. The total number of neurons
needed in the hidden layers somewhat depends on the total number of training
samples.

In contrast to feedforward neural network, the applications of feedback
neural networks for medical image processing have been quite limited in the
past decade, and most of them are in the area of image segmentation and are
primarily based on Hopfield neural networks. The similarities among these
applications are quite limited, but all of them need to minimize an energy
function during convergence of the network. The energy function must be
designed individually, which might affect its application in medical imaging.
Because the Hopfield neural network is unsupervised, it may not work for
CAD like the feedforward neural network, which requires a priori knowledge
in classifications.

Although the applications of Kohonen’s SOM are not as many as those
of feedforward neural networks, its clustering and unsupervised properties
make it very suitable for image registration. SOM converges to a solution that
approximates its input data by adapting to prototype vectors. During this
process, the relation of its neighborhood neurons is also taken into account,
leading to preservation of topology and mapping of training sets. For the
applications of image registration, the input vectors of the neurons in SOM
usually contain the spatial coordinate and intensity of pixels. For applications
in image compression, SOM is used as a topology-preserving feature map to
generate vector quantization for code words. Sometimes, SOM produces the
segmentation results for feedforward neural networks due to its unsupervised
clustering property.

In summary, the applications of ANN in medical image processing have to
be analyzed individually, although many successful models have been reported
in the literature. ANN has been applied to medical images to deal with
the issues that cannot be addressed by traditional image processing algo-
rithms or by other classification techniques. By introducing ANNs, algo-
rithms developed for medical image processing and analysis often become
more intelligent than conventional techniques. While this chapter provided
a focused survey on a range of neural networks and their applications to
medical imaging, the main purpose here is to inspire further research and
development of new applications and new concepts in exploiting neural
networks.
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Many scientific problems can be formulated as optimization problems.
Among the many classes of algorithms for solving such problems, one interest-
ing, biologically inspired group is that of evolutionary optimization techniques.
In this chapter, we provide an overview of such techniques, in particular of
genetic algorithms and genetic programming and its related subtasks of selec-
tion, crossover, mutation, and coding. We then explore some applications of
genetic techniques in the context of medical imaging.
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2.1 Evolutionary Computing

Many scientific problems can be viewed as search or optimization prob-
lems, where an optimum input parameter vector for a given system has to
be found in order to maximize or to minimize the system response to that
input vector. Often, auxiliary information about the system, like its transfer
function and derivatives, is not known, and the measures might be incomplete
and distorted by noise. This makes such problems difficult to solve by tra-
ditional mathematical methods. Evolutionary optimization algorithms, which
are based on biological principles borrowed from nature, can offer a solution.
These algorithms work on a population of candidate solutions, which are iter-
atively improved so that an optimal solution evolves over time.

This chapter discusses the general problem of search and optimization
before it introduces the system’s view, followed by a definition of search space
and fitness landscape. It then explains the process of optimization and the
concept of optimization loops. It introduces biologically inspired evolution-
ary optimization algorithms: genetic algorithms and genetic programming.
Finally, it provides an overview of same sample applications of evolutionary
approaches in medical imaging.

2.1.1 Systems

Every process or object can be seen as a system. Fenton and Hill (1993)
define a system as “an assembly of components, connected together in an
organised way, and separated from its environment by a boundary. This organ-
ised assembly has an observable purpose which is characterised in terms of how
it transforms input from the environment into output to the environment.”
By definition, a system has exactly one input channel x and exactly one out-
put channel y (see Figure 2.1). All interactions with the environment must be
made through these interfaces.

Both input and output can be vectors or scalars. The input is called the
independent variable or parameter, because its value(s) can be chosen freely,
and it results in the output y, the so-called dependent variable. If the present
state of the system does not depend on previous states but only on the current
input, the system is said to be a steady-state system, and the output of the
system can be described as a function of the input y = f(x).

System Sx y

FIGURE 2.1: Generic system.
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2.1.2 Objective function

In order to rate the quality of a candidate solution x, it is necessary to
transform the system response to x into an appropriate measure, called the
objective or fitness. If the system has only one output variable, the system
output y equals the fitness. If y has more than one component, the output
variables of the system have to be combined into a single value, computed by
the objective function or fitness function. In general, there are four approaches
to judge the system output: aggregation, the changing objectives method, the
use of niche techniques, and Pareto-based methods (Fonseca and Fleming,
1995). The most often used method is aggregation. In its simplest case, the
fitness function F (x) equals the weighted sum of the components yi = ci ·Fi(x)
of y, where ci is the weight for component i:

F (x) = c0 + c1 · F1(x) + · · · + cn · Fn(x) (2.1)

2.1.3 Search space and fitness landscape

If all the possible candidate solutions are collected in an ordered way, this
collection is called the search space and sometimes the input space. For an
optimization problem of dimension n, that is, a system with n independent
parameters, the search space also has dimension n. Adding the dimension
fitness or costs to the search space results in the (n + 1) dimensional fitness
landscape (Wright, 1931); see Figure 2.2.

Fitness landscape
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FIGURE 2.2: Example of a fitness landscape for a system with two input
parameters.
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2.1.4 Optimization

Optimization (Schwefel, 1995) is the process of selecting the best candidate
solution from a range of possibilities (i.e., from the search space). In other
words, a system S that has to be optimized in terms of a quality output value
y is brought into a new state that has a better quality output value y than the
previous state. This is done by changing the independent input parameters x.
The error function describes the difference between the predefined objective
ydesired and system response f(x) to the input x.

Error(x) = ydesired − f(x) (2.2)

Usually, the aim is to find the vector x′ that leads to a minimal error for
the system S, that is, the minimal departure from the optimal output value:

Error(x′) = 0 (2.3)

Often, a predefined target value is not known. In this case, one tries to
gain a fitness value that is as high as possible in the case of maximization
or as low as possible in the case of minimization. Ideally, one would evaluate
all possible candidates and choose the best one. This is known as exhaustive
search. However, often it is not feasible to consider all possible solutions,
for example, if the search space is too large and the evaluation of a single
candidate is too expensive. In such cases, only a subset of the solutions can
be evaluated.

Optimization problems can be either function optimization problems or
combinatorial problems. The first class of problems can be divided into con-
tinuous optimization and discrete optimization problems. In continuous func-
tion optimization, the independent variables are real numbers, whereas for
discrete function optimization, the independent variables can be chosen only
from a predefined set of allowed and somehow ordered numbers, such as
{10, 20, 30, 40}.

In combinatorial optimization problems, the optimum sequence or combi-
nation of a fixed set of input values has to be found. Here, the input values are
symbols and might not be connected or ordered, for example {apple, orange,
strawberry}. An example of a combinatorial optimization problem is the clas-
sical traveling salesman problem (TSP), where a sales agent needs to visit a
predefined set of cities and return to base. The problem here is to find an
optimal route that connects all cities while having the shortest travel distance
by choosing the order in which the cities are visited.

2.1.5 Optimization loop

Mathematical or calculus-based methods use known functional relation-
ships among variables and objectives to calculate the optimum of the given
system. Therefore, an exact mathematical model of the process must exist.
Edelbaum (1962) introduced the differentiation of calculus-based methods in
direct methods and indirect methods.
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System Sx y

Algorithm

Target value

FIGURE 2.3: Closed optimization loop consisting of a system and an
optimization algorithm.

Direct methods solve the optimization problem by iterative calculation and
derivation of the error function and moving in a direction to the maximum
slope gradient. Indirect methods solve the optimization problem in one step—
without testing—by solving a set of equations (usually nonlinear). These equa-
tions result from setting the derivative of the error function equal to zero.

Both classes of methods are local in scope: they tend to find only local
optima. Therefore, they are not robust. They depend on the existence of
derivatives. Real problem functions tend to be perturbed by noise and are
not smooth (i.e., derivations may not exist for all points of functions). This
class of problem cannot be solved by mathematical methods.

If the functional relations among input variables and objectives are not
known, one can experiment on the real system (or a model of this system)
in order to find the optimum. Access to the independent variables must exist
for the whole multidimensional search space—the collection of all possible
candidate solutions. Also, a possibility of measuring the independent variable
and the objective must be given. The optimization process is iterative; that
is, it has to be done in a closed optimization loop (Figure 2.3).

Experimental optimization methods can therefore be seen as a search for
the optimum by traversing over the fitness landscape.

2.2 Genetic Algorithms

As Darwin’s theory of natural selection articulates, nature is very effec-
tive at optimization (e.g., enabling life forms to survive in a unfriendly
and changing environment by means of simple trial and error). Genetic
algorithms (GAs) simulate this evolutionary mechanism by using heredity
and mutation. They were first introduced by Holland (1975), who also pro-
vided a theoretical framework for genetic algorithms, the schemata theorem
(Goldberg, 1989).
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For genetic algorithms, the independent input parameters of a system S
(Figure 2.4) are coded into a binary string, the genotype of an individual
(Figure 2.5).

The individual represented by genotype is called a phenotype. This pheno-
type has a certain quality or fitness to survive, which can be determined by
presenting the phenotype to the system S and measuring the system response.

The search is undertaken not only by one individual but by a population
of n genotypes, the genepool (Figure 2.6). Therefore, the search space is tested
at n points in parallel. All the individuals of the genepool at a time tn are
called a generation.

System S

x1

x2

x3

y

FIGURE 2.4: System to be optimized.

a1 a5a4a3a2 a7a6 a8 a9 a11a10 a12

x1 x3x2

Genotype

Phenotype

FIGURE 2.5: Binary string representing one input pattern of the system.
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FIGURE 2.6: Genepool consisting of individuals I1 . . . In.
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A new generation for time tn+1 is generated by selecting N individuals
from the current population for breeding. They are copied into the genepool
of the next generation, and their genetic information is then recombined, using
the crossover operator (see Section 2.2.2), with a predefined crossover prob-
ability pc. The resulting offspring is then copied into the new genepool, and
mutation is applied to the offspring. Figure 2.7 shows the flowchart of a simple
genetic algorithm.

The search is carried out until at least one individual has a better fitness
than the defined minimum fitness or a maximum number of generations has
been reached.

Initialize genepool

individual in genepool

fulfilled?

Print best solution

STOP

create offspring

applying crossover

them into new genepool

START

Yes

No

parameters
Select start

Evaluate fitness of each

Stop criteria

Apply mutation to
offspring and insert

Recombine offspring by

Select parents from
current genepool and

FIGURE 2.7: Flowchart of basic GA algorithm.
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2.2.1 Selection

In general, there are three approaches to choose individuals from the
current generation for reproduction: tournament selection, fitness proportional
selection, and rank-based selection. In tournament selection, two or more indi-
viduals are randomly selected from the current generation of N genotypes to
compete with each other. The individual with the highest fitness of this set is
the winner and is selected for generating offspring. The process is repeated N
times in order to create the new population. Using tournament selection, the
least fit individual can never be selected.

In fitness proportional selection, the chance of an individual to be selected
is related to its fitness value. The most commonly used method of this type
is roulette wheel selection in which proportions of an imaginary roulette
wheel are distributed in proportion to the relative fitness of an individual.
Figure 2.8 shows an example for N = 3. In this example, the fitness of indi-
vidual 3 is approximately four times higher than the fitness of individual 1,
which means its chance of selection is four times greater than that of indivi-
dual 1. For a population of N individuals, the wheel is spun N times, and
the individual under the pointer is selected. In fitness proportional selec-
tion, all individuals have a chance of selection, but high-fitness individuals
are more likely to be selected because they occupy a larger portion of the
wheel.

However, there is the statistical chance that the actual selected distribution
might not reflect the expected distribution based on the fitness values. If the
selection is too strong, it can lead to premature convergence: the population
would converge before it found the region of the search space that contains
the global optimum. In other words, the exploitation would start before the
search space is fully explored. On the other hand, if the selection is too weak,
it can lead to stalled evolution, which means the search is reduced to randomly
walking through search space.

3

2
1

Before spinning After spinning

3

2

1

FIGURE 2.8: Roulette wheel selection.
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FIGURE 2.9: SUS selection.

These effects are overcome using stochastic universal selection (SUS). Here,
the same roulette wheel is used, but instead of using a single pointer, N equally
spaced pointers are used for a population of N individuals, and the wheel is
spun only once (Figure 2.9).

Instead of using the fitness of an individual for selection, a selective s
value can be used, which is based on the rank position of an individual in the
population (Equation 2.4).

si = Min + (Max − Min)
ranki − 1

N − 1
(2.4)

where

Min: minimum fitness within a generation
Max: maximum fitness within a generation
ranki: rank of individual i within the population in a generation
N : number of individuals within population

So, instead of using the raw fitness to determine the proportion for an
individual, the rank of the individual within the generation is used.

Sometimes the m fittest individuals in a generation are cloned into the
next generation in order to preserve their genetic material. This is known as
elitism.

2.2.2 Crossover

The most important operator in terms of robustness of the algorithm is the
crossover operator. Figure 2.10 shows the one-point crossover operator, which
combines the information of two parents. They are aligned and then both cut
at a randomly chosen crossover point, and the tails are swapped successively.

Instead of a single crossover point, two or more random crossover points
can be used for recombining the genetic information of the parents.
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G(t)

G(t � 1)

a1 a5a4a3a2 a7a6 a8 a9 a11a10 a12

b1 b5b4b3b2 b7b6 b8 b9 b11b10 b12

a1 a5a4a3a2 b7b6 b8 b9 b11b10 b12

b1 b5b4b3b2 a7a6 a8 a9 a11a10 a12

point
Crossover

FIGURE 2.10: Crossover operator.

Another form of crossover is called uniform crossover (Syswerda, 1989).
Here, every component of a parent individual X is randomly passed on either
to offspring A or offspring B. If X passes on its component to A, the position
in B is filled using the component from parent Y, and vice versa.

2.2.3 Mutation

After the genetic information of the parents is recombined using crossover,
mutation is applied to every individual of the new generation. Every bit of the
offspring is inverted (mutated) with probability pm. The mutation operator is
important for restoring lost information and producing a better effectiveness
of the genetic algorithm.

2.2.4 Discussion

The advantages of genetic algorithms are that they use payoff (objective
function) information, not derivatives or other auxiliary knowledge; that is,
they are black-box optimization methods. Genetic algorithms tend to converge
toward the global optimum rather than getting stuck in a local optimum, and
therefore they are very robust. On the other hand, it is not always straightfor-
ward to find the right GA parameters for a particular optimization problem,
such as a suitable genepool size or mutation probability. Also, the efficiency of
genetic algorithms relies heavily on the right coding of the input parameters
(i.e., the chosen mapping function from phenotype to genotype), and they
tend to fail if the inputs of the system are heavily correlated.
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2.2.5 Schemata theorem

Holland provided a theoretical foundation of genetic algorithms—a theo-
retical proof of convergence—which he called the schemata theorem. A schema
is a template for binary strings, but built from a three-letter alphabet con-
taining the symbols *, 0, and 1. The * symbol is the “don’t care” symbol,
which stands for either 0 or 1. Figure 2.11 shows an example of a schema for
chromosomes consisting of 12 bits, of which 3 are set to the don’t care symbol
and the remaining 9 bits are set to fixed values.

The distance between the first and the last fixed bit is called the defined
length of the schema, and the number of fixed bits is called the order of
the schema. Figure 2.12 shows an example of a schema H and the different
instances it represents.

A binary string s is an instance of a schema H if it fits into the template.
Therefore, any binary string of length l does not represent just one candi-
date solution; it is simultaneously an instance of 21 schemata. Consequently,
a genetic algorithm with the genepool of size n tests not only n different solu-
tions but also a high number of different schemata at the same time. This is
known as implicit parallelism in genetic algorithm and provides an explanation
for their effectiveness and efficiency.

According to Holland, the number of instances m of a schema H that
are contained in the population at generation t + 1 can be determined as
follows:

m(H, t + 1) = m(H, t) · f̄(H)
f̄

(2.5)

1 011 00 11 0

FIGURE 2.11: Example of a schema in GA.

1 0

1 0 0 0

1 0 1 0

1 1 0 0
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Instance 1

Instance 2

Instance 3

Instance 4

FIGURE 2.12: Example of a schema H and the instance it represents.
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where:

H: schema or “building block” with at least one instance in the last
generation

m(H, t): number of instances of H at time t
m(H, t + 1): number of instances of H at time t + 1
f̄(H): average fitness of the instances of schema H
f̄ : average fitness of the whole population

This is a simplified version of the schemata theorem because it does not
take into account the effects of the crossover and the mutation operator. How-
ever, it is sufficient to demonstrate the basic idea. A more detailed description
can be found, for example, in Goldberg (1989).

Suppose that a particular schemata H remains above average an amount
c · f̄ with c being a constant factor. Equation 2.4 can be rewritten as
follows:

m(H, t + 1) = m(H, t) · f̄ + c · f̄

f̄
= (1 + c) · m(H, t) (2.6)

Assuming c is stationary and starts at t = 0, Equation 2.5 can be rewritten
as follows:

m(H, t) = m(H, 0) · (1 + c)t (2.7)

It can be seen that this equation is similar to the formula of interest: the
number of instances of a schema H with a fitness above average grows expo-
nentially to generation t. Hence, schemata with good fitness will survive, and
those with a fitness below average will eventually die out. Therefore, the fitter
building blocks (i.e., the better partial solution) will take over the genepool
within finite time. However, the schemata theorem is controversial because it
assumes that the factor c is constant over time.

2.2.6 Coding problem

Traditionally, genetic algorithms use binary strings. However, if an input
variable is coded using standard binary coding, this can lead to the problem
that a small change in the phenotype would require a large number of bits of
the genotype to be inverted. An example of the coding problem is given in
Figure 2.13.

As can be seen from the figure, a step from 310 to 410 requires flipping
3 bits in binary representation, whereas it changes the least significant digit
in decimal representation by only one. One solution is to use gray code (see
Figure 2.14), which has the advantage that only one bit changes between any
two positions; it has a constant Hamming distance of one.
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FIGURE 2.13: Differences between decimal and standard binary code.

Decimal Binary Gray code
0 0000 0000
1 0001 0001
2 0010 0011
3 0011 0010
4 0100 0110
5 0101 0111
6 0110 0101
7 0111 0100
8 1000 1100
9 1001 1101

10 1010 1111

FIGURE 2.14: Gray code.

2.3 Genetic Programming

Genetic programming (GP) was introduced by Koza (1992) and is a
machine learning technique that uses a genetic algorithm for the automated
generation of computer programs. These programs model a system using sam-
ple data provided by that system. A typical application of genetic program-
ming is, for example, symbolic regression.

In genetic programming, the programs are represented as tree structures in
which a node represents an operator and a leaf represents an operand. Often,
GP programs are coded in computer languages like List Processing (LISP)
because they can be used straightforwardly to implement treelike structures.
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x1 x2
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1

sin

FIGURE 2.15: Example of a program represented by a tree.

The operators are chosen for a problem-specific function set, and the operands
are chosen from a problem-specific terminal set. Figure 2.15 shows an example
of a tree representing a program to calculate y = f(x1, x2, x3) = (x1 +x2)/2 ∗
sin(x3).

The function set depends on the problem at hand. It may contain unary or
binary operators and has to be chosen so that the function to be learned can be
approximated as accurately as possible. The terminal set contains variables
and constants and is again problem dependent. In the example above, the
function set contains at least the operators +, /, ∗, and sin, and the terminal
set contains at least the variables x1, x2, x3 and the constant 2. The quality
of a program can be evaluated by applying the training data to the program
and measuring either the average (often quadratic) error or by counting how
many instances of the training set are reproduced correctly by the program.

Genetic programming works similarly to genetic algorithms. It works on a
population of programs, the genepool. The individuals (i.e., the programs) are
randomly created and then evaluated. The algorithm applies genetic operators
to the population in each generation. These operators are selection, crossover,
and mutation.

2.3.1 Selection

All the different selection methods from the GA domain (e.g., fitness
proportional selection, tournament selection) can be employed in genetic
programming.

2.3.2 Crossover

For each of the selected parents, a random node is chosen to be the
crossover point. Figure 2.16 shows two individuals before crossover. The black-
circled nodes are the randomly selected crossover points.
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FIGURE 2.16: Individuals before crossover.
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FIGURE 2.17: Individuals after crossover.

The nodes and their subtrees are subsequently swapped to create the off-
spring individuals (Figure 2.17).

As can be seen from Figures 2.16 and 2.17, the resulting individuals are
quite different from their parent individuals, and hence the crossover operator
is very effective. It can also be seen from the figures that the trees have all
different sizes, which requires variable tree sizes. This is a major difference
from genetic algorithms in which individuals usually have a fixed size.

2.3.3 Mutation

The other genetic operator commonly used in genetic programming is
mutation. Here, either a random node is deleted from the tree or its content
is replaced. In the latter case, it is important to maintain integrity. For exam-
ple, if a binary operator would be replaced by a unary operator, one of the
operands would become obsolete. Figure 2.18 shows an example of mutation.

It can be seen that the operator − is replaced by the operator * in this
example. Because both operators are binary, the integrity is maintained.
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FIGURE 2.18: Example of mutation in GP. a) Individual before mutation.
b) Individual after mutation.

2.4 Evolutionary Approaches for Medical Imaging

Evolutionary techniques can be applied to various medical imaging tasks.
This section presents a few examples.

Once medical images have been captured and are available in digital form,
they typically contain various types of noises and defects. A denoising step is
hence usually necessary to remove these imperfections. A variational approach
for image denoising based on genetic algorithms was introduced by Cannavo
and colleagues (2006). Their approach can also run in parallel on multiple
machines, which significantly reduces the computation time. An evolutionary
approach to denoising color images was developed by Lukac, Plataniotis, and
Venetsanopoulos (2006). They optimize the coefficients of weighted vector
directional filters so as to match varying image and noise characteristics.
A hybrid genetic algorithm–fuzzy logic–based noise removal technique was
proposed by Lee, Guo, and Hsu (2005); the genetic algorithm is responsible
for adjusting the parameters of an image knowledge base. Another hybrid
technique for removing noise in medical images employs a genetic algorithm
coupled with a cellular neural network (Su and Jhang, 2006).

Closely related to denoising is the concept of image enhancement, which
aims to improve the perception or interpretability of all or part of an image.
Genetic algorithms were used to select the optimal image operators for image
enhancement by Pal, Bhandari, and Kundu (1994). A genetic algorithm for
enhancing color images was developed by Shyu and Leou (1998). The authors
form a set of generalized transforms for color image enhancement, while the task
of the genetic algorithm is to identify the optimal set of generalized transforms
from this set. In Poli and Cagnoni (1997), genetic programming was employed
to adapt the color map in images, resulting in global contrast enhancement.

A crucial step of most medical image analysis approaches is image
segmentation; its applications range from background subtraction to
separation of anatomical structures to extraction of areas encompassing single
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cells. Cagnoni, Dobrzeniecki, Poli, and Yanch (1999) developed a GA-based
approach for segmenting medical 3-D images where, based on some initial
segmentations performed by an expert, a genetic algorithm is used to employ
a contour detector. Edge detection of MRI and CT data based on genetic
algorithms was introduced by Gudmundsson, El-Kwae, and Kabuka (1998),
who optimized edge maps by performing certain transformations on edge sub-
structures. Genetic snakes, a GA-based approach of deformable model image
segmentation, was proposed in Ballerini (1998) and applied to fundus images
for detecting diabetic retinopathy. Hill and Taylor (1992) described the use of
genetic algorithms for model-based image interpretation and applied them to
delineate boundaries in echocardiograms.

Medical images often have to be compared to other medical images either
of the same or a different patient, taken simultaneously or at different times,
or using different modalities. For such a comparison to be effective, the
two images must be geometrically aligned, which requires the application
of an image registration algorithm. An early application of genetic algo-
rithms for image registration was investigated in Fitzpatrick, Grefenstette,
and Van Gucht (1984), who applied their technique to angiographic images.
Garai and Chauduri (2002) presented a computationally more efficient genetic
algorithm that starts with a chromosome of small length, representing possi-
ble solutions at low resolution, which are refined in a second stage. GA-based
approaches to registering 3-D volume data were developed in, for example,
Yamany, Ahmed, and Farag (1999) and He and Narayana (2002).

2.5 Conclusions

In this chapter, we provided a brief overview of evolutionary approaches
to optimization. In particular, we discussed genetic algorithms and genetic
programming and their subtasks of selection, crossover, mutation, and cod-
ing. Finally, we offered some pointers on the use of evolutionary techniques
for common medical imaging tasks, such as image enhancement, image seg-
mentation, and image registration.
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This chapter presents a broad overview of rough sets theory and a review
of the current literature on rough sets–based approaches to various prob-
lems in medical imaging, such as medical image segmentation and object
extraction, feature extraction/reduction, and image classification. Rough
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representation of the region of interest and rough image entropy are discussed.
Hybridized rough set frameworks with other computational intelligence tech-
niques, including neural networks, particle swarm optimization, genetic algo-
rithms, support vector machines, and fuzzy sets, are presented. Challenges to
be addressed and future directions of research are also presented.

3.1 Introduction

Computational intelligence techniques and approaches encompass various
paradigms dedicated to approximately solving real-world problems in deci-
sion making, pattern classification, and learning. Prominent among these
paradigms are fuzzy sets, neural networks, genetic algorithms (GAs), deci-
sion trees, rough sets, and a generalization of rough sets called near sets.
Fuzzy sets [121] provide a natural framework for dealing with uncertainty. It
offers a problem-solving tool between the precision of classical mathematics
and the inherent imprecision of the real world. For example, imprecision in a
segmented image can be represented and analyzed using fuzzy sets [55]. Neu-
ral networks [101] provide a robust approach to approximating real-valued,
discrete-valued, and vector-valued functions. The well-known backpropaga-
tion algorithm that uses gradient descent to tune network parameters to best
fit the training set with input–output pair has been applied as a learning tech-
nique for the neural networks. Genetic algorithms [43,47] are stochastic search
techniques based on the principles of evolution. Extensive research has been
performed exploiting the robust properties of genetic algorithms and demon-
strating their capabilities across a broad range of problems. These evolution-
ary methods have gained recognition as general problem-solving techniques in
many applications, including function optimization, image processing, classifi-
cation and machine learning, training of neural networks, and system control.
Other approaches, such as case-based reasoning and decision trees [22,95], are
also widely used to solve data analysis problems. Each of these techniques has
its own properties and features, including the ability to find important rules
and information applicable to the medical field. Each technique contributes
a distinct methodology for addressing problems in its domain in a cooper-
ative rather than competitive manner. The result is a more intelligent and
robust system providing a human-interpretable, low-cost, exact-enough solu-
tion, as compared to traditional techniques. Currently, there is great interest
in the development of an efficient computer-aided diagnosis (CAD) system
that assists the radiologist, the aim being not to replace the radiologist but
to offer a second opinion [7,34]. Consequently, many efforts have been made
to incorporate techniques for image processing. Recently, various published
algorithms have been applied to build a computer-aided analysis system in
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the medical field [20,21,34,35,94]. The most commonly used algorithms are
neural networks, Bayesian classifier, genetic algorithms, decision trees, and
fuzzy theory [93,98,106,107,110,116]. Unfortunately, the techniques developed
have not been sufficient to introduce an efficient computer-aided analysis sys-
tem for clinical use. A survey of the area can be found in Karssemeijer and
others [34].

Rough sets theory, introduced by Zdzisaw Pawlak during the early 1980s
[67–69], offers an approach to granular computing that is part of computa-
tional intelligence [80]. The basic idea underlying the rough sets approach to
information granulation is to discover to what extent a given set of objects
(e.g., pixel windows in an image) approximates another set of objects of inter-
est. Objects are compared by considering their descriptions. An object descrip-
tion is modeled as a vector function, and values represent object features [70].
It is possible for an object feature to be represented by one or more functions,
such as color represented by functions that measure luminance (intensity),
type of color (hue), and purity of color (saturation). This is a fairly new
intelligence technique for managing uncertainty that has been applied to the
medical domain. It is used to discover data dependencies, evaluate the impor-
tance of features, discover the patterns of data, reduce all redundant objects
and features, seek the minimum subset of features, and recognize and clas-
sify objects in medical imaging. Moreover, it is being used for the extraction
of rules from databases. Rough sets have proven useful for representation of
vague regions in spatial data. One advantage of the rough set is the creation of
readable if-then rules. Such rules have the potential to reveal new patterns in
the data material; furthermore, it also collectively functions as a classifier for
unseen data sets. Unlike other computational intelligence techniques, rough
sets analysis requires no external parameters and uses only the information
presented in the given data. One of the nice features of rough sets theory is
that it can tell, on the basis of the data itself, whether or not the data is
complete. If the data are incomplete, it suggests more information about the
objects needed to be collected in order to build a good classification model.
On the other hand, if the data are complete, rough sets can determine whether
there is more than enough or redundant information in the data and can find
the minimum data needed for a classification model. This property of rough
sets is very important for applications in which domain knowledge is very
limited or data collection is very expensive or laborious because it makes sure
the data collected are just good enough to build a good classification model
without sacrificing the accuracy of the classification model or wasting time
and effort to gather extra information about the objects [57,58,60,68].

The objective of this chapter is to present the state of the art in the rough
sets applications to image processing and pattern recognition, particularly
in medical imaging, and to motivate research in trendsetting directions. We
review and discuss some representative methods to provide inspiring exam-
ples of how rough sets might be applied to resolve medical imaging problems
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and how medical images could be analyzed, processed, and characterized by
rough sets. These representative examples include (a) rough representation of
a region of interest (ROI); (b) rough image entropy; (c) rough c-mean cluster-
ing; (d) and rough neural intelligent approach for image classification: a case
of patients with suspected breast cancer.

Section 3.2 explains the basic framework of rough sets theory and defines
some of the key concepts. Section 3.3 introduces rough image processing,
including the rough image, rough representation of an ROI, rough image
entropy, and rough-based medical image applications such as object extraction
and medical image segmentation and clustering. Section 3.4 briefly reviews
the use of rough sets in feature reduction and image classification. Section 3.5
reviews joint rough sets with other intelligent approaches, such as the rough
neural network, rough fuzzy, and rough genetic algorithms. It also describes
using rough neural networks in image mammogram breast cancer analysis.
Section 3.6 discusses other applications of rough sets in the medical domain,
such as for medical image retrieval and medical data mining and decision
systems. Challenges and future trends are addressed in Section 3.7.

3.2 Rough Sets: Foundations

Rough sets theory is a new, intelligent mathematical tool proposed by
Pawlak [57,58,67–69]. It is based on the concept of approximation spaces and
models of the sets and concepts. In rough sets theory, the data are collected in
a table, called a decision table. Rows of a decision table correspond to objects,
and columns correspond to features. In the data set, we assume that a set of
examples with a class label to indicate the class to which each example belongs
are given. We call the class label a decision feature; the rest of the features
are conditional. Let O,F denote a set of sample objects and a set of func-
tions representing object features, respectively. Assume that B ⊆ F , x ∈ O.
Further, let [x]B denote

[x]B = {y : x ∼B y)}
Rough sets theory defines three regions based on the equivalent classes

induced by the feature values: lower approximation BX, upper approximation
BX, and boundary BNDB(X). A lower approximation of a set X contains all
equivalence classes [x]B that are subsets of X, and upper approximation BX
contains all equivalence classes [x]B that have objects in common with X,
while the boundary BNDB(X) is the set BX\BX (i.e., the set of all objects
in BX that are not contained in BX). So, we can define a rough set as any
set with a nonempty boundary.

The indiscernibility relation ∼B (or by IndB) is a mainstay of rough sets
theory. Informally, ∼B is a set of all objects that have matching descriptions.
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Based on the selection of B, ∼B is an equivalence relation that partitions a
set of objects O into equivalence classes (also called elementary sets [67]). The
set of all classes in a partition is denoted by O/ ∼B (also by O/IndB). The set
O/IndB is called the quotient set. Affinities between objects of interest in the
set X ⊆ O and classes in a partition can be discovered by identifying those
classes that have objects in common with X. Approximation of the set X
begins by determining which elementary sets [x]B ∈ O/ ∼B are subsets of X.

We provide a brief explanation of the basic framework of rough sets theory,
along with some of the key definitions. A review of this basic material can be
found in sources such as [56–58,60,68,69,122].

3.2.1 Information system and approximation

Definition 3.1 (Information system). Information system is a tuple
(U, A), where U consists of objects and A consists of features. Every a ∈ A
corresponds to the function a : U → Va, where Va is a’s value set. In applica-
tions, we often distinguish between conditional features C and decision features
D, where C ∩D = ∅. In such cases, we define decision systems (U, C, D).

Definition 3.2 (Indiscernibility relation). Every subset of features
B ⊆ A induces indiscernibility relation:

IndB = {(x, y) ∈ U × U : ∀a∈B a(x) = a(y)}

For every x ∈ U , there is an equivalence class [x]B in the partition of U defined
by IndB.

Due to imprecision that exists in real-world data, there are sometimes
conflicting classification of objects contained in a decision table. Conflicting
classification occurs whenever two objects have matching descriptions but are
deemed to belong to different decision classes. In that case, a decision table
contains an inconsistency.

Definition 3.3 (Lower and upper approximations). In rough sets
theory, the approximations of sets are introduced to deal with inconsistency.
A rough set approximates traditional sets using a pair of sets named the
lower and upper approximations of the set. Given a set B ⊆ A, the lower and
upper approximations of a set Y ⊆U are defined by Equations 3.1 and 3.2,
respectively.

BY =
⋃

x:[x]B⊆X

[x]B (3.1)

BY =
⋃

x:[x]B∩X �=∅
[x]B (3.2)
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Definition 3.4 (Lower approximation and positive region). The posi-
tive region POSC(D) is defined by

POSC(D) =
⋃

X:X∈U/IndD

CX

POSC(D) is called the positive region of the partition U/IndD with respect to
C ⊆ A, that is, the set of all objects in U that can be uniquely classified by
elementary sets in the partition U/IndD by means of C [69].

Definition 3.5 (Upper approximation and negative region). The neg-
ative region NEGC(D) is defined by

NEGC(D) = U −
⋃

X:X∈U/IndD

CX

the set of all objects that can be definitely ruled out as members of X.

Definition 3.6 (Boundary region). The boundary region is the difference
between upper and lower approximations of a set X consisting of equivalence
classes with one or more elements in common with X. It given by the following
formula:

BNDB(X) = BX − BX (3.3)

Figure 3.1 illustrates an example of approximation.

3.2.2 Reduct and core

An interesting question is whether there are features in the information
system (feature–value table) that are more important than other features to
the knowledge represented in the equivalence class structure. Often we wonder
whether there is a subset of features that, by itself, can fully characterize the
knowledge in the database. Such a feature set is called a reduct. Calculation
of reducts of an information system is a key problem in rough sets theory [57,
58,60,68]. We must get reducts of an information system in order to extract
rulelike knowledge from an information system.

X

U 5

RX 5

POSR (X) 5 RX 5

NEGR (X) 5 U 2 RX 5

BNR (X) 5 RX 2 RX 5

1

1

1

RX 5

FIGURE 3.1: Illustrated example of approximation. (From S. Hirano and
S. Tsumoto, 2005. International Journal of Approximate Reasoning, 40: 23–34.
With permission.)
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Definition 3.7 (Reduct). Given a classification task related to the mapping
C → D, a reduct is a subset R ⊆ C such that

γ(C, D) = γ(R, D)

and no proper subset of R satisfies analogous equality.

Definition 3.8 (Reduct set). Given a classification task mapping a set
of variables C to a set of labeling D, a reduct set is defined with respect
to the power set P (C) as the set R ⊆P (C) such that Red = {A ∈P (C) :
γ(A, D) = γ(C, D)}. That is, the reduct set is the set of all possible reducts of
the equivalence relation denoted by C and D.

Definition 3.9 (Minimal reduct). Given a classification task mapping a
set of variables C to a set of labeling D, and R is the reduct set for this problem
space, a minimal reduct R is the reduct such that ‖R‖ ≤ ‖A‖ ,∀A ∈ R. That
is, the minimal reduct is the reduct of least cardinality for the equivalence
relation denoted by C and D.

Definition 3.10 (Core). Attribute c ∈ C is a core feature with respect to D
if and only if it belongs to all the reducts. We denote the set of all core features
by Core(C). If we denote by R(C) the set of all reducts, we can put

Core(C) =
⋂

R∈R(C)

R (3.4)

The computation of the reducts and the core of the condition features from
a decision table is a way of selecting relevant features. It is a global method
in the sense that the resultant reduct represents the minimal set of features
necessary to maintain the same classification power given by the original and
complete set of features. A more straightforward way to select relevant features
is to assign a measure of relevance to each feature and choose the features with
higher values. Based on the generated reduct system, we generate list of rules
that will be used for building the classifier model of the new object with each
object in the reduced decision table (i.e., reduct system) and classify the object
to the corresponding decision class. The calculation of all the reducts is fairly
complex (see [16,20,95,96]).

Nevertheless, in many practical applications, including medical imaging
problems, it is unnecessary to calculate all the reducts. For example, the fol-
lowing heuristic procedure was used to obtain the most satisfactory reduct
[103]. Starting from single features, the one with the greatest quality of classi-
fication is chosen; another feature is appended to the chosen feature, giving the
greatest increase to the quality of classification for the pair of features; then,
yet another feature is appended to the pair, giving the greatest increase to
the quality of classification for the triple; and so on, until the maximal quality
is reached by a subset of features. At the end of this procedure, it should be
verified whether the obtained subset is minimal (i.e., whether elimination of
any feature from this subset keeps the quality unchanged). Then, for further
analysis, it is often efficient to consider a reduced data table in which the set
Q of features is confined to the most satisfactory reduct.
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3.2.3 Degree of dependency

Definition 3.11 (Degree of dependency). The degree of dependency
γ(P, Q) of a set P of features with respect to a set Q of class labeling is
defined as

γ (P, Q) =
|POSP (Q)|

|U | (3.5)

where |S| denotes the cardinality of a set S.

The degree of dependency provides a measure of how important P is in
mapping the data set examples into Q. If γ(P, Q) = 0, then classification Q
is independent of the features in P , so the decision features are of no use to
this classification. If γ(P, Q) = 1, then Q is completely dependent on P , so the
features are indispensable. Values 0< γ(P, Q) < 1 denote partial dependency,
which shows that only some of the features in P may be useful or that the
data set was flawed to begin with. In addition, the complement of γ(P, Q)
gives a measure of the contradictions in the selected subset of the data set.
It is now possible to define the significance of a feature by calculating the
change of dependency when removing the feature from the set of considered
conditional features.

3.2.4 Significance of the features

The significance of features enables us to evaluate features by assigning
a real number from the closed interval [0, 1], expressing the importance of a
feature in an information table. The significance of a feature a in a decision
table DT can be evaluated by measuring the effect of removing feature a in
C from feature set C on a positive region defined by the table DT . As shown
in Definition 3.9, the number γ(C, D) expresses the degree of dependency
between features C and D or accuracy of approximation of U/D by C.

Definition 3.12 (Significance). For any feature a ∈ C, we define its signif-
icance ζ with respect to D as follows:

ζ(a, C, D) =

∣∣POSC\{a}(D)
∣∣

|POSC(D)| (3.6)

Definitions 3.7 through 3.12 are used to express the importance of partic-
ular features in building the classification model. For a comprehensive study,
refer to Swiniarski and Skowron [97]. As an importance measure, we can use
frequency of occurrence of features in reducts. We can also consider vari-
ous modifications of Definition 3.7—for example, approximate reducts, which
preserve information about decisions only to some degree [95]. Further, pos-
itive region in Definition 3.4 can be modified by allowing for approximate
satisfaction of inclusion [x]C ⊆ [x]D, as proposed, for example, in the vari-
able precision rough sets (VPRS) model [122]. Finally, in Definition 3.2, the
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meaning of IND(B) and [x]B can be changed by replacing equivalence relation
with similarity relation, especially useful in considering numeric features. For
further reading, refer to Pawlak [57] and Polkowski [60].

3.2.5 Decision rules

In the context of supervised learning, an important task is the discovery of
classification rules from the data provided in the decision tables. The decision
rules not only capture patterns hidden in the data but can also be used to
classify new, unseen objects. Rules represent dependencies in the data set
and represent extracted knowledge that can be used when classifying new
objects not in the original information system. When the reducts are found,
the job of creating definite rules for the value of the decision feature of the
information system is practically done. To transform a reduct into a rule,
we simply bind the condition feature values of the object class from which
the reduct originated to the corresponding features of the reduct. Then, to
complete the rule, a decision part comprising the resulting part of the rule is
added. This is done in the same way as for the condition features. To classify
objects, which have never been seen before, rules generated from a training set
are used. These rules represent the actual classifier. This classifier is used to
predict to which classes new objects are attached. The nearest matching rule
is determined as the one whose condition part differs from the feature vector
of reimage by the minimum number of features. When there is more than one
matching rule, we use a voting mechanism to choose the decision value. Every
matched rule contributes votes to its decision value, which are equal to the
t times the number of objects matched by the rule. The votes are added,
and the decision with the largest number of votes is chosen as the correct
class. Quality measures associated with decision rules can be used to eliminate
some of the decision rules. Such quality measures include support, strength,
accuracy, and coverage (see [59]).

3.3 Rough Image Processing

Rough image processing is the collection of all approaches and techniques
that understand, represent, and process the images, their segments, and their
features as rough sets [112]. In grayscale images, boundaries between object
regions are often ill defined because of grayness and/or spatial ambiguities
[98,99]. This uncertainty can be handled by describing the different objects
as rough sets with upper (or outer) and lower (or inner) approximations. The
concepts of upper and lower approximation can be viewed, respectively, as
outer and inner approximations of an image region in terms of granules. Pal,
Shankar, and Mitra [99] defined the rough image as follows:
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Definition 3.13 (Rough image). Let the universe U be an image consisting
of a collection of pixels.Then, if we partitionU into a collection of nonoverlapping
windows of size mn, each window can be considered as a granule G. Given this
granulation, object regions in the image can be approximated by rough sets.

A rough image is a collection of pixels and the equivalence relation induced
partition of an image into sets of pixels using within each non-overlapping win-
dow over the image. With this definition, the roughness of various transforms
(or partitions) of the image can be computed using image granules for windows
of different sizes.

3.3.1 Rough representation of a region of interest

An ROI is a selected subset of samples within an image identified for a
particular purpose, such as the boundaries of an object in a 2-D image and the
contours or surfaces outlining an object in a volume data set. The concept of
an ROI is commonly used in medical imaging. For example, the boundaries of a
tumor may be defined on an image or in a volume for the purpose of measuring
its size. The endocardial border may be defined on an image, perhaps during
different phases of the cardiac cycle—say, end systole and end diastole—for
the purpose of assessing cardiac function.

Hirano and Tsumoto [26] introduced the rough direct representation of
ROIs in medical images. The main advantage of this method is its ability
to represent inconsistency between the knowledge-driven shape and image-
driven shape of an ROI using rough approximations. The method consists
of three steps including preprocessing: (1) derive discretized feature values
that describe the characteristics of an ROI; (2) build up the basic regions
in the image using all features so that each region includes voxels that are
indiscernible on all features; and (3) construct an ideal shape of the ROI and
approximate it by the basic categories according to the given knowledge about
the ROI. Then the image is split into three regions, or sets of voxels, that are

1. Certainly included in the ROI (positive region)

2. Certainly excluded from the ROI (negative region)

3. Possibly included in the ROI (boundary region)

The ROI is consequently represented by the positive region associated with
some boundary regions. In the experiments, we show the result of implement-
ing a rough image segmentation system.

Hirano and Tsumoto [29,37] described the procedures for rough representa-
tion of ROIs under single and multiple types of classification knowledge. Usu-
ally, the constant variables defined in the prior knowledge, for example some
threshold values, do not meet the exact boundary of images due to inter-image
variances of the intensity. The approach tries to roughly represent the shape
of the ROI by approximating the given shapes of the ROI by the primitive
regions derived from features of the image itself. It is reported that the
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simplest case is one in which we have information only about intensity range
of the ROI. In this case, intensity thresholding is a conventional approach
to obtain the voxels that fall into the given range. Let us denote the lower
and upper thresholds by ThL and ThH, respectively. Then the ROI can be
represented by

ROI = {x(p) | ThL ≤ I(x)P ≤ ThP } (3.7)

where x(p) denotes a voxel at location p, and I(x(p)) denotes intensity of
voxel x(p).

Figure 3.2 illustrates the concept of rough ROI representation. The left
image is an original grayscale image. Suppose that the ROIs are three black
circular regions: ROI1, ROI2, and ROI3. Also suppose that we know the lower
threshold value ThL of the ROIs, derived from some knowledge base. With
this knowledge, we can segment an ideal ROI XRÔI as follows:

X ˆROI = {x(p) | ThL ≤ I(p)} (3.8)

However, XRÔI does not correctly match the expected ROIs because ThL

was too small to separate the ROIs. ThL is a global threshold determined on
the other sets; therefore, it should not be directly applied to this image. Then,
represent the possible boundary of the ROIs according to the low-level feature
of this image; for more details see Hirano and Tsumoto [26].

3.3.2 Rough image entropy

The entropy-based information theoretic approach has recently received
considerable interest in image analysis, such as in image registration [30].
Previous work on entropic thresholding is based on Shannon entropy. The
idea is to calculate Shannon entropy based on a co-occurrence matrix and use
it as a criterion for selecting an appropriate threshold value. The approach
using relative entropy for image thresholding has been shown very competitive
compared to Pal and Pal’s methods [124] (1991) in which the relative entropy is

ROI1 ROI2

ROI3

C1

C2 C3 C4 C5 C6

C7

C8

C9

C10
NEGR (XROI')

(XROI')

XROI'XROI'

BNR (XROI')

POSR

FIGURE 3.2: Rough ROI representation. Left: an original image. Middle:
elementary categories C1C9. Right: roughly segmented ROI. (From S. Hirano
and S. Tsumoto, 2005. International Journal of Approximate Reasoning, 40:
23–34. With permission.)
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chosen to be a thresholding criterion of measuring mismatch between an image
and a thresholded image. Currently, various published approaches use relative
entropy and apply it to medical images, multispectral imagery, temporal image
sequences, multistage thresholding, and segmentation.

Pal, Shankar, and Mitra [99] presented a new definition of image entropy in
a rough sets theoretic framework and its application to the problem of object
extraction from images by minimizing both object and background roughness.
Granules carry local information and reflect the inherent spatial relation of
the image by treating pixels of a window as indiscernible or homogeneous.
Maximization of homogeneity in both object and background regions during
their partitioning is achieved through maximization of rough entropy, thereby
providing optimum results for object background classification.

Definition 3.14 (Rough image entropy). Rough image entropy (RIE)
[99] is defined by

RIE = −e

2
[ROT

loge(ROT
) + RBT

loge(RBT
)] (3.9)

Pal, Shankar, and Mitra [99] noted that the value of RIE lies between 0 and
1 and has a maximum value of unity when ROT

=RBT
= 1

e and a minimum
value of zero when ROT

, RBT
∈ {0, 1}.

Figure 3.3 shows plot of rough entropy for various values of roughness of
the object and background.

Pal, Shankar, and Mitra [99] reported that a maximization of homogeneity
in both object and background regions during their partitioning is achieved
through maximization of rough entropy, thereby providing optimum results
for object-background classification. Also, maximization of the rough entropy
measure minimizes the uncertainty arising from vagueness of the boundary
region of the object. Therefore, for a given granule size, the threshold for
object-background classification can be obtained through its maximization
with respect to different image partitions. The rough entropy concepts may
be suitable for many applications in image processing, particularly for feature
extraction and image segmentation, such as feature extraction in mammo-
gram images and identification of lymphomas by finding follicles in microscopy
images.

3.3.3 Rough sets for object extraction

Identification of anatomical features is a necessary step for medical image
analysis. Automatic methods for feature identification using conventional pat-
tern recognition techniques typically classify an object as a member of a prede-
fined class of objects but do not attempt to recover the exact or approximate
shape of that object. Therefore, such techniques are usually not sufficient to
identify the borders of organs when individual geometry varies in local detail,
even though the general geometrical shape is similar.
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FIGURE 3.3: Rough entropy for various values. (From S. K. Pal, B. U.
Shankar, and P. Mitra, 2005. Pattern Recognition Letters, 26(16): 2509–17.
With permission.)

Pal, Shankar, and Mitra [99] demonstrated a new application of rough sets
for object extraction from grayscale images. In grayscale images, boundaries
between object regions are often ill defined. This uncertainty can be handled
by describing the different objects as rough sets with upper (outer) and lower
(inner) approximations. The set approximation capability of rough sets is
exploited in the present investigation to formulate an entropy measure, called
rough entropy, quantifying the uncertainty in an object-background image.
They viewed the object and background as two sets with their rough repre-
sentation by computing the inner approximation of the object (Q

T
), outer

approximation of the object (QT ), inner approximation of the background
(BT ), and outer approximation of the background (BT ) as follows:

Q
T

=
⋃

Gi|pj > T, ∀j = 1, ..., mn (3.10)

QT =
⋃

Gi,∃j, pj > T, j = 1, ..., mn (3.11)

BT =
⋃

Gi|Pj > T, ∀j = 1, ..., mn (3.12)

BT =
⋃

Gi,∃j, pj ≤ T, j = 1, ..., mn (3.13)

where pj is a pixel in Gi. The rough set representation of the image for a given
Imn depends on the value of T .



60 Medical Imaging Techniques and Applications

Pal, Shankar, and Mitra [99] define the roughness (R) of the object OT

and the background BT as follows:

ROT
= 1 −

∣∣∣Q
T

∣∣∣∣∣QT

∣∣ (3.14)

RBT
= 1 − |BT |∣∣BT

∣∣ (3.15)

where | | is the cardinality of the set.
The method may be suitable for many applications in image processing,

such as for automatically identifying the myocardial contours of the heart,
segmenting knee tissues in CT images, and segmenting brain tissues in MR
images.

3.3.4 Rough sets in medical image segmentation
and clustering

Image segmentation is one of the most critical steps in image analysis and
understanding; therefore, it has been the subject of considerable research over
the last four decades. During this time, we have witnessed a tremendous devel-
opment of new, powerful instruments for detecting, storing, transmitting, and
displaying images, but automatic segmentation has remained a challenging
problem. This shortcoming is evident in medical applications, where image
segmentation is particularly difficult due to restrictions imposed by image
acquisition, pathology, and biological variation. Biomedical image segmenta-
tion is a sufficiently complex problem that no single strategy has proven to
be completely effective. Due to the complex nature of biomedical images, it is
practically impossible to select or develop automatic segmentation methods of
a generic nature that can be applied to any type of images (e.g., to both micro-
and macroscopic images, cytological and histological images, MRI and X-ray).
Medical image segmentation is an indispensable process in the visualization
of human tissues. However, medical images always contain a large amount of
noise caused by operator performance, equipment, and environment, which
leads to inaccuracy with segmentation. A robust segmentation technique is
required.

The basic idea behind segmentation-based rough sets is that while some
cases may be clearly labeled as being in a set X (called the positive region
in rough sets theory), and some cases may be clearly labeled as not being
in set X (the negative region), limited information prevents us from labeling
all possible cases clearly. The remaining cases cannot be distinguished and
lie in what is known as the boundary region. Some effort has been made to
use rough sets in image segmentation, particularly in medical segmentation
problems.
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Peters and Borkowski [79] presented a new form of indiscernibility relation
based on k-means clustering of pixel values. The end result is a partitioning of
a set of pixel values into bins that represent equivalence classes. The proposed
approach makes it possible to introduce a form of upper and lower approxima-
tion specialized relative to sets of pixel values. This approach is particularly
relevant to a special class of digital images for power-line ceramic insulators.
Until now, the problem of determining when a ceramic insulator needs to be
replaced has relied on visual inspection. With the k-means indiscernibility
relation, faulty ceramic insulators can be automatically detected. The contri-
bution of this work is the introduction of an approach to classifying power-line
insulators based on a rough sets method and k-means clustering in analyzing
digital images. The indiscernibility relation based on k-means clustering of
pixel values may prove useful in many medical imaging applications.

Among the many difficulties in segmenting MRI data, the partial volume
effect (PVE) arises in volumetric images when more than one tissue type
occurs in a voxel. In many cases, the voxel intensity depends not only on the
imaging sequence and tissue properties but also on the proportions of each
tissue type present in the voxel. Widz, Revett, and Ślȩzak [114,115] discussed
the PVE problem in the segmentation of magnetic resonance imaging data
that entails assigning tissue class labels to voxels. They employ the rough
sets to automatically identify the PVE, which occurs most often with low-
resolution imaging with large voxels.

Kobashi, Kondo, and Hata [36] and Matsuura and others [46] intro-
duced rough sets to treat nominal data based on concepts of categorization
and approximation in medical image segmentation. The proposed cluster-
ing method extracts features of each pixel by using thresholding and label-
ing algorithms. Thus, the features are given by nominal data. The ability
of the proposed method was evaluated by applying it to human brain MRI
images.

An interesting strategy for color image segmentation using rough sets the-
ory was presented by Mohabey and Ray [52]. A new concept of encrustation
of the histogram, called histon, was proposed for the visualization of multi-
dimensional color information in an integrated fashion, and its applicability
in boundary region analysis was shown. The histon correlates with the upper
approximation of a set such that all elements belonging to this set are clarified
as possibly belonging to the same segment or segments showing similar color
value. The proposed encrustation provides a direct means of segregating a pool
of inhomogeneous regions into its components. Experimental results for vari-
ous images were presented in their work. They extended their work to intro-
duce a hybrid rough sets theoretic approximation and fuzzy c-means (FCM)
algorithm for color image segmentation [53]. They segmented natural images
with regions having gradual variations in color value. The technique extracts
color information regarding the number of segments and the segments’ center
values from the image itself through rough sets theoretic approximations and
presents it as input to an FCM block for the soft evaluation of the segments.
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The performance of the algorithm has been evaluated on various natural and
simulated images.

Although many clustering algorithms [40] have been developed and applied
in medical imaging problems, most of them cannot process objects in hybrid
numerical/nominal feature space or with missing values. In many of them, the
number of clusters has to be manually specified while the clustering results
are sensitive to the input order of the objects to be clustered. These limit
applicability of the clustering and reduce the quality of clustering. To solve
this problem, an improved clustering algorithm based on rough sets theory
and entropy theory was presented by Chena and Wang [9]. It aims to avoid
the need to pre-specify the number of clusters while also allowing clustering
in both numerical and nominal feature space with the similarity introduced to
replace the distance index. At the same time, the rough sets theory endows the
algorithm with the function to deal with vagueness and uncertainty in data
analysis. Shannon entropy was used to refine the clustering results by assigning
relative weights to the set of features according to the mutual entropy values.
A novel measure of clustering quality was also presented to evaluate the clus-
ters. The experimental results confirm that performances of efficiency and
clustering quality of this algorithm are improved.

Widz, Revett, and Ślȩzak [114,115] introduced an automated multispectral
MRI segmentation technique based on approximate reducts derived from the
theory of rough sets. They utilized the T1, T2, and PD MRI images from a
simulated brain database as a gold standard to train and test their segmen-
tation algorithm. The results suggest that approximate reducts, used alone
or in combination with other classification methods, may provide a novel and
efficient approach to the segmentation of volumetric MRI data sets. Segmen-
tation accuracy reaches 96% for the highest resolution images and 89% for
the noisiest image volume. They tested the resultant classifier on real clinical
data, which yielded an accuracy of approximately 84%.

3.3.5 Adaptation of C-means to rough sets theory

C-means clustering is an iterative technique used to partition an image into
c clusters. FCM is one of the most commonly used fuzzy clustering techniques
for degree-estimation problems, especially in medical image processing [1,3].
Lingras [43] described modifications of clustering based on genetic algorithms,
the k-means algorithm, and Kohonen self-organizing maps (SOMs). These
modifications make it possible to represent clusters as rough sets. In their
work, Lingras and West established a rough k-means framework and extended
the concept of c-means by viewing each cluster as an interval or rough set [41].
Here is a brief summary of their pioneer clustering work.

K-means clustering is one of the most popular statistical clustering tech-
niques used in segmentation of medical images [8,18,54,79,113,118]. The name
k-means originates from the means of the k clusters that are created from n
objects. Let us assume that the objects are represented by m-dimensional
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vectors. The objective is to assign these n objects to k clusters. Each of the
clusters is also represented by an m-dimensional vector, which is the cen-
troid or mean vector for that cluster. The process begins by randomly choos-
ing k objects as the centroids of the k clusters. The objects are assigned to
one of the k clusters based on the minimum value of the distance d(v, x)
between the object vector v = (v1, . . . , vj , . . . , vm) and the cluster vector
x = (x1, . . . , xj , . . . , xm). After the assignment of all the objects to various
clusters, the new centroid vectors of the clusters are calculated as

xj =
∑

v∈x vj

SOC
, where 1 ≤ j ≤ m (3.16)

where SOC is the size of cluster x.
According to Lingras [43], incorporating rough sets into k-means clustering

requires the addition of the concept of lower and upper bounds. Calculation
of the centroids of clusters from conventional k-means must be modified to
include the effects of lower as well as upper bounds. The modified centroid
calculations for rough sets are then given by

cenj = Wlow ×
∑

v∈R(x)

|R(x)| + wup ×
∑

v∈(BNR(x))

|BNR(x)| (3.17)

where 1 ≤ j ≤ m. The parameters wlower and w(upper) correspond to the rela-
tive importance of lower and upper bounds, and wlow + wup = 1. If the upper
bound of each cluster were equal to its lower bound, the clusters would be
conventional clusters. Therefore, the boundary region BNR(x) will be empty,
and the second term in the equation will be ignored. Thus, the above equa-
tion will reduce to conventional centroid calculations. The next step in the
modification of the k-means algorithms for rough sets is to design criteria
to determine whether an object belongs to the upper or lower bound of a
cluster.

Mitra [47] proposed an evolutionary rough c-means clustering algorithm.
Genetic algorithms are employed to tune the threshold and relative impor-
tance of upper and lower approximations of the rough sets modeling the
clusters. The Davies-Bouldin clustering validity index is used as the fitness
function, which is minimized while arriving at an optimal partitioning. A com-
parative study of its performance is made with related partitive algorithms.
The effectiveness of the algorithm is demonstrated on real and synthetic data
sets, including microarray gene expression data from bioinformatics. In the
same study, the author noted that the parameter threshold measures the rela-
tive distance of an object Xk from a pair of clusters having centroids cenimi
and cenj . The smaller the value of threshold, the more likely is Xk to lie
within the rough boundary (between upper and lower approximations) of a
cluster. This implies that only those points that definitely belong to a cluster
(lie close to the centroid) occur within the lower approximation. A large value
of threshold implies a relaxation of this criterion, such that more patterns are
allowed to belong to any of the lower approximations. The parameter wlow
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controls the importance of the objects lying within the lower approximation
of a cluster in determining its centroid. A lower wlow implies a higher wup and
hence an increased importance of patterns located in the rough boundary of
a cluster toward the positioning of its centroid.

The rough c–k-mean is a new challenge for use in MR and mammogram
image segmentation as an aid to small lesion diagnosis and can effectively
remove the influence of tiny details and noise.

3.4 Rough Sets in Feature Reduction and Image
Classification

In image processing, raw images represented by the gray levels of the pixels
are usually transformed to features that can better capture the characteristics
of the images in the preprocessing phase. Texture features are often used in
image classification and segmentation. In particular, texture features proposed
by Haralick [24] are typically computed from the gray-level co-occurrence
matrices and then used to classify each pixel for its type. Feature selection
is an important step in the preprocessing since there are numerous potential
features, some of which might be irrelevant or unimportant. Not only can
reducing features speed up the processing time and possibly improve the clas-
sification accuracy, it also allows us to use classification methods that are not
good at processing high-dimensional data, such as neural networks and sup-
port vector machines (SVMs). Feature selection aims to determine a minimal
feature subset from a problem domain while retaining a suitably high accuracy
in representing the original features. Rough sets theory enables the discovery
of data dependencies and the reduction of the number of features contained
in a data set or extracted from images using the data alone, requiring no
additional information (see [68]).

The computation of the core and reducts from a rough sets decision table
is a way of selecting relevant features [16,20,95,96]. It is a global method in
the sense that the resultant reducts represent the minimal sets of features
necessary to maintain the same classification power given by the original and
complete set of features. A more straightforward manner for selecting relevant
features is to assign a measure of relevance to each feature and choose the
features with higher values. Based on the reduct system, we can generate
the list of rules that will be used for building the classifier model for the
new objects. Reduct is an important concept in rough sets theory, and data
reduction is a main application of rough sets theory in pattern recognition
and data mining because finding the minimal reduct of an information system
is often difficult.

Since rule induction methods generate rules whose lengths are the shortest
for discrimination between given classes, they tend to generate rules too short
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for medical experts. Thus, these rules are difficult for the experts to interpret
from the viewpoint of domain knowledge. Tsumoto [106] introduced the
characteristics of experts’ rules and proposed a new approach to generate diag-
nostic rules using a rough sets and medical diagnostic model. The approach
focuses on the hierarchical structure of differential diagnosis and consists of
three procedures: (1) the characterization of decision features (given classes)
is extracted from databases and the classes are classified into several gener-
alized groups with respect to the characterization; (2) two kinds of subrules,
classification rules for each generalized group and rules for each class within
each group, are induced; and (3) those two parts are integrated into one rule
for each decision feature. His proposed approach was evaluated on a medical
database, the experimental results of which show that induced rules correctly
represent experts’ decision processes.

Many researchers have worked to develop efficient algorithms to com-
pute useful feature extraction and reduction of information systems and to
develop mutual information and discernibility matrix–based feature reduction
methods. These techniques have been successfully applied to the medical
domain [104,120].

Wojcika [123] approached the nature of a feature recognition process
through the description of image features in terms of the rough sets. Since
the basic condition for representing images must be satisfied by any recogni-
tion result, elementary features are defined as equivalence classes of possible
occurrences of specific fragments existing in images. The names of the equiv-
alence classes (defined through specific numbers of objects and numbers of
background parts covered by a window) constitute the best lower approxima-
tion of window contents (i.e., names of recognized features). The best upper
approximation is formed by the best lower approximation, its features, and
its parameters, all referenced to the object fragments situated in the window.
The rough approximation of shapes is resistant to accidental changes in the
width of contours and lines and to small discontinuities and, in general, to
possible positions or changes in shape of the same feature. The rough sets are
utilized also on the level of image processing for noiseless image quantization.
This initiative study may be useful in many areas of medical image processing,
including filtering, segmentation, and classification.

Swiniarski and Skowron [109] presented applications of rough sets meth-
ods for feature selection in pattern recognition. They emphasize the role of
the basic constructs of a rough sets approach in feature selection, namely,
reducts and their approximations, including dynamic reducts. Their algorithm
for feature selection is based on an application of a rough sets method to the
result of principal components analysis (PCA) used for feature projection and
reduction. Their work presents many experiments, including face and mammo-
gram recognition experiments. In their study, 144 mammogram images were
selected for recognition experiments using the Mammography Image Anal-
ysis Society (MIAS) Mini-Mammographic Database, with 1024 × 1024 pixel
images [50]. The database contains three types of class-labeled images: normal,
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benign (abnormal), and malignant (abnormal). For each abnormal image, the
coordinates of center of abnormality and proximate radius (in pixels) of a cir-
cle enclosing the abnormality are given. For classifications, the center locations
and radii apply to clusters rather than to the individual classifications. They
have provided an experiment of recognition of normal and abnormal images
(two category classification). This set was divided into 128 case training sets
and 16 case test sets. From the original 1024-pixel grayscale mammographic
image, they extracted a 64 × 64 pixel subimage around the center of abnor-
mality (or at the average coordinate for normal cases). They concluded that
the rough sets methods have the ability to significantly reduce the pattern
dimensionality and to be viable image-mining techniques as a front end of
neural network classifiers.

Wang [15,16] studied the relationship of the definitions of rough reduction
in algebra view and information views. Some relationships, such as inclu-
sion relationship under some conditions and equivalence relationship under
other conditions, are presented. The inclusion relationship between the feature
importance defined in algebra view and information view is presented also. For
example, the reduction under algebra view is equivalent to the reduction under
information view if the decision table is consistent. Otherwise, the reduction
under information view will include the reduction under algebra view. These
results will be useful for designing further heuristic reduction algorithms.

Hu, Yu, and Xie [17] proposed an information measure for computing dis-
cernibility power of a crisp equivalence relation or a fuzzy one, which is the
key concept in classical rough sets and fuzzy-rough sets models. Based on the
information measure, a general definition of significance of nominal, numeric,
and fuzzy features is presented. They redefine the independence of a hybrid
feature subset, reduct, and relative reduct. Then two greedy reduction algo-
rithms for unsupervised and supervised data dimensionality reduction based
on the proposed information measure are constructed. It is reported that the
reducts founded by the proposed algorithms get a better performance than do
classical rough sets approaches.

Lymphoma is a broad term encompassing a variety of cancers of the lym-
phatic system. Lymphoma is differentiated by the type of cell that multiplies
and how the cancer presents itself. An exact diagnosis regarding lymphoma is
important for determining the most effective treatments for the patient’s con-
dition. Milan and others [51] focused on the identification of lymphomas by
finding follicles in microscopy images provided by the Laboratory of Pathology
in the University Hospital of Tenerife, Spain. The study contains two stages:
in the first stage, they did image preprocessing and feature extraction; and in
the second stage, they used different rough sets approaches for pixel classifi-
cation. These results were compared to decision tree results. The results they
got are very promising and show that symbolic approaches can be successful
in medical image analysis applications.

Pham [90] presented a rough sets–based medical decision support system
for tumor, node, metastases (TNM, i.e., tumor characteristics, lymph node



Rough Sets in Medical Imaging: Foundations and Trends 67

involvement, and distant metastatic lesions) classification aiming to distin-
guish low- and high-risk patients. The system also explains the decision in
the form of if-then rules and in this manner performs data mining and new
knowledge discovery. The introduced system was reported to have the best
classification performance, robust and not dependent on the database size and
the noise. The accuracy was almost 80%, which is comparable to the accu-
racy of physicians and much better than obtained with more conventional
discriminant analysis (62% and 67%).

Microcalcification on x-ray mammogram is a significant mark for early
detection of breast cancer. Texture analysis methods can be applied to detect
clustered microcalcification in digitized mammograms. In order to improve
the predictive accuracy of the classifier, the original number of feature sets
is reduced into a smaller set using feature reduction techniques. Thangavel,
Karnan, and Pethalakshmi [111] introduced rough sets–based reduction algo-
rithms such as decision relative discernibility–based reduction, a heuristic
approach, the Hus algorithm, quick reduct (QR), and VPRS to reduce the
extracted features. The performances of all the introduced algorithms are
compared. The gray-level co-occurrence matrix (GLCM) is generated for each
mammogram to extract the Haralick features as a feature set. The rough
reduction algorithms are tested on 161 pairs of digitized mammograms from
the MIAS database [50].

Cyran and Mrózek [33] showed how rough sets can be applied to improve
the classification ability of a hybrid pattern recognition system. The system
consists of a feature extractor based on a computer-generated hologram (CGH).
Although extracted features are shift, rotation, and scale invariant, they can be
optimized. Their work presented an original method of optimizing the feature
extraction abilities of a CGH. The method uses rough sets theory to measure the
amount of essential information contained in the feature vector. This measure is
used to define an objective function in the optimization process. Since rough sets
theory–based factors are not differentiable, they use a nongradient approach
for a search in the space of possible solutions. Finally, rough sets theory is
used to determine decision rules for the classification of feature vectors. The
proposed method is illustrated by a system recognizing the class of speckle
pattern images indicating the class of distortion of optical fibers.

Jiang and colleagues [31] developed a joining associative classifier (JAC)
algorithm using the rough sets theory to mine digital mammography. The
experimental results showed that the JAC performed at 77.48% of clas-
sifying accuracy, which is higher than the 69.11% obtained using asso-
ciative classifier only. At the same time, the number of rules decreased
significantly.

Slowinski, Stefanowski, and Siwinski [29] discussed a process of analyzing
medical diagnostic data by means of the combined rule induction and rough
sets approach. The first step of this analysis includes the use of various tech-
niques for discretization of numerical features. Rough sets theory is applied
to determine feature importance for the patients’ classification. The novel
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contribution concerns considering two different algorithms inducing either a
minimum or satisfactory set of decision rules. Verification of classification
abilities of these rule sets is extended by an examination of sensitivity and
specificity measures, and a comparative study of these composed approaches
against other learning systems is discussed. The approach is illustrated on
a medical problem concerning anterior cruciate ligament (ACL) rupture in
a knee. The patients are described by features coming from anamnesis, MR
examinations, and verified by arthroscopy. Reportedly, the clinical impact of
this research indicates two features, PCL index and age, and their specific
values that could support a physician’s decision not to perform arthroscopy
for some patients.

3.5 Joint Rough Sets with Other Intelligent
Approaches

Intelligent systems comprise various paradigms dedicated to approxi-
mately solving real-world problems (e.g., in decision making, classification,
or learning); among these paradigms are fuzzy sets, neural networks, decision
trees, and rough sets algorithms. Combination of computational intelligence
techniques in pattern recognition, particularly in medical imaging problems,
has become one of the most important areas of research [102].

3.5.1 Neural networks with rough sets

Neural networks demonstrates a strong ability to solve complex problems
for medical image processing. But neural networks cannot tell the redundant
information from huge amounts of data, which will easily lead to problems
such as too complex a network structure, long training time, low converging
speed, and excessive computation. Much successful research has focused on
these problems. For example, Hassanien and Ślȩzak [23] introduced a rough
neural approach for rule generation and image classification. Algorithm 3.1
describes the steps of the rule generation. Hybridization of intelligent comput-
ing techniques has been applied to see their ability and accuracy to classify
breast cancer images into malignant or benign cases. Algorithms based on
fuzzy image processing are first applied to enhance the contrast of the whole
original image, to extract the ROI, and to enhance the edges surrounding
that region. Then, they extract features characterizing the underlying texture
of the ROIs by using the GLCM. Then, the rough set approach to feature
reduction and rule generation is presented. Finally, the rough neural network
is designed for discrimination of different ROIs to test whether they represent
malignant cancer or benign growth. The rough neural network is built
from rough neurons, each of which can be viewed as a pair of subneurons
corresponding to the lower and upper bounds. To evaluate performance of the
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Algorithm 3.1 Rule generation.
Input: Decision system (U, C, D)

Decision reduct R ⊆ C; R = {a1, ...am}; m = |R|
Output: The set of decision rules RULES (R) generated for R

1: for u ∈ U do
2: for ai ∈ R do
3: vi = ai(u);
4: end for
5: vd = d(u);
6: RULES(R) = RULES(R) ∪ {a1 = v1 ∧ . . . ∧ am = vm → d = vd};
7: end for
8: Return RULES (R)

presented rough neural approach, they run tests over different mammogram
images. In their experiments, results show that the overall classification accu-
racy offered by the rough neural approach is high compared with other intel-
ligent techniques.

The rough neural networks [39,81,82] used in Hassanien and Ślȩzak’s study
[23] consist of one input layer, one output layer, and one hidden layer. The
input layer neurons accept input from the external environment. The outputs
from the input layer neurons are fed to the hidden layer neurons. The hidden
layer neurons feed their output to the output layer neurons, which send their
output to the external environment.

The number of hidden neurons is determined by the following inequality
[10,27]:

Nhn ≤ Nts ∗ Te ∗ Nf

Nf + No
(3.18)

where Nhn is the number of hidden neurons, Nts is the number of training
samples, Te is the tolerance error, Nf is the number of features, and No is the
number of the output.

The output of a rough neuron is a pair of upper and lower bounds, while
the output of a conventional neuron is a single value. Rough neuron was
introduced in 1996 by Lingras [39]. It was defined relative to upper bound
(Un) and lower bound (Ln), and inputs were assessed relative to boundary
values. Rough neuron has three types of connections: input–output connection
to Un, input–output connection to Ln, and connection between Un and Ln.

Definition 3.15 (Rough neuron). A rough neuron Rn is a pair of usual
rough neurons Rn = (Un, Ln), where Un and Ln are the upper rough neuron
and the lower rough neuron, respectively.

Let (IrLn , OrLn) be the input/output of a lower rough neuron and
(IrUn , OrUn) be the input/output of an upper rough neuron. Calculation of
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the input/output of the lower/upper rough neurons is given as follows:

IrLn =
n∑

j=1

wLnj Onj (3.19)

IrUn
=

n∑
j=1

wUnj
Onj (3.20)

OrLn
= min(f(IrLn), f(IrUn

)) (3.21)

OrUn = max(f(IrLn), f(IrUn)) (3.22)

The output of the rough neuron (Orn) will be computed as follows:

Orn =
OrUn

− OrLn

avarge(OrUn
, OrLn)

(3.23)

In Hassanien and Ślȩzak’s experiments [23], the segmentation performance
is measured by the value of accuracy as defined below, and the average of seg-
mentation accuracy achieved by the reported algorithm is 97%, which means
that it is robust enough.

SA =
MP

TNP
(3.24)

where SA, MP , and TNP are the segmentation accuracy, number of misclassi-
fied pixels, and total number of pixels, respectively.

The rule’s importance measure RI was used as an evaluation to study the
quality of the generated rule. It is defined by

RI =
τr

ρr
(3.25)

where τr is the number of times a rule appears in all reducts, and ρr is the
number of reduct sets. The quality of rules is related to the corresponding
reduct(s). Hassanien and Ślȩzak [23] generate rules that cover the largest parts
of the universe U . Covering U with more general rules implies a smaller sized
rule set. They use the importance rule criteria introduced in Li and Cercone
[38] to study the rules’ importance (see also [2]).

Swiniarski and Hargis [108] described application of a rough sets method to
feature selection and reduction as a front end of neural network–based texture
images recognition. The methods applied include singular-value decomposition
(SVD) for feature extraction, principal components analysis (PCA) for feature
projection and reduction, and rough sets methods for feature selection and
reduction. For texture classification, the feedforward backpropagation neural
networks were applied. The numerical experiments showed the ability of rough
sets to select a reduced set of a pattern’s features, while providing better
generalization of neural network texture classifiers (see also [104]).

Jiang and others [32] proposed rough neural network that integrates neu-
ral network with reduction of rough sets theory to classify digital mammog-
raphy. It is reported that the combined method performed better than neural
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networks alone in terms of complexity time, and it can achieve 92.37%
classifying accuracy, which is higher than the 81.25% obtained using neural
networks only.

3.5.2 Fuzzy with rough sets

Mao, Liu, and Lin [11] proposed a new fuzzy Hopfield-model network based
on rough sets reasoning for the classification of multispectral images. The main
purpose is to embed a rough sets learning scheme into the fuzzy Hopfield
network to construct a classification system called a rough-fuzzy Hopfield net
(RFHN). The classification system is a paradigm for the implementation of
fuzzy logic and rough systems in neural network architecture. Instead of all the
information in the image being fed into the neural network, the upper- and
lower-bound gray levels, captured from a training vector in a multispectral
image, are fed into a rough-fuzzy neuron in the RFHN. Therefore, only 2/N
pixels are selected as the training samples if an N -dimensional multispectral
image was used. In the simulation results, the proposed network not only
reduces the consuming time but also reserves the classification performance.

Wang and colleagues [117] proposed a new fuzzy-rough nearest neighbor
clustering (FRNNC) classification algorithm. First, they make every training
sample fuzzy-roughness and edit the nearest neighbor algorithm to remove
training sample points in class boundary or overlapping regions. Then they
use the mountain clustering method to select representative cluster center
points. Then the fuzzy-rough nearest neighbor (FRNN) algorithm is applied
to classify the test data. The new algorithm is applied to hand gesture image
recognition. The results show that it is more effective and performs better
than other nearest neighbor methods. The algorithm is recommended for use
in any type of medical image application, such as medical images sequences
or finding similar tumor shapes.

Hassanien [19] introduced a hybrid scheme that combines the advantages
of fuzzy sets and rough sets in conjunction with statistical feature extrac-
tion techniques. An application of breast cancer imaging was chosen, and a
hybridization scheme was applied to examine its ability and accuracy in clas-
sifying breast cancer images into malignant and benign cases. The scheme
starts with fuzzy image processing as preprocessing techniques to enhance
the contrast of the whole image, to extract the ROI, and then to enhance the
edges surrounding the region of interest. Subsequently extracted features from
the segmented ROIs using the GLCM are presented. The rough sets approach
for generation of all reducts that contain a minimal number of features and
rules is introduced. The rules can then be passed to a classifier for discrimi-
nation for different ROIs to test whether they are cancerous or noncancerous.
To measure the similarity, a new rough sets distance function is presented.
The experimental results showed that the hybrid scheme applied in this study
performs well, reaching over 98% in overall accuracy with a minimal number
of generated rules.
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Image clustering analysis is one of the core techniques for image indexing,
classification, identification, and segmentation for medical image processing.
Mitra, Banka, and Pedrycz [49] introduced a hybrid clustering architecture
in which several subsets of patterns can be processed together to find a com-
mon structure. A detailed clustering algorithm is developed by integrating the
advantages of both fuzzy sets and rough sets, and a measure of quantitative
analysis of the experimental results is provided for synthetic and real-world
data. The structure revealed at the global level is determined by exchanging
prototypes of the subsets of data and by moving prototypes of the correspond-
ing clusters toward each other. The required communication links are thereby
established at the level of cluster prototypes and partition matrices without
hampering the security concerns.

Petrosino and Salvi [89] presented a multi-scale method based on the
hybrid-notion of rough fuzzy sets, coming from the combination of two mod-
els of uncertainty like vagueness by handling rough sets and coarseness by
handling fuzzy sets. Marrying both notions leads us to consider, for instance,
approximation of sets by means of similarity relations or fuzzy partitions.
The most important features are extracted from the scale spaces by unsu-
pervised cluster analysis to successfully tackle image processing tasks. Here,
we report some results achieved by applying the method to multiclass image
segmentation and edge detection, but it can be successfully applied to texture
discrimination problems too. Mitra, Banka, and Pedrycz’s [49] and Petrosino
and Salvi’s [89] approaches can be applied in many medical imaging clustering
problems such as image segmentation in abdomen medical images that uses
cluster filter bank response vectors to obtain a compact representation of the
image structures found within an image quality verification of color retina
images in diabetic retinopathy screening, for example.

3.5.3 Genetic algorithm with rough sets

Lingras [42] proposed an unsupervised rough sets classification algorithm
using genetic algorithms. The proposed rough sets theoretic genetic encoding
will be especially useful in unsupervised learning. A rough sets genome consists
of upper and lower bounds for sets in a partition. The partition may be as
simple as the conventional expert class and its complement or a more general
classification scheme. Lingras provides a complete description of design and
implementation of rough sets genomes. The algorithm was reported to have the
best classification performance compared with other unsupervised techniques,
which will be useful in classification and segmentation of medical images.

Mitra, Mitra, and Pal [48] described a way of designing a hybrid system
for detecting the different stages of cervical cancer. Hybridization includes the
evolution of knowledge-based subnetwork modules with genetic algorithms
using rough sets theory and the iterative dichotomizer 3 (ID3) algorithm.
Crude subnetworks for each module are initially obtained via rough sets theory
and the ID3 algorithm. These subnetworks are then combined, and the final
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network is evolved using genetic algorithms. The evolution uses a restricted
mutation operator, which utilizes the knowledge of the modular structure,
already generated, for faster convergence. The genetic algorithm tunes the
network weights and structure simultaneously. The integration enhances the
performance in terms of classification score, network size, and training time
as compared to the conventional multilayer perceptron (MLP). This method-
ology also helps in imposing a structure on the weights, which results in a
network more suitable for rule extraction.

3.5.4 Bayesian and particle swarm optimization
with rough sets

In many applications in computer vision and signal processing, it is neces-
sary to assimilate data from multiple sources. This is a particularly important
issue in medical imaging, where information on a patient may be available
from a number of different modalities. The original rough sets model is con-
cerned primarily with algebraic properties of approximately defined sets. The
VPRS model extends the basic rough sets theory to incorporate probabilistic
information. As a result, there has been much recent research interest in this
area. For example, Ślȩzak and Ziarko [12] presented a nonparametric modifica-
tion of the VPRS model called the Bayesian rough set (BRS) model, where the
set approximations are defined by using the prior probability as a reference.
Mathematical properties of BRS are investigated. It is shown that the quality
of BRS models can be evaluated using probabilistic gain function, which is
suitable for identification and elimination of redundant features. This is a
promising algorithm for generating a segmented classification while improv-
ing reconstructions of a set of registered medical images or fusing CT and
single-photon emission computed tomography (SPECT) brain scans.

Swiniarski [107] described an application of rough sets and Bayesian infer-
ence to a breast cancer detection using electropotentials. The statistical PCA
and the rough sets methods were applied for feature extraction, reduction,
and selection. The quadratic discriminant was applied as a classifier for breast
cancer detection.

Das, Abraham, and Sarkar [93] presented a framework to hybridize the
rough sets theory with a famous swarm intelligence algorithm known as par-
ticle swarm optimization (PSO). The hybrid rough-PSO technique has been
used for grouping the pixels of an image in its intensity space. Medical images
very often become corrupted with noise. Fast and efficient segmentation of
such noisy images (which is essential for their further interpretation in many
cases) has remained a challenging problem for years. In their work, Das,
Abraham, and Sarkar treat image segmentation as a clustering problem. Each
cluster is modeled with a rough set. PSO is employed to tune the threshold
and relative importance of upper and lower approximations of the rough sets.
The Davies-Bouldin clustering validity index is used as the fitness function,
which is minimized while arriving at an optimal partitioning.
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3.5.5 Support vector machines with rough sets

Support vector machines (SVMs) are a general algorithm based on
guaranteed risk bounds of statistical learning theory. They have found numer-
ous applications in image processing and pattern recognition, particularly in
medical imaging problems such as classification of brain positron emission
tomography (PET) images, detection of microcalcification (MC) clusters in
digital mammograms, and lung cancer nodules extraction and classification.
SVMs are now established as one of the standard computational intelligence
tools. They achieve good classification performances and good fault-tolerance
and generalization capabilities. To combine the merits of both rough sets the-
ory and SVMs, a hybrid classifier called rough sets support vector machines
(RS-SVMs) is proposed by Zhang, Cao, and Gu [13] to recognize radar emit-
ter signals. Rough sets theory is used as a preprocessing step to improve the
performances of SVMs. A large number of experimental results showed that
RS-SVMs achieve lower recognition error rates than SVMs, and RS-SVMs
have stronger classification and generalization capabilities than SVMs, espe-
cially when the number of training samples is small. RS-SVMs are greatly
superior to SVMs.

SVMs are essentially binary classifiers. To improve their applicability, sev-
eral methods have been suggested for extending SVMs for multiclassification,
including one-versus-one (1-v-1), one-versus-rest (1-v-r), and decision-directed
acyclic graph support vector machines (DAGSVM). Lingras and Butz [44]
described how binary classification with SVMs can be interpreted using rough
sets and how rough sets theory may help in reducing the storage requirements
of the 1-v-1 approach in the operational phase. Their rough sets approach
to SVM classification precludes exact classification and is especially useful
when dealing with noisy data. By utilizing the boundary region in rough
sets, they suggested two new approaches, extensions of 1-v-r and 1-v-1 to
SVM multiclassifications that allow for an error rate. They explicitly demon-
strate how their extended 1-v-r may shorten the training time of the conven-
tional 1-v-r approach. In addition, they showed that their 1-v-1 approach may
have reduced storage requirements compared to the conventional 1-v-1 and
DAGSVM techniques. Their techniques provided better semantic interpreta-
tions of the classification process. The theoretical conclusions are supported
by experimental findings involving a synthetic data set. The presented work
is useful for soft margin classifiers in solving medical imaging problems, espe-
cially a multiclass classification system for medical images [5].

3.6 Challenges and Future Directions

Rough sets theory is a fairly new intelligent technique that has been applied
to the medical domain and is used for discovering data dependencies, evalu-
ating the importance of features, discovering the patterns of data, reducing
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all redundant objects and features, and seeking the minimum subset of fea-
tures. It is also being used for extracting rules from databases. Most of the
current literature on rough sets–based methods for medical imaging addresses
the classification and feature reduction issues. A few papers deal with medi-
cal imaging problems such as image segmentation, image filtering, and voxel
representation. Medical imaging presents a challenging and fruitful area for
rough sets to play crucial roles in resolving problems and providing solutions
that understand, represent, and process the images, their segments, and their
features as rough sets.

Near sets [25,61–66] represent a generalization of the rough set approach
to the classification of objects introduced by Pawlak [67]. Near sets and rough
sets are very much like two sides of the same coin. From a rough set point
of view, the focus is on the approximation of sets with nonempty boundaries.
By contrast, in a near sets approach to set approximation, the focus is on
the discovery of near sets in cases where there is either a nonempty or an
empty approximation boundary. There are a number of practical applications
for the near sets approach, such as feature selection [65], object recognition in
images [25,64], image processing [6], granular computing [74,78], and various
forms of machine learning [71,73,75–78,86,87]. Near sets–based methods are
another challenge that offer a generalization of traditional rough sets theory
[67–69] and a new approach to classifying perceptual objects by means of
features [70,71,76–79]. The near sets approach can be used to classify images
that are qualitatively but not necessary quantitatively close to each other. This
is essentially the idea expressed in classifying images in Henry and Peters [25]
and Peters [64]. If one adopts the near sets approach in image processing, a
byproduct of the approach is the separation of images into nonoverlapping
sets of images that are similar to (descriptively near to) each other. This
has recently led to an application of the near sets approach in 2-D and 3-D
interactive gaming with a vision system that learns and serves as the backbone
for an adaptive telerehabilitation system for patients with finger, hand, arm,
and balance disabilities. Each remote node in the telerehabilitation system
includes a vision system that learns to track the behavior of a patient [64].

A combination of computational intelligence techniques in application
areas of pattern recognition, particularly in medical imaging problems, has
become one of the most important focuses of research on intelligent informa-
tion processing. Neural networks shows a strong ability to solve complex prob-
lems for medical image processing. From the perspective of the specific rough
sets approaches that need to be applied, explorations into possible applica-
tions of hybrid rough sets with other intelligent systems (e.g., neural networks,
genetic algorithms, fuzzy approaches) to image processing and pattern recog-
nition could lead to new and interesting avenues of research. Finally, even
though many rough-based approaches are being proposed for various applica-
tions in the medical field, their impact is mostly confined to academic circles.
These methods are yet to find wide acceptance in industrial circles and to
become incorporated in industrial products. This trend is also evident from
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the very small number of industrial patents in this direction. Hence, the main
challenge for rough sets researchers is to provide industry leaders a convinc-
ing demonstration of the superiority of their approaches over the traditional
methods.

In conclusion, many successful algorithms applied in medical imaging have
been reported in the literature, and the applications of rough sets in medi-
cal image processing have to be analyzed individually. Rough sets is a new
way to deal with the issues that cannot be addressed by traditional image
processing algorithms or by other classification techniques. By introducing
rough sets, algorithms developed for medical imaging and pattern recognition
often become more intelligent and robust, providing a human-interpretable,
low-cost, exact-enough solution, as compared to traditional techniques. This
chapter provided a focused survey on a range of rough sets and their applica-
tions to medical imaging. Our main purpose was to present to the rough sets
and medical imaging research communities the state of the art in rough sets
applications to image processing and pattern recognition, particularly in med-
ical imaging, and to inspire further research and development on new appli-
cations and concepts in trend-setting directions and in exploiting rough sets.
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Chronic wounds such as leg ulcers are a common problem, particularly for
patients suffering from immunodeficiency, old age, side effects of medication,
or circulatory problems. One of the main concerns regarding chronic wounds
is their long healing time, during which they remain exposed to foreign bodies
capable of triggering infection. In turn, infection delays healing even further,
with several consequences, particularly the prolonged suffering for the patient
and the financial resources required to provide treatment.
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One of the complications that prevent a wound from healing is bacterial or
viral infection. An episode of infection may last several weeks, is very painful,
and is likely to significantly delay wound healing. There is an obvious relation-
ship between wound color and wound inflammation that may be the result of
an infection. This relationship is studied in this chapter.

In a first step, wound images and associated medical status information
are collected. In a second step, the wound is identified manually in the images
as the region of interest (ROI). Each ROI is then segmented automatically
in chromaticity space into smaller ROIs, separating healthy and nonhealthy
tissues. Statistical features are calculated for the different tissue types, and a
“brute force” approach is used to select the most successful ones for subsequent
classification.

Three classification engines are presented and contrasted in this study:
logistic regression (LR), an artificial neural network (ANN), and a support
vector machine (SVM). LRs and ANNs are widely recognized, while SVMs are
an innovative approach providing a promising alternative. The classification
engines are compared against each other and the clinicians’ classification using
the kappa agreement estimator. Results indicate that the best-performing clas-
sification engine, SVM, is more consistent in its judgment than are most clin-
ical practitioners.

4.1 Introduction

Acute wounds of the human skin may be caused by trauma or surgical
intervention. This type of wound usually heals quickly without complications.
Chronic wounds, in contrast, may be caused by poor blood perfusion, a weak-
ened immune system, old age, certain diseases of the vascular system, or as a
side effect of medication such as steroids.

In an average hospital population, up to 8% of all bedridden or chair-bound
patients suffer from pressure ulcers, causing pain for the patient [5]. Chronic
wounds heal slowly: months as opposed to weeks [2] are considered “normal”
for the healing process, resulting in enormous health care costs.

One way to improve wound healing is to constantly monitor wound size: if
the physical dimensions of a wound are assessed at regular intervals, clinicians
know if the patient is responding to a particular treatment regime and can
change it if necessary. Early methods of wound measurement used alginate casts,
transparent films, and rulers to measure volume and area. Modern methods
are based on photography or stereophotogrammetry. Because wound healing,
especially in chronic wounds, tends to be slow and measurements show only past
changes in the healing rate, the measurement of wound size alone can lead to
reactive but not to proactive treatment. Based on a previous pilot study [4], this
chapter suggests that the measurement of wound color may enable a proactive
approach.
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4.1.1 Background

Repeated episodes of infection are a common complication in the treatment
of chronic wounds; approximately half of all wounds undergo at least one
period of infection. Each episode of infection can delay the progress of healing
by several weeks.

One way to improve wound monitoring may be to measure its color proper-
ties: anecdotal evidence from clinicians suggests that an infected wound looks
“angry,” while a well-progressing lesion shows “nice” pink granulation tissue. If
a wound is presenting angry colors, an infection is usually the underlying cause
because the immune system’s response to infection causes inflammation, which
to the eye appears to have a red-purplish hue, distinctively different from the
pink appearance of healthy granulation tissue. A 1996 pilot study [4] based on
a case study in 1993 claimed that simple digital image processing techniques
can correctly classify inflamed and not inflamed wounds in the majority of cases
(80%). This early work was limited in both image capture and processing tech-
nology but provided the motivation for the work presented here.

Unfortunately, it is usually only at the late stage of an infection, when
color changes are obvious and the patient is reporting pain, that treatment
of the underlying infection commences. If the presence of infection could be
detected at onset, wound deterioration could be potentially avoided, reducing
treatment costs and patient discomfort.

In this context, it is important to note that although inflammation corre-
lates with infection, it is not necessarily the sole underlying cause. In the first
stages of a normal wound healing process, for example, inflammation is an
expected reaction of the body to injury and is necessary to kick-start a chain
of processes called the wound healing cascade. Other mechanisms, such as irri-
tation due to chemical or physical stimulation, can also cause inflammation.
Conversely, infection does not always result in inflammation if, for example,
the body defense mechanisms are not functioning properly. Finally, infection
should not be confused with bacterial or viral colonization of the wound. This
is normal and it is only when the natural balance of microorganisms is dis-
turbed or one particular agent multiplies aggressively that the term infection
is appropriate and inflammation with its associated color changes takes place.
Bearing this in mind, it is likely that an image processing technique capable
of identifying and classifying subtle color changes should be able to detect
the presence of inflammation in a chronic wound at an early stage and should
therefore be a powerful tool for facilitating proactive wound treatment.

4.1.2 Contribution of this chapter

This chapter illustrates how data reduction techniques can be used to
address the common problem of input data reduction for classification algo-
rithms. Using the example of wound chromaticity, the usefulness of various
color spaces and potential classification parameters is examined. We explain
how useful parameters can be identified and how the number and type of
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parameter combinations used as inputs to the classification algorithms can be
reduced.

Three different classification methods (LR, ANN and SVM) are explored
and applied to the wound classification problem used for demonstration. Then
we addresses the “missing expert” problem common to many classification
applications. In this instance, the problem is that at present there is no 100%
correct classification system or infallible human expert for wound inflamma-
tion that can be used as a reliable benchmark. A methodology based on the
kappa descriptor is therefore suggested that amalgamates a set of likelihood
classification opinions into an artificial but reliable “expert.”

4.2 Method Overview

One hundred fifty-one wound images were acquired under tightly controlled
and repeatable lighting and image capture conditions and then subjected to
a sequence of image preprocessing steps in order to reduce stochastic noise
and undesired artifacts such as specular reflections to arrive at the raw data
set shown at the top of Figure 4.1. In a second step, the wounds as ROIs are
manually segmented from the surrounding healthy tissue. An ANN is trained
on half of the data set in order to learn how to segment the wound ROI into
two tissue types (i.e., sloughy and granulating), which are thought to respond
differently to inflammation. In an iterative process using the other half of the
data set, the performance of the ANN is analyzed, and the process is repeated
until the segmentation error is below a predefined error value (DeltaE).

The wound segmentation process shown in Figure 4.1 uses a standard ANN
and will not be expanded any further. Instead, this chapter focuses on two
problem areas commonly found in computational decision making based on
image content: information reduction and the subsequent selection of the most
suitable decision-making engine.

For information reduction, the segmented wound images undergo a feature
extraction process whereby the information contained in each segment is con-
densed into a set of 4 statistical moment classes (histogram mean, standard
deviation, skewness, and kurtosis) using a range of color spaces. The result is
a set of 37 features for each wound ROI.

The images thus preprocessed are then randomly split into two data sets,
one for training or priming the three different classification algorithms used
here and a second test set for evaluating the performance of the classification
algorithms on new data. While some of the techniques applied have already
been used in the context of wound healing research (e.g., Hoppe’s segmentation
routines [4]), others that have never been used on this type of problem (e.g.,
artificial neural network, logistic regression, and the support vector machine)
are also implemented and tested.
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FIGURE 4.1: Flow of information from raw wound image data, via tissue
type segmentation, to the extraction of features used as input to three different
classification engines.

4.2.1 Information extraction and data reduction

This section introduces a variety of features that could subsequently be
used by classification methods. In order to demonstrate the properties of
the features and classification methods more clearly, a set of artificial wound
images with precisely known characteristics is used first.

4.2.1.1 Definition of features

Unfortunately, the multidimensionality of the input data is close to the point
of being impractical: features can be extracted from a variety of color spaces
(the four used here are RGB, CIEL*u*v*, CIEL*C*h*, and CIEL*s*h*) with
three components each (e.g., R, G, B), leading to a huge number of possible com-
binations that could be used as inputs to classification algorithms. This so-called
curse of dimensionality means that the more features or feature combinations
used, the larger the underlying learning database for classification must be. In
a nontrivial case, the relationship between the number of features used and
the number of images required in the learning database grows exponentially.
Unless the learning database is large enough, the generalization capabilities of
the classification algorithm may be compromised [5,6]. Due to the small size
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sample available in this study, the number of images is consequently small. It
is therefore necessary to reduce the number of input features to a smaller set.
The underlying approach here is to use the chromaticity or color histogram to
reduce the input data dimensionality.

The color histogram is an approximation of the color distribution and is
considered as Gaussian. Therefore, the usual descriptors can be used to define
the respective departure from the normal curve in characterizing the wound.

4.2.1.2 Mean and median

The mean of the histogram represents the center point of the distribution,
separating the histogram into two equally probable subsets. The median is
similar but not identical to the mean. It splits the range of the histogram into
two equal sample sizes regardless of the probability. This can be an advan-
tage over the mean in cases where the extreme probability would be artificially
increased due to clipping. It is apparent from Figure 4.2 that neither the mean
nor the median of the chromaticity distribution alone is adequate to discrimi-
nate between inflamed and noninflamed wounds. Therefore, further details of
the histogram shape, such as the standard distribution, skewness, and/or kur-
tosis (respectively describing the width, the symmetry, and the flatness against
the central point), are required.

4.2.1.3 Standard deviation

Standard deviation (std) represents the dynamics of the histogram, how
widely around the mean the colors of the wound image are distributed. It
is anticipated that noninfected wounds will have a higher standard deviation
than infected wounds (see Figure 4.2). Standard deviation, or variance, can
be generalized through the covariance matrix in the multidimensional case.

Histogram

0.6
0.5
0.4
0.3
0.2
0.1
0.0

Hue range

inflamed

noninflamed

FIGURE 4.2: Change of hue distribution for inflamed and noninflamed
wounds around the red part of the visible spectrum, as demonstrated by
Hoppe [4]. The hue bar shown would range from a bright red, on the left,
to deep red, in the middle, to purple, on the right.
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4.2.1.4 Kurtosis

Kurtosis quantifies the flatness level of the distribution at the mean. Again,
the expectation from Figure 4.2 is that the kurtosis for noninfected wounds
should be smaller than that for infected wounds. Kurtosis is equal to 3 for a
normal distribution. If kurtosis is lower than 3, then the distribution is said
to be platokurtic (i.e., wide-peaked), and if kurtosis higher than 3, it is then
said to be leptokurtic (i.e., narrow-peaked).

Figure 4.3 shows diagrams of 24 artificial wound images in a variety of
color spaces. These wounds have been created deliberately in such a way that
they fall into two clearly separable halves. Inflamed wounds are shown in
dark gray circles and lines, and non-inflamed wounds are shown in lighter
gray circles and dashed lines. For a further example, see Figure 4.4. Inflamed
wounds are shown in red, and noninflamed are shown in green. These artifi-
cial images are subsequently used to test the classification methods. The clear
separation between inflamed and noninflamed facilitates assessment of imple-
mentation methods and whether they are appropriate for application to real
wound images.

The column on the right side of Figure 4.5 contains some features in textual
form extracted from a single artificial wound. The top left graph shows the
chromaticity diagram, the RGB primary of the device used, and the projection
of the ROI pixel colors. The CIE v′ graph to its right and the CIE u′ graph in
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of color spaces.
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FIGURE 4.4: Three of the 24 artificial wound images used to create the
diagrams in Figure 4.3.
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FIGURE 4.5: Feature details of one artificial wound image.

the next row on the left represent the marginal distribution. The 3-D plot in
the center shows an alternative view of the chromaticity diagram with the ROI
color distribution. The two graphs at the bottom depict the hue distribution:
the left is the hue probability circle, that is, the probability for a specific hue
angle (in radian).



Early Detection of Wound Inflammation by Color Analysis 97

4.2.2 Selection of features used by the classification
algorithms

Having four statistical moments in four color spaces, each with three chan-
nels, results in a total of 37 possible inputs or features for the classification
algorithms, as shown in Table 4.1. (There are not 48 = 4 × 4 × 3 features
because of the duplication of L* and h* channel in the L*u*v*, L*C*h*, and
L*s*h* domains.) Obviously, each of these inputs could also be combined with
each other to produce an additional input. If each input is combined with each
other input, the result would be 666 possible combinations. The number of
combinations is even higher if more than two inputs are combined. If 4 fea-
tures of the possible 37 are combined, for example, the result would be 66,045
possible unique combinations. This is the curse of dimensionality, and clearly
the number of inputs has to be reduced.

In this study, we examine two possible methods to reduce the number of
features for classification. The first one employs a series of reduction steps
using logical derivations based on assumptions; the second one uses a brute
force approach.

4.2.3 Reduction of features using logical derivations

A first step in this reduction process is to limit the inputs under investi-
gation to those containing color information. Inputs derived from luminance
information are not used. The decision to ignore luminance information is
based on the previously mentioned work by Hoppe [4], which suggests that
there is no information about wound status in the luminance channel. Further-
more, under the experimental conditions employed in this study, luminance
is correlated to environmental conditions during image capture. These are to
a lesser degree the power of the light source, ambient lighting, and camera
aperture settings because their variation is greatly reduced by the specially
designed lighting system used for image acquisition. More influential is the
automatic gain control circuitry of the camera, which cannot be switched off.
In any case, we found that luminance information by itself contains little or
no relevant information in discriminating between inflamed and noninflamed
wounds.

TABLE 4.1: Feature index representation.
Features R G B L* u* v* C* h* s*
Mean 2 3 4 14 15 16 26 27 34
Standard deviation 5 6 7 17 18 19 28 29 35
Skewness 8 9 10 20 21 22 30 31 36
Kurtosis 11 12 13 23 24 25 32 33 37

* The first index (not shown) is a constant required by some algorithms for
computational reasons.
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The two remaining channels, defining chromaticity, appear to be similar in
response to wound inflammation; they can also be assembled under a single
objective using the full chromaticity rather than just the marginals.

Through the exclusion of luminance information, the number of usable
channels in the CIEL*u*v*, CIEL*C*h*, and CIEL*s*h* domains is reduced
to two. The RGB color space is removed completely because the luminance
information is present in all channels, adding noise. Additionally, all three
channels are correlated to some degree, which further reduces the usefulness
of this color space. The remaining three color spaces, L*u*v*, L*C*h*, and
L*s*h*, describe positions in the chromaticity diagram using different geomet-
rical representations. In other words, they do not provide extra information
but show it from a different perspective, which may be more suitable for cer-
tain types of processing. In principle, only one of the color spaces needs to
be investigated, especially considering that the classification algorithms can
transform one color space into another anyway (using SVM, for instance).
If we restrict ourselves now to the L*s*h* color space, there are only 8 fea-
tures left to investigate. Figure 4.6 is produced using 80 images in which the
granulation tissue (the one that medical evidence suggests is most likely to
contain evidence of inflammation) was extracted. Circles represent the known
inflamed wounds (probability of inflammation=1), and crosses represent the
known noninflamed (probability = 0). Ideally, we would like one of the classi-
fiers to show all circles on one side of the graph and the crosses on the opposite
side. Unfortunately, the graph shows that no feature, on its own, appears to
be a good classifier at all.

If, however, we plot each feature against each other feature (without cross-
ing channels), we obtain 12 graphs in which the plot of standard deviation
against kurtosis of the hue channel (i.e., feature set 37) visually appears to
perform best (see Figure 4.7), although far from perfectly. This would be the
one to select for further evaluation.

At this point, it is worthwhile to consider the reduction steps performed
so far: they are all based on probable assumptions, which, in the beginning,
are most likely true and well understood in their consequences. As the reduc-
tion process continues, the underlying assumptions are more difficult to val-
idate and become increasingly vague. As a result, the validity of this logical
reduction process becomes increasingly subjective. For this reason, a second
possibility of feature reduction is considered in the following section.

4.2.4 Reduction of features using a brute force approach

Modern computers allow the evaluation of combinations of each feature of
each color space with one another in a reasonable amount of time. As already
mentioned, we are investigating four color spaces with three channels each.
Each channel contains four features: standard deviation, mean, kurtosis, and
skewness.
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The 37 features can thus be combined in a variety of subsets of different
sizes. Acha Pinero, Serrano, and Acha [7] used a neural network (ART-
MAP). Starting with a single feature, new features were randomly added,
one at a time, as inputs to the network and kept, provided they improved the
classification result. The method is known as sequential forward selection. The
researchers also tested the opposite approach, sequential backward selection,
by starting with all features as inputs, then gradually and randomly removing
those that improved the classification results by their removal. In both cases,
the resultant sets of features were similar, adding credibility to this approach.
Neural networks, however, are problematic in that it is difficult to determine
whether the absolute optimum result in the decision plane has been reached
or whether the method got stuck in a local minimum.

The approach chosen here selects the first 4 features out of the pool of
37. These features are now used to train the most rapid of the classification
algorithms investigated (logistic regression) using the selected features on a
training set of 76 images (half of the data set of 151 images). The trained
algorithm is then used to classify the remaining 75 test images, and the results
are compared with the classification produced by clinicians.

The performance of the algorithm with respect to the average judgment
of all human classifiers is expressed in a kappa (κ) value. The κ value assesses
the validity of individual judgments. It is obtained by using a contingency
table in which two judges classify n observations into r categories. Kappa is
then calculated using

κ =
P0 − Pe

1 − Pe

where P0 is the agreement between judges, and Pe represents the expected
random agreements under the null hypothesis that judges classify purely at
random. For details, refer to Cohen [10]. This process is repeated with each
possible combination of the 4 features, resulting in a total of 66,045 runs of
this procedure. The total computing time on an Athlon

TM
1800 processor was

15 minutes.
Figure 4.8 shows the result of this procedure using a single clinician as a

reference. The two graphs on the left show results obtained on the full ROI
(the entire wound area); the two graphs in the middle show the results on
granulation tissue area only; and the two graphs on the right summarize the
outcome from runs on slough tissues. In each of the three sets, the upper graphs
shows the κ value for each of the 66,045 runs. The lower graphs show the
κ distribution (i.e., the histogram) of the upper graphs.

A characteristic property shown in the three upper graphs is that there
is a degree of periodicity in the κ values. Since the sets of 4 features are
not randomly selected for each evaluation but are selected by a nested loop
algorithm, specific combinations of features appear periodically. The reflection
of this period in the graph is an initial indication that some combinations of
features perform better than others. Otherwise, the distribution of peaks in
the graphs would be completely random.
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The higher the absolute κ value (plus or minus), the stronger the discrim-
inatory power (the agreement between human and machine classification) of
the underlying feature set. The bottom set of three graphs shows that by far
the most κ values are very low and distributed closely around point zero. The
feature sets represented by these values have no relevance. There is, however,
a small number of feature combinations that produce relatively high κ values.
Due to the normalization of the feature frequency graphs in Figure 4.8, how-
ever, they are not clearly apparent.

In order to visualize these important feature combinations, we extract the
top performing 660 ones (i.e., 1% of the total) and sum the number of times a
certain feature combination appears. The result is shown in Figure 4.9. It shows
that for the above example, feature 37 appears in 14% of all the “successful”
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FIGURE 4.8: Kappa (κ) value list for all 66,045 combinations of 4 features
out of the possible 37, using a logistic regression classifier.

0.16

0.14

0.12

0.1

0.08

0.06

0.04

0.02

0

Pr
ob

ab
ili

ty

0.16
0.18

0.14
0.12

0.1
0.08
0.06
0.04
0.02

0

Pr
ob

ab
ili

ty

Feature index

Feature frequency for k � 0.1 Feature frequency for k � 0.1
line 1 line 1

0 5 10 15 20 25 30 35 40 0 5 10 15 20
Feature index

25 30 35 40

FIGURE 4.9: Probability of features appearing in successful feature com-
binations for granulation tissue (left) and sloughy tissue (right).



Early Detection of Wound Inflammation by Color Analysis 103

combinations (left side graph in Figure 4.9). Feature 33 appears with a proba-
bility of almost 12%, and the third runner-up is feature 15 with approximately
5%. Interestingly, feature 37 is also one of the two features produced as the
result of the logical reduction process described in the previous section.

From these findings, it is clear that skewness and kurtosis are the most
predictive features useful for classification. For granulation tissue–based classi-
fication, feature 32 (kurtosis of chroma C*) performs most effectively, followed
by features 37, 30, and 36. For slough tissue–based classification, feature 21
(skewness of the u* channel) followed by 25, 12, and 11 perform best; and
for their combination, feature 23 (kurtosis of L*) performs best. These four
top features are used respectively to test their performance on three compet-
ing classification engines based on logistic regression, a neural network, and a
support vector machine (SVM).

4.3 Classification Using the Selected Features

4.3.1 Classification by logistic regression

The difference between linear and logistic regression is the ability of the
latter to regress ordered data such as binary inflammation/noninflammation
information. Linear regression techniques cannot be used when there is a lack
of continuity in the data. The logistic regression algorithm used here maps its
prediction onto a probability value using the logit function, which computes
the natural logarithm of the odds value and shows the probability separation
achieved for standard deviation, skewness, mean, and kurtosis.

Classification is performed in two stages. In the first, the logistic regression
learning machine is trained, and in the second, the classification is achieved.
The machine is trained through randomly selecting a subset of 76 of the total
151 wound images. Each image is presented to the machine as a collection
of the four features selected in the previous section. For each image, the four
features are calculated for granulation tissue, slough, and a combination of
both. Learning is completed in seconds. Following this, the trained machine
is exposed to the remaining unknown 75 images from the database, result-
ing in three distinct verdicts of the wounds inflammation status. Table 4.2
compares the performance of the logistic regression machine against the clin-
icians participating in the experiment. Kappa values are calculated for the
learning machine and the “mean clinician.” The κ value of this mean clin-
ician expresses the agreement between the mean of all clinician judgments
with that of a “super-clinician.” This super-clinician has been constructed
using a weighted averaging process wherein the weights applied to individual
clinicians’ judgments are a function of their closeness to the median of all
judgments. The super-clinician is defined to give the “true” judgment (i.e.,
the benchmark) against which both individual clinicians and classification
engines are measured.
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TABLE 4.2: Kappa agreement values quantifying the
classification performance of the logistic regression machine
against that of clinicians for granulating tissue, sloughy tissue,
and the combination of both (unsegmented wound image).

Tissue Logistic Regression Mean Clinician
Granulation 0.509

0.683Slough 0.531
Both combined 0.127

TABLE 4.3: Kappa values quantifying the
classification performance of the ANN machine
against that of clinicians for granulating tissue,
sloughy tissue, and the combination of both
(unsegmented wound image).

Tissue ANN Mean Clinician
Granulation 0.282 0.683Slough 0.169
Both combined −0.018

With the exception of the case in which both tissue types are combined, the
machine produces a reasonable average classification that is slightly inferior
to that of the mean of the nine participating clinicians but significantly better
than that achieved by the “worst” clinicians. Note that the “best” clinicians
are usually those with more experience and training, and those at the lower
end tend to be younger and relatively inexperienced nurses currently under-
going training. The knowledge and understanding level of computers seems
to have some degree of importance as well (e.g., spotting errors during data
entry).

4.3.2 Classification by artificial neural network

The neural network used in this study implements a feedforward topology
using a standard backpropagation learning algorithm O(n4), and was imple-
mented using the SNNS software package interfaced with Octave2 (a free,
open source MATLAB� clone) for testing.

As in the previous logistic regression section, Table 4.3 compares the ANN
with the mean clinician. The neural network performs significantly worse than
the logistic regression machine. While the logistic regression machine perfor-
mance was at the center of two equally sized sets of clinicians, the ANN
machine is located at the bottom.



Early Detection of Wound Inflammation by Color Analysis 105

4.3.3 Classification by support vector machine

As before, classification is performed in two stages using the same training
and testing image sets. The SVM algorithm is slower than logistic regression,
taking up to several tens of seconds. The algorithm speed is quite sensitive to
the size of the data set, and computation time increases exponentially with the
data set size due to the quadratic programming (minimization of quadratic
problems), whereas the logistic regression algorithm performance is almost
linear.

Table 4.4 shows the performance of the SVM to be better than that of logis-
tic regression. There is, again, poor performance in the classification using the
combination of both tissue types, whereas classification based on granulation
tissue produces good results.

In the SVM, classification or separation between classes is made by defin-
ing a hyperplane between the classes. The main novelty in the SVM is the
approach of finding the optimal hyperplane. It was originally developed by
Vapnik [11] within his statistical learning theory. It has been successfully
used in several real-world applications [12–14]. The theory behind SVM is
not widely known. For a complete introduction refer to the original work by
Vapnik [1] and its derivatives [12–16]. A brief introduction in three steps with
increasing complexity of the problem solvable by the machine is provided
below.

1. Linear hyperplane, linearly separable. This technique is useful only if we
know the data are linearly separable, which is not the case in this work.

2. Linear hyperplane, nonlinearly separable. Although this method is
already an improvement over the linear hyperplane used on a linearly
separable problem, it is still not general enough for the classification
task presented to this work. A further generalization step is therefore
required.

3. Nonlinear hyperplane, nonlinearly separable. In this case, the classifica-
tion is performed in higher feature space by replacing the inner product
defining the hyperplane by a kernel function. The kernel maps the input

TABLE 4.4: Kappa values quantifying
the classification performance of the SVM
against that of clinicians for granulating
tissue, sloughy tissue, and the combination
of both (unsegmented wound image).

Tissue SVM Mean Clinician
Granulation 0.592 0.683Slough 0.717
Both combined 0.055
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vectors
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FIGURE 4.10: Quadratic hyperplane on nonlinearly separable data.

data from Rn into a higher feature space Rk (where k > n). In this
new space, data are then more linearly separable. Figure 4.10 illustrates
this principle. Interestingly, by being kernel based, the SVM can sim-
ulate other learning machines simply by changing the kernel function.
Examples of kernel functions can be found in the literature [12–14].

4.4 Discussion

The classification performance of the three algorithms outlined in the pre-
vious section is of course not constant. It depends to some degree on the
training and testing set used. The figures quoted in Tables 4.2, 4.3, and 4.4
represent typical results, and Table 4.5 summarizes these together with results
for the nine clinicians participating in this study. Every time a different sub-
set of 76 images is randomly selected as the learning set (the remaining 75
images are automatically assigned to the testing set), the results differ slightly.
Importantly, however, the general ranking (i.e., the quality of classification)
is consistent with the SVM and the logistic regression algorithms generally
performing similarly well. The logistic regression machine is relatively easy
to implement compared to the other algorithms. It is fast and the learning
complexity is O(nd3), as a function of the number of variables d and linearity
of the data size n. Testing/classification time increases linearly with variable
dimension and data size. Computational performance, however, could be
better. One of the problems results from the highly nonlinear nature of the
feature set used. After their success with SVM, kernel functions have now
become a popular approach to solve this problem. Using kernel functions with
logistic regression could, in theory, greatly improve performance.
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TABLE 4.5: Comparison of logistic regression, ANN, and SVM
against clinician performance.

Clinician/System Individual/Tissue Type κ

Clinician 1 0.097
2 0.178
3 0.199
4 0.331
5 0.337
6 0.532
7 0.615
8 0.677
9 0.709
Mean clinician 0.683

Logistic regression Granulation 0.509
Slough 0.531
Both combined 0.127

ANN Granulation 0.282
Slough 0.169
Both combined −0.018

SVM Granulation 0.592
Slough 0.717
Both combined 0.055

Super-clinician benchmark 1.000

Neural networks are slightly more complex to implement, but because
they have been around for a while, there are some good off-the-shelf imple-
mentations available. SNNS, the software used here, implements a very large
selection of networks, and it integrates very well with the remaining tools used
in this project. Results are unfortunately not as expected.

The SVM general solution can be considered to be the most complex of the
algorithms implemented. The main source of this complexity is the need for
quadratic programming, with O(n3) on average, although some researchers
have reported that the use of partial linear programming can improve this
to be close to O(n2). When adding more features or data, speed decreases
very rapidly; this is where a reduction of data, as demonstrated above, is
appreciated. Fortunately, the SVM algorithm is asymmetric: training time
and testing time are not directly linked. Testing (classification) time can be
very short even when learning time is very long, because during the learn-
ing process, the SVM must look at all the input data in order to select the
most relevant subset, the support vectors. The testing or classification phase
uses only this subset and is thus much faster. Testing time depends mostly
on the feature size and the kernel function. The implementation used here is
adapted from the e1071 package, an interface of the libSvm library for the R
language [8]. The implementation of SVMs suffers because it allows the use
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of many types of mapping with their associated parameters (“fiddle factors”).
The machine can also be very sensitive to these parameters although ade-
quate sets of parameters can be found easily and empirically since they
directly affect the mapping of the features where the classification takes place.
There is, however, often an element of unease about the lack of rigor in the
selection process. (This is mostly due to the lack of understanding of the
problem itself rather than the kernel selection, which can be relatively well
designed for specific needs. If those needs cannot be expressed clearly, the ker-
nel function cannot be expressed clearly either.) Standard logistic regression
(being a particular case of linear regression) does not require any external
parameters but the knowledge of dependent and independent variables. The
mathematical definition of the regression makes it easy to compare differ-
ent models using standard statistical techniques [9], although in our case,
kappa is more appropriate because it is independent of the classification
algorithm.

In general, good ANN implementations rely on random numbers. In the
case of the backpropagation algorithm, they are used in weight initialization,
pattern permutation, and/or the sequence of neuron updating. This is not
necessary, but it is recommended because it can help the system to escape from
local optima and thus tends to increase the probability of reaching the optimal
solution. Although neural networks generally converge toward an acceptable
solution, it remains very difficult to compare two different networks. Even for
the same network, with the same topology and the same learning rules, the
neuron weights resulting from learning can theoretically be very different. In
practice, they tend to converge toward the same optimum, although from a
different path. For this reason, ANNs are often considered to be a black box
where the main comparison and analysis is done using input/output pairs.

4.5 Future Research Directions

During this work, it became clear that there are a number of areas into
which this research could be expanded in the future. In order to develop a sim-
ple, reliable, and easy-to-use wound status classification device, the following
aspects will have to be considered.

• A robust, practical, and specular reflection-free illumination device using
stable light sources such as light-emitting diodes (LEDs) will have to be
developed.

• A camera featuring three charge-coupled devices (CCDs) (or a larger
single CCD) and with lossless compression is definitely a requirement
if the underlying image data are to be improved. Spatial resolution is
less of a problem than dynamic resolution, stability, and the option to
disable image compression.
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• Some clinicians believe that the wound edge appears to hold interesting
information about inflammation. Consequently, this could be an area of
future interest. Comparing the skin at the edge of the wound with the
skin further away (which appear to be more distinct in inflamed wounds)
as well as the shape of the wound outline appears promising.

• The finding that both skewness and kurtosis are good features for clas-
sification points to the logical step of using the texture of wounds in
the classification process. Wavelet or Gabor transforms may be a way
forward in this direction.

• Currently, the amount of both image data and clinicians acting as
experts is limited. More representative results should be obtainable by
increasing the amount of input data. Wound types other than venous
leg ulcers should be considered as well.

• Other classification engines, especially Bayes’ probability approaches,
should be considered.

• Calibration of equipment becomes an issue as soon as multiple acquisi-
tion systems are being used in a future trial. Much work still needs to
be done to arrive at a reliable and simple calibration system that affects
image data quality only minimally and is still easy to use.

• It is assumed that the success of classification on slough tissue may
have been due to colonization by specific bacteria that tend to provoke
an inflammatory response and also affect the color of the slough tissue
itself. Further work, however, is required to confirm this assumption.

• The result of the SVM classification can possibly be improved by chang-
ing the kernel and its parameters. As the kernel’s task is to map the
features into a higher space, it is first necessary to understand the exact
characteristics of this space.

4.6 Conclusions

This chapter investigates how to differentiate wound status by different
classification algorithms. In a first step, the amount of possible features for
use by the algorithms is reduced in order to minimize complexity and increase
computational speed by using a logical approach that is confirmed by a brute
force algorithm. The next step is to select the most efficient feature combina-
tion from the set by testing the performance of all possible combinations of
4 features out of a total of 37. As is to be expected, the best-performing fea-
tures are different for each tissue type. Generally, however, the best features



110 Medical Imaging Techniques and Applications

employ skewness and kurtosis of channels rather than the mean and standard
deviation. Due to the relatively small training database (76 images), classifi-
cation performance of the learning machines depends on the respective subset
of images used for training.

Increasing the database size should naturally reduce this sampling effect.
In some cases, the SVM performs better than the most skilled clinician. This
means that the classification of the SVM is in better agreement with the mean
opinion of the most skilled individual clinicians. In most cases, the machine
is at the top of the performance table. It is not considered a perfect decision,
but it is consistently better than most clinicians and could therefore be part
of a future expert training system.

The SVM is a powerful and flexible system. Changing the kernel func-
tion and/or even the type of machine could possibly improve the reliability
of the diagnosis even further. The SVM has, for example, a “soft margin” to
minimize the effect of overlapping instances in different classes. This overlap-
ping would most likely increase with the error, which in turn would increase
misclassification and subsequently affect the learning outcome.

In the case of ANNs, one possible improvement would be to try different
topologies and learning algorithms. Splitting the network into more hidden
layers would allow finer control over the black box. This would naturally result
in an increased time consumption for the learning cycle, but the testing time
would remain fairly small (in the order of seconds), virtually identical from
the user point of view. ANNs, as mentioned earlier, do not allow the network
designer direct control over the learning process, but the randomness inherent
in the training process allows the network to extract itself from local optima.

Although the classification results achieved using SVM and logistic regres-
sion are already in some cases outperforming those of experienced clinicians,
their performance could potentially be further improved by decreasing the
number and degree of errors that invariably accumulate in the process that
lead to the classification result. Even without such improvements, the system
as presented here may already be useful as a training tool for medical students
specializing in wound care because it provides consistent diagnostic output at
the level of a reasonably well-trained wound care professional.
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Researchers in medical imaging and computational intelligence groups are
keen to develop sophisticated and complex methods to meet the specialized
needs of medical applications, including the associated medical data. One of
the significant medical imaging applications is the accurate image segmenta-
tion of skin lesions, which is key to useful, early, and noninvasive diagnosis
of coetaneous melanomas. Extracting the true border of a skin lesion is one
of the most important features that reveals the global structure irregularity
(indentations and protrusions), which may suggest excessive cell growth or
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regression of a melanoma. In this chapter, we investigate the application of two
developed approaches to the skin lesion segmentation problem: iterative seg-
mentation (IS) and neural network edge detection (NNED). These approaches
are compared for synthetic lesions at different image signal-to-noise ratios
(SNRs) to test their ability to delineate the lesion border shape. The use of
synthetic lesions is advantageous in initial analysis and verification because if
we know the true position of the lesion border, the different methods can be
quantitatively and more accurately compared.

5.1 Introduction

The principal aim in the evaluation of a skin lesion image segmentation
technique is to study the effectiveness in distinguishing a lesion from the back-
ground. For example, Gao and others (1998), Hance and others (1996), and
Xu and others (1999) used expert clinical delineations as the gold standard to
evaluate the automated segmented images. The disadvantage of using expert
delineations is that they are dependent on human subjectivity. For example,
Xu and colleagues found that different clinical experts use different rules to
segment an image. Some delineate the border where the lesion and nonaffected
skin meet. Others locate the boundary where darker pigmentation and lighter
pigmentation meet. An example of these variations made by four experts are
contained in images provided by Xu and others (1999). The origin of these vari-
ations were analyzed (Xu et al., 1999) and referred to two main reasons. The
first reason is the clarity of the lesion boundary—the boundary is not always
perfect and visually clear; it may have some width, as shown in Figure 5.1. The
second reason is the irregularity of the lesion boundary: experts’ segmentations
for benign lesions have less variation than for malignant lesions, as shown in
Figure 5.2.

In this chapter, the automatic skin segmentation (ASS) method (Xu et al.,
1998) is used as a comparison with the proposed iterative segmentation (IS)
and neural network edge detection (NNED) methods. The variation in the
location of the lesion border defined by different experts is therefore not ideal
when making a quantitative comparison among different automatic segmen-
tation methods. This study proposes that generating synthetic lesion images
in the presence of different levels of noise would enable true quantitative com-
parisons of different segmentation techniques.

5.1.1 Segmentation of medical images

Current computing research in medical image analysis uses image seg-
mentation as an intermediate step to isolate the object of interest from the
background (Olabarriaga and Smeulders, 2001). In the area of biomedical
image segmentation, most of the proposed techniques can be categorized
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Atypical lesion

Expert 1 Expert 2 Expert 3 Expert 4

FIGURE 5.1: (See color insert following page 370.) Segmentation of atypi-
cal lesion by four clinical experts. (From Xu et al., 1999. Image Visions Com-
puting, 17: 65–74. With permission.)

Benign lesion

Expert 1 Expert 2 Expert 3 Expert 4

Malignant lesion

FIGURE 5.2: (See color insert following page 370.) Segmentation of a
benign lesion (white border) and a malignant lesion (black border) by four
clinical experts. (From Xu et al., 1999. Image Visions Computing, 17: 65–74.
With permission.)

into three classes (Fu and Mui, 1981): (1) characteristic feature thresh-
olding or clustering, (2) edge detection, and (3) region extraction tasks
such as measurements (Giachetti et al., 2003), visualization (Campbell and
Flynn, 2001), and registration (Maintz and Viergever, 1998). The need for an
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efficient segmentation is of great importance because of its potential need in
the identification of clinical morphological information about the patient’s
anatomy (e.g., Imeliska et al., 2000) and pathology (e.g., Brenner et al.,
1981).

5.1.2 Segmentation of melanoma images

Malignant melanoma skin cancer is a potentially fatal disease, killing a
disproportionate percentage of economically active younger people when com-
pared with other human cancers. Early detection of melanoma is feasible
because it is usually visible on the skin surface when in a curable stage (Wein-
stock, 2000). For instance, an epidemiological study for malignant melanoma
in Scotland reported that survival fell in men from 93% for tumors thinner
than 1.5 mm to 47% for tumors thicker than 3.5 mm, and in women from 97%
to 55%, respectively (MacKie et al., 2002).

Sometimes physicians cannot visually distinguish between benign lesions
and early malignant melanomas. Therefore, a biopsy is performed, and the
pathologist diagnoses the lesion. However, several drawbacks of biopsies are
encountered (Marquez, 2001): (a) return time for a biopsy may be significant;
(b) it can be painful for a patient to have several questionable lesions excised,
which in some cases can be disfiguring; and (c) incomplete biopsy might cause
a spread or metastasis of melanoma cells to other parts of the body, and these
may invade other organs. The well-recognized and established technique
of dermatoscopy or epiluminescence microscopy (ELM) (Carli et al., 2000;
Goldman, 1951; Pehamberger et al., 1993; Steiner et al., 1987) is a nonin-
vasive, in vivo technique that would eliminate the need for unnecessary or
incorrect biopsies because, with ELM, dermatologists can view and image the
subsurface layers of the skin. This technique reveals morphological features,
colors, and patterns not perceptible by the dermatologist during the clini-
cal observation. Dermatologists trained in the use of ELM can improve their
diagnostic accuracy of melanoma from about 65% using the unaided eye to
approximately 80% with the benefit of ELM (Kanzler and Mraz-Gernhard,
2001). However, even with ELM, a trained dermatologist can be deceived at
least 20% of the time by the appearance of a melanoma (Kanzler and Mraz-
Gernhard, 2001).

Computer-aided diagnosis systems have been successfully applied for
early detection of melanoma. For example, a recently developed PC-based
pilot system (Binder et al., 2000) promises to automatically segment the
digitized ELM images, measuring 107 morphological parameters. A neural
network classifier trained with these features can differentiate between benign
and malignant melanoma. Accurate delineation of the lesion border shape
may improve the effectiveness of a computer-aided system, similar to the
above, and make the lesion accessible for further analysis and classifica-
tion (e.g., benign or malignant). Measurement of image features for diag-
nosis of malignant melanoma requires the first step to be the detection and
localization of the lesion in an image. The accurate determination of lesion
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boundaries is a primary aim in this work so that measurements of features
(e.g., asymmetry, border irregularity, and diameters) can be accurately
computed (Xu et al., 1999).

5.1.3 Objectives of the research

The development of the research is carried out in successive steps and is
summarized as follows:

1. The application of two approaches to the skin lesion segmentation prob-
lem: IS (which is a nonneural network method) and NNED are inves-
tigated. The aim is to quantitatively analyze the error in locating the
border due to the application of an automated segmentation method.

2. The IS algorithm is used in this work to aid the extraction of the true
border that reveals the global structure irregularity (indentations and
protrusions), which may suggest excessive cell growth or regression of
a melanoma. The output of the algorithm is used to generate various
synthetic data sets. Selected sets are used in the design of neural network
training sets.

3. A limited number of noisy edge patterns is proposed to analyze the
capability of NNED for both synthetic and real images. Some of the
most successful training sets are chosen for experimenting on synthetic
lesion images as an attempt to establish the basis for the NNED method
(Section 5.3).

4. It may be hypothesized that the edges produced by different algorithms
do not establish the correct maps. Thus, it may be possible to override
some of the uncertainty in detecting the edges by comparison between
these maps. The use of synthetic lesions is advantageous in initial anal-
ysis and verification because if the true position of the lesion border is
known, the different methods can be quantitatively and more accurately
compared (Section 5.4).

5. Variability among expert clinical delineations is dependent on human
subjectivity and was not addressed in many evaluation studies of auto-
mated skin lesions segmentation methods. Moreover, in spite of these
variations between clinical delineations, they were always considered the
gold standard for evaluating skin segmentation methods. Therefore, our
main objective of using real images is to aid the final stage of testing
the derived methods.

Section 5.2 provides a background on topics relating to the research.
Sections 5.3 and 5.4 present the practical implementation of the NNED, apply-
ing the analysis of this method to synthetic noisy lesions. In Section 5.5, IS
and NNED are compared for synthetic lesions at different image SNRs. Overall
conclusions drawn from the current work and suggestions for further work are
presented in Sections 5.6 and 5.7.
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5.2 Background

Skin lesions exhibit a variety of colors, the presence of which is not very
useful in segmenting images (Xu et al., 1999). However, we can observe that
there are changes in color when going from a lesion to its background (its
surrounding healthy skin). When we notice color variations inside and outside
the lesion, then a second observation can be carried out. Because the delin-
eation of a skin lesion deals with the boundaries of that lesion, color changes
belonging to the lesion boundaries are all necessarily important in this process.
Therefore, we can ignore color changes both inside a lesion and in the back-
ground of the lesion. Xu and colleagues (1999) stated two main facts relevant
to most skin lesion images:

• Skin lesions come in a variety of colors; however, changes in color from
a lesion to its background (its surrounding skin) are similarly observed
in all images.

• Skin lesions exhibit significant color variations, which may exist within
a lesion or in the background.

Intensity variations in lesion boundaries are simulated by producing
synthetic binary images of the lesions. Gaussian noise is chosen as a first
approximation noise source with which to compare the robustness of border
delineation between different techniques (Rajab, 2003; Rajab, Woolfson, and
Morgan, 2004). Real lesion images may contain noise such as details from skin
texture and hair that make it more difficult to localize the lesion border. In
addition, the effect of color variations such as shadows and reflections (bright
spots) tend to bias the color map when performing color segmentation. Fur-
ther work needs to be done to address the influence of noise so as to increase
the robustness of the investigated techniques.

5.2.1 Border irregularity of synthetic lesion

Irregularity of the lesion border is one of the important clinical features
that aid in differentiating benign melanocytic nevi from malignant melanoma.
There has been recent work in the development of more sophisticated tech-
niques to measure border irregularity (e.g., Lee et al., 2003), which could offer
extra features such as localization of the significant indentations and pro-
trusions in a lesion. A measure like this is sensitive to structure irregularity
and may be more useful for accurate classification of the lesion shape. Among
numerous irregularity measures, the border irregularity used here (Gray, 1971;
Rosenfeld, 1977) is given by

I =
P 2

4πA
(5.1)



Analysis and Applications of Neural Networks for Skin Lesion Border 119

where P is the perimeter of the segmented lesion and A is its area measured
in pixels (ΔA = 1). The perimeter is approximated by the sums of all the
infinitesimal arcs that define the curve enclosing a region S as (Nixon, 2002):

P (S) =
∑

i

√
(xi − xi−1)2 + (yi − yi−1)2 (5.2)

where xi and yi represent the coordinate of the ith pixel forming the curve.
Because pixels in the image are organized in a square grid, the summation
can take only two values.

For example, and according to the irregularity measure in Equation 5.1,
a circular border has a measure of unity irregularity: I =P 2/4πA = (2πr)2/
4π(πr2) = 1, which reveals a perfectly regular border. However, due to small
errors in the measured perimeter (Equation 5.2), it is not possible that an
exact value of 2πr will be achieved for the perimeter of a circular region of
radius r.

Golston and colleagues (1992) determined by the use of some preliminary
test images that a threshold of I = 1.8 makes the best separation between
regular and irregular borders; that is, a lesion with I greater than 1.8 was
to be classified as an irregular lesion. According to Golston’s classification
threshold (1992), the three lesions shown in Figure 5.3 (Rajab, 2003) represent
three types of lesion topology according to their border irregularity indices
(Equation 5.1): (a) very regular, I = 1.1; (b) regular, I = 1.8; (c) irregular,
I = 2.8. We can say that these three lesions are chosen as basic typical test
lesions, which would represent three candidates of border irregularities at
two extremes of the threshold of 1.8 and at the threshold itself. It should
be noted that accurate segmentation methods such as the IS method,
which is presented in this work, could provide accurate lesion boundaries.
Therefore, we have adopted this method to support generating the synthetic
lesions shown in Figure 5.3. Moreover, an accurate method like the IS could
accurately delineate a boundary of a lesion that represents the structure
irregularity of that lesion and may also suggest excessive cell growth or
regression of a melanoma (Rajab, 2005).

To build an analysis environment for testing the capability of the seg-
mentation methods to delineate the true border of a lesion, we extracted
the borders of three real skin lesions to generate three corresponding
typical synthetic lesions, shown in Figure 5.3. The three binary synthetic

(a) (b) (c)

FIGURE 5.3: Three cases of synthetic lesions: (a) very regular, I = 1.1,
(b) regular, I = 1.8, and (c) irregular, I = 2.8.
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(a) (b)

FIGURE 5.4: (a) IS segmentation result of a real lesion with irregularity
index I = 1.3. (b) Border in (a) is manually modified such that I = 1.8.

lesions shown in Figure 5.3 were formed using the IS method (presented
in Section 5.3), which is much more flexible in generating binary segments
with a wide range of structure irregularities. To avoid the possibility that
results using these synthetic lesions might be biased toward the IS method,
we manually added an additional complexity to the border of one of the
three lesions (Figure 5.3b) so that the final border structure differs from that
determined by the IS method (see Figure 5.4) and can also be considered as
if it were generated by another method.

5.2.2 Segmentation error

The error metric stated in Equation 5.3 has been used to quantitatively
evaluate the result of segmentation (Gao et al., 1998; Hance et al., 1996; Xu
et al., 1999). However, in those cases the manual segmentation produced by
a clinical expert is used as the gold standard. The segmentation methods are
tested on real clinical images and are quantitatively evaluated using the error
metric developed by Hance and colleagues (1996):

e =
A ⊗ B

A
(5.3)

where the exclusive-or output image represents the total area that does not
overlap between the segmented lesion B and the original reference synthetic
lesion A. A zero normalized error means that the evaluated segmented lesion
B completely overlaps with the reference A, while an error of 1.0 is obtained
when there is no overlap. This error measure is always between 0.0 and 1.0
and is independent of the size of a lesion.

5.2.3 Conventional segmentation methods

The IS method (Rajab, 2003) and the ASS method (Xu et al., 1999) are
two examples of conventional segmentation techniques. They are nonneural
network algorithmic methods. Detailed theoretical background is presented
in Rajab (2003). In lesion segmentation algorithms, the interest is mostly
in changes that occur from the background to a lesion, or vice versa, then
suppressing significant color variations inside a lesion or in the background
are necessary. The requirements of boundary enhancement and suppression
of color variations can be implemented by a mapping function as illustrated
in Figure 5.5. The function tries to reduce image gradients corresponding to
details belonging to the background and to a lesion; at the same time, the
gradients of the intensities of pixels falling on lesion boundaries are increased
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(the gradients of the boundary region are increased, as depicted in the shaded
region of Figure 5.5).

Three steps are used in the IS method to segment the skin lesions: intensity
mapping, application of an isodata algorithm, and object outlining. One of the
advantages of the mapping function is that when mapping images containing
low-intensity variations, small σ, in the background (e.g., ELM images; Rajab,
2005), then the function tends not to magnify those variations. Moreover, the
selection of the standard deviation (σ) of this mapping function is automati-
cally determined according to the estimated standard deviation of the back-
ground surrounding the lesion (Rajab, 2003). Figure 5.6 demonstrates various

O
ut

pu
ts

Inputs

Background Boundary Lesion

FIGURE 5.5: Property of a desirable mapping function.

(d)

(a) (b) (c)

(e) (f)

FIGURE 5.6: Iterative segmentation process: (a) noisy synthetic lesion
(SNR = 3.0), (b) subtraction of median background, (c) intensity mapping,
(d) smoothing by a 2-D Gaussian kernel of size 3 × 3 and standard deviation
0.6 pixel, (e) a binary segment at an optimal threshold produced by an isodata
algorithm, and (f) a one-pixel-wide edge produced by object outlining.
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outputs of imaging tasks of the iterative method to retrieve the true border
of the noisy synthetic lesion.

5.3 Analysis of Neural Network Edge
Detection (NNED)

Minimizing the complexity and ambiguity in the neural network training
set rather than minimizing the convergence error of the trained neural network
is a significant factor in the success of neural network recognition (Nakashima
et al., 2001). The use of the SNR in characterizing the noisy patterns in the
training set was one of the successful methods considered to analyze, study,
and modify the NNED method. Further detailed background of the method
used to analyze the behavior of various NNEDs is presented in Rajab (2005)
and Rajab and Alhindi (2007).

In Section 5.5, we compare the robustness of segmentation errors to noise
for the three segmentation methods (IS, ASS, and NNED) using the lesions
shown in Figure 5.3 after they are corrupted by different realizations of Gaus-
sian noise. Since we know that segmentation methods may yield slightly dif-
ferent errors when applied to different lesion structures, it is tedious and time
consuming to generate numerous structures of synthetic binary lesions similar
to those shown in Figure 5.3. We have instead taken three references synthetic
images representing typical lesions with very different irregularity indices.

5.3.1 Structure and training of the NNED

This section presents the practical implementation of the NNED, utiliz-
ing the analysis of the NNED applied to real and synthetic noisy lesions. A
novel neural network training set, consisting of a limited number of proto-
type edge patterns (see Figure 5.7), is proposed here to establish a base for a
simple NNED scheme. Figure 5.7 illustrates four edge profiles in 3 × 3 pixel
grids.

All the neural network training sets consist of a limited number of proto-
type edge patterns with 3×3 pixels similar to the patterns shown in Figure 5.7.
We chose the smallest window size of 3 × 3 because it is sufficient to define
all edge patterns encountered in this work. Various experiments have been
performed using the neural network model with multilayer perceptron (MLP)
architecture. The neural network is trained with the error backpropagation
algorithm (Lippmann, 1987), using different sizes of training sets. When con-
structing and experimenting with various training sets, the total number of
prototype edge patterns and their redundancy were considered. The number
of prototype edge patterns used in this work is 42, incorporating five-edge
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Extreme

Ramp

Step

Roof

FIGURE 5.7: Four edge profiles in a 3 × 3 pixel grid at four orientations.

Output unitsy1

x1 x2 x9

h1 h2 h10

y2 y7

Hidden units

Input pattern

FIGURE 5.8: A 9-10-7 multilayer perceptron.

profiles with the possible orientations of each edge profile and also 100 redun-
dant edge patterns (Section 5.4).

The training procedure is followed until a compromise solution is achieved
and the neural network is capable of detecting object boundaries. The work
presented here was based on a neural network model of the three layer MLP
architecture. An example of 9-10-7 MLP is shown in Figure 5.8: there are 9
inputs in the input layer, 10 hidden nodes (units), and 7 nodes in its output
layer.

Successful training was achieved when the neural network’s mean square
error converged to the value of 0.009 with a learning rate of 0.001 and momen-
tum rate of 0.5 (Lippmann, 1987). The neural network was found to be
highly capable of recognizing edge patterns in noisy synthetic lesions and
less likely to recognize intensity variations surrounding the lesion. Figure 5.9a
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(a) (b)

(c) (d)

FIGURE 5.9: NNED method. (a) Noisy lesion at SNR = 12. (b) Highest
intensities recognized edge patterns are the candidate points in the Gaussian
curve fitting. (c) White intensity edge points representing the Gaussian curve.
(d) Binary area under the edges in (c).

illustrates the NNED method when applied to a noisy synthetic lesion with
SNR of 12. The edges found by the NNED are shown in Figure 5.9b. The
discontinuities between edge patterns shown in Figure 5.9b can be overcome
using the same Gaussian curve fitting method as used in the ASS method
(Xu et al., 1999); see Figure 5.9c. Using this border outline, a binary image,
shown in Figure 5.9d, can be easily formed.

It is important to mention that the NNED outputs only represent the
decoded edge patterns that are expected to represent edge positions in the
corresponding original input images. Synthetic images could easily provide
a good test while experimenting with the NNED. Figure 5.10 compares the
NNED outputs of real and synthetic lesions (the boundaries and the binary
lesion are shown in Figure 5.9c–d) with the segmentation results of IS and
ASS methods. Section 5.4 summarizes various experiments performed on the
neural network to test this model’s ability to locate edge maps.

5.4 NNED Test Experiments

The use of the SNR in characterizing noisy patterns in the training set
was one of the successful methods considered to modify the technique of
generating additive noise to the training set. In general, larger networks
(with larger hidden nodes) show different behaviors (Rajab, 2005; Rajab and
Alhindi, 2007). Some functioned as noise detectors only, and others detected
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(a) (b)

(c) (d) (e)

(f) (g) (h)

FIGURE 5.10: (See color insert following page 370.) (a) A real lesion.
(b) Irregular noisy synthetic lesion (S/N = 3.0). (c–e) The lesion boundaries
produced by IS and ASS, and NNED, respectively when applied to the lesion
in (a). Similarly, (f–h) are the output results for IS, ASS, and NNED, respec-
tively, when applied to a synthetic lesion in (b).

a few edge patterns in incorrect locations. Synthetic noisy images give an
indication of their behavior in noisy environments. At lower SNRs, the NNED
tends to detect fewer edge patterns. In this section, we present the experi-
ments that are applied to the noise-free training sets. The successful training
set that supports generalization for various synthetic images is a candidate
in the study comparing segmentation errors obtained by the NNED method.

Here neural networks are trained with training sets containing sharp edges
only (noise-free edge patterns). Table 5.1 compares the errors between four
different sizes of training sets that are corrupted with noise and two successful
noise-free training sets.

Neural network recognition improves remarkably when the number of
noise-free prototype edge patterns is 42, incorporating five-edge profiles
(Figure 5.7) with the possible orientations of each edge profile, and the repe-
tition of patterns is equal to 150 times. The aim of increasing the repetition
time in a noise-free training set is to provide sufficient patterns to the input
layer of the neural network during the training phase. The criterion used here
is that the candidate training set is the one that makes the NNED able to
detect close edge patterns, which then support accurate curve fitting.
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5.5 Performance Evaluation of Segmentation Methods

In this section, we investigate the application of the IS and NNED
approaches to the skin lesion segmentation problem. The aim is to quanti-
tatively analyze the error in locating the border due to the application of an
automated segmentation method. The ASS method (Xu et al., 1999) is also
used here as a comparison with the two proposed methods. These approaches
are compared for synthetic lesions at different image SNRs and are quanti-
tatively evaluated using the error metric developed by Hance (Equation 2.3).
Experiments are performed on digitized clinical photographs and also on pig-
mented networks captured with the ELM technique. A quantitative comparison
is provided by comparison of the techniques on the three references of synthetic
lesions shown in Figure 5.3. We also demonstrate the optimum technique on
real lesions.

5.5.1 Test sets of synthetic skin lesions

Three sets of synthetic data are chosen to represent three different types
of lesion irregularities. It is tedious and time consuming to generate numer-
ous structures of synthetic binary lesions similar to those shown in Figure 5.3.
Instead, we provide sufficient data sets by corrupting three candidate synthetic
images (shown in Section 5.2, Figure 5.3) with different realizations of
Gaussian noise (see Table 5.2). Figure 5.11 shows a sample of noisy syn-
thetic lesions (for the case of very regular lesions), which are corrupted by
10 different realizations of Gaussian noise. These images represent only 1 out
of 10 different realizations. Therefore, if we want to generate each lesion case
at 10 different SNRs, for example, then in each case we will have a test set
consisting of 100 noisy lesions. Table 5.2 demonstrates how we can use these
three cases to generate a cluster of test images, which will finally produce a
whole set of 300 test images. Such a simple and general model might provide
a suitable preliminary test environment. Moreover, these synthetic images aid
in the interpretation of different NNED outputs, especially at the preliminary
stage of neural network edge detection experiments.

TABLE 5.2: Structure of a test set of
synthetic lesions.

Contents of a Set Number of Images
Noise levels 10
Realizations 10
Types of lesions 3
Whole set 300 images

Note: Whole set equals noise level times realizations times types of lesion.
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S/N � 12

S/N � 10

S/N � 4

S/N � 0.5 S/N � 0.25 S/N � 0.125

S/N � 2 S/N � 1

S/N � 8 S/N � 6

FIGURE 5.11: A very regular lesion corrupted with 10 different realiza-
tions of Gaussian noise.

The importance of good localization of lesion boundary by the result of
a robust segmentation method is always considered key to the success of the
evaluated method. Mean segmentation errors are computed and compared for
the three synthetic lesions considered in this study (Rajab, 2003), using 12
discrete levels of Gaussian noise corresponding to SNRs between 12 and 0.125
(which correspond to 10.8 dB and −9.0 dB, respectively). Figure 5.12 shows
the case of irregular lesion. It is interesting to note that when trying to esti-
mate the SNRs for the set of 18 real high-quality SIAscope images (provided
by Astron Clinica), it was found that the corresponding SNRs varied between
26.8 dB and 7.2 dB. However, lower SNRs are found in clinical photographs,
for example, in a set of 20 images provided by Xu and colleagues’ (1999)
database of skin lesions; example images are shown in Figure 5.13. In Xu’s
database, the SNRs are found to vary between 13.1 dB and −6.7 dB.

Each individual point on the graph of Figure 5.12 uses 10 realizations of
a random noisy lesion (at the same SNR) to compute the mean segmentation
error and its standard deviation. In the case of the IS method, two calculations
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FIGURE 5.12: Comparison of mean error (%) between segmentation
methods: case of irregular lesion.

(d)

(a) (b) (c)

(e) (f)

FIGURE 5.13: (a) A real lesion. (b) Intensity image produced by map-
ping function used in the IS algorithm. (c) Highest intensities recognized edge
patterns by the neutral network. (d) The white intensity edge points by rep-
resenting the Gaussian curve fitting of edge points in (c). (e) Final NNED
result overlapped with the color lesion in (a). (f) Lesion boundaries produced
by the IS for the color in lesion (a).
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are carried out, with and without the mapping function (Section 5.2.3). In this
way, we can assess the importance of this procedure when applying the IS
method. At high SNR, the IS algorithm retrieves the complete lesion segment
with highest precision. On the other hand, the ASS and the NNED methods
have a significant level of error over the range of SNRs considered. At very low
SNR, all techniques begin to break down, but the IS still achieves the lowest
segmentation error. For synthetic lesions with different border irregularities,
the IS method outperformed the others and should prove to be a valuable tool
for skin cancer diagnosis. In the next section, the three methods are tested on
real skin lesions.

The IS method has been demonstrated to be the most effective method
of segmenting the three types of synthetic lesions considered (Rajab, 2003).
One difference between the results from the ASS and IS methods is that the
former approximates the boundary region by fitting an elastic curve between
refined edge pixels, from approximated lesion boundaries, whereas the latter
does not. In the IS method, instead of approximating the lesion boundary, a
subsequent object-outlining operation is used to generate edge pixels from the
resulting binary segment. The NNED result is also approximated by the same
curve fitting as the ASS method. However, the NNED discrimination between
edge and noise patterns is a critical issue, especially for the case of very noisy
lesions, because the inputs to the NNED are the original noisy patterns, with
no preprocessing like that used in the ASS and IS methods (i.e., intensity
mapping and noise filtering). This reduction of image operations along with
the simple NNED structure used has an advantage in reducing the execution
time of the NNED segmentation method.

5.5.2 Real lesions

Real lesion images may contain noise such as details from skin texture
and hair that make it more difficult to localize the lesion border. The first
image preprocessing step in IS and NNED is to convert a real color image
into its corresponding grayscale image. To ease image math calculations of
the grayscale map, we adopted the technique used by Ganster and others
(Ganster et al., 2001) to utilize one of the three grayscale channels in RGB
color image. Because real skin images often contain narrow objects such as hair
and other small objects, we added a grayscale morphological opening (Gray,
1971) operation as the first step of data reduction. Opening is a succession of
two operations: erosion and dilation. The erosion of gray intensities means that
each pixel is replaced with a minimum value in the structuring element, which
may be the minimum value in the 3 × 3 neighborhood elements. Similarly,
using the maximum value in a neighborhood achieves grayscale dilation. The
erosion causes the thin and small objects to shrink or erode. Successively,
dilation expands the eroded image by filling gaps in the lesion’s contour and
eliminating small holes. The remaining image operations are exactly the same
as those explained in Section 5.2.3. Therefore, up to this stage, the imaging
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TABLE 5.3: IS algorithm steps to delineate a color lesion.

Step 1: {Source image}
Source image = Blue channel of {R,G,B} color image

Step 2: {Noise reduction}
Gray morphology
Subtract median background noise

Step 3: {Lesion enhancement}
Map intensities with appropriate function
Smooth

Step 4: {Optimal thresholding}
Optimal thresholding

Step 5: {delineate object}
Outline binary object(s)

Step 6: {Object analysis}
Set minimum and maximum object size; MinSize and MaxSize
Scan the binary image Until
MinSize < Area < MaxSize

tasks that have been applied in the IS method to delineate a color lesion image
could be summarized as shown in steps 1 through 5 in Table 5.3.

Experimental results reveal that when analyzing various real images and
subtracting background noise, the median operation (Step 2) has a major
drawback: it causes some holes to grow in an image. Therefore, to produce an
image with a single lesion, we add another operation (Step 6). This process
is useful when analyzing an image to correct errors caused in the delineation
process, such as the delineation of images containing thick and dark hair.
Scanning across the image is performed until a condition or a set of conditions
is reached (Rajab, 2003).

When comparing the results of three segmentation methods for real lesions,
consistency is found in the relative performances of these methods when
applied to synthetic lesions. To illustrate this, Figure 5.10 shows how the
IS, ASS, and NNED segmentation results are similar for both real and syn-
thetic lesions. The similarity between the two categories of results indicates
the success of the synthetic test model. For example, the IS method preserved
the lesion’s topology in both real (Figure 5.10c) and synthetic (Figure 5.10f)
lesions better than the other two methods. Approximating the experts’ delin-
eations was one of the aims of the method of Xu and colleagues (1999), and
accurate localization of a lesion boundary was of less importance in the Xu
method. This would mostly yield regular lesion structures such as those shown
in Figures 5.10d and 5.10g. However, the NNED has a different method to
localize edge boundaries. The success of the trained NNED here is image
dependent; that is, the NNED is trained to recognize only non-noisy sharp
edges that also need an input image to contain at least similar patterns of
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these sharp edges. For example, when a simple intensity-mapped image in
Figure 5.13b of the real lesion shown in Figure 5.13a is applied to NNED, the
output boundary produced in Figure 5.13e is similar to one obtained by the IS
method in Figure 5.13f. This is mainly because the enhanced intensity-mapped
image is easily learned by the NNED.

Digitized clinical photographs of skin lesions (from the database of Xu
et al., 1999) were processed. These low-quality images were chosen to test
the robustness of the algorithm to delineate images with clear skin texture.
Figure 5.14 also compares more output results from the three segmentation
methods when they are applied to the malignant lesions produced by Xu and
colleague’s skin lesion database. It is clearly shown that the IS method is bet-
ter than the other two methods at preserving most of the lesion’s topology. We
also processed another set of 18 images, which were captured with the ELM
technique. It was found that the ASS method produces relatively poor results
when applied to these images, mainly because the class of ELM images con-
tains very low variations between intensities, which will be incorrectly mapped

(a) (b) (c)

FIGURE 5.14: Final segmentation results (boundary delineations) for
three malignant images by (a) ASS, (b) IS, and (c) NNED methods. Bor-
ders are super-imposed with the corresponding original malignant images.
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by the ASS method. Its mapping function will include details of the back-
ground in the resulting mapped image. However, the high quality of this class
of images makes the segmentation by IS and NNED methods an easy task.

5.6 Discussion

The generalization and flexibility to alter the training set structure (size,
orientation, and also the amount of random noise added; see Figure 5.7) is
one of the advantages to analyzing different structures of NNEDs. When
constructing and experimenting on neural networks with various noise-free
training sets, the total number of prototype edge patterns and their redun-
dancy are considered. A remarkable improvement was shown in the neural
network recognition when the total number of noise-free prototype edge pat-
terns was 42, incorporating five-edge profiles with the possible orientations
of each edge profile. NNED is evaluated by comparing its segmentation error
with two nonneural network algorithms (IS and ASS). The synthetic lesions
utilized in this work enabled a truly quantitative comparison of the three
methods because the segmented images can be compared with the originals.
Very low SNR was used in the simulation experiments to test the three seg-
mentation methods in order to test them to their limits. Also, it may be pos-
sible to investigate the application of these methods to segment other types
of images in which the SNR is lower than the case of real skin lesion images.
The initial segmentation in the IS algorithm uses an accurate and comprehen-
sive thresholding technique that iteratively analyzes the whole image, object
and background, provided that both the lesion and its background have dis-
tinct, average gray levels. In contrast, the thresholding technique adopted in
the ASS method is mostly suitable for the case of a lesion having gray levels
distinct from those of the background. In practice, this case may not always
exist, especially when considering a wide range of lesion scenes with widely
different properties (e.g., effect of noise and image details such as skin texture
and hair).

5.7 Future Research Directions

In future work, we intend to focus on the visual enhancement and delin-
eation of skin lesions to make them accessible to further analysis and classi-
fication (e.g., using the IS method) and on the development of more sophis-
ticated noise models to include image artifacts, which will also aid in the
comparison of the various skin segmentation methods. Future NNED anal-
ysis study can include analyzing the behavior of different neural network
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architectures. Using the SNR in characterizing the noisy patterns in the train-
ing set is a successful method of analyzing, studying, and modifying the NNED
method (Rajab, 2005). The research of neural networks analysis implies to
understand the internal behavior and functionality for various neural network
architectures. The analysis study by Rajab and Alhindi (2007), for example,
considered NNED’s hidden units as templates, which were analyzed into
three gradient components: low-pass or averaging, gradient, and second-order
gradients.

5.8 Conclusions

In this chapter, a limited number of noisy edge patterns is proposed to
analyze the capability of NNED for both synthetic images and real images.
Various methods were applied to reduce the neural network noisy training set
(e.g., variation of training set size). Using the SNR in characterizing the noisy
patterns in the training set proved a successful way to modify the technique
of generating additive noise to the training set.

In the next phase of the experiments, the successful generalization made
by the noise-free training set is used to study the trend of the NNED method
for the application to the evaluation of the segmentation errors when applied
to similar noisy synthetic lesions. The principal aim in the evaluation of a
skin lesion image segmentation technique is to study the effectiveness in dis-
tinguishing a lesion from the background. The NNED method is compared
with two nonneural network methods: the IS and the ASS methods. The
aim is to quantitatively analyze the error in locating the border due to the
application of an automated segmentation method. The disadvantage of using
expert delineations of actual lesions to evaluate the algorithms is that this
procedure is dependent on human subjectivity. In particular, the variation
in the location of the lesion border as defined by different experts is there-
fore not ideal when making a quantitative comparison among different auto-
matic segmentation methods. This has motivated the generation of noise-
free synthetic images with shape, irregularity, and size similar to real skin
lesions. Gaussian noise is then added to the images, and the accuracy of
the different techniques in segmenting the images in the presence of differ-
ent levels of noise is evaluated. This enables a true quantitative comparison
of different techniques. Mean segmentation errors are computed and com-
pared for the three synthetic lesions considered. At SNR, the IS algorithm
retrieves the complete lesion segment with highest precision. On the other
hand, the ASS and the NNED methods have a significant level of error over
the range of SNRs considered. At very low SNR, all techniques begin to break
down, but the IS still achieves the lowest segmentation error. The IS tech-
nique is also tested on an image of a real skin lesion. In conclusion, for
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synthetic lesions with different border irregularities, the IS method outper-
formed the others and should prove to be a valuable tool for skin cancer
diagnosis.
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The introduction of multispectral imaging in pathology problems such as
the identification of prostatic cancer is recent. Unlike conventional RGB color
space, it allows the acquisition of a large number of spectral bands within the
visible spectrum. The major problem arising in using multispectral data is
high-dimensional feature vector size. The number of training samples used to
design the classifier is small relative to the number of features. For such a high
dimensionality problem, pattern recognition techniques suffer from the well-
known curse of dimensionality. The aim of this chapter is to discuss and com-
pare two tabu search–based computational intelligence algorithms proposed
recently by authors for the detection and classification of prostatic tissues
using multispectral imagery.

6.1 Introduction

Quantitative cell imagery in cancer pathology has progressed greatly in
the last 25 years. The application areas are mainly those in which the diag-
nosis is still critically reliant on the analysis of biopsy samples. These include
many common tumors such as prostate, colon, liver, breast, and cervix. These
tumors account for 38% of the total incidence of all 200 types of cancers in
the United Kingdom. In these types of tumors, biopsies remain the only con-
clusive method for making an accurate diagnosis of the disease. Biopsies are
usually analyzed by a trained pathologist who, by looking at the biopsies under
microscope, assesses the normality or malignancy of the samples submitted.
The diagnosis is crucial for determining a course of treatment.

In December 1999, a study of more than 6,000 patients by Johns Hopkins
researchers found that up to 2 out of every 100 people who come to large
medical centers for treatment following a biopsy are given a diagnosis that
is “totally wrong” [1]. The results suggested that second-opinion pathology
examinations not only prevent errors but also save lives and money.

Over the last decade, prostate cancer has surpassed lung cancer as the most
commonly diagnosed cancer in the male population with approximately 32,000
new cases diagnosed every year in the United Kingdom alone [2]. Prostate
specific antigen (PSA) blood test and transrectal ultrasonography are com-
monly used methods of diagnosis. If a PSA-positive result is obtained, the urol-
ogist often advises a needle biopsy of the prostate in which a small sample of
tissue is taken for analysis. A pathologist analyzes the textures and structures
present in the samples to make a diagnosis. Different grades of malignancy
correspond to different structural patterns as well as to apparent textures.
This diagnosis applies whether the samples are analyzed at low-, medium-, or
high-power magnification. In the case of the prostate gland, the following four
major groups usually must be discriminated [3]. Figure 6.1 shows samples of
the four classes.
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(a) (b)

(c) (d)

FIGURE 6.1: Images showing representative samples of the four classes:
(a) stroma (STR), (b) benign prostatic hyperplasia (BPH), (c) prostatic
intraepithelial neoplasia (PIN), and (d) prostatic carcinoma (PCa).

• Stroma: STR (normal muscular tissue).

• Benign prostatic hyperplasia: BPH (a benign condition).

• Prostatic intraepithelial neoplasia: PIN (a precursor state for cancer).

• Prostatic carcinoma: PCa (abnormal tissue development corresponding
to cancer).

In standard clinical practice, the pathologist uses a microscope to visually
navigate over the biopsy sample slides. The pathologist makes a decision about
the grading and staging of the samples based on his or her expertise and
experience. With the development in machine vision and intelligent image
processing systems combined with advancement in computer hardware, the
analysis of histopathological [1] images has become a reality. By providing
quantitative measurements and objective-based decisions, machine vision can
be a valuable help for pathologists and can contribute to reducing diagnosis
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error cases. Such automated cancer diagnosis facilitates objective opinions for
pathologists and provides a second opinion for patients [4].

Numerous investigations have been carried out using different approaches,
such as morphology and texture analysis, for the classification of prostatic
samples [5–10]. However, all these studies were performed using a color space
that is limited either to gray-level images or to standard RGB channels. In
both cases, the color sampling process causes the loss of a considerable amount
of spectral information, which can be extremely valuable in the classification
process.

The recent development of technologies such as high-throughput liquid crys-
tal tunable filters (LCTF) has introduced multispectral imaging to pathology,
enabling a complete, high-resolution optical spectrum to be generated for every
pixel of amicroscope image. Such an approach represents a completely novelway
of analyzing pathological tissues. Nevertheless, a few pioneering investigations
have been carried out; for example, Liu, Zahoa, and Zhang [11] used a large set
of multispectral texture features for the detection of cervical cancer. Barshack
and colleagues [12] used spectral morphometric characteristics on specimens of
breast carcinoma cells stained with hematoxylin and eosin (H&E). Their analy-
sis showed a correlation between specific patterns of spectra and different groups
of breast carcinoma cells. Larsh and others [13] suggested that multispectral
imaging can improve the analysis of pathological scenes by capturing patterns
that are transparent to both human eye and standard RGB imaging. Zhang
and others [14] presented a novel approach for automatic detection of white
blood cells in bone marrow microscopic images. In their work, a multispectral
imaging technique for image analysis is introduced.

Recently, researchers have described a novel approach in which additional
spectral data are used for the classification of prostate needle biopsies [15–17].
The aim of their approach is to help pathologists reduce the diagnosis error
rate. Instead of analyzing conventional grayscale or RGB color images, spec-
tral bands are used in the analysis. Results show that the multispectral image
classification using supervised linear discriminant analysis (LDA) [18] outper-
forms both RGB and gray-level-based classification.

Although an overall classification accuracy of 94% was achieved in their
research, a principal component analysis (PCA) technique was used to reduce
the high dimensionality of the feature vector. PCA has an obvious drawback:
because each principal component is considered to be a linear combination of
all other variables, the new variables may not have a clear physical meaning.
A classification applied to PCA-reduced features may not be optimal because
training may contain undesirable artifacts due to illumination, occlusion, or
errors from the underlying data generation method. It is desirable not only to
achieve dimensionality reduction but also to take into account the problems
mentioned above in order to further improve the classification accuracy.

As discussed, the major problem arising in using multispectral data is high-
dimensional feature vector size (>100). The number of training samples used
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to design the classifier is small relative to the number of features. For such a
high-dimensionality problem, pattern recognition techniques suffer from the
well-known curse of dimensionality [19]. Recently, we proposed tabu search
(TS)–based computational intelligence techniques. Section 6.2 discusses the
background of the problem (i.e., curse of dimensionality, which arises from
using multispectral data). Section 6.3 describes proposed TS-based computa-
tional intelligence methods for prostate cancer classification. Section 6.4 dis-
cusses sample preparation and image acquisition. In Section 6.5, experiments
and results are described, followed by discussion in Section 6.6. Section 6.7
discusses future research directions, and Section 6.8 concludes the chapter.

6.2 Background

The major problem arising from multispectral data is related to the fea-
ture vector size. Typically, with 16 bands and 8 features in each band, the
feature vector size is 128 [16]. For such a high-dimensionality problem, pat-
tern recognition techniques suffer from the curse of dimensionality: keeping
the number of training samples limited and increasing the number of features
will eventually result in badly performing classifiers [19,20] for improving the
classification accuracy of prostate cancer. The aim of this chapter is to discuss
and compare two metaheuristics methods proposed recently for the detection
and classification of prostatic tissues using multispectral imagery [48–50].

One way to overcome this problem is to reduce the dimensionality of the
feature space. While a precise relationship between the number of training
samples and the number of features is hard to establish, a combination of
theoretical and empirical studies has suggested the following rule of thumb
regarding the ratio of the sample size to dimensionality: the number of training
samples per class should be greater than or equal to five times the features
used [21]. For example, if we have a feature vector of dimension 20, then we
need at least 100 training samples per class to design a satisfactory classifier.

PCA (a well-known unsupervised feature extraction method) has been
used by Eble and Bostwick [3] on the large resulting feature vectors to reduce
the dimensionality to a manageable size. The classification tests were car-
ried out using the supervised LDA [18]. A classification accuracy of 94% was
achieved in their experiments.

Another way to reduce the dimensionality of the feature space is by using
feature selection methods. The term feature selection refers to the selection
of the best subset of the input feature set. The methods used in the design
of pattern classifiers have three goals: (1) to reduce the cost of extracting
the features, (2) to improve the classification accuracy, and (3) to improve
the reliability of the estimation of the performance, since a reduced feature
set requires fewer training samples in the training procedure of a pattern
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classifier [19,22]. Feature selection produces savings in the measuring features
(since some of the features are discarded), and the selected features retain
their original physical interpretation [19]. This feature selection problem can
be viewed as a multiobjective optimization problem because it involves mini-
mizing the feature subset and maximizing classification accuracy J .

Mathematically, the feature selection problem can be formulated as follows.
Suppose X is an original feature vector with cardinality n, and X̄ is the new
feature vector with cardinality n̄, X̄ ⊆ X, and J(X̄) is the selection criterion
function for the new feature vector X̄. The goal is to optimize J().

This feature selection problem is NP-hard [23,24]. Therefore, the optimal
solution can only be achieved by performing an exhaustive search in the
solution space [32]. However, exhaustive search is feasible only for small n.
A number of algorithms have been proposed for feature selection to obtain
near-optimal solutions [19,22,25–29]. The choice of an algorithm for selecting
the features from an initial set depends on n. The feature selection problem is
said to be of small scale, medium scale, or large scale according to whether n
belongs to the intervals [1, 19], [20, 49] or [50, ∞], respectively [22, 27]. Sequen-
tial forward selection (SFS) [30] is the simplest greedy sequential search
algorithm and has been used for landmine detection using multispectral
images [31]. Other sequential algorithms, such as sequential forward floating
search (SFFS) and sequential backward floating search (SBFS), are more
efficient than SFS and usually find fairly good solutions for small- and
medium-scale problems [26]. However, these algorithms suffer from the
deficiency of converging to local optimal solutions for large-scale problems
when n is greater than 100 [22,27]. Recent iterative heuristics such as TS and
genetic algorithms have proven effective in tackling this category of problems,
which are characterized by having an exponential and noisy search space
with numerous local optima [27,28,33,34].

In previous work [48–50], we proposed TS-based computational intelligence
techniques to solve this curse of dimensionality. In the following sections, a
number of computational intelligence techniques recently proposed for the
detection and classification of prostatic tissues are described with emphasis
on their impact of classification accuracy and simplicity of implementation.

6.3 Computational Intelligence Techniques for
Prostate Cancer Classification

Two different methods have been proposed to improve the classification
accuracy using tabu search [48–50]. The first method uses a simple multiclass
approach; the other method uses a round-robin approach. In this section, we
discuss both methods. We first discuss feature selection using tabu search since
it has been used in both methods.
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6.3.1 Feature selection using tabu search

6.3.1.1 Overview of tabu search

Tabu search was introduced by Glover [35,36] as a general iterative meta-
heuristic for solving combinatorial optimization problems. Tabu search is
conceptually simple and elegant. It is a form of local neighborhood search
that starts from an initial solution and then examines feasible neighboring
solutions. It moves from a solution to its best admissible neighbor, even if
this causes the objective function to deteriorate. To avoid cycling, solutions
that were recently explored are declared forbidden, or tabu, for a number of
iterations. The tabu status of a solution is overridden when certain criteria
(aspiration criteria) are satisfied. Sometimes intensification and diversifica-
tion strategies are used to improve the search. In the first case, the search is
accentuated in promising regions of the feasible domain. In the second case,
an attempt is made to consider solutions in a broad area of the search space.
The TS algorithm is given in Figure 6.2.

6.3.1.2 Fuzzy objective function

In this section, we present a TS algorithm in which the quality of a solution
is characterized by a fuzzy logic rule expressed in linguistic variables of the
problem domain. Fuzzy set theory has recently been applied in many areas
of science and engineering. In the most practical situations, one is faced with
several concurrent objectives. Classic approaches usually deal with such diffi-
culty by computing a single utility function as a weighted sum of the individual
objectives, where more important objectives are assigned higher weights [50].
Balancing different objectives by weight functions is at best controversial.
Fuzzy logic is a convenient vehicle for trading of different objectives. It allows
the mapping of values of different criteria into linguistic values that charac-
terize the level of satisfaction of the system designer with the numerical value
of objectives and operation over the interval [0, 1] defined by the membership
functions for each objective.

Three linguistic variables are defined to correspond to the three component
objective functions: number of features f1, number of incorrect predictions f2,
and average classification error rate f3. One linguistic value is defined for
each component of the objective function. These linguistic values characterize
the degree of satisfaction of the designer with the values of objectives fi(x),
i = {1, 2, 3}. These degrees of satisfaction are described by the membership
functions μi(x) on fuzzy sets of the linguistic values, where μ(x) is the mem-
bership value for solution x in the fuzzy set. The membership functions for the
minimum number of features, the minimum number of incorrect predictions,
and the low classification error rate are easy to build. They are assumed to be
nonincreasing functions because the smaller the number of features f1(x), the
number of incorrect predictions f2(x), and the classification error rate f3(x),
the higher is the degree of satisfaction μ1(x), μ2(x), and μ3(x) of the expert
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FIGURE 6.2: Flow chart of a short-term tabu search.

system (see Figure 6.3). The fuzzy subset of a good solution is defined by the
following fuzzy logic rule:

IF a solution has a small number of features AND a small number
of incorrect predictions AND low classification error rate, THEN
it is a good solution.

According to the AND/OR like ordered-weighted-averaging logic [40,41],
the above rule corresponds to the following:

μ(x) = γ × min(μi(x)) + (1 − γ) × 1
3

3∑
i=1

μi(x) (6.1)
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FIGURE 6.3: Membership function for fuzzy subset X, where, in this
application, X is the number of features F , the number of incorrect predictions
P , or the classification error rate E.

where γ is a constant in the range [0, 1]. The shape of the membership function
μ(x) is shown in Figure 6.3. Membership of data in a fuzzy set is defined using
values in the range [0, 1]. The membership values for the number of features
F , the number of incorrect predictions P , and the classification error rate E
are computed using Equations 6.2, 6.3, and 6.4 respectively.

μ1(x) =

⎧⎪⎪⎨
⎪⎪⎩

1 if F ≤ FMin
FMax − F

FMax − FMin
if FMin ≤ F ≤ FMax

0 if FMax ≤ F

(6.2)

μ2(x) =

⎧⎪⎪⎨
⎪⎪⎩

1 if P ≤ PMin
PMax − P

PMax − PMin
if PMin ≤ P ≤ PMax

0 if PMax ≤ P

(6.3)

μ3(x) =

⎧⎪⎪⎨
⎪⎪⎩

1 if E ≤ EMin
EMax − E

EMax − EMin
if EMin ≤ E ≤ EMax

0 if EMax ≤ E

(6.4)
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The maximum number of features (FMax) is the size of the feature vector
and the minimum number of features (FMin) is 1. The maximum number
of incorrect predictions (PMax) and the maximum classification error rate
(EMax) are determined by applying a 1NN classifier [37] for the initial solu-
tion. The minimum number of incorrect predictions (PMin) is 0, while the
minimum classification error rate (EMin) is 0%. Neighbors are calculated
using a squared Euclidean distance defined as:

D(x, y) =
m∑

i=1

(xi − yi)2 (6.5)

where x and y are two input vectors and m is the number of features.

6.3.1.3 Initial solution

The feature selection vector is represented by a 0/1 bit string, where 0
indicates that the feature is not included in the solution, and 1 indicates that
it is. All features are included in the initial solution.

6.3.1.4 Neighborhood solutions

Neighbors are generated by randomly adding or deleting a feature from the
feature vector of size n. For example, if 11001 is the current feature vector, then
the possible neighbors with a candidate list size of 3 might be 10001, 11101,
01001. Among the neighbors, the one with the best cost (i.e., the solution that
results in the minimum value of Equation 1.1) is selected and considered as a
new current solution for the next iteration.

6.3.1.5 Tabu moves

A tabu list is maintained to avoid returning to previously visited solutions.
Using this approach, if a feature (move) is added or deleted at iteration i, then
adding or deleting the same feature (move) for T subsequent iterations (tabu
list size) is tabu.

6.3.1.6 Aspiration criterion

Aspiration criterion is a mechanism used to override the tabu status of
moves. It temporarily overrides the tabu status if the move is sufficiently
good. In our approach, if a feature is added or deleted at iteration i, and
this move results in a best cost for all previous iterations, then this feature is
allowed to add or delete even if that feature is in the tabu list.

6.3.1.7 Termination rule

The most commonly used stopping criteria in tabu search are

• After a fixed number of iterations.
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• After some number of iterations when there has been no increase in the
objective function value.

• When the objective function reaches a prespecified value.

In this algorithm, the termination condition is implemented using the fixed
number of iterations criterion.

6.3.1.8 Intensification

For intensification, the search is concentrated in the promising regions
of the feasible domain. Intensification is based on some intermediate-term
memory. Since the solution space is extremely large (with initial feature vector
n > 100), the search in the promising regions is intensified by removing poor
features from the search space. The following steps, where the values of M
and N are determined empirically, are proposed for this purpose:

STEP 1: Store the M best solutions in intermediate memory for T1
iterations.

STEP 2: Remove features that are not included in the best M solutions for
N times.

STEP 3: Rerun the tabu search with the reduced set of features for another
T2 iterations.

STEP 4: Repeat steps 1–3 until there is improvement in the objective
function.

As an example, assume that the following M = 5 best solutions, as shown
in Figure 6.4, are found by tabu search during T1 iterations. Feature f1 is
always used, while feature f5 is never used in good solutions. For N = 2, the
reduced feature set comprises only f1, f2, f3, f6, and f8. The search space is
now reduced from 28 to 25. Thus, tabu search will search for the near-optimal
solutions in a reduced search space, avoiding visits to nonpromising regions.

6.3.2 Approach 1: Multiclass classification using
tabu search

In this approach, the classifier treats all classes as one multiclass problem.
Figure 6.5 illustrates a multiclass (four-class) learning problem where one
classifier (TS/1NN classifier in this study) separates all classes.

6.3.3 Approach 2: Round-robin classification using
tabu search

In Approach 1, we addressed the high-input dimensionality problem by
selecting the best subset of features using an intermediate-memory tabu search
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FIGURE 6.4: An example showing intensification steps for tabu search.∑
is the number of occurrences of each feature in the best solutions.
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FIGURE 6.5: Multiclass learning. p, PIN; c, PCa; b, BPH; s, STR.

with a classification process using a 1NN classifier. In this approach, the clas-
sifier treats all classes as one multiclass process. We have proposed another
scheme [48] in which the multiclass problem is solved using round-robin clas-
sification in which the classification problem is decomposed into a number of
binary classes. The key point is that it is then possible to design simpler and
more efficient binary classifiers, as described below.

6.3.3.1 Round-robin classification

Johannes [38] defines round-robin classification as follows:

The round robin or pairwise class binarization transforms a c-class
problem into c(c − 1)/2 two-class problems <i, j>, one for each
set of classes {i, j}, i = {1.....c − 1}, j = {i + 1.....c}. The binary
classifier for problem <i, j > is trained with examples of classes
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FIGURE 6.7: Simple voting scheme.

i and j, whereas examples of classes k �= i, j are ignored for this
problem.

Figure 6.6 shows round-robin learning with c(c − 1)/2 classifiers. For a
four-class problem, the round robin trains six classifiers, one for each pair
of classes. Each class is trained using a feature selection algorithm based
on the intermediate-memory TS/1NN classifier, as discussed in Approach 1.
A simple voting technique [38] is then used to combine the predictions of the
pairwise classifiers, thereby computing the final result. In the case of tie, a
distance metric (squared Euclidean distance) is used for the final prediction.
Figure 6.7 illustrates the simple voting scheme. When classifying an unknown
new sample, each classifier (1NN in this case) determines to which of its two
classes the sample is more likely to belong.

6.4 Sample Preparation, Image Acquisition, and
Data Sets Description

Methods for data collection [16,17] are reviewed briefly here. Entire tis-
sue samples were taken from prostate glands. Sections 5 μm thick were
extracted and stained using H&E. These samples were routinely assessed by
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FIGURE 6.8: Images showing different subbands of multispectral image
of type Stroma.

two experienced pathologists and graded histologically as showing STR, BPH,
PIN, and PCa.

From these samples, whole section subimages were captured using a classi-
cal microscope and CCD camera. An LCTF (VariSpecTM) was inserted in the
optical path between the light source and the chilled charge-coupled device
(CCD) camera. The LCTF has a bandwidth accuracy of 5 nm. The wave-
length is controllable through the visible spectrum (from 400 nm to 720 nm).
This allowed the capture of different multispectral images of the tissue samples
at different spectral frequencies. In order to show the impact of multispectral
imaging, experiments were carried out for varying numbers of bands [16,17].
It was shown that the classification accuracy increases with the number of
spectral bands. Figures 6.8 through 6.11 show the thumbnails of eight bands
of multispectral images of type STR, PCa, BPH, and PIN, respectively.

6.4.1 Data sets description

The round-robin TS/1NN classifier was tested on two data sets [16,17].
In order to offset any bias due to the different range of values for the orig-
inal features, the input feature values are normalized over the range [1, 11]
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FIGURE 6.9: Images showing different subbands of multispectral image
of type PCa.

using Equation 6.6 [44]. Normalizing the data is important to ensure that the
distance measure allocates equal weight to each variable.

Without normalization, the variable with the largest scale will dominate
the measure.

x′
i,j =

(
xi,j − mink=1...nx(k,j)

maxk=1...nx(k,j) − mink=1...nx(k,j)
∗ 10
)

+ 1 (6.6)

where xi,j is the jth feature of the ith pattern, x′
i,j is the corresponding nor-

malized feature, and n is the total number of patterns.
The first data set consists of textured multispectral images taken at

16 spectral channels (from 500 nm to 650 nm) [16]. Five hundred ninety-two
different samples (multispectral images) of size 128 × 128 were used to carry
out the analysis. The samples are seen at low power (×40 objective mag-
nification) by two highly experienced, independent pathologists and labeled
into four classes: 165 cases of STR, 106 cases of BPH, 144 cases of PIN, and
177 cases of PCa. The size of the feature vector is 128: 16 Bands× 8 Features
(1 Statistical + 2 Structural + 5 Haralick).

The second data set is derived from prostatic nuclei extracted from
prostate tissue [17]. Nuclei are imaged under high power (×100 objective
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FIGURE 6.10: Images showing different subbands of multispectral image
of type BPH.

magnification). These nuclei are taken at 33 spectral channels (from 400 nm
to 720 nm). Two hundred thirty different images of size 256× 256 are used to
carry out the analysis. The samples are labeled into three classes: 63 cases
of BPH, 79 cases of PIN, and 88 cases of PCa. The size of feature vec-
tor is 266: (33 Bands× 8 Features (3 Statistical + 5 Haralick) + 2 Morphology
Features).

The explanation of the choice of features is discussed in the works of Roula
and others [16,17]. The following subsections briefly review the features.

6.4.1.1 Data set 1

The following features are used in data set 1 [16].
Statistical feature: Statistical feature (variance) is calculated for each band

in a multispectral image and added to the feature vector.
Haralick features: The five Haralick features [39] (dissimilarity, contrast,

angular second moment, entropy, and correlation) are calculated for each band
in a multispectral image and added to the feature vector.

Structural features: Roula and others [16] showed that statistical and Har-
alick features are not enough to capture the complexity of the patterns in
prostatic neoplasia. BPH and PCa present more complex structures, as both
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FIGURE 6.11: Images showing different subbands of multispectral image
of type PIN.

contain glandular areas in addition to nuclei clusters. Accurate classification
requires the quantification of these differences. Quantification first requires
segmenting the glandular and the nuclear areas using their color differences:
glandular areas are lighter than the surrounding tissue, while nuclear clusters
are darker. Two structural features (one with the number of pixels classified as
glandular area and the other with number of pixels classified as nuclear area)
are computed for each band in a multispectral image and added to the feature
vector.

6.4.1.2 Data set 2

The following features are used in data set 2 [17].
Statistical features: Three statistical features (mean, standard deviation,

and geometric moment) are calculated for each band in a multispectral image
and added to the feature vector.

Haralick features: Five Haralick features [39] (dissimilarity, contrast, angu-
lar second moment, entropy, and correlation) are calculated for each band in
a multispectral image and added to the feature vector.

Morphology features: Two morphology features (nuclei area and nuclei
round factor) [7] are calculated and added to the feature vector.
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6.5 Experiments and Results

The leave-one-out method is used for cross-validation [19]. In this method,
a classifier is designed using (s − 1) samples and is evaluated on the one
remaining sample; the process is repeated s times, with different training sets
of size (s − 1).

Table 6.1 shows the confusion matrix for data set 1. From these results, it
can be observed that a round-robin-based classification yields better results
than the multiclass approach. The overall classification error has been reduced
to 1.23% from 5.71% and 2.90% using PCA/LDA and 1NN/TS respectively.
Table 6.2 shows that the overall classification error has been reduced to 0%
from 5.1% and 0.91% using PCA/LDA and 1NN/TS, respectively, for data
set 2.

Table 6.3 shows the comparison of RR-TS/1NN with bagging and boosting.
Bagging [42] and boosting [43] are also well-known ensemble design techniques
to improve the prediction of classifier systems. It is clear from the table that

TABLE 6.1: Confusion matrix for data set 1.
PCA/LDA
C BPH PCa PIN STR E(%)
BPH 100 3 2 1 5.7
PCA 1 174 2 0 1.7
PIN 1 4 133 6 7.6
STR 11 1 1 152 7.9
O 5.7
Multiclass TS/1NN
C BPH PCa PIN STR E(%)
BPH 101 1 0 4 4.7
PCA 1 174 2 0 1.7
PIN 0 2 141 2 2.8
STR 2 2 0 161 2.4
O 2.9
Round-Robin TS/1NN
C BPH PCa PIN STR TM E(%)
BPH 104 0 0 2 2 1.9
PCA 0 175 2 1 2∗ 1.1
PIN 0 1 143 0 1 0.7
STR 1 1 0 163 2 1.2
O 1.2

Note: One misclassified sample is common in binary classifiers (PCa vs. PIN and PCa
vs. Stroma).
C, classified as; STR, stroma; TM, total misclassified; O, overall.
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the proposed round-robin ensemble technique using TS/1NN outperformed
both bagging and boosting ensemble design techniques.

Tables 6.4 and 6.5 show the number of features used by various data
reduction techniques for data set 1 and data set 2, respectively. Different
numbers of features have been used by the various binary classifiers, pro-
ducing an overall increase in the classification accuracy. Fc represents those
features that are common in two or more different binary classifiers. Although
the total number of features has increased in our proposed round-robin
technique, the number of features used by each binary classifier is never
greater than that used in any multiclass method with either PDA/LDA or
TS/1NN. Consequently, multispectral data are better utilized by using a
round-robin technique since the use of more features means more informa-
tion is captured and used in the classification process. Furthermore, simple
binary classes are also useful for analyzing features and are extremely helpful
for pathologists in distinguishing various patterns such as BPH, PIN, STR,
and PCa.

TABLE 6.4: Number of features used by different classifiers.
i DR Technique Features Used (F)

PDA/LDA Multiclass 20
TS/1NN Multiclass 16

1 TS/1NN Binary class (BPH, STR) 13
2 Binary class (PCa, PIN) 15
3 Binary class (PIN, BPH) 10
4 Binary class (PIN, STR) 13
5 Binary class (PCa, BPH) 16
6 Binary class (PCa, STR) 11

TS/1NN Round robin
∑6

i=1
F − Fc

= (78 − 13) = 65

Total number of features: 128. Fc, common features; DR, data reduction.

TABLE 6.5: Number of features used by different classifiers.
i DR Technique Features Used (F)

PDA/LDA Multiclass 25
TS/1NN Multiclass 13

1 TS/1NN Binary class (PCa, PIN) 7
2 Binary class (BPH, PCa) 10
3 Binary class (PIN, BPH) 6

TS/1NN Round robin
∑3

i=1
F − Fc

= (23 − 1) = 22

Total number of features: 266. Fc, common features; DR, data reduction.
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6.6 Discussion

The algorithms discussed in this chapter are generic and can be used for the
diagnosis of other diseases, such as lung and breast cancer. A key characteristic
of the round-robin approach is that different features are captured and used
for each binary classifier in the four-class problem, thus producing an overall
increase in classification accuracy. In contrast, in a multiclass problem, the
classifier tries to find those features that distinguish all four classes at once.
Furthermore, the inherent curse-of-dimensionality problem, which arises in
multispectral data, is also resolved by the round-robin TS/1NN classifiers,
since each classifier is trained to compute and use only those features that
distinguish its own binary class.

6.6.1 Quality of solutions produced by tabu search

Figure 6.12 shows the value of an objective function versus the number
of iterations when searching the solution search space using tabu search for
binary classifier BPH versus STR. The objective functions are fuzzy mem-
bership functions, the number of incorrect predictions, the classification error
rate, and the number of features. All figures show how well focused the tabu
search is on the good solution space. The graphs also show that the tabu
search rapidly converges to the feasible/infeasible region border for all of these
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versus STR before intensification.
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FIGURE 6.13: Objective function versus number of iterations for BPH
versus STR after intensification.

TABLE 6.6: Tabu runtime parameters.
Before Intensification After Intensification

V ∗ 10 8
T 10 8
I 1000 500

V ∗, number of neighborhood solutions; T , tabu list size; I, number
of iterations.

objectives. Figure 6.13 depicts the value of objective functions versus the num-
ber of iterations after reducing the size of the feature set by using an intensi-
fication technique discussed in Section 6.3.1. The graphs show that the search
for the best solutions is now limited only to the good solution space (i.e., the
membership function is in the range 0.1 to 0.15 for most of the iterations,
while the same membership function was in the range 0.15 to 0.3 without the
inclusion of an intensification process). Similarly, the number of features is in
the range 10 to 20 for most of the iterations, while the number of features was
in the range 20 to 40 without intensification.

6.6.2 Runtime parameters for tabu search

Table 6.6 shows the tabu runtime parameters chosen after experimentation
with different values. The values of M and N , mentioned in Section 6.3.1.8,
are 100 and 10, respectively.
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TABLE 6.7: Computation time comparison.
M (msec) C (msec) T (msec)

Multiclass Data set 1 48.2 0.11 48.31
Data set 2 65.3 0.061 65.361

Round robin Data set 1 74.0 0.49 74.49
Data set 2 109.34 0.14 109.48

M, measuring features cost; C, classification; T, total time.

6.6.3 Computation time

The training of round-robin classifiers using TS/1NN is an offline proce-
dure used to find the best subset of features while keeping the classification
error rate low for each binary classifier. Once the tabu search finds the best
subset of features, a 1NN classifier is used to determine the class of the new
sample (a multispectral image), which provides an online diagnosis decision
for the pathologist.

Table 6.7 shows the computation times for multiclass and binary class
classifiers when determining the class of the new sample. The execution times
using round-robin classifiers are higher than those for the multiclass classifier.
The cost of measuring features is increased because more features are required
in the round-robin approach. Thus, the classification accuracy using the round-
robin technique has been improved for multispectral imagery at a cost of 1.54
and 1.68 times the execution time for data set 1 and data set 2, respectively.

6.7 Future Research Directions

Due to the pioneering nature of this area of research, there are many direc-
tions for future investigations. We believe that the novel use of multispectral
imagery in pathology must be explored further, especially for other cancer
data types. Issues that can be investigated in the future include the following:

• Improvement of the classification rates: The tabu search algorithm with
only short and intermediate (intensified) memory was used in this chap-
ter. Diversification techniques (use of long-term memory in tabu search)
have not been explored. Future research should explore diversification
techniques to enhance the classification accuracy using tabu search for
prostate cancer classification.

• Computational challenge: With the emerging new technology of
scanscope [45], pathologists will no longer be restricted to viewing a
very small portion of the tissue samples. Entire slides can be viewed
at a very high resolution, and larger data sets will become available
to pathologists. Consequently, improving the computation will become
critical. The identification of entire samples at high resolution (very large
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images) requires using medium- and high-power identification techniques
along with low-power detection of regions of interest. The analyses at
low and high power are performed separately. Scanscope images allow
accessing the same areas viewed at low power but with a high-power reso-
lution. It would be interesting to optimally combine the results obtained
using these two approaches similarly to what is already applied in remote
sensing imagery [46]. The low power could be used to draw a probabil-
ity map of areas of interest from which the high-power analysis could
be directed to specific regions, and the probabilities obtained from both
magnifications could then be combined to give a final decision.

• Visible spectrum and beyond: The same company that developed the
visible light LCTF, VariSpec, is now commercializing a new model for
mid-infrared (MIR) imaging: VariSpec MIR. This new model allows the
capture of spectral images with wavelengths up to 2,000 nm. The visible
spectrum is a relatively narrow band within the spectrum of frequencies
that can practically be used in microscopy. There is increasing evidence
that the area beyond the visible spectrum can be interesting to study
from a pathological point of view. For example, recent research [47]
suggests that the MIR bands might even contain richer information
content than the visible bands. The authors applied the extracted one-
dimensional spectrum of adenocarcinoma and crypts in colorectal tissue
and showed a correlation between spectral peak patterns and the pres-
ence of biochemicals such as carbonyl, Amid II, and lipid/protein ratio.
Applying the methods used in this chapter to MIR multispectral data
could be very useful for understanding the biochemistry of prostate can-
cer and its diagnosis.

6.8 Conclusions

The introduction of multispectral imaging in pathology problems such as
the identification of prostatic cancer is recent. In this chapter, a potential curse
of dimensionality related to using multispectral data for prostate cancer diag-
nosis was addressed. Four major groups of prostate cancer were successfully
discriminated: stroma, benign prostatic hyperplasia, prostatic intraepithelial
neoplasia, and prostatic carcinoma. Two metaheuristics methods recently
proposed for the detection and classification of prostatic tissues using
multispectral images were described with emphasis on their impact of classi-
fication accuracy and simplicity of implementation. Results indicated a sig-
nificant increase in the classification accuracy. The algorithms discussed in
this chapter are generic and can be used for the diagnosis of other diseases,
such as lung and breast cancer. Furthermore, the proposed tabu search–based
metaheuristic progressively zoomed toward a better solution subspace as time
elapsed, a desirable characteristic of iterative heuristics.
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Symbols used in chapter

Ã Denotes a fuzzy set
A Denotes an Atanassov’s intuitionistic fuzzy set
FS Abbreviation for fuzzy set
A–IFS Abbreviation for Atanassov’s intuitionistic fuzzy set
μA Membership function of an Atanassov’s intuitionistic fuzzy set
νA Nonmembership function of an Atanassov’s intuitionistic fuzzy set
πA Intuitionistic fuzzy index or hesitancy margin
DSM Distribution separation measure
TBCs Target-to-background contrast ratio using variance
TBCe Target-to-background contrast ratio using entropy
CII Contrast improvement index
D Combined enhancement measure
g Gray level of a digital image
L Maximum number of quantized intensity levels in an image

The main purpose of this chapter is to extend and adapt the intuition-
istic fuzzy image processing (IFIP) framework in the context of mammo-
graphic imaging. Intuitionistic fuzzy sets, favored for their ability to cope
with the imprecise and imperfect nature of information, successfully handle
the intrinsic uncertainty carried by mammographic images. Analytical mod-
els are presented for analyzing/synthesizing the images to and from their
intuitionistic fuzzy components, based on different notions of intuitionistic
fuzzy entropy and intuitionistic defuzzification schemes. Moreover, extensions
of fuzzy approaches for contrast enhancement in the intuitionistic fuzzy set-
ting demonstrate the efficiency of the IFIP framework. Finally, experimental
results are assessed by objective enhancement evaluation measures that fur-
ther verify the potential of using intuitionistic fuzzy sets for mammographic
image processing.

7.1 Introduction

Mammography is a specific type of medical imaging for breast cancer diag-
nosis that uses low-dose X-ray sources and high-resolution films. Mammo-
grams often suffer from low contrast due to the small difference of the X-ray
attenuation between normal glandular tissues and malignant masses [24],
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which leads in displaying only about 3% of the information to be detected [6].
Additionally, the complicated structured background, as well as the pres-
ence of artifacts originating from identification labels, radiopaque markers,
and wedges, may drastically influence the contrast enhancement process. It is
therefore important for the diagnostic procedure to enhance the contrast of
mammograms in order for the human expert, or the computer-aided diagnos-
tic (CAD) system, to discriminate between normal and suspected malignant
tissue. Moreover, due to all the aforementioned factors, the uncertainty asso-
ciated with mammographic images is increased.

The framework of intuitionistic fuzzy image processing (IFIP) was intro-
duced by Vlachos and Sergiadis [69] and further developed in other works [59,
60,62–68,70]. This work exploits and adjusts the IFIP framework in the con-
text of mammography by considering its particular characteristics. Mammo-
graphic images are susceptible to bearing uncertainties associated with the
intensity levels of pixels. The origin of this type of uncertainty can be traced
back to the acquisition chain or to the noisy environment and the imaging
mechanisms. An overview of the problem of analyzing/synthesizing the mam-
mographic image to and from its corresponding intuitionistic fuzzy compo-
nents is presented, and analytical ways for solving it are briefly described.
Intuitionistic fuzzy approaches to contrast enhancement are also presented,
and their performance is evaluated both subjectively and objectively.

This chapter is organized as follows. Section 7.2 provides an overview of
fuzzy and nonfuzzy approaches to mammographic image processing and out-
lines their relative drawbacks. In Section 7.3, a brief description of the concepts
and definitions of Atanassov’s notion of intuitionistic fuzzy sets theory is given,
while Section 7.4 outlines the different notions of intuitionistic fuzzy entropy
and their properties. The IFIP framework is then presented in full detail in
Section 7.5. In order to provide a quantitative way of assessing the performance
of the different contrast enhancement approaches, objective enhancement eval-
uation measures are discussed in Section 7.6, and the MiniMIAS data set [48]
used for experimental assessment is described in Section 7.7. The proposed
algorithms of intuitionistic fuzzy histogram hyperbolization and intuitionistic
fuzzy contrast intensification for mammographic image processing are given
in Sections 7.8 and 7.9, respectively. Finally, discussion and future research
directions are provided in Sections 7.10 and 7.11, and conclusions are drawn
in Section 7.12.

7.2 Related Work

Contrast enhancement techniques constitute an inextricable part of mam-
mographic imaging systems. Their objective is to enhance the mammogram
under processing in order to improve the image quality, either for manual
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reading or to enhance the efficiency of CAD systems, by improving the
subsequent image segmentation and feature extraction [46]. In this con-
text, a variety of methods have been applied, ranging from simple enhance-
ment approaches, like the histogram equalization (HEQ) technique [18,47,73],
to methods employing Gaussian filters [28], adaptive background correc-
tion [11,71], tree-structured filtering [41], adaptive neighborhood contrast
enhancement [42], and density weighted contrast enhancement [37–39].

Fuzzy sets (FSs) theory [74] has been successfully applied to many medi-
cal imaging problems. The application of fuzzy Hough transform for feature
extraction was presented by Philip and others [40], and fusion of FSs for pro-
cessing of multiplanar tomographic images was demonstrated by Vial and oth-
ers [58]. Especially for mammographic image processing, FSs have been used
in many CAD systems. Automated detection of tumors in mammograms was
performed using fuzziness-driven approaches, such as fuzzy pyramid linking [7]
and fuzzy binary decision trees [27]. Furthermore, Saha and colleagues [45]
carried out breast tissue density quantification based on the notion of fuzzy
connectedness; Hassanien, Ali, and Nobuhara [21] demonstrated detection of
spiculated masses in mammograms using FSs; and Hassanien and Ali [20]
demonstrated mammogram segmentation using pulse coupled neural net-
works. Cheng, Lui, and Freimanis [13] used membership functions to denote,
under the scope of FSs theory, the degree of being a microcalcification in terms
of intensity values, in view of performing microcalcification detection. Finally,
Hassanien and Badr [22] carried out a comparative study on digital mam-
mography enhancement algorithms using FSs, and Rick and colleagues [44]
presented fuzzy techniques in mammographic imaging. Due to their flexible
framework, fuzzy-based contrast enhancement approaches [5,36] often perform
better than nonfuzzy ones. Recently, Singh and Bovis [46] studied different
fuzzy and nonfuzzy techniques on synthetic and real mammographic images,
using objective enhancement evaluation measures and demonstrated the effi-
ciency of the fuzzy approach.

However, and despite their vast impact on the design of algorithms for
mammographic image processing, FSs are often characterized by a number of
limitations mostly associated with the requirement of precisely defining the
membership function of the FS itself. As a result, FSs are not always able to
efficiently model the uncertainties arising out of the imprecise and/or imper-
fect nature of information. These limitations and drawbacks were identified
and described by Mendel and Bob John [31], who traced their sources back
to the uncertainties that are present in most ordinary fuzzy logic systems
(FLSs). The very meaning of words used in the antecedents and consequents
of FLSs can be uncertain, since words often mean different things to differ-
ent people. Additionally, extracting the knowledge to construct the rule-base
from a group of experts who do not all agree leads to consequents having a
histogram of values associated with them. Moreover, data presented as input
to an FLS, as well as data used for its tuning, are often noisy, thus bear-
ing a degree of uncertainty. Consequently, these uncertainties translate into
additional uncertainties about FS membership functions.
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The aforementioned observations led researchers to seek more efficient ways
to express and model imprecision and uncertainty. Among the various notions
of higher-order FSs, Atanassov’s intuitionistic fuzzy sets (A–IFSs) [1,3] are
found to provide a flexible mathematical and intuitive framework to cope
with the imperfect and imprecise nature of digital images. Finally, it should
be mentioned that Atanassov and colleagues [4] stated and proved that there
exists a fundamental justification for applying methods based on higher-order
FSs to deal with real-world situations.

7.3 Elements of Intuitionistic Fuzzy Sets Theory

A–IFSs are described using two characteristic functions expressing corre-
sponding degrees of membership (belongingness) and nonmembership (non-
belongingness) of elements of the universe to the A–IFS. It is this additional
degree of freedom that allows for the efficient modeling of imprecise or/and
precise information. In this section, we briefly present fundamental concepts
of A–IFSs theory and connections with Zadeh’s FSs.

Definition 7.1 An FS Ã defined on a universe X may be given as [74]

Ã = {〈x, μÃ(x)〉|x ∈ X} (7.1)

where μÃ(x) : X → [0, 1] is the membership function of Ã.

The membership function of Ã describes the degree of belongingness of
x ∈ X in Ã.

Definition 7.2 An A–IFS A defined on a universe X is given by [1–3]

A = {〈x, μA(x), νA(x)〉|x ∈ X} (7.2)

where
μA(x) : X → [0, 1] and νA(x) : X → [0, 1]

with the condition
0 � μA(x) + νA(x) � 1 (7.3)

for all x ∈ X.

The values of the functions μA(x) and νA(x) denote the degree of belong-
ingness and the degree of nonbelongingness of x to A, respectively. For an
A–IFS A in X, we call the intuitionistic fuzzy index of an element x ∈ X in
A the following expression:

πA(x) = 1 − μA(x) − νA(x) (7.4)
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FSs can also be represented using the notation of A–IFSs. An FS Ã defined
on X can be represented as the following A–IFS:

A = {〈x, μA(x), 1 − μA(x)〉|x ∈ X} (7.5)

with πA(x) = 0 for x ∈ X.

Definition 7.3 The complementary set Ac of A is defined as

Ac = {〈x, νA(x), μA(x)〉|x ∈ X} (7.6)

Finally, throughout this paper, by IFS (X) we denote the set of all
A–IFSs defined on X. Correspondingly, FS (X) is the set of all FSs on X,
while 2X denotes the set of all crisp sets on X.

7.4 Notions of Intuitionistic Fuzzy Entropy

Entropy plays an important role in digital image processing. Therefore, it
comes as no surprise that the notion of entropy constituted a fundamental
aspect from the beginning of the development of FSs theory. De Luca and
Termini [30] were the first to introduce an axiomatic skeleton of a nonproba-
bilistic entropy in the setting of FSs that captured our intuition regarding the
very essence of fuzzy entropy. As a natural consequence, the quest for entropy
measures in the context of A–IFSs was a very interesting topic that intrigued
many researchers working in this field.

Burillo and Bustince [9] were the first to state and propose an axiomatic
skeleton of entropy for A–IFSs and interval-valued fuzzy sets.

Definition 7.4 (Burillo and Bustince [9]). A real function EBB :
IFS (X) → R

+ is called an entropy on IFS (X), if EBB has the
following properties:

• EBB(A) = 0 if and only if A ∈ FS (X).

• EBB(A) = Cardinal(X) if and only if μA(x) = νA(x) = 0 for all x ∈ X.

• EBB(A) = EBB(Ac) for all A ∈ IFS (X).

• EBB(A) � EBB(B) if μA(x) � μB(x) and νA(x) � νB(x) for all x ∈ X.

Moreover, they proposed the following entropy measure for A–IFSs, satisfying
the aforementioned system of axioms:

EBB(A) =
|X|∑
i=1

πA(xi) (7.7)
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which can be consider as the degree of intuitionism of an A–IFS. In the above
formula, |X| denotes the cardinality of the finite universe X.

Motivated by De Luca and Termini’s set of axiomatic requirements, Szmidt
and Kacprzyk [51] proposed an alternative interpretation of entropy, accom-
panied by a different set of axioms.

Definition 7.5 (Szmidt and Kacprzyk [51]). A real function ESK :
IFS (X) → R

+ is called an entropy on IFS (X), if ESK has the following
properties:

• ESK(A) = 0 if and only if A ∈ 2X .

• ESK(A) = 1 if and only if μA(x) = νA(x) for all x ∈ X.

• ESK(A) = ESK(Ac) for all A ∈ IFS (X).

• ESK(A) � ESK(B) if
μA(x) � μB(x) and νA(x) � νB(x) for μB(x) � νB(x)
or
μA(x) � μB(x) and νA(x) � νB(x) for μB(x) � νB(x)
for all x ∈ X.

The aforementioned definition degenerates to De Luca and Termini’s def-
inition when FSs are considered.

Along with their axiomatic skeleton, Szmidt and Kacprzyk proposed a
new measure of entropy by considering distances between A–IFSs using a
geometrical representation [50], defined as

ESK(A) =
1

|X|
|X|∑
i=1

min {μA(xi), νA(xi)} + πA(xi)
max {μA(xi), νA(xi)} + πA(xi)

(7.8)

Szmidt and Kacprzyk introduced a generalized framework of Definition 7.5
[55]. Finally, it should be mentioned that a connection between the differ-
ent concepts of entropy for A–IFSs was explored and proved by Vlachos and
Sergiadis [61].

Recently, Hung and Yang [23] proposed a different axiomatic framework for
defining the fuzzy entropy of A–IFSs by exploiting the concept of probability.

Definition 7.6 (Hung and Yang [23]). A real function EHY :IFS (X) →
R

+ is called an entropy on IFS (X) if EHY has the following properties:

• EHY (A) = 0 if and only if A ∈ 2X .

• EHY (A) assumes a unique maximum if μA(x) = νA(x) = πA(x) = 1
3

for all x ∈ X.
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• EHY (A) = EHY (Ac) for all A ∈ IFS (X).

• EHY (A) � EHY (B) if
μA(x) � μB(x) and νA(x) � νB(x) for max{μB(x), νB(x)} � 1

3
or
μA(x) � μB(x) and νA(x) � νB(x) for min{μB(x), νB(x)} � 1

3
for all x ∈ X.

Finally, motivated by Renyi’s entropy [43], they introduced the following
parametric entropy measure

EHY (A) =
|X|∑
i=1

1
1 − β

log
(
μk

A(xi) + νk
A(xi) + πk

A(xi)
)

(7.9)

with 0 < k < 1.

7.5 Intuitionistic Fuzzy Image Processing

FSs have found a fertile ground for application in the context of digital
image processing, mainly due to their ability to model notions and definitions
in a qualitative rather than quantitative manner. Consequently, properties of
an image such as the “brightness” of a pixel, the “edginess” of a boundary, or
the “homogeneity” of a region, characterized by an intrinsic vagueness, can be
successfully modeled by suitable membership functions corresponding to FSs.

However, attributing a single membership degree to an element of the uni-
verse to describe its belongingness to a particular FS is by itself constraining.
Therefore, FSs are characterized by a number of limitations mostly associated
with the requirement of precisely defining the membership function describing
the FS itself. This drawback introduces additional uncertainty to any FLS [31].
This observation led Vlachos and Sergiadis [69] to explore the potential of an
IFIP framework.

7.5.1 Intuitionistic fuzzy model of an image

Let us consider an image A of size M ×N pixels, having L gray levels g
ranging between 0 and L−1. When applying FSs for image processing, an
image can be considered as an array of fuzzy singletons. Each element of the
array denotes the membership value μÃ(gij) of the gray level gij corresponding
to the (i, j)-th pixel with respect to a predefined image property such as
brightness, edginess, or homogeneity [33–35].
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As a generalization of this approach, we introduce the following represen-
tation of an image A in the intuitionistic fuzzy environment.

Definition 7.7 An image A is described by the A–IFS

A = {〈gij , μA(gij), νA(gij)〉|gij ∈ {0, . . . , L − 1}} (7.10)

with i∈ {1, . . . , M} and j ∈ {1, . . . , N}, where μA(gij) and νA(gij) denote
respectively the degrees of membership and nonmembership of the (i, j)-th pixel
to the set A associated with an image property.

The functions μA and νA describe the membership and nonmember-
ship components of the image. If instead of A–IFSs we consider FSs, then
Definition 7.7 reduces to the one given by Pal and King [33–35].

7.5.2 Fuzzification: From gray levels to membership
degrees

The first stage of IFIP, as illustrated in Figure 7.1, involves the assign-
ment of membership degrees to image pixels by defining a suitable mem-
bership function μÃ. To carry out this task, different fuzzification schemes
can be applied, from simple gray-level normalization to more complex
techniques [12].

7.5.3 Intuitionistic fuzzification: From fuzzy to
intuitionistic fuzzy sets

Intuitionistic fuzzification is probably the most important stage in the
chain of operations involved in the IFIP framework. In this stage, the gray
levels of the image are rendered as an A–IFS by attributing to image pixels
corresponding degrees of membership and nonmembership.

Pixel Domain

Input image

Fuzzy Domain

Fuzzy image
fuzzy image

Fuzzy DomainIntuitionistic Fuzzy Domain

component component

component component

image

Pixel Domain

NewModification

Modification

membership

New
hesitancyHesitancy

Membership

Processed Output

FIGURE 7.1: Overview of the IFIP framework.
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Vlachos and Sergiadis [69] introduced a family of monoparametric mem-
bership and nonmembership functions based on the concepts of intuitionistic
fuzzy generators [8,10], described by

μA(g;λ) = 1 − (1 − μ̃A(g))λ (7.11)

and
νA(g;λ) = (1 − μ̃A(g))λ(λ+1) (7.12)

with λ � 0.
By varying the parameter λ, different A–IFSs can be generated, yielding

different representations of gray levels in the intuitionistic fuzzy domain (IFD).
In order to select the optimal parameter λopt that efficiently models the gray
levels, the intuitionistic fuzzy entropy of the image is employed. The afore-
mentioned optimization criterion can be formulated as follows:

λopt = arg max
λ�0

{E(A;λ)} (7.13)

where E is an intuitionistic fuzzy entropy measure. This optimization proce-
dure is called the maximization of intuitionistic fuzzy entropy principle [69].
The optimal representation of the image in the IFD is given by the A–IFS

Aopt = {〈g, μA(g;λopt), νA(g;λopt)〉 | g ∈ {0, . . . , L − 1}} (7.14)

Figure 7.2 illustrates a mammographic image from the MiniMIAS database
[48], along with its corresponding optimal membership, nonmembership, and
hesitancy components. The optimization criterion is shown in Figure 7.3b,
where the entropy curve is illustrated as a function of parameter λ, while
Figures 7.3c and 7.3d depict the optimal membership, nonmembership, and
hesitancy functions of the A–IFS Aopt describing the brightness of pixels in
the image under processing. For more details on the derivation of the afore-
mentioned functions, refer to Vlachos and Sergiadis [69]. It should be stressed
that for mammographic image processing, we restrict λ to the [0,3] interval.

(a) (b) (c) (d)

FIGURE 7.2: (a) Mammographic image (MiniMIAS database name:
mdb141) with its corresponding optimal (b) membership, (c) nonmembership,
and (d) hesitancy components.
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FIGURE 7.3: (a) Normalized histogram h̄Ã for the mammogram of
Figure 7.2a after fuzzification. (b) Intuitionistic fuzzy entropy curve, used
for obtaining the optimal parameter λopt for transferring the image into
the IFD. (c) Membership (dashed line), nonmembership (solid line), and
(d) hesitancy optimal functions describing the brightness of gray levels in the
image.

7.5.4 Modification in the intuitionistic fuzzy domain

In general, this stage involves the modification of the membership and non-
membership components of the image, obtained using the maximum intuition-
istic fuzzy entropy principle, according to the desired image processing task
one wants to carry out. In this work, we focus on the contrast enhancement of
mammographic images by applying the concepts of histogram hyperbolization
and contrast intensification, discussed in full detail in Sections 7.8 and 7.9,
respectively.

7.5.5 Intuitionistic defuzzification: Embedding hesitancy

From the representation of the processed image in the IFD, we must
optimally combine the information carried by both the membership and
nonmembership components in order to obtain its representation in the
fuzzy domain (FD). In the context of this work, we assess the perfor-
mance of the different intuitionistic defuzzification schemes proposed by Vla-
chos and Sergiadis [63,69] in the particular context of mammographic image
processing.
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7.5.5.1 Maximum index of fuzziness intuitionistic defuzzification

The representation of images is based on the intensity levels of the cor-
responding pixels. From the overview of the IFIP framework illustrated in
Figure 7.1, we may observe that in order to obtain the processed image in the
pixel domain (PD), both the membership and nonmembership components
of the image in the IFD must be efficiently rendered into a single member-
ship component describing the degree of pixel brightness in terms of FSs.
Atanassov [3] proposed an operator, Atanassov’s operator, for the deconstruc-
tion of an A–IFS into an FS by flexibly handling its hesitancy index; it is
defined as follows.

Definition 7.8 If A ∈ IFS (X), then Dα : IFS (X) → FS (X), where

Dα(A) = {〈x, μA(x) + απA(x), νA(x) + (1 − α)πA(x)〉 |x ∈ X} (7.15)

with α ∈ [0, 1].

Szmidt and Kacprzyk [49] investigated the properties of the aforemen-
tioned operator for constructing the FS corresponding to an A–IFS.

By varying the parameter α of Atanassov’s operator, the hesitancy can be
embedded in the membership component in different portions. In the context
of IFIP, this fact is translated as the generation of a number of different
possible representations of the image in the FD. Therefore, an optimization
scheme must be employed in order to select that value of the parameter α
that corresponds to an optimal degeneration of the image with respect to
some meaningful criterion.

For contrast enhancement, it is sometimes desirable to increase the gray-
ness ambiguity by increasing the number of gray levels in an image [57] since
images with higher fuzziness values are considered to be more suitable in terms
of human brightness perception. The most common measure of the intrinsic
fuzziness of a set is the linear index of fuzziness [25]. In the case of an FS Ã,
the linear index of fuzziness is given by

γl(Ã) =
1

2|X|
|X|∑
i=1

min {μÃ(xi), 1 − μÃ(xi)} (7.16)

where |X| is the cardinality of the finite universe X. A modified index of fuzzi-
ness is obtained by substituting the min t-norm with the product operator:

γ(Ã) =
1

4|X|
|X|∑
i=1

μÃ(xi) (1 − μÃ(xi)) (7.17)

Therefore, in our quest for the optimal parameter αopt of Atanassov’s opera-
tor, the maximization of the index of fuzziness will serve as the optimization



Intuitionistic Fuzzy Processing of Mammographic Images 179

criterion for deconstructing the modified A–IFS A′
opt into its optimal FS. This

optimization criterion can be formulated as

αopt = max
α∈[0,1]

{
γ
(
Dα

(
A′

opt

))}
(7.18)

where

γ
(
Dα(A′

opt)
)

=
1

4MN

L−1∑
g=0

hÃ(g)μDα(A′
opt)(g)

(
1 − μDα(A′

opt)(g)
)

(7.19)

It should be stressed that Equation 7.18 can be solved analytically, yielding

α′
opt =

∑L−1
g=0 hÃ(g)πA(g;λopt) (1 − 2μA(g;λopt))

2
∑L−1

g=0 hÃ(g)π2
A(g;λopt)

(7.20)

with hÃ being the histogram of the fuzzified image Ã. By considering the
second derivative of Equation 7.19, it easy to verify that its extremum is a
global maximum.

However, Equation 7.20 does not guarantee that α′
opt will lie in the [0,1]

interval since Equation 7.19 may attain a maximum outside of [0,1]. Therefore,
the optimal parameter αopt used to transfer the image from the IFD to the
FD is obtained as

αopt =

⎧⎪⎨
⎪⎩

0, if α′
opt < 0

α′
opt, if 0 � α′

opt � 1
1, if α′

opt > 1
(7.21)

Gray-level transformations for contrast enhancement must in most cases
satisfy an additional critical constraint rendered as the monotonicity of the
transformation employed, which is required to be increasing. Such transforma-
tions preserve the ordering of the intensity levels, insuring that no additional
artifacts will be introduced in the enhanced image. Considering Atanassov’s
operator of Equation 7.15, we obtain

dμDα(A)(g)
dg

= (1 − α)
dμA(g)

dg
− α

dνA(g)
dg

(7.22)

Since α ∈ [0, 1] and μA(g) and νA(g) are increasing and decreasing functions
of g, respectively, it follows immediately that μDα(A)(g) is also an increasing
function of the intensity levels.

Vlachos and Sergiadis [69] proved the following property, which guarantees
that the constraint of monotonicity is satisfied for Atanassov’s operator.

Proposition 7.1 Let A = {x, μA(x), νA(x) |x ∈ X} be an A–IFS, with μA(x)
and νA(x) being increasing/decreasing and decreasing/increasing functions of
x, respectively. Then, the membership function of the FS Dα(A) retains the
monotonicity of μA(x).
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7.5.5.2 Generalized intuitionistic defuzzification

Seeking more flexible alternatives for rendering the membership and non-
membership components of an image into membership values in the FD leads
us toward the exploitation of the aforementioned validity condition.

A more generic form of Atanassov’s operator, the Atanassov’s point oper-
ator, was proposed by Burillo and Bustince [8] and is defined as follows.

Definition 7.9 If A ∈ IFS (X), then Dαx
: IFS (X) → FS (X) where

Dαx = {〈x, μA(x) + α(x)πA(x), νA(x) + (1 − α(x))πA(x)〉|x ∈ X} (7.23)

with α(x) ∈ [0, 1].

Considering Atanassov’s point operator, Equation 7.22 is generalized as

dμDαg (A)(g)

dg
= (1 − α(g))

dμA(g)
dg

− α(g)
dνA(g)

dg

+ (1 − μA(g) − νA(g))
dα(g)

dg
(7.24)

One may observe that if α = const for all g ∈ {0, . . . , L − 1}, then
Equation 7.24 degenerates to 7.22. From Equation 7.24, it follows immediately
that if α(g) is an increasing function of the intensity levels and additionally
α(g) ∈ [0, 1] for all g ∈ {0, . . . , L−1}, then μDαg (A)(g) is also a proper member-
ship modification function and thus a valid gray-level transformation function

since it holds that
dμDαg (A)(g)

dg � 0.
In this work we are going to utilize the cumulative histogram of the image

for calculating the parameter of Atanassov’s point operator, using the follow-
ing scheme

αhÃ
(g) =

1
MN

g∑
i=0

hÃ(i) (7.25)

for all g ∈ {0, . . . , L − 1}. The cumulative nature of the function ensures that
the parameter will be an increasing function of the gray levels. Moreover, such
a function has the effect of keeping darker levels dark while simultaneously
brightening higher intensity levels, resulting in an enhancement of the contrast
of the image under processing.

7.5.6 Defuzzification: From fuzzy sets to grayscale images

The last stage of the IFIP framework involves the transition of the image
from the FD to the PD. Different defuzzification schemes can be applied,
described in general as

g′ = t [μÃ′(g)] (7.26)

where g′ are the modified gray levels of the image, μÃ′ the modified member-
ship function, and t [·] a transformation function t : [0, 1] → {0, . . . , L − 1}.
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7.6 Enhancement Evaluation Measures

In order to assess the performance of various contrast enhancement meth-
ods, apart from the subjective visualization of the results, we applied quan-
titative objective measures for evaluating the efficiency of different contrast
enhancement algorithms. The underlying idea of the described measures is
based on the fact that contrast enhancement methods for digital mammog-
raphy should aim to improve the contrast between regions of interest (ROIs)
and their surrounding background, thus leading to a more accurate estima-
tion of the target boundaries and location during the segmentation process.
Bovis and Singh [5] presented enhancement evaluation measures for digitized
mammograms. These measures were successfully applied for assessing the per-
formance of a fuzzy logic–based scheme for detection of spiculated masses in
mammograms [20].

It should be mentioned that the described measures are based on the
assumption that the target and background areas are accurately specified by
the human expert. In the following description, O and E denote the original
and enhanced images, while T and B refer to the target and background
regions of the images, respectively.

7.6.1 Distribution separation measure

The key objective of enhancement techniques, especially when applied to
digitized mammograms, is to maximize the distance between two normal prob-
ability density functions (PDFs), used to describe the target and the back-
ground, in order to make the target more visible against its background [5].
The best decision boundary between the target and the background in the
original image is given by

D′
O =

mO
BσO

T + mO
T σO

B

σO
T + σO

B

(7.27)

while for the enhanced image,

D′
E =

mE
BσE

T + mE
T σE

B

σE
T + σE

B

(7.28)

where mO
T , mO

B , mE
T , and mE

B are the mean values of the normal distributions
for the target and the background in the original and the enhanced image,
and σO

T , σO
B , σE

T , and σE
B are the corresponding standard deviations.

Singh and Bovis [46] proposed an alternative approximation of D′
O and D′

E

based on the cutting score [19]. Assuming that the groups are representative
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of the population, a weighted average of the group centroids will provide an
optimal cutting score. Consequently,

DO =
mO

BNO
T + mO

T NO
B

NO
B + NO

T

(7.29)

and

DE =
mE

BNE
T + mE

T NE
B

NE
B + NE

T

(7.30)

where NO
B and NO

T are the number of samples in the background and target
prior to enhancement, and NE

B and NE
T are the corresponding sample numbers

in the enhanced image. Thus, based on Equations 7.29 and 7.30, the following
distribution separation measure (DSM) is defined as [46]

DSM =
(|mE

T − mE
B |)− (|mO

T − mO
B |) (7.31)

which is a distance measure between the decision boundaries and the means
of the target and background before and after enhancement and serves as a
measure of the quality of the enhancement procedure.

7.6.2 Target-to-background contrast ratio using variance

In mammographic images, the target is characterized by a higher mean
intensity level compared to the one corresponding to its surrounding back-
ground. The following measure assesses the performance of a contrast enhance-
ment algorithm by measuring the increase/decrease of mean intensity level of
the target/background in the original and enhanced images, as well as the
change of target gray-level spread, and is given by [5]

TBCs =

mE
T

mE
B

− mO
T

mO
B

σE
T

σO
T

(7.32)

7.6.3 Target-to-background contrast ratio using entropy

In a similar manner as the TBCs, this measure evaluates the capability
of an enhancement algorithm by considering, instead of standard deviation,
the change of the entropies εE

T and εO
T associated with the target area in the

original and the enhanced images, respectively, and is defined as [5]

TBCe =

mE
T

mE
B

− mO
T

mO
B

εE
T

εO
T

(7.33)
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7.6.4 Contrast improvement index

The contrast improvement index (CII) was introduced by Laine and
colleagues [26] as a quantitative measure of contrast improvement and is
given by

CII =
CE

CO
(7.34)

where

CE =
mE

T − mE
B

mE
T + mE

B

(7.35)

is the optical definition of contrast of the enhanced image [32]. Similarly, the
optical definition of contrast CO for the original image is computed.

Larger values of the aforementioned measures correspond to better
separation between the distributions of the target and the background,
indicating a better performance of the contrast enhancement algorithm
employed.

7.6.5 Combined enhancement measure

Seeking a way to quantitatively rank enhancement techniques for a partic-
ular mammographic image, Singh and Bovis [46] combined the DSM , TBCs,
and TBCe measures into a single quantitative value by defining the com-
bined enhancement measure DSB . To carry out this task, Singh and Bovis
represented for an image each of the aforementioned enhancement measures
with a point in a three-dimensional Euclidean space by scaling each measure
within the range [0,1]. Using this representation, a high-performance con-
trast enhancement technique will have a concentration of points close to the
(1, 1, 1) vertex of the unit cube. Consequently, the combined measure DSB is
calculated based on the Euclidean distance between the corresponding point
and the vertex (1, 1, 1) representing the best possible enhancement and is
defined as

DSB =
√

(1 − DSM)2 + (1 − TBCs)2 + (1 − TBCe)2 (7.36)

where DSM, TBCs, and TBCe denote the normalized versions of the corre-
sponding measures. To calculate the combined measure, each of the enhance-
ment measures is given the same weight, and a simple min–max normalization
is applied. In the proposed approach, in order to also take into account
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the CII index, the following modified combined enhancement measure was
utilized:

D =
√

(1 − DSM)2 + (1 − TBCs)2 + (1 − TBCe)2 + (1 − CII)2 (7.37)

Finally, it should be mentioned that the smaller the value of D, the better
the performance of the enhancement technique.

7.7 The MiniMIAS Database

In order to evaluate the efficiency of the proposed intuitionistic fuzzy
framework for contrast enhancement of mammographic images, we considered
the MiniMIAS database [48], which consists of left and right breast images of
size 1024 × 1024 pixels with 8 bits-per-pixel gray-tone resolution obtained from
161 patients. The set of images contains digitized mammograms depicting dif-
ferent types of abnormalities, such as architectural distortions, calcifications,
circumscribed masses, stellate lesions, examples of benign and malignant con-
ditions, as well as a comprehensive set of normals. Moreover, mammograms
are also classified according to the breast density as fatty, glandular, and dense.
For the purpose of evaluating the performance of the proposed IFIP frame-
work, 28 images containing spiculated/circumscribed masses were selected.
For each image in the MiniMIAS database containing an abnormality, the
spatial coordinates of the center of the abnormality along with the radius of
the circle enclosing it were also provided.

The enhancement evaluation measures require the accurate definition of
the ROI bounding the target, as well as specifying its corresponding back-
ground [5, 46]. In the MiniMIAS database, the ROI supplied by the radiologist
serves as a rough indication in order for the user to be directed to the area
of the image where the abnormality exists [5]. To calculate the measures, we
selected as the ROI the escribed square corresponding to the circle having half
the radius of the one specified by the MiniMIAS database. This was chosen
in order to ensure that the ROI is accurately located within the target. The
surrounding background was defined as the area between the escribed square
corresponding to the circle with radius of 130% of the one proposed by the
radiologist and the square corresponding to the ROI. The selection of the set
of 28 images from the MiniMIAS database was based on the constraint that
the ROIs and background regions, defined as described above, be defined as
accurately as possible in order to guarantee the trusted performance of the
enhancement evaluation measures. This fact can be verified by observing the
considered images shown in Figure 7.4.
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FIGURE 7.4: Images from the MiniMIAS database containing well-defined
spiculated/circumscribed masses used for performance evaluation of contrast
enhancement algorithms. Target and background regions are annotated as
black and white squares, respectively (MiniMIAS database names: mdb10,
mdb12, mdb15, mdb17, mdb19, mdb23, mdb25, mdb28, mdb69, mdb91,
mdb132, mdb142, mdb145, mdb175, mdb178, mdb181, mdb184, mdb186,
mdb188, mdb190, mdb191, mdb199, mdb202, mdb204, mdb206, mdb207,
mdb270, mdb315).
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7.8 Intuitionistic Fuzzy Histogram Hyperbolization

Contrast enhancement techniques, in general, aim at modifying the inten-
sity levels of image pixels, with respect to a gray-level transformation function,
in order for the image to be more suitable in terms of human brightness per-
ception [17]. Among the various approaches to contrast enhancement, HEQ is
widely applied, mainly due to its efficient performance and simple implemen-
tation. In HEQ, we seek an intensity transformation in order for the histogram
of the resulting image to approximate to a uniform distribution of the gray
levels. However, due to the nonlinear nature of human brightness perception,
the requirement of a uniform histogram is not always adequate. Exploiting
this particular characteristic of brightness perception mechanisms, Frei [16]
proposed the idea of histogram hyperbolization in which the underlying model
for equalization is logarithmic.

A straightforward extension of histogram hyperbolization method in the
fuzzy setting was proposed by Tizhoosh and Fochem [56]. In the fuzzy his-
togram hyperbolization (FHH) approach, the membership values μÃ(g) of gray
levels of an image A are modified using a logarithmic function to produce the
new intensity levels according to

g′ =
L − 1

e−1 − 1

[
e−(μÃ(g))β − 1

]
(7.38)

where g′ is the new gray level, and β is the fuzzifier controlling the enhance-
ment procedure. It should be stressed that the selection of β is image-
dependent and greatly affects the enhanced image. Typical values of β are
within the range of [0.5, 2]. Small values of β produce brighter images, while
as β increases the resulting images become darker.

Vlachos and Sergiadis [69] proposed a generalization of the FHH approach,
using the elements of A–IFSs theory. The intuitionistic fuzzy histogram hyper-
bolization (IFHH) method exploits the IFIP framework presented in Sec-
tion 7.5. In the first stage, different fuzzification schemes may be applied to
assign membership values to the image pixels. In the proposed approach for
mammographic image processing, we consider an S-function to generate the
membership values given by

μÃ(g) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, if g � a

2
(

g − a

c − a

)2

, if a < g � b

1 − 2
(

g − c

c − a

)2

, if b < g � c

1, if g > c

(7.39)
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The advantage of using the S-function as a fuzzifier is mainly due to its
ability to pre-enhance certain intensity ranges, depending on the selection of
parameters a, b, and c. Wirth and Nikitenko [72] evaluated the performance
of various fuzzy contrast enhancement algorithms for mammographic imaging
and proposed the following selection of parameters for the S-function:

a = min
i∈{0,...,M}
j∈{0,...,N}

{gij}, c = max
i∈{0,...,M}
j∈{0,...,N}

{gij}, and b =
a + c

2

By examining the fuzzy approach to histogram hyperbolization, one may
observe that the membership values are modified according to

μ′
Ã
(g) = (μÃ(g))β (7.40)

for all g ∈ {0, . . . , L − 1}. De, Biswas, and Roy [14] proposed an operator
An : IFS (X) → IFS (X) given by

An = {〈x, (μA(x))n
, 1 − (1 − νA(x))n〉|x ∈ X} (7.41)

where n is any positive real number. It is evident that in the case of A being an
FS, the operator of Equation 7.41 coincides with that of Equation 7.40 used for
modifying the membership values in the FHH approach. As a straightforward
extension for the IFHH method, the modification of the A–IFSs describing the
image in the IFD is performed using the operator of Equation 7.41 according to

A′
opt =

{
〈g,
(
μAopt

(g)
)β

, 1 − (1 − νAopt
(g)
)β〉|g ∈ {0, . . . , L − 1}

}
(7.42)

To transfer the image back to the FD, one of the intuitionistic defuzzifica-
tion schemes described in Section 7.5.5 is employed to produce the modified
membership values μÃ′

opt
(g). Finally, the image in the PD is obtained as

g′ =
L − 1

e−1 − 1

[
e

−μÃ′
opt

(g) − 1
]

(7.43)

As already stated, in contrast enhancement, the employed transformation
of the gray levels should be an increasing function in order to preserve their
ordering. Since the operator of Equation 7.41 preserves monotonicity of its
arguments and the functions 7.11 and 7.12, used to obtain the image in the
IFD, are increasing and decreasing functions of g, respectively, then from
Proposition 7.1, it is ensured that the produced FS, from which the gray-
level transformation will result, preserves the ordering of intensity levels. An
overview of the IFHH approach is given in Algorithm 7.1.
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Algorithm 7.1 Intuitionistic fuzzy histogram hyperbolization (IFHH).
Input: Grayscale mammographic image A of size M × N pixels with L gray

levels g
begin

Calculate the parameters a, b, and c of the S-function
Fuzzify image according to μÃ(g) = S(g; a, b, c), where S (·; a, b, c),
denotes the S-function
Select intuitionistic fuzzy entropy measure E and set the
corresponding parameters
Set parameter n of the An operator
for λ ∈ [0, 3] do

μA(g;λ) ← 1 − (1 − μÃ(g))λ

νA(g;λ) ← (1 − μÃ(g))λ(λ+1)

Calculate E(A;λ)
Select λopt ← arg maxλ {E(A;λ)}
μAopt

(g) ← 1 − (1 − μÃ(g))λopt

νAopt(g) ← (1 − μÃ(g))λopt(λopt+1)

Obtain modified membership and nonmembership values(
μAopt

(g)
)β

, 1 − (1 − νAopt
(g)
)β

Obtain modified membership function μÃ′
opt

(g) using intuitionistic
defuzzification
Obtain modified gray levels according to g′ = L−1

e−1−1

[
e
μÃ′

opt
(g) − 1

]
end
Output: Contrast-enhanced mammogram

7.8.1 Algorithm evaluation

The maximization of intuitionistic fuzzy entropy principle of Equation 7.13
allows for the selection of different entropy measures, with difference proper-
ties, for obtaining the optimal parameter λopt in order to represent the image
in the IFD. To fully exploit the potential of the proposed IFHH technique,
we evaluated its performance by considering different entropy measures in
the intuitionistic fuzzification stage and different intuitionistic defuzzification
approaches. Due to the particular underlying properties of the various entropy
measures, an analysis is carried out for selecting the optimal one for mam-
mographic contrast enhancement on the basis of specific characteristics of the
mammographic image under processing and the breast density characteristics.
A description of the alternate variations of the IFHH, and the IFIP in general
that we considered, are given in Table 7.1. For the intuitionistic fuzzy entropy
EHY , we set k = 0.5.

In order to provide a quantitative assessment of the considered alternatives,
we employed the enhancement evaluation measures of Section 7.6. Within
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TABLE 7.1: Variations of the IFIP framework with respect to the intu-
itionistic fuzzy entropy measures and intuitionistic defuzzification schemes
employed (MIFID, maximum index of fuzziness intuitionistic defuzzification;
GID, generalized intuitionistic defuzzification).

Algorithm Alg1 Alg2 Alg3 Alg4 Alg5 Alg6
Entropy Measure ESK ESK EBB EBB EHY EHY

Intuit. Defuzzification MIFID GID MIFID GID MIFID GID

TABLE 7.2: Enhancement evaluation measures for the variations of the
IFHH approach for different breast types.

Breast Type Measures Algorithm

Alg1 Alg2 Alg3 Alg4 Alg5 Alg6

DSM 18.8950 20.9283 17.0816 19.4430 11.7785 0.9122
TBCs 0.0279 0.0702 −0.0573 −0.1212 −5.3760 −∞

Fatty TBCe 0.1953 0.2569 0.0577 0.0156 −25.0694 −∞
CII 1.4570 1.5448 1.2345 1.2786 1.0063 0.7477
D 0.5736 0.5097 0.7144 0.6726 0.8852 1.1176

DSM 12.6989 13.5402 18.7608 22.0836 5.2836 4.6038
TBCs 0.1609 0.1735 0.1148 0.1201 0.0225 −0.0006

Glandular TBCe 0.3390 0.3839 0.2192 0.2410 0.0369 0.0010
CII 1.6393 1.7050 1.4317 1.4653 0.4232 0.3453
D 0.5393 0.5038 0.5887 0.5451 1.2839 1.3369

DSM 15.9365 17.1358 17.1629 19.2083 2.1915 −0.5119
TBCs 0.1292 0.1370 0.0984 0.1010 −0.0573 −∞

Dense TBCe 0.2572 0.2860 0.1564 0.1565 −0.0150 −∞
CII 1.4448 1.4791 1.2878 1.2832 0.2391 0.1853
D 0.6083 0.5757 0.6825 0.6714 1.4167 1.4659

All images D 0.5600 0.5139 0.6543 0.6175 1.2029 1.3086

this study, the different variations of IFHH were also tested against three
breast types: fatty, glandular, and dense. For the assessment, we considered
the set of 28 mammograms from the MiniMIAS database containing spicu-
lated/circumscribed masses with well-defined ROIs and background regions,
as shown in Figure 7.4. The results are given in Table 7.2.

Table 7.2 shows that the IFHH approach with the entropy ESK of Equation
7.8 employed in the intuitionistic fuzzy stage and the generalized intuition-
istic defuzzification scheme based on the cumulative histogram outperforms
the other variations of IFHH. For the fatty breast type, all measures indicate
that Alg2 performs better, a fact also verified by the combined enhancement
measure D. For the glandular and dense breast types, Alg4 performs slightly
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better with respect to the DSM criterion, while for the other three crite-
ria, as well as the combined enhancement measure D, Alg2 exhibits the best
performance. Finally, the selection of the best algorithm was based on the
value of the combined enhancement measure over the entire dataset of the 28
selected mammograms of the MiniMIAS database, shown as the last row of
Table 7.2.

7.8.2 FHH versus IFHH: Experimental evaluation

The main purpose of this work is to extend and adapt the IFIP frame-
work in the context of mammographic imaging. In order to evaluate the
efficiency of the framework, we compared the proposed IFHH method with
its fuzzy counterpart. Figure 7.5 illustrates a sample set of images from
the MiniMIAS database, along with their processed versions. The first col-
umn contains the initial mammograms, as provided by the database, while
subsequent columns correspond to images obtained using the HEQ, the
FHH, and the proposed IFHH method, respectively. The target and back-
ground regions were also annotated in the initial image as black and white
squares. From the visual assessment of the images, we can see that the
proposed intuitionistic fuzzy extension of FHH successfully enhances their
contrast.

The efficiency of the proposed intuitionistic fuzzy framework was further
examined in a more objective way using the measures described in Section 7.6.
The measures were computed for all of the 28 selected images and algo-
rithms. The comparison graphs are depicted in Figure 7.6. It is evident that
the proposed method delivers better results than the HEQ and the conven-
tional fuzzy approaches to histogram hyperbolization in terms of producing
larger values for the DSM, TBCs, TBCe, and CII criteria. This denotes the
accentuation of the target against its surrounding background. Additionally,
Figure 7.7 illustrates the mean values of the aforementioned evaluation meas-
ures for all the considered images of the database. A significant improvement
of the contrast offered by the proposed intuitionistic fuzzy approach is demon-
strated. Moreover, the combined enhancement measure D is also plotted for all
images in Figure 7.8, which additionally supports the superiority of the IFHH
approach.

To further demonstrate the efficiency of the proposed IFHH technique,
we constructed the line profiles corresponding to the images of Figure 7.5,
illustrated in Figure 7.9. The line profiles were taken across the middle of the
square denoting the background surrounding the target for constant y coor-
dinate. From Figure 7.9 and for all images considered, the proposed method
(thick black line) successfully improves the contrast inside the ROI, as can
be seen from the increased dynamic range, while the particular morphological
characteristics of the target and its surrounding area are preserved. Finally,
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FIGURE 7.5: Sample images from the MiniMIAS database used for exper-
imental evaluation. First column contains initial mammogram (from top to
bottom, mdb179, mdb190, mdb199, mdb244), while subsequent columns cor-
respond to images processed by the HEQ, FHH, and proposed IFHH
approaches. The target and background regions are annotated as black and
white squares, respectively.

the same conclusions can be drawn from Figure 7.10, which depicts a three-
dimensional representation of the intensity of the target and its corresponding
background for the second image of Figure 7.5 (MiniMIAS database name:
mdb190) and its contrast-enhanced versions delivered by HEQ, FHH method,
and its proposed intuitionistic fuzzy extension.
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(a) Initial image (b) HEQ

(c) FHH (d) IFHH

FIGURE 7.10: Three-dimensional representation of the intensity of the
target and its background for (a) the second image of Figure 7.5 (Min-
iMIAS database name: mdb190) and its contrast-enhanced versions delivered
by (b) the HEQ technique, (c) the FHH method, and (d) the proposed IFHH
approach.

7.9 Intuitionistic Fuzzy Contrast Intensification

7.9.1 Minimization of fuzziness contrast enhancement

Image fuzziness is a measure of the grayness ambiguity associated with
image pixels. Reducing the amount of fuzziness carried by a digital image, it is
sometimes required to enhance the contrast between bright and dark regions.
A contrast enhancement algorithm based on the minimization of fuzziness
was proposed by Pal and King [34]. In this approach, the image is fuzzified
according to

μÃ(g) =
(

1 +
gmax − g

Fd

)−Fe

(7.44)

where gmax denotes the maximum gray level desired, and Fe, Fd are the
exponential and denominational fuzzifiers, respectively, which control the
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ambiguity in the fuzzy plane. Fuzzifier Fd can be determined by the crossover
point as

Fd =
gmax − g◦( 1
2

)−1
Fe − 1

(7.45)

with go being the gray level associated with the crossover point. The modifi-
cation of the membership values is carried out using the intensification oper-
ator [75] given by

T1(μÃ(g)) =

{
2 (μÃ(g))2, if 0 � μÃ(g) � 1

2

1 − 2 (1 − μÃ(g))2, if 1
2 � μÃ(g) � 1

(7.46)

Successive applications of the intensification operator T are possible,
according to the following scheme:

Tr(μÃ(g)) = T1 {Tr−1(μÃ(g))} (7.47)

where r = 1, 2, . . ., which results in further decreasing the fuzziness of the
image. In the limiting case of r → ∞, Tr produces a two-level (binary) image.

After the modification of the membership values has taken place, the
defuzzification is performed according to

g′ =

⎧⎪⎨
⎪⎩

0, if ḡ′ < 0
ḡ′ , if 0 � ḡ′ � 255
255, if ḡ′ > 255

(7.48)

where g′ is the new gray level and ḡ′ is obtained from the inverse of the
membership function as

ḡ′ = gmax − Fd

(
(μ′

A(g))
−1
Fe − 1

)
(7.49)

In order to exploit the ambiguity present in digital images and the diffi-
culties in precisely defining the membership function, an intensification-like
operator for A–IFSs was introduced by Vlachos and Sergiadis [69], and its
properties were stated and proved.

7.9.2 Intuitionistic fuzzy intensification operator

In order to extend the minimization of fuzziness contrast enhancement,
or fuzzy contrast intensification (FCI), algorithm into the intuitionistic fuzzy
setting, Vlachos and Sergiadis [69] introduced an intensification-like operator
for A–IFSs and investigated its properties.
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Definition 7.10 Let a set A ∈ IFS (X). Then,

�Am = {〈x, μ�Am(x), ν�Am(x)〉|x ∈ X} (7.50)

where

μ�Am(x) =

⎧⎪⎪⎨
⎪⎪⎩

μm
A (x)

νm−1
A (x)

, if μA(x) � νA(x)

1 − (1 − μA(x))m

(1 − νA(x))m−1 , if μA(x) � νA(x)
(7.51)

and

ν�Am(x) =

⎧⎪⎪⎨
⎪⎪⎩

1 − (1 − νA(x))m

(1 − μA(x))m−1 , if μA(x) � νA(x)

νm
A (x)

μm−1
A (x)

, if μA(x) � νA(x)
(7.52)

with m � 0 being a real parameter, is an A–IFS.

An interesting property of the � operator was also stated and proved [69].

Proposition 7.2 For any set A ∈ IFS (X), it holds that

ESK (�Am) � ESK (A) (7.53)

with m � 1.

7.9.3 An intuitionistic extension of fuzzy contrast
intensification

Let us consider an image A of size M × N pixels having L gray levels g
ranging between 0 and L − 1. The image is transferred to the FD using the
following membership function:

μÃ(g) =
g − gmin

gmax − gmin
(7.54)

where gmin and gmax are the minimum and maximum gray levels of the image,
respectively. To construct the optimal A–IFS Aopt associated with the gray
levels of the image, we employ the optimization of intuitionistic fuzzy entropy
method. Similarly to the FCI approach, the modification of the image in the
IFD is carried out by the following recursive scheme:

� rA
m
opt = � 1

{
� r−1A

m
opt

}
(7.55)

where r = 1, 2, . . ., denotes the number of successive applications of the �
operator. To transfer the image back to the FD, a suitable defuzzification
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Algorithm 7.2 Intuitionistic fuzzy contrast intensification (IFCI).
Input: Grayscale mammographic image A of size M × N pixels with L

gray levels g
begin

Calculate minimum and maximum gray levels gmin and gmax of the
image
Fuzzify image according to μÃ(g) = (g − gmin)/(gmax − gmin)
Select intuitionistic fuzzy entropy measure E and set the
corresponding parameters
Set number of iterations iter
Set parameter m of � operator
for λ ∈ [0, 3] do

μA (g;λ) ← 1 − (1 − μÃ(g))λ

νA (g;λ) ← (1 − μÃ(g))λ(λ+1)

Calculate E(A;λ)
Select λopt ← arg maxλ {E (A;λ)}
μAopt(g) ← 1 − (1 − μÃ(g))λopt

νAopt(g) ← (1 − μÃ(g))λopt(λopt+1)

for r = 1 to iter do
�rA

m
opt ← �1

{
�r−1A

m
opt

}
Obtain modified membership and nonmembership functions
μ�iterA

m
opt and ν�iterA

m
opt

Obtain modified membership function μ′
Ã
(g) using intuitionistic

defuzzification
Obtain modified gray levels according to g′ = (L − 1) μ′

Ã
(g)

end
Output: Contrast-enhanced mammogram

method is applied to obtain the FS with membership function μ′
Ã
(g). Finally,

the contrast-enhanced image in the PD is obtained as

g′ = (L − 1) μ′
Ã
(g) (7.56)

where g′ are the transformed gray levels of the image. An overview of the IFCI
approach is provided in Algorithm 7.2.

7.9.4 Algorithm evaluation

Similarly to the IFHH approach, we evaluated the proposed IFCI method
by considering the different intuitionistic fuzzy entropy measures and intu-
itionistic defuzzification schemes, summarized in Table 7.1. The enhance-
ment evaluation criteria for the variations of the IFCI approach are listed in
Table 7.3 for different breast types. For the intuitionistic fuzzy entropy EHY ,
we set k = 0.5, while we have considered only one iteration of the algorithm:
r = 1.
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TABLE 7.3: Enhancement evaluation measures for the variations of the
IFCI approach for different breast types.

Breast Type Measure Algorithm

Alg1 Alg2 Alg3 Alg4 Alg5 Alg6

DSM 20.9716 21.9597 10.8661 5.1848 −4.3828 −8.6248
TBC s 0.0332 −0.2816 −0.1046 −∞ −∞ −∞

Fatty TBC e 0.1311 −0.1636 −0.0287 −∞ −∞ −∞
CII 1.3190 1.2754 1.0204 0.8847 0.6584 0.5857
D 0.5176 0.5347 0.7583 0.8833 1.0830 1.1707

DSM 22.4714 26.2006 15.3028 13.1693 1.0626 −2.8799
TBC s 0.1451 0.1255 0.0370 −0.1135 −∞ −∞

Glandular TBC e 0.3211 0.2809 0.0611 −0.0400 −∞ −∞
CII 1.6302 1.5674 1.1196 0.9593 0.7289 0.6502
D 0.3557 0.3461 0.6704 0.7772 0.9971 1.0758

DSM 19.9833 19.9401 9.2446 4.0150 −5.2913 −9.5020
TBC s 0.1139 0.0530 −0.0229 −1.2101 −17.0839 −∞

Dense TBC e 0.1980 0.1283 −0.0021 −1.0273 −87.7796 −∞
CII 1.3436 1.2305 0.9976 0.8527 0.6926 0.6232
D 0.5121 0.5745 0.7830 0.9022 1.0603 1.1401

All images D 0.4421 0.4589 0.7250 0.8391 1.0407 1.1235

Table 7.3 shows that the IFCI approach driven by the ESK entropy and
the maximum index of fuzziness intuitionistic defuzzification schemes delivers
the best results with respect to the combined enhancement measure D in
case of fatty and dense breast tissues, while using the same entropy and the
generalized intuitionistic defuzzification approach is the optimal combination
for the glandular breast type.

7.9.5 FCI versus IFCI: Experimental evaluation

For assessing the performance of the IFIP framework, we compared
the proposed IFCI approach with its fuzzy counterpart. A critical point in
the fuzzy approach is the selection of the gray level go associated with the
crossover point, which soundly affects the enhancement procedure. In order
to demonstrate the importance of the go point, we processed a mammographic
image with various values of go. Figures 7.11b and 7.11c illustrate the images
obtained using the FCI approach for two extreme values of go = 10 and
go = 240. It is easy to verify the impact of the parameter go in the final result.
Considering that mammographic images are characterized by the variability in
tissue density and its inhomogeneous nature suggests that a safe initial selec-
tion of go would be the midpoint go = 128 of the gray-level range. Moreover,
for experimental evaluation, we considered that Fe = 2 and one iteration. It
should be stressed that in contrast with the FCI, the proposed intuitionistic
fuzzy extension is totally automated, and no parameter must be set manually.
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(a) (b) (c)

FIGURE 7.11: (a) Initial mammographic image (MiniMIAS database
name: mdb010) with fatty background tissue and a well-defined circumscribed
benign mass. Images obtained using the minimization of fuzziness algorithm
with Fe = 2, gmax = 255, and one iteration for (b) go = 10 and (c) go = 240.

Figure 7.12 depicts images from the sample set of the MiniMIAS database
and their enhanced versions derived by the HEQ, the FCI, and the proposed
IFCI approach, where different intuitionistic fuzzification–defuzzification con-
figurations for glandular and fatty/dense breast types were used. From visual
comparison of the images, we see that the IFCI method produces images
where different regions and high-frequency edges are drastically enhanced and
are more suitable for examination by the human expert. Moreover, in the
corresponding ROIs, the target is radically exposed against its surrounding
background. Additionally, the enhancement evaluation measures of Section 7.6
were employed to provide, in Figure 7.13, an objective criterion for assessing
the performance of the different approaches. Figure 7.14 illustrates the mean
values of the aforementioned evaluation measures for all the considered images
of the database. The combined enhancement measure is also plotted for all
images in Figure 7.15. Finally, line profiles and three-dimensional representa-
tions of the ROIs were also used, and are shown in Figures 7.16 and 7.17, to
further demonstrate the efficiency of the proposed IFCI method.

7.10 Discussion

The purpose of this work was to extend existing fuzzy algorithms for con-
trast enhancement into the intuitionistic fuzzy setting and evaluate the relative
merits of this extension. The main objective of contrast enhancement tech-
niques for mammographic imaging is often to enhance the contrast in the ROI
that will lead to an increased separation between the distributions of the mass
and its surrounding background. This is expected to enhance the performance
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FIGURE 7.12: Sample images from the MiniMIAS database used for
experimental evaluation. First column contains initial mammogram (from top
to bottom: mdb015, mdb178, mdb184, mdb202), while subsequent columns
correspond to images processed by the HEQ, FCI, and proposed IFCI
approaches. The target and background regions are annotated as black and
white squares, respectively.

of the mass detection, and extraction schemes that are to be applied. Driven
by this objective, 28 images were selected from the MiniMIAS database that
contained well-defined speculated/circumscribed masses with known spatial
coordinates. From the location and the size of the mass, the corresponding
ROIs were calculated along with their respective surrounding backgrounds.
For the MiniMIAS database, data were collected by mammograms digitized
at 200 micron pixel edge. To quantitatively rank the enhancement methods,
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FIGURE 7.13: Enhancement evaluation measures for the 28 images
selected from the MiniMIAS database containing spiculated/circumscribed
masses for the HEQ (gray line), FCI (thin black line), and IFCI method (thick
black line). The set of test images is shown in Figure 7.4. Larger values of the
measures correspond to better separation between the distributions of the
target and the background, indicating a better performance of the contrast
enhancement algorithm employed.

the experimental setup was equipped with objective enhancement evaluation
measures assessing the separation between the target and background classes.

The experimental evaluation of the algorithms was carried out using a
two-step procedure. In the first step, both the IFHH and IFCI approaches
were assessed, considering all possible combinations of intuitionistic fuzzi-
fication and defuzzification schemes. Moreover, to provide a more detailed
analysis, the different variations of each approach were also tested against
different breast types, categorized as fatty, glandular, and dense. The overall
optimal combination of intuitionistic fuzzification and defuzzification schemes
was derived according to the performance of the combined enhancement meas-
ure in the specified ROIs. Finally, the second step of the evaluation procedure
involved the comparison of the proposed intuitionistic fuzzy approaches with
their fuzzy counterparts, as well as with the well-known HEQ technique.

Experimental results demonstrated both objectively and subjectively the
efficiency of the proposed intuitionistic fuzzy approaches to successfully
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FIGURE 7.15: Combined enhancement measures D for the evaluation of
HEQ (gray line), FCI (thin black line), and IFCI (thick black line).

enhance the target (mass) against its surrounding background. Objective
assessment involved the calculation of the enhancement evaluation and com-
bined enhancement measures, as well as the comparison of their respective
mean values. To further support the potential of the IFIP framework, the line
profiles across the ROI were taken into account to demonstrate the increase
in the dynamic range between the target and its background. In the same
spirit, three-dimensional representations of the intensity of the mass were also
considered.
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the middle of the square denoting the surrounding background of the target
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mdb184, and (d) Image mdb202. For each line profile, curves corresponding to
the initial image (thin gray line) and images processed by HEQ (thick gray
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7.11 Future Research Directions

The IFIP architecture and the theory of A–IFSs in general provide a flexi-
ble framework for dealing with the uncertainty characterizing medical images.
Moreover, recent publications show that the field of A–IFSs is beginning to
shift from theory to application. Therefore, as a newly introduced approach,
IFIP constitutes a prominent open field for future research.

Two of the most important stages of IFIP are the processes of analyzing
and synthesizing images to and from their intuitionistic fuzzy components.
An open issue that deserves to be further investigated is the construction
of alternative adaptive intuitionistic fuzzification and defuzzification schemes
that take into account the particular characteristics of medical images as well
as their generation mechanisms.
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FIGURE 7.17: Three-dimensional representation of the intensity of the
target and its background for (a) the first image of Figure 7.11 (MiniMIAS
database name: mdb015) and its contrast-enhanced versions delivered by (b)
the HEQ technique, (c) the FCI method, and (d) the proposed IFCI approach.

This work showed that the application of A–IFSs theory to existing
fuzzy approaches to contrast enhancement of mammographic images signifi-
cantly enhances their performance. This observation reveals promising ways
in which the IFIP framework can be applied. Experimental results suggest
that the presented architecture can successfully replace fuzzy, or even non-
fuzzy, approaches in the context of digital mammography or medical imaging
in general. The fact that many image-related definitions, such as the “bound-
ary” of a region, the “shape” of a mass, or the “size” of a microcalcification,
are themselves fuzzy in nature, thus bearing an appreciable amount of uncer-
tainty and hesitancy, allows us to assert that the IFIP architecture needs to
be further explored.

Finally, an emerging trend in the intuitionistic fuzzy setting is the appli-
cation of A–IFSs in supporting medical diagnostic reasoning using distance
and similarity measures [29, 52–54] or the concept of intuitionistic fuzzy rela-
tions [15]. This is justified by the fact that A–IFSs are a flexible tool for
reasoning under imperfectly defined facts and imprecise knowledge in a more
human-consistent manner than FSs. In the context of medical imaging and
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diagnosis, imperfect information springs out of the lack of knowledge or the
discrimination limitations of the measuring tools. Consequently, CAD systems
can be favored by the implementation of an intuitionistic fuzzy reasoning mod-
ule, able to express and model aspects of imperfect information.

7.12 Conclusions

In this chapter, we presented a thorough analysis of the IFIP frame-
work in the context of mammographic image processing. The properties of
different intuitionistic fuzzy entropy measures and intuitionistic defuzzifica-
tion schemes were evaluated, considering the particular characteristics of digi-
tized mammograms. Under this scope, intuitionistic fuzzy algorithms, namely
the IFHH and IFCI, were presented. To provide an objective and quantita-
tive assessment of the proposed algorithms, enhancement evaluation meas-
ures were applied that demonstrated the efficiency of the IFIP framework.
Finally, we showed that using the concepts of A–IFSs, one can enhance the
performance of existing fuzzy approaches, yielding satisfactory and promising
results.
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8.1 Introduction

Image segmentation can be defined as the grouping of similar pixels in a
parametric space, where they are associated with each other in the same or
different images. Classical image segmentation methodologies include thresh-
olding, edge detection, and region detection. However, many of these systems
have demonstrated less effectively in the presence of neighboring structures or
noise.
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In recent years, numerous efforts of c-means/k-means segmentation meth-
ods with faster computation and more flexible capabilities than the classical
techniques have emerged. The conventional hard c-means (HCM) and fuzzy c-
means (FCM) algorithms are two clustering based segmentation techniques. In
contrast to HCM, FCM allows us to reduce the uncertainty of pixels belonging
to one class and therefore provides improved segmentation. In addition, multi-
ple classes with varying degrees of membership can be continuously updated.

In this chapter, we summarize several fizzy c-means based segmentation
techniques, namely conventional FCM, fast FCM with random sampling, and
fast generalized FCM, and also present a new anisotropic mean shift based
fizzy c-means algorithm. The proposed clustering method incorporates a mean
field term within the standard fuzzy c-means objective function. Since mean
shift can quickly and reliably find cluster centers, the entire strategy is capable
of optimally segmenting clusters within the image.

8.2 Related Work

The image segmentation can be defined as the grouping of similar pix-
els in a parametric space, where they are associated with each other in the
same or different images. Classical image segmentation methodologies include
thresholding (e.g., Sahoo et al. [26]), edge detection (e.g., Nevatia [22]), region
detection (e.g., Ito, Kamekura, and Shimazu [16]), and connectivity-preserving
relaxation.

Thresholding methods are relatively straightforward but lack sensitivity
and specificity for accurate segmentation in the presence of different objects
with similar intensities or colors [26]. Edge-based methods, quite similar to the
contour detection, are fast but sensitive to noise in the background and fail to
link together broken contours. Region detection is superior to the thresholding
and edge-based methods in terms of stability and consistency. Nevertheless,
these approaches need further modifications in order to effectively handle
clutters, which commonly exist in real scenarios. Connectivity-preserving
relaxation methods, also called active contour models (e.g., Kass, Witkin,
and Terzopoulos [17]), start from an initial contour shape to which shrink
or expansion operations are applied according to a defined object function.
Unfortunately, the convergence of the computation is readily affected by local
minima of the function.

Recently, computational intelligence schemes, such as neural networks
and genetic algorithms, have been substantially studied. The motivation of
exploring these new schemes is that the classical strategies demand predefined
similarities of image attributes for segmentation and hence lack generality,
robustness, and flexibility. Using the computational intelligence schemes, we
expect to hold improvements of groupings of similar characteristics, depending
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on the correspondence between the learned geometric topology and the real
structures. In this chapter, we highlight only some of the established compu-
tational intelligence approaches.

Neural networks do not need any well-described properties for an image
to be segmented. They train a preliminary model and then refine the required
parameters progressively. Ahmed and Farag [1] presented a volume segmenta-
tion based on an unsupervised clustering capability of neural networks. They
assigned each voxel a feature pattern with a scaled family of differential geo-
metrical invariant features. These features were then linked to a region using
a two-stage neural network scheme. The first stage was a self-organizing prin-
cipal component analysis, which projected the feature vector onto its leading
principal axes. The second stage utilized a self-organizing feature map so as
to cluster the inputs into different regions. Iscan and others [15] reported an
improved incremental self-organizing map network using automatic threshold-
ing to segment ultrasound images. This method eliminated the thresholding
problem in the classical methods. A voxel-based multispectral image segmen-
tation was introduced by Wismüller and colleagues [33], which reduced a class
of similar function approximation problems to the explicit supervised one-shot
training of a single data set. Similar work using neural networks can be found
in Wang and others [31] and Wang and Xu [32].

Genetic algorithm is a highly self-adapted algorithm of best search. It is
especially suited to handling traditional algorithms that cannot effectively
search for an appropriate solution to nonlinear problems. For example, Chun
and Yang [8] discovered fuzzy genetic algorithm fitness functions for mapping
a region-based segmentation onto the binary string that represents an individ-
ual while demonstrating the evolution of potential segmentation. In addition,
Maulic and Bandyopadhyay [21] reported a genetic algorithm-based clustering
that searched for appropriate cluster centers in the feature space such that
a similarity metric of the resulting cluster is optimized. The centers of the
clusters were encoded by the chromosomes by strings of real numbers.

FCM has gained wide attention in recent years, and its applications are
found throughout the areas of image segmentation and clustering. FCM is
important enough to be explored because of its multiclass division and auto-
matic evolution of class states capabilities. Pham [25] claimed an improved
FCM objective function integrating a penalty function in the membership
functions. To reduce the computational time, Chen and Zhang [5] proposed
two invariants so that the neighborhood term of the objective function discov-
ered by Ahmed and others [2] could be simplified. These two variants enhanced
the efficiency by considering mean-filtered and median-filtered images. More
recently, an enhanced fuzzy c-means (EnFCM) algorithm [28] was proposed
to accelerate the segmentation. The motivation of EnFCM was driven by the
fact that the number of gray level is usually much smaller than the image
size. This size constraint helped formulate a linearly weighted sum image, and
hence we could achieve clustering in the intensity histogram instead of every
single pixel.
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In comparison to the established neural networks and genetic algorithms,
which require intensive pretraining for tuning parameters, FCM does not
demand such a training stage and hence shows improvements of efficiency.
We do not attempt to prove that the proposed FCM algorithm outperforms
those neural networks and genetic algorithms in computational efficiency and
accuracy. Instead, our goal is to demonstrate the computational efficiency of
the proposed technique against the established FCM approaches.

8.3 Classical FCM Strategies

In this section, those established frameworks with respect to FCM are sum-
marized to identify the advantages and disadvantages of different approaches.
Possible improvements can be launched on the basis of the introduction of
these state-of-the-art schemes.

8.3.1 Original FCM clustering

Let X = (x1, x2, . . . , xN ) be an image with N pixels to be assigned to
C clusters and xi denote multispectral data. The clustering algorithm is an
iteration process that minimizes the object function as follows:

f =
N∑

j=1

C∑
i=1

uk
ij ||xj − si||2 (8.1)

where uij is the membership of pixel xj in the ith cluster, si is the ith cluster
center, ||·|| is a norm metric, and k is a constant, which dominates the fuzziness
of the resulting partition.

This object function can be of a global minimum when pixels near the cen-
troid of corresponding clusters are assigned higher membership values, while
lower membership values are assigned to pixels with data far from the cen-
troid [7]. In this text, the membership function is proportional to the proba-
bility that a pixel belongs to a specific cluster. Here, the probability is only
dependent on the distance between the image pixel and each independent clus-
ter center. The membership function and the cluster center are updated by

uij =
1∑C

m=1(||xj − si||/||xj − sm||)2/(k−1)
(8.2)

with

si =

∑N
j=1 uk

ijxj∑N
j=1 uk

ij

(8.3)
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An initial guess for each cluster center is required. The FCM can converge
to a local minimization solution. Unless the difference between two neigh-
boring iterations is less than a fixed threshold (e.g., one pixel distance), the
iteration of the FCM will not be terminated. Algorithm 8.1 tabulates the clas-
sical FCM algorithm [3]. Figure 8.1 presents a cryosectioned brain image with
its segmentation result using this classical FCM scheme. Figure 8.1b shows
more than three significant intensity peaks, indicating that a proper clustering
number is 4 or higher (4 is used in this example). Figure 8.1c demonstrates
that the subregions can be well partitioned using the classical FCM method.
The entire computation for the segmentation takes 99.4 seconds on a PC with
a 1.5 GHz Intel� Pentium� CPU and MATLAB� implementation (this setup
is also used for the evaluation Section 8.5). The efficiency of the classical FCM
is investigated in Hu and Hathaway [14]. To effectively handle this inefficiency
problem, we introduce a fast FCM algorithm with random sampling.

Algorithm 8.1 The classical FCM image segmentation algorithm.

1: Initialize s and record the cluster centers. Set j = 0.
2: Initialize the fuzzy partition matrix u(j = 0) with Equation 8.2.
3: Increment j = j + 1. Compute s by using Equation 8.3.
4: Compute u(j) by using Equation 8.2.
5: Iterate steps 3−4 until the stopping criterion is met.

8.3.2 Fast FCM algorithm with random sampling

To combat a computationally intensive process, Cheng, Goldgof, and
Hall [6] proposed a multistage random-sampling FCM strategy. This method
has fewer feature vectors and requires fewer iterations to converge. The con-
cept is to randomly sample and obtain a small subset of the full data set for
approximating cluster centers of the full data set. This approximation is then
used to reduce the number of converging iterations. The entire multistage
random-sampling FCM algorithm consists of two phases, whereas a multi-
stage iterative process of a modified FCM is performed in phase 1. Phase 2
is a standard FCM with the cluster centers approximated by the final cluster
centers from phase 1.

Before introducing the details of this method, we must determine the fol-
lowing parameters. The first one is the size of the subsamples, which is Δ%
of the ns samples in X, denoted by X(Δ%). The second one is the number of
the stages, n. After phase 1, the data set includes (ns

∗Δ%) samples, which is
denoted as X(n∗

sΔ%). The third one is the stopping criterion for phase 1, ε1,
and the last one is the stopping condition for phase 2, ε2. The entire algorithm
is summarized in Algorithm 8.2.

Evidence has shown that this improved FCM with random sampling
can reduce the computation required in the classical FCM method. To
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Algorithm 8.2 The multistage random-sampling FCM algorithm.

Phase 1: Randomly initialize the cluster matrix s.
Step 1: Select X(Δ%) from the set of the original feature vectors matrix

(z = 1).
Step 2: Initialize the fuzzy partition matrix u by using Equation 8.2 with

X(z∗Δ%).
Step 3: Compute the stopping condition ε = ε1 − z∗((ε1 − ε2)/ns).
Step 4: Set j = 0.
Step 5: Set j = j + 1.
Step 6: Compute the cluster center matrix s(z∗Δ%) by Equation 8.3.
Step 7: Compute u(z∗Δ%) by Equation 8.2.

Step 8: If
∥∥∥uj

(z∗Δ%) − uj−1
(z∗Δ%)

∥∥∥ ≥ ε, then go to Step 5.(2) Else if z ≤ ns,
then select another X (Δ%) and merge it with the current X (z∗Δ%).
Set z = z + 1. Go to Step 2. (3) Else move to phase 2.

Phase 2: This is the main structure of the whole algorithm due to the com-
putation issue.

Step 9: Initialize u using the results from phase 1, s(ns∗Δ%), with Equa-
tion 8.3 for the full data set.

Step 10: Follow steps 3–4 of the classical FCM algorithm and satisfy the
stopping criterion ε2.

demonstrate the performance of this approach, we use the same image as illus-
trated in Figure 8.1. This new proposal requires less computational time; see
Figure 8.2. Similar platforms, as variants of this multistage random-sampling
FCM framework, can be found in Eschrich and others [12] and Kolen and
Hutcheson [19].

The success of this development verifies that the original FCM can still
be improved in terms of efficiency of convergence. However, is this the only
means to deal with the inefficiency problem? In the next subsection, some
different strategies are attempted.

8.3.3 Fast generalized FCM scheme

Ahmed and colleagues [2] introduced an alternative to the classical FCM
by adding a term that enables the labeling of a pixel to be associated with its
neighborhood. As a regulator, the neighborhood term can change the solution
to piecewise, homogeneous labeling.

As a further extension of Ahmed’s work, Szilágyi and colleagues [28] pro-
posed the well-known EnFCM algorithm to speed up the segmentation process
for black-and-white images. In order to reduce the computational complexity,
a linearity-weighted sum image g is formed from the original image, and the
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FIGURE 8.1: Classical FCM segmentation: (a) original image superim-
posed by a sample line, (b) intensity profile of the sample line, and (c) FCM
segmentation result, where the cluster number is 4. Note that image size is
230 × 175. (From A. Toga, K. Ambach, B. Quinn, M. Hutchin, J. Burton,
1994. J. Neurosci. Meth. 54: 239–252. With permission.)

FIGURE 8.2: Multistage random-sampling FCM segmentation. The
computational time was reduced to 93.7 seconds.
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local neighbor average image regarding

gm =
1

1 + α

⎛
⎝xm +

α

NR

∑
j∈Nr

xj

⎞
⎠ (8.4)

where gm denotes the gray value of the mth pixel of the image g, xj represents
the neighbors of xm, NR is the cardinality of a cluster, and Nr stands for the
set of neighbors falling into a window around xm and

∑
j∈Nr

. The object
function used for fast segmenting image g is defined as

J =
C∑

i=1

qc∑
i=1

γlu
m
ij (gl − si)2 (8.5)

where qc denotes the number of the gray image, and γl is the number of
the pixels having the intensity equal to l, where l = 1, 2, . . . , qc. Then, we
should hold

qc∑
l=1

γl = N (8.6)

This is under the constraint that
∑C

i=1 uij = 1 for any l. Finally, we can obtain
the following expression [4]:

uil =
(gl − si)−2/m−1∑C

j=1(gl − sj)−2/m−1
(8.7)

and

si =
∑qc

l=1 γlu
m
il gl∑qc

l=1 γlum
il

(8.8)

In fact, EnFCM is different from other FCM schemes in the areas where the
former considers a number of pixels with similar intensity as a weight. Thus,
this process may accelerate the convergence of searching for global similarity.
On the other hand, to avoid image blur during the segmentation, which may
lead to inaccurate clustering/grouping, Cai, Chen, and Zhang [4] introduced
a novel factor Sij , which incorporates the local spatial relationship Ss

ij and
the local gray-level relationship Sg

ij . This factor replaces the parameter α in
Equation 8.4:

Sij =
{

Ss
ij × Sg

ij , j �= i

0, j = i
(8.9)
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Here, the following equation is held:

Ss
ij = exp

(−max(|pcj − pci|, |qcj − qci|)
λs

)
(8.10)

where (pci, qci) is a spatial coordinate of the ith pixel, and λs represents the
scale factor of the spread of Ss

ij .

Sg
ij = exp

(
−||xi − xj ||2

λg × σ2
gi

)
(8.11)

where σg is a global scale factor of the spread of Ss
ij , and λg is similar to λs.

Hence, the new generated image g is updated as

gi =

∑
j∈Ni

Sijxj

Sij
(8.12)

where gi is the gray value of the ith pixel of the image g, xj is the gray value
of the neighbors of xi (window center), Ni is the set of neighbors falling in the
local window, and Sij is the local similarity measure between the ith pixel and
the jth pixel. The value of gi is restricted to [0, 255] due to the denominator.

In summary, the fast generalized FCM algorithm [4] is illustrated in
Algorithm 8.3, where steps 4 and 5 are not terminated until the following
criterion is met: |snew −sold|< ε and s = [s1, . . . , sC ] are the vectors of cluster
prototypes.

The performance of this fast generalized FCM approach is demonstrated
in Figure 8.3, which shows more computational time consumption than that of
the multistage random-sampling FCM in this example. This time consumption
most likely is attributable to the similarity measures undertaken during the
iterations. On the other hand, the image segmentation outcomes by the fast
generalized FCM are close to the results by the classical and the multistage
random-sampling FCMs (in Section 8.5, we provide a metric to measure the
similarity of the segmentation). Similar efforts to improve the computational
efficiency and robustness have also been reported by Chen and Zhang [5] and
Leski [20].

Algorithm 8.3 The fast generalized FCM algorithm.
Step 1: (a) Set the cluster number C to be Cmax (by a priori knowledge);

(b) initialize randomly the parameters and set ε > 0 to be a small
value.

Step 2: Compute the local similarity measures Sij using Equation 8.9 for all
neighbor windows over the image.

Step 3: Compute linearly weighted summed image g via Equation 8.12.
Step 4: Update the partition matrix using Equation 8.7.
Step 5: Update the prototypes using Equation 8.8.
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FIGURE 8.3: Fast generalized FCM segmentation. The computational
time was 95.5 seconds.

8.4 Proposed FCM-Based Scheme

The state-of-the-art techniques have exhibited effectiveness in dealing with
the compromise between efficiency and robustness. Is there any potential to
further enhance the performance of these existing algorithms? In this section,
we look at the possibility of applying a mean shift strategy to further improve
the computational efficiency while keeping segmentation accuracy.

8.4.1 Anisotropic mean shift with FCM

8.4.1.1 Preliminaries

Mean shift-based techniques can estimate the local density gradients of
similar pixels. These gradient estimates are iteratively performed so that all
pixels can find similar pixels in the same image [9,10]. A standard mean shift
method uses radially symmetric kernels. Unfortunately, the temporal coher-
ence is reduced in the presence of irregular structures and noise buried in
the image [30]. This reduced coherence may not be properly detected by
the radially symmetric kernels. Thus, an improved mean shift platform, the
anisotropic kernel mean shift, is under investigation.

We start with a brief description of the classical mean shift methodol-
ogy: the image points are iteratively moved forward along the gradient of the
density function before they become stationary. Those points gathering in
an outlined area are treated as the members of the same segment. A kernel
density estimate is hence defined by

f̃(x) =
1
n

n∑
i=1

K(x − xi) (8.13)
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where n is the point number, xi stands for a sample from unknown density f ,
and

K(x) = |H|−0.5K(H−0.5x) (8.14)

where K(·) is the d-variate kernel function with compact support satisfying the
regularity constraints, and H is a symmetric positive definite d×d bandwidth
matrix. Usually, we have K(x) = ke(φ), where ke(φ) is a convex decreasing
function (e.g., for a Gaussian kernel)

ke(φ) = cte
−φ/2 (8.15)

and for an Epanechnikov kernel,

ke(φ) = ct max (1 − φ, 0) (8.16)

where ct is a normalizing constant. If a single global spherical bandwidth is
applied, H = h2I (I is identity matrix), then we have

f̃(x) =
1

nhd

n∑
i=1

K

(
x − xi

h

)
(8.17)

Since the kernel can be divided into two different radially symmetric kernels,
we have the kernel density estimate as follows:

f̃(x) =
n∑

i=1

1
n(hα)p(hβ)q

kα
(
||(xα − xα

i )/hα||2
)
kβ
(
||(xβ − xβ

i )/hβ ||2
)

(8.18)

where p and q are two ratios, and α and β denote the spatial and temporal
components, respectively [30].

8.4.1.2 Anisotropic mean shift segmentation

The mean shift utilizes symmetric kernels that may experience a lack of
temporal coherence in the regions where the intensity gradients exist with a
slope relative to the evolving segment. The anisotropic kernel mean shift links
with every data point by an anisotropic kernel. This kernel, associated with
a pixel, can update its shape, scale, and orientation. The density estimator is
represented by

f̃(x) =
1
n

n∑
i=1

1
hβ(Hα

i )q
kα(d(xα, xα

i , Hα
i ))kβ

(
||(xβ − xβ

i )/(hβ(Hα
i ))||2

)
(8.19)

where d (xα, xα
i , Hα

i ) is the Mahalanobis metric in space:

d (xα, xα
i , Hα

i ) = (xα
i − xα)T

Hα−1
i (xα

i − xα) (8.20)
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Anisotropic mean shift is intended to modulate the kernels during the mean
shift procedure. The target is to keep reducing the Mahalanobis distance so as
to group similar points as much as possible. First, the anisotropic bandwidth
matrix Hα

i is estimated with the following constraints:{
kα

e (d (x, xi, Hα
i )) < 1

kβ
e

(|| (x − xi)/hβ(Hα
i )||2) < 1

(8.21)

The bandwidth matrix is decomposed to be

Hα
i = λVAV T (8.22)

where λ is a scalar, V is a matrix of normalized eigenvectors, and A is a
diagonal matrix of eigenvalues whose diagonal elements ai satisfy

p∏
i=1

ai = 1 (8.23)

The bandwidth matrix is updated by adding more and more points to the
computational list: if these points are similar in intensity or color, then the
Mahalanobis distance by Equation 8.20 will be consistently reduced. Other-
wise, the Mahalanobis distance is increased, and these points will not be
considered in the computation.

8.4.1.3 Proposed strategy

The combination of FCM and anisotropic mean shift segmentation starts
from the former stage. This process allows the latter stage to have prior knowl-
edge (point position, neighborhood, etc.) before the latter is activated. The sig-
nificant difference between this proposal and other similar methods is that our
approach continuously inherits and updates the states, based on the mutual
correction of FCM and mean shift. The entire proposed algorithm is depicted
in Algorithm 8.4. One example of the proposed mean shift–based FCM algo-
rithm is shown in Figure 8.4.

8.5 Experimental Results

To evaluate the effectiveness of the proposed algorithm in comparison with
the state-of-the-art, we conducted several experiments using publicly accessed
images. The entire evaluation is divided into three steps: (a) subjective
comparison of image segmentation; (b) numerical statistics of computational
time consumption; and (c) numerical statistics of similarity between the seg-
mented images. The whole implementation (MATLAB coding) was run on a
PC with a 1.5 GHz Intel Pentium CPU.
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Algorithm 8.4 The fusion of FCM and anisotropic mean shift algorithms.

Step 1: Given the cluster number by observations, randomly initialize FCM
parameters (e.g., point position and weights).

Step 2: Initialize s and record the cluster centers; set j = 0.
Step 3: Initialize the fuzzy partition matrix u(j = 0) with Equation 8.2.
Step 4: Increment j = j + 1; compute s by using Equation 8.3.
Step 5: Compute u(j) by using Equation 8.2.
Step 6: For each point xi, determine anisotropic kernel and related color radius

by Equations 8.21 and 8.22; note that mean shift works on the outcome
image of FCM.

Step 7: Calculate the mean shift vector and then update the mean shift until
the mean shift, M+(xi) − M−(xi), is less than a pixel considering the
previous position and a normalized position change:

M+(xi) = νM−(xi) + (1 − ν)

×
∑n

j=1(xj − M−(xi))||(M−(xβ
i ) − xβ

j )/(hβHα
j )||2∑n

j=1 ||(M−(xβ
i ) − xβ

j )/(hβHα
j )||2

where ν = 0.5.
Step 8: Merge pixels with similar colors.
Step 9: Repeat steps 4–8.

FIGURE 8.4: Mean shift FCM segmentation. The computational time was
92.1 seconds.

The experimental group consists of four color images (see Figure 8.5):
heart, head 1, head 2, and lesion. The resolution of each image is tabulated in
Table 8.1. The image shown in Figure 8.1 is here named as “image 5.” Four
segmentation algorithms are applied to the tests: (a) original FCM (“FCM”);
(b) multistage random FCM (“MRFCM”); (c) fast generalized FCM
(“FGFCM”); and (d) our new approach (“MSFCM”). Before running any
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FIGURE 8.5: Original images used in this entire evaluation.

TABLE 8.1: Computational time of different approaches for image
segmentation (unit: seconds).
Types Image FCM MRFCM FGFCM MSFCM Clustering

Resolution Number
(Pixels)

Image 1 240 × 339 416.8 389.9 402.4 364.4 4
Image 2 256 × 256 266.5 241.9 247.7 214.4 4
Image 3 300 × 300 511.8 492.4 500.6 465.8 4
Image 4 175 × 212 69.8 66.0 68.6 64.9 3
Image 5 230 × 175 99.4 93.7 95.5 92.1 4

FCM algorithm onto an image, we need to define a clustering number for this
specific image. Normally, the criterion to determine this clustering number is
based on possible grouping of similar intensity or color, which can be directly
observed from the image.

To evaluate the engaged computational time of each algorithm, we
calculate the time period between the start and end of an entire segmenta-
tion process. In order to obtain a valid comparison of the used computational
time, we expect that different algorithms should end up with the same or
approximate segmentation outcomes. If this condition cannot be satisfied, the
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analysis of the computational time becomes meaningless. For this reason, we
utilize Shannon entropy, or information entropy, which as an index reflects
image contents. The Shannon entropy of a discrete random variable Z that
has values z1, . . . , z2 is

H(Z) = E(I(Z)) = −
n∑

i=1

p(zi) log2 p(zi) (8.24)

where I(Z) is the information content of Z, and p(zi) is the probability mass
function of Z. If the entropy values of two images are close enough, these
images must contain approximate contents.

8.5.1 Segmentation comparison

In this subsection, we mainly focus on evaluating the outcomes of segmen-
tation by the four algorithms. By directly observing the outcomes of image
segmentation, we can report whether or not the investigated images have been
properly segmented. This test is carried out through the subjective judgment
of a professional expert.

In Figure 8.6, we attempt to separate four heart chambers from the back-
ground in an ultrasonic image. The intensity of the heart wall, to some extent,
is similar to that of the background. This may result in difficult discrimina-
tion in these regions. Figure 8.6a–d show that the overall algorithms are able
to correctly separate the two upper chambers, and MSFCM clearly outlines
the two lower chambers with homogeneous surroundings due to the gradient
computation in the anisotropic mean shift. However, the other three algo-
rithms end up with transitive regions between the chambers and individual
heart walls. This uncertainty is unexpected and needs to be reduced.

The original image of Figure 8.7 exhibits a magnetic resonance head image:
due to the complexity of the head structure, it is a very difficult task to discrim-
inate among gray/white matter, tissue layers, and surroundings. In Figure 8.7,
only MSFCM enables the separation of white matter from gray matter. The
other algorithms cannot do this, indicating MSFCM shows the best clustering
performance in this example. The failure of the three algorithms results from
the developing segmentation with no appropriate spatial restriction.

The challenge in Figure 8.8 is that there are so many structures that
may strongly affect the segmenting performance. These structures consist of
white/gray matter, tissues, bones, and muscles. Similar to Figure 8.7, MSFCM
permits the gray/white matter to be separated. However, the other three
algorithms fail to do so. Interestingly, individual structures in the cemporal
of the head image have been clearly segmented by MSFCM, while the other
approaches fail to achieve this result. The possible cause is the same as that
of Figure 8.7. Figure 8.9 presents the segmentation results of a lesion image.
Individual subfigures show that the results of different algorithms are quite
similar.
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(a) (b)

(d)(c)

FIGURE 8.6: Image 1 (heart): performance comparison of different seg-
mentation methods. (a) FCM, (b) MRFCM, (c) FGFCM, and (d) MSFCM.
(Image courtesy of Huiyu Zhou [34].)

8.5.2 Computational time issues

Computational time is the major concern of this performance evalua-
tion. We expect that our new segmentation algorithm not only results in
a reasonably good clustering but also shows better performance efficiency. In
this subsection, when interpreting the experimental results, we also refer to
statistics of nonnormalized Shannon entropy for individual images. Statistics
of the time consumption are obtained by calculating the mean value of eight
estimates for each image.

In Table 8.1, we observe that the proposed algorithm (MSFCM) always has
the least computational time. The success of our algorithm in efficiency is due
to the interaction between FCM and mean shift, leading to fast convergence
in local energy search: the output of FCM brings a better prediction for
mean shift, and vice versa. We also discover that the three improved FCM
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(a) (b)

(d)(c)

FIGURE 8.7: Image 2 (head 1): performance comparison of different seg-
mentation methods. (a) FCM, (b) MRFCM, (c) FGFCM, and (d) MSFCM.
(Image courtesy of Lauren O’Donnell at MIT, USA.)

schemes normally have faster convergence than the original FCM. Further-
more, Table 8.1 shows that the larger the image size, the more computational
time is spent.

Now, we take a look at the Shannon entropy. This parameter can be used
to evaluate the similarity of two images. The purpose of using this parame-
ter here is to provide a criterion to justify the validity of the above analysis.
Figure 8.10 clearly shows that the averaged relative errors between the seg-
mented images by any two algorithms are less than 10%. This indicates that
for each testing group (e.g., “image 1” group), the necessary condition (men-
tioned in the beginning of this experimental section) is fully satisfied. That is,
although different algorithms take different computational time, they actually
result in similar segmentation consequences.

Finally, we conduct efficiency tests at different clustering numbers. These
tests target finding the relationship between the number of clustering and
the computational time. For demonstration purpose, we study the engaged
time consumption of images 2 and 3. The other images hold similar
results. The used computational time in segmenting image 2 is denoted in
Figure 8.11, where we observe that (a) the more clusters placed, the more time
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(a) (b)

(d)(c)

FIGURE 8.8: Image 3 (head 2): performance comparison of different seg-
mentation methods. (a) FCM, (b) MRFCM, (c) FGFCM, and (d) MSFCM.
(Image courtesy of Lauren O’Donnell at MIT, USA.)

consumption for the overall algorithms is required (not significantly though),
and (b) the proposed MSFCM method has the shortest processing time among
these four algorithms. Similar observations can be found in Figure 8.12.

8.6 Discussion

Efficiency issues in image segmentation by FCM strategies are discussed in
this chapter. The literature has shown that classical FCM algorithms suffered
from the inefficiency problem [5,25]. To enhance the efficiency of the original
FCM, approaches have been established, which to some degree demonstrate
promising progress. These methods include EnFCM [28], fast generalized
FCM [4], and multistage random-sampling FCM [6]. Despite some success,
these established approaches still demonstrate unstable efficiency performance
(e.g., Figure 8.11).

The multistage random-sampling FCM starts with random sampling of a
small subset of the full image. This step is intended to explore the cluster
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(a) (b)

(d)(c)

FIGURE 8.9: Image 4 (lesion): performance comparison of different seg-
mentation methods. (a) FCM, (b) MRFCM, (c) FGFCM, and (d) MSFCM.
(Original image courtesy of STI-Medical Systems, USA.)
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FIGURE 8.10: Nonnormalized Shannon entropy of different segmented
images. Horizontal: images; vertical: Shannon entropy (×109).

centers of the entire image. Ideally, this subsampling scheme enables us
to maximally reduce the converging iterations if the sampled subset con-
tains characteristics similar to those of the entire image. Nevertheless, this
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FIGURE 8.11: Computational time of image 2 against different clustering
numbers. Horizontal: cluster numbers; vertical: time (seconds).
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FIGURE 8.12: Computational time of image 3 against different clustering
numbers. Horizontal: cluster numbers; vertical: time (seconds).

requirement cannot be fully guaranteed in a complex image with different
structures or clusters. Consequently, the prior subsampling may involve an
incomplete learning process, resulting in a lengthy segmentation time for the
entire image. For example, the result of four or five clusters in Figure 8.11
shows that FCM has the largest time consumption compared to the other
methodologies. This is partly due to the complicated structures (i.e., clutters)
in image 2, and hence the algorithm makes much more effort to discriminate
between the neighboring intensity and color regions of more details.

On the other hand, EnFCM or fast generalized FCM techniques add a
term to the original clustering function so as to associate a pixel with its
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neighborhood. To consider the effect of the neighbors, a window must be
defined beforehand. Determination of the window size is image dependent.
This parameter may affect the final outcomes of segmentation efficiency and
accuracy. For example, Table 8.1 reveals that FGFCM is usually faster than
the classical FCM but slower than MRFCM. Possible reasons for this con-
sequence are that (a) the small sampling strategy in MRFCM helps faster
convergence than FCM and FGFCM, and (b) the window size in FGFCM
may not be well set up, so this algorithm causes lengthy computation time.

Comparatively, the proposed mean shift FCM has held the least computa-
tion needs in segmentation (e.g., Table 8.1). This method leads to similar seg-
mentation outcomes as others (e.g., Figures 8.1 through 8.4). Similarity tests
shown in Figure 8.10 validate the performance of the proposed algorithm in
different testing images. The new scheme is successful because the anisotropic
kernel used allows us to dynamically update the state parameters and achieve
fast convolution by the anisotropic kernel function. In spite of its superior-
ity, the proposed segmentation algorithm only exhibited small enhancements
in some circumstances (e.g., the results by MRFCM and MSFCM shown in
Table 8.1). Possibly, the proposed MSFCM algorithm experienced “oscilla-
tion” in the areas where rich similarity of intensity or color confused the
evolution of the kernel. As a result, the FCM failed to efficiently converge.
Unfortunately, such questions have not yet been appropriately answered. One
of our interests is to study in the future how this latency is developed and
how we can best handle this situation.

8.7 Future Research Directions

Computational intelligence has demonstrated its successful achievements
in solving complex problems. As the applications of computational intelligence
methods become more widespread, researchers and practitioners pay more
attention to the efficiency and automation of the engaged implementation. As
a particular example, this chapter presented several FCM methodologies for
segmentation of medical images. This study is motivated by the fact that the
iteration process underlying a similarity search may be reduced so that the
computational efficiency of the entire implementation will be enhanced. This
technical success may lead to a number of opportunities for improvement in
medical diagnosis.

First of all, as the computation becomes more efficient, clinical diagnosis
can be achieved faster than with the established process. As image segmen-
tation proceeds faster, we can integrate more complicated algorithms, target-
ing performance improvement of segmentation in accuracy and consistency.
Once a system becomes stable with a high accuracy, we can start to explore
an automatic segmentation scheme based on currently available techniques.
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For example, research can be directed toward automatic selection of stopping
criteria.

Second, the success of the integration of FCM and an isotropic mean
shift scheme suggests that a further investigation on the characteristics of
the isotropic mean shift is necessary. This chapter demonstrated that using
this mean shift scheme, we can improve the convergence speed. Further stud-
ies may consists of (a) whether or not this scheme can be used with other
computation intelligence methods (e.g., neural networks, genetic algorithms);
(b) further testing of the proposed approaches; (c) analysis of the computa-
tional complexity. These research topics will lead to fundamental discoveries
in the fast image segmentation field.

In spite of its success, the FCM algorithm introduced in this chapter still
faces relative challenges in computational efficiency. The experimental results
show that there is still room for the computation to be accelerated. For exam-
ple, Figures 8.11 and 8.12 illustrate that as the cluster numbers increase, the
computation converges more slowly. A future study can be launched on how
to keep the computation approximate no matter how many cluster numbers
are applied. This is an important issue to be explored because a complex
image may contain more than six clusters that may result in a huge amount
of computation for segmentation.

8.8 Conclusions

In this chapter, we proposed a new approach to tackle the efficiency prob-
lem of the FCM algorithm while maintaining optimal performance in accuracy.
The issue of improving efficiency is important because of the requirement of
real-time computation in real applications. The proposed method is based on
the idea that the FCM method enables faster evolution of mean shift points,
and vice versa. In the proposed scheme, we adopt an improved FCM algo-
rithm, incorporating a mean field term within the standard FCM objective
function. This mean field is expected to minimize the effects of multiple struc-
tures or objects and hence accelerate the clustering. To derive this mean field,
we utilize an established anisotropic mean shift method that uses a kernel
function to convolve with the investigated image. Comparisons of the pro-
posed scheme with three well-established segmentation methods showed that
the proposed method is consistently faster than the other schemes.

Even though the proposed approach shows good reliability, it is limited
by the fact that the current algorithm has not been able to determine the
cluster number before any FCM practice is allowed. This might be resolved
by extracting the most vivid and distinguishable colors [18]. These colors and
the corresponding centers represent potential clusters to be formulated. In
addition, we plan to extend the proposed method to three-dimensional image
segmentation, which is of more value to the community.
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Biomedical informatics is the study of the application of computational
and statistical algorithms, data structures, and methods to improve com-
munication, understanding, and management of biomedical information.
Our objective in this chapter is to describe and demonstrate our research
in the use of biomedical image databases, in both preclinical and clinical
settings, to classify, predict, research, diagnose, and otherwise learn from
the informational content encapsulated in historical image repositories. We
detail our approach of describing image content in a Bayesian probabilistic
framework to achieve learning from retrieved populations of similar images.
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We use specific examples from two biomedical applications to describe
anatomic segmentation, statistical feature generation and indexing, efficient
retrieval architectures, and predictive results.

9.1 Introduction

Imaging performs an important role in the understanding of human disease
through its application in the preclinical and clinical environments for both
animal and human research. In the preclinical environment, high-resolution,
high-throughput, multimodality in vivo imaging provides the ability to carry
out nondestructive, longitudinal studies on large populations of animals that
previously required animal sacrifice and painstaking dissection to accom-
plish. In the clinical environment, these imaging modes allow physicians and
researchers to visualize the manifestations and consequence of disease. A result
of advancing imaging capabilities is the generation of copious amounts of
digital image and ancillary data regarding study animals, human patients,
physiology, disease, treatments, and so on. We refer to this ancillary data as
metadata. Most preclinical researchers today maintain this image and meta-
data in an ad hoc manner, distributed across a number of computers, on
different media types, and in different physical locations. In the clinical envi-
ronment, picture archiving and communication systems (PACS) are provid-
ing improved capabilities for managing image and patient data. For those
who have dedicated PACS in their facilities, the largest data component in
the system—the imagery—is only marginally indexed or structured for search
and retrieval using simple associated text fields. PACS technology for indexing
the information content of imagery has not kept pace [1–3]. Over time, these
image data lose their informational power simply because they become irre-
trievable, limiting an investigator’s ability to pursue research questions that
leverage the historical value of the image repository.

To effectively tap into this historical value, it is necessary that the content
of the imagery be described in such a way that it can be queried, referenced,
searched, and otherwise accessed in a database environment. For our purposes,
image content is defined as the intrinsic characteristics of the array of numbers
that encapsulate a recorded scene from an imaging modality. Content repre-
sents the spatial and spectral relationships that exist between groups of pixels
in a scene that are understood by the human observer to represent structure
(e.g., anatomy), morphology (e.g., abnormal bone formation), texture (e.g.,
tissue type), size and contrast (e.g., benign vs. malignant tumor), and myr-
iad other attributes of human interest and interpretation [4–6]. To describe
image content, our goal is to produce an index, that is, a succinct sequence of
numbers used to organize image content in a data structure for efficient future
access. An index is an alternative representation of an image in an informatics
system. It is derived from the representation of statistical features that are
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extracted from the image and image regions. It provides a critical foundation
on which the structure of association, search, and retrieval is built.

The subject of this chapter is the definition and creation of a structured,
searchable environment that leverages the interpretable content of imagery.
We refer to this content and its meaning and relationship to the various forms
of nonimage data present as biomedical informatics. Biomedical informatics is
the application of computational and statistical algorithms, data structures,
and methods to improve communication, understanding, and management of
biomedical information. There are many ways to formulate a biomedical infor-
matics system that do not index image content. These systems and meth-
ods store and retrieve imagery, but only secondary to the text-based data
associated with, for instance, a preclinical animal study or a clinical trial of
human patients [2,7]. To describe and structure image content and its associ-
ated metadata, we use the methods and terminology of content-based image
retrieval (CBIR). Because we are interested in an environment of information
analysis—taking into account prior knowledge and taking advantage of the
visual evidence of image content—we formulate our method in a framework
of Bayesian probability.

CBIR refers to techniques used to index, retrieve, and manage images
from large image repositories based on visual content, as described above.
Many researchers today are applying CBIR to the general problem of image
retrieval [5,8–10] and to the biological or biomedical fields [11–14]. In a CBIR
environment, a user typically queries a data system through the use of an
example image or a group of images representing an unknown state. The sys-
tem ranks images in the archive according to their similarity to the query.
When performing retrieval operations, we formulate the returned population
of visually similar images as a posterior probability, P (ωi|v) ± σ(ωi), where
P represents the probability of the occurrence of a class ωi given the visual
evidence represented by a vector of statistical features represented by our
index, v. The second term, σ(ωi), is a measure of the uncertainty associated
with our estimate of the prevalence of these states in our system. The class,
ωi, refers to the “state of nature” [15] of the object of our search, with i refer-
ring to the number of states or classes, C (i.e., i = 1, 2, . . . , C). For example,
in the small animal study environment, ωi may refer to the particular 3-D
morphology associated with an organ, the appearance of a particular tissue
cross-section, or the structure of trabecular bone. In the clinical environment,
ωi may refer to the state of disease present in the image or the level of stratifi-
cation of that disease. It might also refer to the manifestation of disease such
as the presence and type of lesions in retinal tissue or the characteristics of
tumors in breast or lung tissue. The query may be formulated to determine
answers to questions such as Do I have other patients in a similar disease
state? What are their manifestations? or How did they respond to treatment?
For our discussion, we estimate this uncertainty by assuming that events ωi

occur with a frequency defined by a Poisson distribution [16]; that is, we
treat the relative occurrence of the state of disease or disease manifestation
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represented in the archive as being discrete with the probability of the
phenomenon being constant in time.

The concept of interpreting CBIR response in a probabilistic framework is
not new. In essence, the goal is to estimate a posterior probability in a nearest-
neighbor-measurement environment where the parameters of the statistical
space are unknown; that is, we are working in a nonparametric statistical
space without making assumptions on the underlying probability densities.
We base our estimate of posterior probability, P (ωi|v), on the extraction
and analysis of k similar images retrieved from a large image archive in an
L-norm metric space [15]. Others use Bayesian methods to estimate probabil-
ity densities, p(v|ωi), to incorporate user relevance feedback, and to indirectly
estimate posterior probabilities [17,18]. Still others apply Bayesian methods to
use text-based queries to expand on a small population of text-labeled images
to access a larger population of visually similar unlabeled images [19] using
image content or to apply Bayesian belief networks to integrate low-level and
semantic features to achieve higher levels of image understanding [20]. Our
method of direct posterior probability estimation provides a framework for
gauging the specificity and sensitivity of the estimates we make regarding the
state of nature in our archive. This estimate can be shown to improve as the
archive increases in size.

In this chapter, we describe six basic elements required to produce a system
for archiving and accessing biomedical information. Figure 9.1a–e represents
the major design elements that must be considered in the creation of a biomed-
ical informatics system whose goal is to achieve a particular application result
supporting scientific research, medical diagnostics, training, teaching, and so
on (i.e., Figure 9.1f). In Section 9.2, we review a subset of the many different
modes of preclinical and clinical imaging that are used to examine animals and
people with particular emphasis on the modes and applications associated with
our previous experience. By understanding what is measured in an anatomic
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FIGURE 9.1: Simple representation of the five basic elements (a–e)
required to design a biomedical informatics system (f) that leverages image
content.
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or functional imaging mode, we can begin to formulate the goals (Figure 9.1a)
that our informatics system will be designed to address. For example, we may
be interested in mining data across multiple studies, asking questions such as
what frequency or in what strain of animal do we see a specified physiolog-
ical effect, or we may be interested in discerning information regarding the
state of disease that exists in a patient and determining associated manifes-
tations of that disease and previous treatments. In Section 9.3 (Figure 9.1b),
we review the process of image analysis for 2-D and 3-D region segmentation
from imagery. Our treatment of this subject is fairly specific to the appli-
cations in which we have experience, but our current methods and results
will shed light on the important considerations of anatomic segmentation. In
this section, we also review methods for feature analysis to extract low-level
statistical descriptions of image regions in terms of structure, texture, and
morphology (Figure 9.1c). We also detail methods for mapping low-level fea-
tures to a higher-level semantic index that can achieve user-specific responses.
In Section 9.4, we detail the Bayesian probabilistic framework (Figure 9.1d).
In Section 9.5, we describe high-level concepts related to the integration of the
different components representative of Figure 9.1a–e to achieve a user inter-
face and the implementation of workflow processes and to assure the orderly
incorporation of data into the informatics system. In Section 9.6, we propose
several important research topics that must be pursued to achieve the pro-
duction of robust biomedical informatics systems. Finally, in Section 9.7, we
briefly review some of the limitations and challenges that exist today and that
drive future research in this area.

9.2 Background

The ability to noninvasively visualize a pathological process in vivo or to
monitor the response to therapy is a fundamental tool in medicine. Functional
and anatomic imaging techniques provide methods for monitoring whole-body
pathology, including disseminated, subclinical, and preclinical lesions. Mon-
itoring the response to therapy provides the physician with a way to assess
the efficacy of treatment regimens, which can further aid in determining the
optimal clinical management of the disease. Chemotherapies and immunother-
apies are examples in which monitoring the clinical response can provide rapid
benefits for the patient.

For this discussion, we present two areas of preclinical and clinical imaging
associated with small animal research and human ocular disease, respectively.
While these two areas are specific to our previous research, they generally
raise the many considerations that must be evaluated and addressed when
designing an informatics system—the “goals” shown in Figure 9.1a. In the
clinical arena, high-resolution imaging is routine. With the advent of small
animal (micro-) imaging platforms, similar capabilities are now available to
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the researcher [12]. In the laboratory, in addition to magnetic resonance
imaging (MRI), functional MRI (fMRI), computed tomography (CT) [21],
functional CT (fCT) [22], ultrasound (US) [23], positron emission tomography
(PET) [24], and single photon CT (SPECT) [25], the researcher can add dig-
ital optical imaging, optical coherence tomography [26], and scanning laser
ophthalmoscopy [27] to the arsenal of available modalities. Each technique
has specific advantages and problems associated with its use. Microimaging
commonly is applied to the study of mice or rat subjects. For example, only
certain SPECT imaging platforms can accommodate animals that are larger
than a rat. In general, small animals are important models for genetics and dis-
ease studies. For example, Figure 9.2 shows a visualization of detailed skeletal
structure in microCT imaging. The spine influences the structure and function
of the spinal cord, heart, lungs, kidneys, and reproductive systems and is an
important target of study.

Dual-modality imaging (i.e., the acquisition and registration of both high-
resolution anatomic images such as CT or MRI as well as functional PET or
SPECT image data on the same subject) provides the greatest information
content. Not only can the anatomic dataset be used to enhance the quality of
the functional image and provide more quantitative output, but as discussed
below, the images can be used to analyze, interpret, and segment the generally
lower-resolution functional image content.

In the laboratory, preclinical imaging is widely used to evaluate the efficacy
of novel diagnostic imaging agents before they transition into clinical use. For
monitoring the action of novel therapeutics in animal models of human disease,
imaging can provide a quantitative, noninvasive way to assess longitudinal

(a) (b)

(c) (d)

FIGURE 9.2: MicroCT images of mouse spinal and thoracic skeleton.
(a) Skeletal visualization derived from volumetric CT data. Selected (b) coro-
nal, (c) sagittal, and (d) axial views (planes) within the CT data volume.
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responses in therapeutic trials [28–30]. An important stage in the development
of any new pharmaceutical is to ascertain whether any undesirable, nonspecific
accumulation occurs in healthy organs or tissues that may compromise the
bioavailability, influence dosing, or result in toxicity. By incorporating any one
of the positron-emitting isotopes 11C, 13N, or 15O into the reagent of interest
it is possible to monitor the uptake kinetics and biodistribution equilibrium
in vivo and in real time [31–33].

In addition to the large volumes of image data that accompany a preclinical
study, such as the interaction of a novel therapeutic antibody with a tumor
antigen, it is prudent if not absolutely necessary to perform supporting studies
on each research subject. Although the biodistribution of the radiolabeled
tracers can be determined from coregistered functional and anatomic images,
it is often difficult to delineate within specific tissues, organs, regions within
organs, or vessels. This is particularly true in preclinical small animal CT
imaging, which often lacks the functionality to perform the contrast-enhanced
CT commonly used in patient care. In addition, with the exception of a few
nuclides used in PET imaging, true quantitation of the concentration of the
nuclide in the tissues cannot be determined [34–36]. It is therefore necessary
to confirm the image-based data. This is achieved by harvesting tissue samples
from experimental animals at necropsy and measuring the activity associated
with each using a standard counter. The result is a measure of the percentage
of injected dose per gram of tissue. In many cases, the number of tissues and
organs sampled can be more than 15 or 20 per animal [32,37].

In certain instances, micro-autoradiography can be performed using tissue
samples harvested postmortem. This is best performed when gamma-emitting
nuclides such as 125I are used for SPECT imaging, although we have used
the dual positron- and gamma-emitting isotope 124I with some success. After
exposure of micrometer-thick tissue sections to photographic emulsion, the
distribution of the radiotracer can be visualized within tissues and even specific
cell populations, as evidenced by the presence of punctate silver granules
exposed on the surface of the tissue. These data can be easily compared
using confocal microscopy on histologically and immunohistochemically stained
consecutive tissue sections so that the radiotracer microdistribution can be
correlated with the pathology or organ substructure (e.g., vasculature under
investigation) [32].

It is clear, therefore, that many options are available to the researcher wish-
ing to perform noninvasive visualization of anatomic structures or the biodis-
tribution of a radiolabeled molecule. Although each modality alone can provide
superb image data, there are many advantages to performing dual-modality
imaging such as SPECT/CT, PET/CT, and PET/MRI [38–40]. In addition,
it is important in preclinical imaging studies that corroborative studies be
performed to enhance and confirm interpretation of the findings based on the
imagery. Consequently, the amount of data generated in the study of a sin-
gle mouse can be vast and varied but ultimately is dependent upon imagery.
As the use of small animal imaging in basic and biomedical science and drug
development increases, it will become ever more important to develop efficient,



246 Medical Imaging Techniques and Applications

secure, and reliable methods to store, retrieve, and analyze the vast volumes
of data that accumulate.

In the clinical environment, the application of imaging to the evaluation
of ocular, particularly retina, anatomy and physiology, and the use of these
methods to diagnose vision-threatening eye diseases is in common practice
today. Technological advances in ocular imaging now provide quantifiable,
digital data sets about refractive status, corneal and optic nerve topography,
retinal thickness, and vitreoretinal anatomy, which permit the development
of diagnostic algorithms that can be applied to specific biological and patho-
logical processes. These methods have the potential to improve the sensitivity
and specificity of image-based ocular diagnosis for early detection of eye dis-
ease and monitoring of therapeutic responses both for preclinical studies and
standard medical care. Although the potential of these new technologies is
clear, optimization and standardization of the imaging systems, statistical
and clinical validation of novel image informatics methods, and network inte-
gration protocols for telemedical applications are required to realize their full
potential. In particular, the validation of imaging technologies in prospective
clinical trials for specific disease-oriented applications is a critical component
to broader acceptance and use of these methods.

For example, the World Health Organization estimates that 135 million
people have diabetes mellitus worldwide and that the number of people with
diabetes will increase to 300 million by the year 2025 [41,42]. Visual disability
and blindness have a profound socioeconomic impact on the diabetic popu-
lation, and diabetic retinopathy (DR) is the leading cause of new blindness
in working-age adults in the industrialized world [42]. It is estimated that as
much as $167 million and 71,000 to 85,000 sight-years could be saved annually
in the United States alone with improved screening methods for DR [43]. By
2025, it will be necessary to examine almost 1 million patients every day for
DR screening alone. The implementation of inexpensive image informatics–
screening programs for DR would have a significant impact on the economic
costs and social consequences of vision loss from this disease.

The limitation of resources and access to health care providers, particu-
larly to eye care specialists, are major obstacles to reducing the incidence of
vision loss from diabetes, glaucoma, and other treatable eye diseases. Retinal
photography and remote transmission of the examination results is a sensi-
tive and specific method for identifying many retinal lesions, and a number
of automated screening approaches have been reported using digitized pho-
tographs [44–47]. Some have shown good sensitivity in identifying individual
lesions seen in diabetic retinopathy and high-specificity for the absence of dis-
ease. These studies have demonstrated that retinal photography is valuable
for identifying vision-threatening retinal disease when performed by certi-
fied readers [29,48]. However, current reading centers use store-and-forward
technology, are labor intensive, and do not provide real-time diagnostic
capabilities. To screen large populations for common eye diseases, the use
of image informatics that incorporates image content is required.
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The challenge is to determine to what degree the examination can be auto-
mated to yield the desired accuracy, cost reduction, ease of use, and real-time
diagnostic capability. While some small steps have been taken toward auto-
mated analysis of the complex features of retinal images, the difficulties of
developing computer-based diagnostic algorithms from standard retinal pho-
tographs are many. Current unresolved issues in eye disease detection include
minimum spatial resolution required to detect clinically significant pathology,
minimum retinal area necessary to adequately screen for common blinding
diseases, and which methods provide the best sensitivity–specificity ratio, to
name just a few.

9.2.1 Preclinical imaging of amyloid

To study the progression and regression of amyloidosis in mice, we used
microCT, SPECT, and PET imaging where the term micro refers to a small-
bore, high-resolution platform specifically designed for small animal imaging.
All three types of imaging modalities are volumetric (see Figure 9.3). X-ray
CT is an anatomic modality that provides a detailed image of the skeletal
structure and modest delineation of internal organs and fat tissue within the
animal [50,51]. The limits of the visceral organs and vasculature can greatly be
enhanced and differentiated by using contrast media such as highly iodinated
triglyceride nanoparticles, such as Fenestra (Advanced Research Technolo-
gies, Inc., Quebec), which is typically administered intravenously (e.g., see
contrast-enhanced vasculature in Figure 9.4). In addition, negative contrast
can be achieved by intraperitoneal administration of aqueous iodine-based
contrast agents such as those used clinically—OmnipaqueTM or IohexolTM—
which results in contrast-negative organs delineated by the highly attenuating
peritoneal fluid.

SPECT and PET require the use of injected tracer molecules that are
labeled with appropriate gamma- or positron-emitting radionuclides, respec-
tively. These imaging techniques are considered functional modalities, mean-
ing that the biodistribution and localization of the radiolabeled tracer is
dependent on the live subject. To achieve quality images, both methods require
concentration of the radiotracer within the target tissue or pathology relative
to the background tissue and blood pool; target-to-background ratios of 3:1
are generally considered sufficient to discern specific uptake.

In the case of SPECT, much of our work is centered around 125I-labeled
serum amyloid P-component (SAP), which is a human serum protein related
to C-reactive protein that binds specifically and essentially irreversibly to
the pathogenic fibrils associated with all amyloid diseases [52]. We also use
125I and the positron-emitting isotope 124I-labeled antibodies to study the
pathophysiological consequences of amyloid-related diseases [37,40].

Our group has been involved in the development of a dual-modality
SPECT/CT microimaging system [32,40] that allows pseudocolored SPECT
images to be coregistered and overlaid on an anatomic CT image (generally
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FIGURE 9.3: (See color insert following page 370.) Multimodality imaging
using microCT, SPECT, and PET in an individual live mouse. Initially, renal
images were acquired by SPECT using 250 μCi of MAG-3 (99mTc), followed
by CT imaging. The mouse then received 100 μCi of Na18F to visualize bone
by PET imaging. Data were collected using the microCAT II + SPECT and
microPET P4 scanners. The ring visible in the CT is the nose cone used to
deliver 2% isoflurane anesthesia. Each modality was coregistered manually
using AmiraTM software.

with contrast-enhanced vasculature) of the same mouse (see Figure 9.5). This
has proven to be an invaluable tool in many ways. First, it allows us to precisely
visualize which organs are laden with amyloid. That is, the contrast-enhanced
CT data provides readily identifiable anatomic landmarks that enhance inter-
pretation of the biodistribution of the SPECT radiotracer. Second, we can use
the CT data to compute attenuation factors needed to make the SPECT and
PET data quantitatively more accurate. Lastly, we can use the high-resolution
CT data imagery to segment an organ, tissue, vessel, tumor, or other structure
and use the resulting binary mask to extract the corresponding volumetric



Image Informatics for Clinical and Preclinical Biomedical Analysis 249

FIGURE 9.4: Volumetric visualization of two separate mice showing
contrast-enhanced CT using intravenously administered FenestraTM VC.

(a)

(b)
(c)

FIGURE 9.5: (See color insert following page 370.) Volume-rendered,
contrast-enhanced SPECT/CT visualization of hepatosplenic amyloid imaged
using 125I-serum amyloid P-component. (a) Isosurface representation of the
SPECT activity in the spleen with volumetric CT data. (b) Sagittal view of the
same mouse with isosurface representation of the segmented spleen and liver
volume overlaid. (c) A single coronal plane through fused SPECT/CT image
of another mouse with splenic uptake of 125I-serum amyloid P-component in
which the skeletal structure (visualization) is overlaid for visual interpretation.
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region of the SPECT data [53]. When the functional images are correctly
calibrated and coregistered, this facilitates computerized organ- or tumor-
specific quantitative analysis. That is, we can semiautomatically calculate the
percentage of injected dose per unit volume for the segmented organ, which in
turn provides a measure of the concentration of associated amyloid. The CT
imagery can be similarly combined with a PET image, and if 18F is used, the
concentration of isotope can be directly calculated (in nCi/cc) from regions
of interest (planar or volumetric) selected by the user. The benefits are the
same as for SPECT/CT imaging, although more quantitative in nature.

Generally, we reconstruct high-resolution volumetric CT images with
isotropic voxels on the order of 77 μm using a modified version of the Feld-
kamp algorithm, which applies to circular orbit cone-beam imaging [54]. With
respect to SPECT, then we use an in-house developed ordered-subset expec-
tation maximization (OSEM) algorithm [55]. While 1 and 2 mm pinhole colli-
mators allow us to reconstruct pinhole images with isotropic ∼1 mm voxels,
submillimeter voxel dimensions can be achieved using a 0.5 mm pinhole
aperture [32]. This software has been integrated with the RVATM software
implemented on the Siemens (Siemens Preclinical Solutions, Knoxville, TN)
microCATTM family of imaging platforms from which the SPECT/CT images
shown in this chapter were obtained. The microPET data shown, which have
millimeter resolution, were obtained using the microPETTM P4 large-axial
field of view imaging system, also available from Siemens (Figure 9.3).

To achieve all the benefits mentioned above, accurate registration of the
anatomic and functional images is critical. To this end, we use fiducial land-
marks that are visible in both functional and anatomic imagery such as 57Co-
or 68Ge-sealed sources. We then apply a simple, rigid transformation to achieve
the required alignment [32].

9.2.2 Clinical imaging of the human retina

Image extraction algorithms have shown efficacy in automated screening
of digital color and monochromatic retinal images for features of nonprolifera-
tive diabetic retinopathy such as exudates, hemorrhages, and microaneurysms
[56–58] (see Figure 9.6). The use of computerized image extraction algorithms
that rely on commonly used statistical methods and trained readers can yield
substantial results in automated screening programs; however, the desired
objectives of auto-analysis to date have not been adequately met. An ideal
imaging method would not only screen for vision-threatening lesions in the
central retina, including the macula and optic nerve, but would also detect
and quantify the nature, location, and extent of retinal pathology in these
critical locations and determine whether significant disease was present and
the likely diagnosis. We believe that this is not only the optimal approach but
is achievable using the methods outlined below.

The anatomy of the retina concentrates most of the cone photoreceptors
that mediate fine visual acuity in a small central region called the fovea. These
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Exudates

Microaneurysms

Hemorrhages

FIGURE 9.6: (See color insert following page 370.) Color fundus image
showing manifestations of nonproliferative diabetic retinopathy including exu-
dates, hemorrhages, and microaneurysms as indicated.

cells have high spatial sensitivity because there is very little convergence of
input from cones to ganglion cells. Instead, the foveal cones are represented
by about equal numbers of bipolar and ganglion cells. This results in a con-
vergence ratio of nearly 1:1 and provides for precise information about the
retinal areas being stimulated. It is in the fovea that all of the 20/20 vision
of the retina exists. Conversely, spatial and temporal summation from rods in
the peripheral retina is very high, permitting vision under conditions of dim
illumination but with poor acuity. This unique anatomical organization means
that most epidemiologically significant diseases that affect central visual acu-
ity can be detected by changes in the small central region of the posterior
retina, encompassing the central macula (about 2500μm across) and the
optic nerve.

Commercially available retinal cameras can take high-quality color and
monochromatic images of the macula and posterior pole of the retina. Stan-
dardized fields of the posterior pole and periphery (seven fields) have been
established for clinical evaluation of retinal diseases [59], but recently, more
limited fields centered on the optic nerve and macula (with one peripheral
field) have been used to detect retinal pathology in screening studies. Fluo-
rescein angiography of the retinal vasculature generates a high-contrast image
of the retinal structures, emphasizing the dual intravascular compartments
of the inner and outer retina (see Figure 9.7). The tight junctions between
adjacent retinal pigment epithelial cells and healthy, mature retinal capillary
endothelial cells block the ingress of fluorescein dye from the choroid to the
subretinal space, and from the retinal vessels into the neurosensory retina or
vitreous, respectively, in the normal retina. The loss of this selective barrier
effect as a result of disease underlies the value of fluorescein angiography as an
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(a) (b) (c)

(d) (e) (f )

FIGURE 9.7: Fluorescein angiogram showing the choroidal (a) and retinal
circulations (b, c, d). Inflammation of the macular vessels and optic nerve
causes leakage of fluid with cystic changes in the retina and dye leakage from
the optic nerve head (e, f).

imaging modality. Fluorescein (and indocyanine green) are useful diagnostic
tools in the evaluation of the state of the blood-ocular barriers and provide
data regarding disease severity, mechanisms, and response to treatment.
It enhances the ability of the ophthalmologist to distinguish between overlap-
ping tissues and to differentiate retinal, retinal vascular, pigment epithelial,
and choroidal structures and diseases.

Optical coherence tomography (OCT) uses an 850 nm diode light source
to generate high-resolution cross sections of retinal tissue based on the princi-
ple of low-coherence interferometry and spectral reflectance. OCT is particu-
larly suitable for imaging retinal thickness and pathology with a resolution of
about 10μm. In humans, the retina is 150 to 300μm thick; visually important
pathology can therefore be detected by analysis of small cross sections through
critical portions of the central retina. The data can be presented either as cross-
sectional images or as topographic maps. False-color topographical maps of the
macula and representations of low- and high-reflectivity tissues assist the inter-
pretation of the digitized data. OCT can be utilized to analyze retinal and optic
nerve structure even through the undilated pupil. These devices generate digital
cross sections of the retina and optic nerve, as shown in Figure 9.8.

High-contrast reflectivity among retinal, preretinal, and subretinal struc-
tures identifies retinal pathology. Well-defined spectral boundaries permit reli-
able and reproducible determinations of numerous parameters of diagnostic
significance, including [60]

1. Retinal thickness

2. Foveal depression thickness

3. Intraretinal cysts
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(a) (b)

FIGURE 9.8: (See color insert following page 370.) (a) Fluorescein
angiogram showing fluid with cystic changes in the retina. (b) Optical coher-
ence tomography image showing fluid with cystic changes in the same retina.
Retinal thickness can be quantified accurately using the OCT cross-sectional
method.

4. Preretinal traction

5. Subretinal fluid

6. Macular holes

7. Epiretinal membranes and distortion

8. Geographic RPE atrophy (dry macular degeneration)

9. Choroidal neovascular membranes (wet macular degeneration)

10. Retinal pigment epithelial detachments

11. Subretinal fibrosis

Internal algorithms in commercially available units permit accurate meas-
urement of retinal thickness and volume relative to population norms. This
cross-sectional approach to retinal analysis, particularly its ability to detect
and quantify retinal edema, complements the lesion detection sensitivity of
digitized fundus photography (Figure 9.6).

Other cross-sectional methods to analyze the retina and optic nerve include
confocal scanning laser microscopy, which acquires and analyzes 3-D images
of the optic nerve head and enables the quantitative assessment of retinal and
optic nerve topography relative to population norms and from serial data from
subsequent patient examinations to identify changes. Glaucoma and other dis-
eases cause optic atrophy and result in the loss of nerve fibers and subsequent
loss of visual field. Quantitative measurements of nerve fiber layer thickness
can be obtained, making this a useful test in the management and diagnosis of
glaucoma. The topographic analysis of the optic nerve head is a quantitative
description of its current state and, over time, permits quantification of the
progression of the disease.
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9.3 Image Processing for Segmentation and Description

Whether analyzing imagery in the preclinical, clinical, small animal, or
human environment, the segmentation of images into regions of interest are
of paramount importance to achieve a detailed encoding of content in a data
system. Statistical descriptions of these subregions representing morphology,
texture, tracer activity, and so on, and the relationships among subregions
in a population are representations of low-level attributes of imagery that
must be adequately comprehended to achieve effective and specific indexing
of content. In this section, we provide examples from our experience on a
subset of methods that have been critical to our applications. These methods
generally demonstrate the goals that segmentation performs in characterizing
image regions.

9.3.1 Two- and three-dimensional organ segmentation

Quantitative analysis of small animal imagery requires the segmentation of
anatomic structures of interest. The results of such segmentation—the shape
and volume of a specific organ, for example—can serve as important fea-
tures for query and retrieval from an informatics system. The field of med-
ical image segmentation is certainly very rich; in our own work [53,61,62],
we have developed semiautomatic methods based on the well-known level set
methodology [63,64].

In the organ segmentation problem, we seek the closed contour C that
defines the organ and/or anatomic structure(s) of interest, where the organ
or structure is contained within the contour. In the level set approach, this
contour C is defined implicitly as the zero level set of a function f(·) over the
spatial image domain (x, y, z); more formally, C = {(x, y, z) : f(x, y, z) = 0},
and the organ or structure of interest—inside the contour—is defined by
f(x, y, z) > 0, while the region outside is defined by f(x, y, z) ≤ 0. The goal of
the segmentation is then to find the optimal function f(·) according to some
defined criteria. This optimization problem is posed as a partial differential
equation and solved iteratively.

In our work, we have been primarily interested in identifying the mouse
spleen and follicular architecture from blood pool contrast-enhanced microCT
data, such as that shown in Figure 9.9a. As evident in this figure, the spleen
boundaries are weak and the interior grayscale values are inhomogeneous.
The darker regions inside the spleen are in fact follicles, which contain no
blood; they appear darker because we are employing a blood pool contrast
agent. Because of the weak boundaries, we employ a region-based level set
model [64]. Because of the inhomogeneity, we first compute a statistically
transformed version of the image [62] that is based on a manually marked
seed region inside the spleen. An example result from this transformation is



Image Informatics for Clinical and Preclinical Biomedical Analysis 255

160

140

120

100

80

60

40

20
160

50 100
(a) (b)

150 50 100 150

140

120

100

80

60

40

20

160

140

120

100

80

60

40

20

0

0.2

0.4

0.6

0.8

FIGURE 9.9: Example of raw data and corresponding likelihood image.
(a) Grayscale image of raw CT data containing a portion of the spleen. The
small circle in the spleen region surrounds a manually marked seed point used
to initialize our semiautomatic segmentation process. (b) Likelihood image
corresponding to raw data from (a). A two-component Gaussian mixture is
estimated from the seed region. The resulting higher mean component repre-
sents the spleen blood pool and is used to compute the likelihood image.
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FIGURE 9.10: Renderings of 3-D spleen and follicle segmentation. The
follicular architecture is shown darker inside the transparent spleen.

shown in Figure 9.9b. We then apply the region-based level set algorithm to
this transformed image. Once the spleen boundary has been found in this
manner, we apply a modified [53] region-based method to the spleen interior
to segment the follicular architecture. An example result from this approach
is shown in Figure 9.10.
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Although level set methods have proven their efficacy in a variety of chal-
lenging segmentation problems, they are not without limitations and are hence
a very active area of research. Papandreou and Maragos [65], for example,
improved the computational speed through the use of enhanced finite differ-
ence schemes and fast distance transforms. Another avenue of ongoing research
involves topology constraint. Since the level set contour is defined implicitly, it
is generally not topologically constrained. Although this can be a benefit, such
as in follicle segmentation, it can also be detrimental when the topology of the
organ or structure is not known ahead of time. A topology-preserving level
set algorithm was first proposed by Han, Xu, and Prince [66]. This method,
however, often suffers from serious drawbacks [62,67]. A more elegant solu-
tion to topology-preserving level sets was proposed by Sundaramoorthi and
Yezzi [67], who added a topology-preserving term into the optimization cri-
teria. Finally, we note that despite all the efforts in the field to date, there
is still no segmentation approach that generalizes exceptionally well. In other
words, user interaction is almost always required when some characteristics of
the images change, as they inevitably do in practice. One potential solution
is to explicitly incorporate user interaction into the algorithm. Cremers and
colleagues [68] proposed and implemented such an approach using a Bayesian
framework on a graphics card for real-time performance.

Regardless of the requirements of user interaction, methods such as these
facilitate the segmentation of enhanced detail in a manner that is repeatable
over multiple animals and organ structures (see Figure 9.11). For example, we
are interested in quantifying the volume of the spleen occupied by the “blood
pool” red pulp. This blood pool decreases as amyloid deposits accumulate in
the spleens of mice with systemic serum amyloid A protein (AA) amyloido-
sis. Also, variations in the follicular architecture may indicate changes in the
extent of the amyloid disease and that of other lymphoproliferative disorders
that involve the spleen, such as lymphoma. Quantifying the follicle structure
and storing in the CBIR system will allow us to detect changes—statistically
across populations and/or in single-subject longitudinal studies—that indi-
cate important biological changes. Thus, indexing the volumetric data by
image content becomes extremely relevant to the study of amyloid disease.
Methods such as level sets help us achieve adequate segmentation for content
description.

(c)(b)(a)

FIGURE 9.11: Application of level sets to 2-D segmentation of a variety
of visceral structures such as an axial view of a spleen in (a) and kidneys in
(b), plus a sagittal view of the liver in (c).



Image Informatics for Clinical and Preclinical Biomedical Analysis 257

9.3.2 Segmenting anatomic structure in the retina

The problems of anatomic segmentation in the retina are quite distinct
from those in small animal CT. Although inherently two dimensional (i.e.,
for standard fundus photography), the structures of the retina are generally
diffuse and nonspecific. Although the optic nerve head and the vasculature
have well-defined boundaries and are readily segmented [69,70], the challenge
exists in the segmentation of lesions. There has been considerable research
in the development of automated screening for DR. An excellent overview of
this area is provided by Teng, Lefley, and Claremont [71], who summarize
the image segmentation as a two-step process. The first step identifies the
regular or expected physiological features of the retina and includes image
preprocessing, optic disk localization and segmentation, and vasculature seg-
mentation. The second step is concerned with identifying the pathology of the
retina and includes registration of images when multiple images are recorded,
microaneurysm segmentation, and exudate segmentation. Some applications
have also investigated drusen detection for age-related macular degeneration
(AMD). Overall, this is an active area of research but suffers greatly from a
lack of standard image sets, which makes results comparison difficult to assess.
This is being remedied in some part by publicly available databases,∗ although
complete ground-truth data are not available for these pioneering efforts.

To address accurate segmentation of anatomic structure, we developed
methods that take advantage of a number of visual attributes of the vascular
tree in a probabilistic framework [69,70]. Figure 9.12 presents an overview of
our method for optic nerve and macula detection. In (a), the original red-
free fundus image undergoes analysis to provide a segmentation of the vessels
as shown in (b). Using characteristics of the vasculature such as the density,
orientation, and change in thickness, we are able to produce a spatial likeli-
hood map of the probable locations of the optic nerve. This map defines the
likely coordinate of the optic nerve as in (c). Once the nerve coordinates have
been detected, we make use of a parabolic model of the vascular structure

(a) (b) (c) (d) (e)

FIGURE 9.12: Overview of results for detection and localization of
the optic nerve, vasculature, and macula regions in a red-free fundus image.
(a) Original red-free fundus image. (b) Segmentation of the vessels after anal-
ysis. (c) Likely coordinate of the optic nerve. (d) Location of the horizontal
raphe. (e) Center of the macula positioned near the optic nerve coordinate.

∗STARE database, http://www.parl.clemson.edu/stare/.
DRIVE database, http://www.isi.uu.nl/Research/Databases/DRIVE/.
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emanating from the optic nerve coordinate to locate the horizontal raphe as
in (d). Finally, the center of the macula, our primary reference point in the
description of disease manifestation, is positioned 2.5 optic nerve diameters
from the temporal edge of the optic nerve coordinate, as shown in (e).

The localization of the optic nerve and macula in retinal imagery provides a
reference coordinate system for the description of lesion populations that may
exist in the retina. Automated lesion segmentation processing begins with an
assessment of image quality [72,73]. Some studies suggest that 10% of retinal
images have artifacts that preclude human grading [74–76], with another 10%
likely unsuited for automatic processing. Once an image has passed a quality
check, subsequent processing is applied to detect and segment the various
forms of lesions that occur.

Microaneurysms are important because they are a significant indicator of
DR as a single feature, as some studies have indicated [47,77]. DR includes red
lesions such as microaneurysms and hemorrhages, yellow lesions such as exu-
dates, and white lesions such as cotton wool spots (i.e., focal retinal infarcts);
however, the red lesions are typically the first unequivocal signs of DR. Li
and Chutatape [47] identify exudates as one of the most commonly occur-
ring lesions. Strategies used for detection include thresholding, edge detection,
and classification. Threshold is straightforward (relatively speaking), but the
uneven intensity of exudates and low contrast cause problems. Edge detec-
tion has issues with the edges of vessels and other lesions. Classifications have
also been attempted, but no method seems to be complete. Exudates, cotton
wool spots, and drusen can be distinguished somewhat on the basis of color
features [78]. Simple thresholding methods have been applied by numerous
authors and include noise reduction methods prior to threshold and removal
of the physiological landmarks such as the optic disk and vasculature [79–81].
Although not explicitly mentioned by Teng, Lefley, and Claremont [71] as a
separate processing step, drusen segmentation papers receive a large amount of
attention in the literature. Exudates and drusen have a rather similar appear-
ance in that both are yellowish lesions, although drusen tend to be darker.
Indeed, drusen are more often associated with age-related macular degenera-
tion and thus are considered a confounding factor in exudate detection [82].

In our research, we adapt the method of Ben Sbeh and colleagues [83] for
general lesion detection by using their algorithm across multiple scales. The
geodesic morphological reconstruction approach is attractive for two reasons.
First, the authors state that they attempted several other methods that were
not successful. Second, the method seemed to have some degree of flexibil-
ity, particularly with regard to the parameters and structuring elements. We
extended this parameter flexibility to dark lesions (e.g., microaneurysms and
hemorrhages) by simply working with the negative of the original image and
filtering out the vasculature with a previously created segmentation of the
vessels. We used a ground-truth image set created by one of our authors [84],
which is described in detail below. We apply a variety of different scales and
determine a simple segmentation quality metric, the mutual overlap between
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(a) (b) (c)

FIGURE 9.13: (a) Hand-segmented lesion example. (b) Machine-
segmented lesions selected on the basis of minimum distance to
hand-segmented population features. (c) Comparison of hand- and machine-
segmented segmentations; dark gray (undersegmented), white (overseg-
mented), light gray (correct segmentation).

0.25

0.2

0.15

0.1

0.05

0
1 2 3 4 5 6

Scale Number

M
ut

ua
l O

ve
rl

ap
 M

ea
n

Hard Drusen
Atrophy of RPE
Microaneurysm

FIGURE 9.14: Plot of scale versus mutual overlap value for three lesion
types. This shows, for example, that microaneurysms are segmented best at
the higher scale.

the ground-truth segmentation and the machine segmentation. The mutual
overlap, a unitless parameter, is the area of the overlap between the hand- and
machine-segmented objects normalized by the sum of those areas. For exam-
ple, Figure 9.13 shows hand-segmented lesions in (a) and the corresponding
machine-segmented lesions in (b). The ratio between the number of green
pixels in (c) divided by the red and yellow enclosed areas in (a) and (b) rep-
resent the mutual overlap. For each lesion category, we then determined the
mean of the mutual overlap. An example of this is shown in Figure 9.14 for
three representative lesion categories of hard drusen, atrophy of the retinal
pigmented epithelial (RPE) layer, and microaneurysm. This is used to define
the segmentation scale to optimize performance of each lesion type.

This algorithm tends to oversegment data [83]; therefore, a postprocess-
ing step is applied to separate true lesions from false positives. Ben Sbeh
and colleagues [83] performed the postprocessing with thresholds applied to
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a small set of numerical descriptors for each lesion. In a similar problem,
Niemeijer and colleagues [85] used an extensive set of 68 features to separate
blobs from lesions in their algorithm. Among their 68 features, they included
size measurements (area and perimeter), shape measurements (aspect ratio,
circularity, compactness), and intensity measurements (mean intensity, inten-
sity normalized by standard deviation of intensity, contrast, etc.) with some
features measured on different color planes and spaces and at different scales.
In our case, we treat the oversegmentations as a two-class problem in which
we seek to keep some blobs and eliminate others. We apply a set of features
similar to the other research, but the deeper question is how to determine
which blobs to keep and which to eliminate. We should note that our overall
goal is not specifically accurate segmentation and classification of lesion types;
rather, we seek to create a descriptive numeric vector indicating the pathol-
ogy and disease grade of the image for computer-assisted diagnostics with a
human in the loop. Consequently, we are experimenting with a variety of seg-
mentation evaluation algorithms designed to capture as much of the overall
pathology as possible. An example of this was presented earlier in Figure 9.13,
where we created a machine-segmented image and evaluated its blob struc-
ture to determine which objects to keep by generating lesion population fea-
tures on the ground-truth image. We ranked the segmentations on the basis of
mutual overlap and add them one by one until we found the best match to the
ground-truth segmentation description. The resulting machine segmentation
image (prior to postprocessing) is shown in Figure 9.13c, with the combined
image shown for comparison (light gray is areas of overlap, white is machine
segmented, and dark gray is ground-truth segmented). Another example is
illustrated in Figure 9.15, where we show a hand-segmented image in (a), a
machine-segmented image at one scale in (b), and a postprocessed result in
(c). A histogram of the mean of the blob interiors was used to design the
postprocessing filter.

In general, there is still much research to do in the area of retina lesion
detection. The growing body of literature representing research in this area,
along with our preliminary results, indicates that these methods will provide

(a) (b) (c)

FIGURE 9.15: (a) Hand-segmented lesion example. (b) Machine-
segmented lesions prior to postprocessing. (c) Postprocess results. The post-
processing filter was designed using lesion classifications of “keep” or “reject”
with the lesion population histogram of lesion mean values as a metric.
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reliable segmentation for indexing manifestations of retinal disease in image
databases.

9.3.3 Statistical feature analysis

There are many ways to describe electronic imagery for content-based
indexing. Low-level features (e.g., overall image color and texture attributes)
can be extracted that globally describe a scene, or the scene can be broken
up into subregions [86] through rudimentary block processes (e.g., tessella-
tion [87]) or segmented into logical subregions. To achieve a level of specificity
that is compatible with the detailed description of anatomic, functional, or
disease structure, we chose to decompose critical regions of the imagery, as
described above. Once the image is segmented into appropriate regions, we
encode the organs and/or regions of interest statistically. That is, we extract a
collection of application-specific numerical-valued features. For a mouse organ
extracted from a CT image, features may include total volume, surface area,
ratio of the two, and variance along the principal axes. Features associated
with the corresponding SPECT image of the organ might include the total
photon count as well as the mean and the variance computed over the indi-
vidual voxels. For a retina image, we may measure features related to the size
and shape of the optic disc, the scale and shape of the vasculature, and the
number, size, and distribution of retinal lesions or microaneurysms.

The generated features are stored in a feature vector, u in R
N , where

u = {u1, u2, . . . , uN}t. Under the assumption that similar images produce sim-
ilar features, we can compare one image to another by comparing the feature
vectors. This can be done geometrically by calculating normalized vector dis-
tances such as the Euclidean, Manhattan, or others in an L-norm metric space.
We can also apply maximum likelihood methods if the feature vectors can be
considered to be samples from a high-dimensional distribution whose param-
eters we estimate from class-labeled learning samples [15]. In either case, the
comparison can be carried out in the high-dimensional data space correspond-
ing to all the features or in a subspace thereof depending on the task at hand.
We exploit this idea below.

Highly correlated features should be avoided. Given a sample of fea-
ture vectors, we can compute the pairwise correlation of the individual features
and discard those that provide no additional insight. The remaining features
may still exhibit some degree of correlation. Principal component analysis
(PCA) [88] may be applied to determine latent information while decorrelat-
ing the features at the same time. Probabilistic PCA [89,90] is a related max-
imum likelihood method for determining latent information that can also be
applied.

While PCA and related techniques can provide a useful linear projection
and representation of data to reduce dimensionality and decorrelate, there
is no guarantee that it will improve discrimination between different classes
of data. Recall that our goal is to determine an index that can be used to
locate similar imagery by comparison. This can be achieved to some optimal
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extent if we can produce an index that provides discrimination between the
different categories of interest ωi in the archive. We addressed this issue by
using linear discriminant analysis (LDA) to project our image features u
in R

N onto a subspace v in R
M , where M < N and the dimension of v is

M = C − 1. The index, v, is designed to discriminate between our category
classes ωi,, for i = 1, 2, . . . , C, with C the number of user-identified categories.
For this discussion, we apply a traditional multiple LDA method based on
the well-known Fischer discriminant [15] that maximizes the following criteria
function,

J(W) =
|W tSBW |
|W tSW W |

where W is the projection matrix we wish to determine, SB is the between-
class scatter matrix, and SW is the within-class scatter matrix as defined
in [91]. The M × N matrix W is used to project our image vectors u onto v
according to the relationship v = Wu. Note that we interpret our projected
data to be a semantic approximation to the descriptive intent of the user given
that the class categories are defined by the user according to the end-use goals
of the system. In general, we are taking a vector of low-level features, which
may or may not provide discrimination (relative to user interpretation), and
projecting them onto a linear subspace that encodes semantic intent.

To demonstrate the principle of semantic feature mapping, we use an
example population of 395 digital retina images from an anonymized data set
taken through dilated pupils using a Topcon TRC 50IA retina camera. The
images are from the ophthalmic clinical practice of one of the authors [84],
a retina specialist at the University of Tennessee Hamilton Eye Institute,
and were selected and characterized based on determination of the specific
disease diagnosis present in the eye. We tested and selected statistical fea-
tures that describe the retina in a region immediately surrounding the macula
based on lesion shapes, textures, lesion types and counts, and other structural
attributes, as shown in Figure 9.16. These features include region morphology

(a) (b)

FIGURE 9.16: Examples showing the central macula regions of two retina
images indicating the location of various lesion types. (a) Nonproliferative
diabetic retinopathy. (b) Age-related macular degeneration.
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w

u

v

FIGURE 9.17: Visual representation of the projection matrix, W, showing
the mapping of original features, u, to an image index, v. Note that lighter
colors represent higher significance than darker colors.

based on invariant moments, shape descriptors, intensity descriptors, texture
derived from statistical region variations, directional textures derived from
spatial frequency (occurrence) representations, and proximity features based
on relationships between multiple regions in the data set. In total, there are
N = 170 features representing our initial vector, u.

In this data set, we defined one normal class and 14 disease classes for
a total of C = 15 separate states corresponding to our categories, ωi. These
disease states include stratified grades (levels) of disease for AMD and for
nonproliferative and proliferative diabetic retinopathy (NPDR, PDR), and
correspond to currently used or common strategies for disease quantification
in clinical use. These disease states represent the semantic intent of the user,
and our goal is to provide a mapping of the original features as described
above. Figure 9.17 shows a visual representation of the projection matrix,
W, for this dataset. The 170 columns shown represent the original features,
u, and the rows represent the linear combinations of the relevant features
that produce the index v (of length C − 1 = 14 features) that is designed
to discriminate between the 15 defined categories. It is apparent from the
figure that we have greatly overspecified the number of features, u, required
to produce a semantic mapping to the index, v. This is indicated by the large
areas of low contribution to the mapping (i.e., dark colors).

The index becomes the primary representation of the imagery in the
archive. As described earlier, we perform a comparison of a query index
to the indices represented in the archive to produce a ranked listing of
images from most to least similar. We produce a similarity value, S(q, vj),
between the query image vector, q, and the archive image vectors, vj , for
j = 1, 2, . . . , n images in the archive. Similarity is defined on the basis of
the distance between two points, (q, vj), in the index space and should be
in the range [0,1]. Distance, D(q, vj), is defined for a metric space in which
D(q, vj) ≥ 0;D(q, vj) = 0 if and only if q = vj ;D(q, vj) = D(vj , q); and
D(a, b) + D(b, c) ≥ D(a, c). For this discussion, we use the well-known
L-norm metric defined by

D(q,vj) =

(
M∑
i=1

|qi − vi,j |L
)1/L

To produce a similarity value on [0,1], the feature space of the index is
normalized using either a z-score or range method [92]. To ensure that our
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similarity metric is defined on a unit-normal hypercube, and therefore on [0,1],
S(q, vj) is defined as follows:

S(q,vj) = 1 − D(q,vj)
M1/L

recalling that M is the dimension of the index. It should be noted that we
could use the distance metric, D(q,vj), to define similarity between two points
in our index space, (q,vj). In the next section, we show that similarity values
ranging from 1 for most similar to 0 for least similar are useful for providing
a weighting value when estimating the posterior probability from a collection
of similar images.

9.4 Information from Image Content

A biomedical informatics archive built on image content assumes that there
exists relationships (i.e., cause and effect) among the image records that are
stored. For example, we assume that our image content is related by animal
type, imaging modes, disease state, study protocol, and so on. We assume
that the images are not random, unrelated compilations, and therefore there
exists a bias in the predictive characteristics of the system due to the prior
distribution of categories of interest. For example, Figure 9.18 shows the prior
distribution as probability, P (ωi), of the disease states that are present in the
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Pathologies) representing the 395 retina images used in our example.
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retina data population introduced above. The error bars associated with each
bin represent the Poisson uncertainty for the measurement of each disease
state. Through our estimation of the Bayesian posterior probability, P (ωi|v),
we are assuming that the bias of the prior distribution of events is inherent
because the prior probability, P (ωi), is explicit in Bayes theorem:

P (ωi|v) =
p(v|ωi)P (ωi)

p(v)

Therefore, formulating our CBIR methodology in a Bayesian framework
will facilitate our ability to modify our predictive response to accommodate
changing goals of the system. For example, if the patient database was col-
lected from a practicing ophthalmologist, any predictive estimates of disease
will show bias toward the detection of diseases that are most prevalent in
that environment. If our goal is to search the diagnostic information of this
archive to better understand subjects in a general screening environment, it
can be shown that the posterior probability can be corrected through prior
probability modification as

P ′(ωi|v) ∼ P ′(ωi)
P (ωi)

· P (ωi|v)

where P′(ωi) represents the prior distribution in the general population (in
this case). It is characteristics such as this that provide motivation to use this
framework.

9.4.1 Estimating posterior probabilities

Considering the inherent complexity in a data archive that is capable of
representing multiple states of the data, we are interested in using nonpara-
metric approaches to the estimation of the posterior probability. The retrieval
mechanism introduced earlier can be thought of as a nearest neighbor method.
Nearest neighbor classifiers function by locating the population of labeled data
points nearest to an unknown point in feature space, either by specifying a
number of neighbors, k, or by specifying a volume in the feature space, V.
Classification is achieved by performing some form of “voting” according to
the labeled population and subsequently assigning a “winning” class to the
unknown point. The population of points in the feature space surrounding the
unknown (i.e., analogous to the query, q, in a CBIR system) represents a rep-
resentation and direct measurement of the posterior probability. If we specify
the retrieval of k-nearest neighbor (k-NN) points surrounding our query index,
q, we can form an estimate of the posterior probability as

P (ωi|v) =
p(v, ωi)∑c

j=1 p(v, ωi)
=

ki

k

where p(v, ωi) is the joint probability estimated as p(v, ωi) = (ki/n)/V, k
is the number of samples specified in the neighborhood, ki is the number of
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samples of category ωi in a volume V surrounding the query point, and n is
the number of records in the archive.

Intuitively, an image vector that is nearest to the query vector should pro-
vide the strongest evidence of a query’s state. One method for incorporating
the distance between points into the posterior estimate is to use the similarity
ranking as follows:

P (ωi|v) =
ki

k
=

∑
i

S(q,v)w

∑
k

S(q,v)w

where the exponent, w ≥ 0, increases the influence of the points closest to the
query point. When w = 0, this estimate reverts to the basic ki/k estimate.

The posterior estimate could also be formulated by specifying a fixed vol-
ume, known as a Parzen window, about the query point in the index space
as opposed to a fixed number of neighbors. In general, it can be shown [15]
that the k-NN produces a better estimate of P (ωi|v) because the window (i.e.,
volume, V ) dynamically adjusts to accommodate different densities of points
in the index space, resulting in a smoother estimate.

It is also possible to show that the estimate of P (ωi|v) approaches a nearly
optimal posterior estimate as the number of records in the system increases—
that is, as n → ∞. This provides further support for using a nonparametric
k-NN estimator to perform information analysis in a large image archive. In
essence, the information-extraction performance of the archive should theo-
retically improve as the data population grows.

It should also be noted that the notation used to express the posterior
probability has been simplified for this discussion. In general, an informatics
archive can be thought of as a relational database. Although image content
(i.e., v) has constituted our primary posterior “evidence,” we also have evi-
dence in the form of metadata that can be used to logically bound the extent
of our retrievals, and therefore the posterior estimate; that is, we can write
our estimate as P (ωi|v, α, β, γ, . . .), where α, β, γ, and so on represent meta-
data attributes. For example, in the retina archive, there are data regarding
patient age, gender, ethnicity, and medical history. Considering that vari-
ous disease states are associated with these attributes, this information can
be used to modify how a query is performed (e.g., the prevalence of AMD
increases with age, the risk of diabetic retinopathy increases with duration
of disease and comorbid diseases such as hypertension). In the small animal
preclinical environment, the same condition holds true. Metadata related to
animal parentage, strain, SPECT or PET tracer, CT contrast agent, route of
administration, and so on all add useful evidence to the process of posterior
estimation and analysis.

9.4.2 Confidence and performance

Unlike a k-NN classifier, where a class label is assigned to an unclassi-
fied event, an information archive provides a broader context for analysis and
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decision making (i.e., it is not a classifier). The posterior estimate that results
from a retrieval of k similar images from a data population represents a sum-
mary of the statistical distribution of categories retrieved from a system. The
goal is to infer information about the query based on this retrieved popula-
tion. Therefore, it is desired that we determine something about the variabil-
ity or confidence in our estimate of the posterior probability: P (ωi|v) ±σ(ωi).
Knowledge of this uncertainty, σ(ωi), is useful when determining a level of
confidence regarding the retrieved information. For example, σ(ωi) will vary
as the number of data records in the system, n, changes over time (as described
in the previous section), and it will vary as the number of examples in any
given category, ωi, changes.

To measure the variability associated with changes in the data population
in the system, Poisson statistical analysis is used. Recall that a Poisson process
can be applied to phenomena of a discrete nature whenever the probability
of the phenomena happening is constant over time—that is, phenomena that
may occur 0, 1, 2, . . . times during a given time interval, such as a patient with
a given pathology walking into a doctor’s office or a mouse exhibiting signs of
amyloidosis in a study population. By using the property that the standard
deviation in the sampling of the category, ωi, is the square root of the number
of counts in the category, the uncertainty can be expressed as

P (ωi|v) ± σ =
ki

k
±

√
ki

k

Note in this expression that
∑

i ki ≡ k is the number of nearest neighbors
retrieved in the k-NN method. The uncertainty terms in the numerator and
denominator have been propagated through the expression assuming that the
ki are uncorrelated.

Figure 9.19 shows an example of three images used to query the population
of retina images using the hold-one-out (HOO) method. By the HOO method,
each image is removed from the archive and submitted as a query to gener-
ate a posterior estimate and uncertainty, as shown in the right-hand charts
of the figure. In all three cases, the disease state prediction is correct even
though the error bar in each category is significant. The large uncertainty
is a direct result of the small population of data available in this archive.
As larger archives are assembled, this uncertainty reduces, thereby improv-
ing user confidence in the predictive results. Confidence is lowest when there
exists overlap in the estimates for different disease states. The error bars in
Figure 9.19 represent one standard deviation (i.e., encompassing ∼68% of the
data). For this small data population, it would be impossible to achieve, for
example, a 3σ confidence (99.7%) due to the overlap of uncertainty between
categories.

Of course, viewing only three examples from the archive is anecdotal. To
understand the predictive capability of this method, we can perform HOO
testing across the entire population. Also, we can experiment with our ability
to use the uncertainty estimate by rejecting data that are defined as having
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FIGURE 9.19: Examples of the estimation of the posterior probability of
disease for (a) NPDR, (b) AMD, and (c) normal fundus. The left column
shows the original image, the middle column details the manifestations of the
disease, and the right column shows the estimated probability of each disease
state.

low confidence due to overlap in uncertainty between categories. Table 9.1
shows a confusion matrix that was developed by testing the system as if it
were a classifier. For this example, our class is defined to correspond to the
highest probability category in the posterior estimate for a specified σ. The
estimated class is compared to the known class, and the confusion matrix
is formed. The column labeled “UNKNOWN” collects all data records that
are below our confidence level. In Table 9.1, σ = 0.0; therefore, none of the
data are rejected and all records are classified (either correctly or incorrectly).
In Table 9.2, the confusion matrix is shown for σ = 1.0. The efficacy of this
method is demonstrated through the overall improvement in performance from
85% for σ = 0.0 to 91.3% for σ = 1.0. Note that in the σ = 1.0 case, 18.8% of
the data is rejected (not classified). As σ increases, more data are rejected,
but performance continues to improve.



Image Informatics for Clinical and Preclinical Biomedical Analysis 269

T
A

B
L
E

9.
1:

C
on

fu
si

on
m

at
ri

x
fo

r
th

e
re

ti
na

da
ta

ar
ch

iv
e.

T
he

le
ft

-h
an

d
co

lu
m

n
re

pr
es

en
ts

ha
nd

-l
ab

el
ed

(k
no

w
n)

di
se

as
e

cl
as

si
fic

at
io

n;
th

e
to

p
ro

w
re

pr
es

en
ts

C
B

IR
-e

st
im

at
ed

cl
as

si
fic

at
io

ns
ba

se
d

on
th

e
po

st
er

io
r

es
ti

m
at

e.
Fo

r
th

is
ca

se
σ

=
0.

0
an

d
no

ne
of

th
e

da
ta

is
re

je
ct

ed
.

N
or

m
A

M
D

(1
)

A
M

D
(2

)A
M

D
(3

)
A

M
D

(4
)

PD
R(

1)
PD

R(
2)

PD
R(

3)
PD

R(
4)

N
PD

R(
1)

N
PD

R(
2)

N
PD

R(
3)

N
PD

R(
4)

RV
O

O
th

er
UN

KN
OW

N
Pe

rfo
rm

an
ce

N
or

m
44

0
0

88
.0

%
A

M
D

(1
)

1 0
4

4
0

0 0
33

.3
%

A
M

D
(2

)
1

0

0 0 0
50

.0
%

A
M

D
(3

)
0

22
0

84
.6

%
A

M
D

(4
)

0
28

80
.0

%
PD

R(
1)

0
10

0.
0%

PD
R(

2)
0

87
.5

%
PD

R(
3)

0
0.

0%
PD

R(
4)

0
80

.0
%

N
PD

R(
1)

0
75

.0
%

N
PD

R(
2)

0
63

.2
%

N
PD

R(
3)

0
0.

0%
N

PD
R(

4)
0

91
.3

%
RV

O
0

0 0 0 0 0 0 0 0 0 0 0
87

.5
%

O
th

er
7

0

0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0
0

1

0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 5 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 7 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 4 0 0 0 0 0 0

0 0 0 0 0 0 0 1 0 12 1 0 0 0 0

0 0 0 0 0 0 0 1 0 0 12 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0

0 0 0 0 0 0 0 2 1 0 0 1 21 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0

14

6 7 3 4 7 0 1 0 0 4 6 0 2 2
0

15
8

95
.2

%
Pu

rit
y

84
.6

%
80

.0
%

10
0.

0%
95

.7
%

10
0.

0%
10

0.
0%

10
0.

0%
N

D
10

0.
0%

85
.7

%
92

.3
%

N
D

84
.0

%
10

0.
0%

79
.0

%
0.

0%
85

.0
%

σ 
= 

0.
0



270 Medical Imaging Techniques and Applications

T
A

B
L
E

9.
2:

C
on

fu
si

on
m

at
ri

x
fo

r
th

e
re

ti
na

da
ta

ar
ch

iv
e

w
it

h
σ

=
1.

0.
N

ot
e

in
th

is
ca

se
th

at
18

.8
%

of
th

e
da

ta
ha

s
be

en
re

je
ct

ed
du

e
to

lo
w

co
nfi

de
nc

e
in

th
e

pr
ed

ic
ti

ve
va

lu
es

fo
r

th
os

e
re

co
rd

s.

N
or

m
A

M
D

(1
)

A
M

D
(2

)A
M

D
(3

)
A

M
D

(4
)

PD
R(

1)
PD

R(
2)

PD
R(

3)
PD

R(
4)

N
PD

R(
1)

N
PD

R(
2)

N
PD

R(
3)

N
PD

R(
4)

RV
O

O
th

er
UN

KN
OW

N
Pe

rfo
rm

an
ce

N
or

m
40

0
0

90
.9

%
A

M
D

(1
)

1 0
0

3
0

0 0
0.

0%
A

M
D

(2
)

0
0

0 0 0
75

.0
%

A
M

D
(3

)
0

17
0

10
0.

0%
A

M
D

(4
)

0
25

80
.7

%
PD

R(
1)

0
N

D
PD

R(
2)

0
10

0.
0%

PD
R(

3)
0

N
D

PD
R(

4)
0

N
D

N
PD

R(
1)

0
91

.7
%

N
PD

R(
2)

0
75

.0
%

N
PD

R(
3)

0
N

D
N

PD
R(

4)
0

94
.7

%
RV

O
0

0 0 0 0 0 0 0 0 0 0 0
93

.3
%

O
th

er
7

0

0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0
0

0

0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 3 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 11 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 9 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

4 1 7

0 0 0 0 0 0 0 0 0 0 0 0 18 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0

6 8 4 9 4 5 5 4 5 4 7 1

14

4 3 1 0 6 0 0 0 0 1 3 0 1 1
0

15
2

95
.6

%
Pu

rit
y

83
.3

%
N

D
10

0.
0%

10
0.

0%
10

0.
0%

N
D

10
0.

0%
N

D
N

D
10

0.
0%

10
0.

0%
N

D
10

0.
0%

10
0.

0%
88

.4
%

18
.8

%
91

.3
%

σ 
= 

1.
0



Image Informatics for Clinical and Preclinical Biomedical Analysis 271

Performance can be defined in a number of ways. For medical systems,
it is common to discuss performance in terms of sensitivity, specificity, and
accuracy, defined as follows [13]:

Sensitivity = (images with disease classified as disease)/(all disease images)

Specificity = (normal images classified as normal)/(all normal images)

Accuracy = (images classified correctly)/(all classified images)

By varying σ through a range of values, we generate a set of confusion
matrices from which we produce a series of receiver-operator characteristic
(ROC) curves [93] detailing performance as a function of the number of data
rejected—that is, in terms of specificity, sensitivity, and accuracy. A set of
ROC curves for the 395-image database is shown in Figure 9.20. Note the
positive and increasing performance of the system as the confusing data are
rejected.

Recall that an informatics system is not a classifier but rather a system for
locating and analyzing historic data represented in the archive. The results
of Tables 9.1 and 9.2 along with Figure 9.20 serve primarily to represent
expected predictive performance of such a system. The type of data repre-
sented in Figure 9.19 showing the posterior estimate, detected anomalies, and
potentially a host of other attributes for user consumption is the true intent
and output of the system.
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FIGURE 9.20: Predictive performance as a function of data rejected
for accuracy, sensitivity, and specificity using the archive of 395 retina
images.
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9.5 Discussion

The goals of an informatics system will necessarily vary depending on the
end-use applications and specification for usability. Basic applications can be
defined that provide organization and access to large populations of animal
or human data in preclinical or clinical studies. But beyond the fundamental
concept of putting things away where they can later be found, the variabil-
ity of needs to be addressed in the application domain renders it difficult to
provide specifics. Software design, network architectures, user interfaces, and
workflow protocols are domain specific. Systems designed to support research
(e.g., searching for data correlations and data mining) within and across ani-
mal studies will have different architectures than systems designed to provide
prospective information from a clinical database of patients. Systems designed
to provide broader public access to study data for training and teaching pur-
poses will have yet another. Regardless, we discuss in this section some general
considerations regarding a system concept for small animal research and a
system concept for retinal screening. Before discussing these system concepts,
we must first discuss the issue of data structures and indexing in very large
archives.

9.5.1 Search structures for large image archives

A goal of indexing that has not yet been discussed relates to the organiza-
tion of image indices, vi, such that a ranked list of nearest neighbors can be
retrieved from an archive without performing an exhaustive comparison with
all the records in the database. It is clear that an image archive is expected,
at some point, to manage hundred of thousands, if not millions of images. The
comparison of a query vector to an entire population in an archive must be
accomplished in an efficient manner. One method that can be used to address
efficient indexing is the generation of binary decision trees to represent image
indices. Figure 9.21a shows a representation of a binary decision tree. A bin, b,
is defined as a bottom-level element in a tree structure, sometimes described
as a “leaf” or terminal node, that contains a small list of images; a bottom-
level bin may contain, for example, a list of image vectors {va,vb,vc, . . .}.
The query vector, q, is evaluated at the top level of the tree, and a deci-
sion is made as to which subtree path to traverse. There are many ways to
implement decision trees. We used an approximate nearest neighbor (ANN)
indexing and search method that builds on kd-tree methods [94,95]. An ANN
partition is shown in Figure 9.21b corresponding to the decision tree in (a).
The rules for partitioning the index space can vary greatly according to the
desired outcome of the partitioning, but in the simplest case partitioning is
achieved by simply parsing the data populations along each feature dimension,
vj (denoted by (vx,vy) in the figure for simplicity) into equal halves. Whereas
an exhaustive nearest neighbor search of the n vectors (i.e., images) in the
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FIGURE 9.21: Schematic representation of a binary decision tree (a) gen-
erated from an approximate nearest neighbor partition of the index space
represented in (b).

database would be of O(n) computations, searching the kd-tree is of O(log(n))
operations.

The ANN method incorporates a search window that results in the collec-
tion of neighboring partitions about the query point. As this window increases
in radius, the nearest neighbor error, ε, decreases, but the performance of the
system also decreases to O(n). The efficiency of the ANN method is propor-
tional to O((1/ε)M/2 log(n)), where M is the dimension of the index space,
n is the number of data points, and ε is the nearest neighbor error [94].
The nearest neighbor error is therefore inversely proportional to the size
of the search window. Therefore, the accuracy of retrieval is selectable as
a trade-off between nearest neighbor performance and computational search
efficiency.

Note also in Figure 9.21b that ANN partitioning results in a data-
dependent number of bins that contain a specified number of vectors, v. ANN
partitioning is required only periodically. As new data are entered into the sys-
tem through regular use (as shown in the figure), the tree becomes unbalanced.
As partitions accumulate large numbers of image vectors, retrieval speed will
be impacted. Repartitioning results in rebalancing of the tree and therefore
improved retrieval speed. Using this approach, the archive can collect new
data continuously, and repartitioning can take place transparently to users
during off-hours (e.g., at 2:00 a.m. on Sundays).

The application of ANN or related methods is not required for small
data populations (e.g., the archive of 395 retina images described herein)
but becomes increasingly important as the image population grows. Based on
past experience, retrieval times will be noticeably impacted as archives grow
significantly (e.g., over ∼20,000 images). Retrieval time depends, of course,
on a number of factors, such as the computing platform, dimension of the
index, and quantity of metadata. Retrieval performance speed can also be con-
trolled by judiciously organizing the intrinsic and extrinsic data content using
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database

UID1 , <imagepath1>, {�1, �1, �1, ...}, {�1, b37}, ...
UID2 , <imagepath2>, {�2 , �2 , �2 , ...}, {�2, b152}, ...
UID3 , <imagepath3>, {�3 , �3 , �3 , ...}, {�3, b93 }, ...
UID4 , <imagepath4>, {�4 , �4 , �4 , ...}, {�4, b93 }, ...

�i

�i

�i

�i

FIGURE 9.22: Simplified representation of database structure to support
image and metadata management in an informatics environment.

a commercial relational database product. Commercial components are easy
to service, maintain, and upgrade and can be efficiently supported long after
technology development cycles are complete. Figure 9.22 represents a simple
organizational structure that facilitates the type of image and metadata that
has been referenced throughout this discussion. The Venn diagram at the top
of the figure represents the permutations of a query that a user may wish to
perform. Recall that the goal of an informatics system is to provide flexible
query interaction that will support multiple users with multiple search goals.
While image content, represented by the index, v, provides the key evidence or
link to the image files, the metadata represented by {αi, βi, γi, . . .} is also used
through the Boolean process of structured query language (SQL) processes,
for example, to formulate posterior estimates such as P (ωi|v, α, β, γ, . . .), as
described earlier. Note in the pictured elements, {vi, b}, that b corresponds to
a leaf-node bin from the ANN implementation. Its purpose is to rapidly iso-
late a population of image indices for nearest neighbor analysis using standard
SQL commands.

9.5.2 System concepts

Figure 9.23 provides a conceptual representation of the various elements of
a biomedical informatics system to support a small animal research environ-
ment. The system is built on a commercial database and PACS [1] components,
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FIGURE 9.23: Conceptual representation of the elements of a biomedical
informatics system. Data entry, analysis, and flow processes are built on top
of commercial components such as relational database and PACS technology
along with accepted standards and communication protocols such as DICOM.

and uses a DICOM∗-compliant network and standards [96] to establish a pro-
tocol workflow for tracking animals through a study; managing the collection
of imagery from the microimaging facility; and postprocessing image data to
extract, index, and manage intrinsic content. Note that the system is repre-
sented by components that involve human interaction working in conjunction
with automatic features such as index tree generation (2:00 a.m. Sundays),
DICOM conversion, and feature generation. User interaction is envisioned to
assist in the segmentation and merging of anatomic and functional data prior
to database submission of this content. As described earlier in our discus-
sion of 3-D organ segmentation using level sets, user-assisted interaction will
be required to select appropriate results for subsequent feature analysis and
database submission. Figure 9.24 shows an example interface for processing
and manually submitting segmentation results of a particular anatomic struc-
ture to the data system. Platform-independent Web clients (e.g., constructed
using Java and Active Server pages) provide system accessibility by remote
users within or outside of the institution to the extent defined and desired to
support research, training, and teaching goals of the organization.

∗Digital Imaging and Communications in Medicine (DICOM) is a standard defined by
the American College of Radiology Manufacturers Association for data communications
among medical imaging devices.
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The small animal informatics system architecture in Figure 9.23 is
proposed for users interested in indexing image data and supporting meta-
data in an archive to maintain and access information generated through a
preclinical study of animal models (e.g., in the study of amyloidosis). The pri-
mary goal for this type of system is to archive study data for later analysis of
the population or to perform analysis across study populations over time (i.e.,
data mining). A separate informatics concept is represented in Figure 9.25

FIGURE 9.24: Example of a user interface component in a small animal
informatics system for performing and accepting and submitting anatomic
segmentation results.
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FIGURE 9.25: Conceptual representation of an informatics architecture
to support image and metadata management in a medical diagnostics envi-
ronment.
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to support high-throughput, distributed screening of a large population for
diabetic retinopathy. Currently, networking technology applied to the remote
assessment of retinal disease consists primarily of store-and-forward digital
retinal photography with subsequent image analysis by certified technicians
at commercial and academic reading centers. The reading center paradigm is
an established and validated method, with high sensitivity and specificity for
retinal disease detection and quantification in clinical trials [97–100]. How-
ever, limited health care resources, access to imaging platforms and eye care
specialists, and the absence of real-time diagnostic potential remain major
obstacles to achieving the goals of population-based disease detection and
management using the reading center method. The application of computer-
based informatics to aid disease diagnosis has the potential to facilitate retinal
disease detection and management by increasing throughput, reducing costs,
and assisting or potentially automating diagnostic capabilities if they can be
effectively integrated into a telemedical network delivery system.

Under this operating condition, remote Web clients (e.g., point-of-service
physicians, optometrists, etc.) submit retinal images through a Web client to
a central service that provides automated analysis and diagnosis of potential
retinal pathology. As in Figure 9.23, both automated and assisted compo-
nents of the system are required on the server side of the system. For the
diabetic screening application, the process requires a higher level of automa-
tion to accommodate high-throughput Web client submissions. The primary
role of users on the server side is to provide periodic manual review to verify
and track predictive performance of the archive over time. Unlike the research
environment described above, characterized (i.e., manually diagnosed and val-
idated) data sets that are used to augment the archive must be evaluated by
trained ophthalmologists and medical technicians before incorporation into
the system for future use. Only a small fraction of data submissions need to
be incorporated into the diagnostic archive, significantly reducing the amount
of manual data manipulation required to maintain the system over time.

9.6 Future Research Directions

Throughout this chapter, the topic of biomedical informatics was presented
and demonstrated using the examples of a preclinical informatics system to
support small animal research and an informatics system to address high-
throughput, low-cost retinal screening to detect those at risk for diabetic
retinopathy. Although many of the ongoing issues in biomedical CBIR are
touched on through these two disparate examples, there remain many out-
standing issues of image segmentation; depiction; semantic description; index-
ing; data structuring; and efficient, extensible architectures that need to be
addressed through future research and development. A number of researchers
are looking into these and other issues today. Deserno, Antani, and Long



278 Medical Imaging Techniques and Applications

[101] provide a comprehensive review and extensive categorization of gaps in
medical CBIR research through comparison with three medical CBIR imple-
mentations: the content-based PACS approach (cbPACS), the medical GNU
image-finding tool (medGIFT), and the Image Retrieval in Medical Applica-
tions (IRMA) project. Other researchers are describing additional applications
for accessibility to visual content. Tahmoush and Samet [102] describe a Web
collaboration system, and Deserno, Antani, and Long [103] describe concepts
for indexing biomedical images in scientific literature. With the advent of
numerous anatomic and functional imaging modes working at multiple reso-
lutions, the field of molecular imaging and medicine, as presented by Poh,
Kitney, and Shrestha [104], necessitates future informatics technology capable
of concurrently providing access to viscera, tissue, cells, proteins, and genes.

Regarding small animal informatics research, it is anticipated that the
needs of this area of development will continue to expand. Since 1998, the U.S.
National Institutes of Health (NIH) has funded many small animal imaging
resource programs in which instrumentation for all common clinical modalities
is either being used and/or being improved in some way to perform research
on animals. The NIH continues to fund these programs and to issue new grant
requests. As a result, our informal survey has found more than 40 universi-
ties that have published plans to build small animal imaging laboratories. In
addition, more than 20 of the world’s largest pharmaceutical companies either
have small animal imaging facilities, are planning to purchase such facilities,
or have shown interest through attendance and sponsorship of meetings with
a focus on small animal imaging, such as the Academy of Molecular Imag-
ing, and the Society of Molecular Imaging. There is clearly a growth path
from the university environment—the early adopters of such technology—to
private companies such as pharmaceuticals. As animal imaging techniques
become standard assays in the animal research community, further expansion
of the technology will be exponential. Along with the increased application of
imaging comes ever-increasing volumes of image data that are produced and
managed to support research.

In human subjects research and clinical medicine, informatics system
designers must also consider protections for the use and dissemination of
human patient data. Data encryption protocols are required for the remote
use of and access to electronic Protected Health Information (PHI) as dic-
tated by U.S. Department of Health and Human Services (HHS). In 1996,
HHS issued patient privacy protections as part of the Health Insurance Porta-
bility and Accountability Act (HIPAA). HIPAA included provisions designed
to encourage electronic transactions but also required new safeguards to pro-
tect the security and confidentiality of PHI, establishing national standards
for electronic health care transactions. HHS also addressed the security and
privacy of PHI, including provisions for the levying of civil monetary penal-
ties for violation of HIPAA regulations. Therefore, the encryption and pro-
tection of PHI in the form of identifiable medical images must remain a top
priority in the development of image informatics databases. Ongoing QA,
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accessibility, and procedure analyses will be required to protect against HIPAA
violations.

There are a number of topics in the field of retinal image informatics that
require further investigation and are potential subjects for future research.
Networking issues include, for example, maximizing encryption measures
to assure HIPAA compliance, optimal image resolution, and file compres-
sion standards that minimize bandwidth consumption without corruption
or loss of important clinical information. Prospective, blinded clinical trials
are required to validate the potential of automated analysis and prescreen-
ing throughput. Other applications that may leverage the power of image
informatics applied to clinical medicine include the development of searchable
genotype/phenotype repositories of retinal and other diseases for which digital
image data can be acquired.

9.7 Conclusion

We reviewed and presented many methods and techniques related to the
development of bioinformatics systems in the preclinical and clinical envi-
ronments. Multiple modes of imaging are available to biomedical researchers
and physicians alike that provide detailed, high-resolution visualizations of
anatomy, pathology, and function. These planar, volumetric, and longitudi-
nal images and sequences provide biomedical information content that can be
explored immediately or indexed in a data system to perform research, medi-
cal diagnostics, teaching, and training using CBIR methods. The primary
philosophy described to establish a searchable archive based on image content
begins with specification of end-use goals for the system, followed by subregion
image analysis to localize regions of imagery that represent the state of the
animal or patient under study. Subsequent to subregion segmentation, these
regions are extensively described using statistical features. These features are
then mapped to a content-based index using the various categories of anatomy,
pathology, and other physiological attributes of the data defined by the end
users of the system. This semantic index becomes the primary representation
of the image data in the system, providing the visual evidence required to
perform queries (e.g., to generate query-based posterior probability estimates
that describe query data based on the historical information encoded in the
archive population).

Finally, we reviewed and presented both the technologies of CBIR and
some of the issues related to the effective and productive use of image content
in informatics systems. These systems will continue to evolve to address future
needs that are only now beginning to emerge, from the semantic protection
of human patient data to the description and integration of imagery across
mode, scale, and time. In general, methods that can consistently self-describe
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imagery based on visual content will reduce tedious human interaction and
make image data much more valuable and accessible to the overall process of
biomedical preclinical and clinical research.
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Parts-Based Appearance Modeling of
Medical Imagery∗
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In this chapter, we present a statistical parts-based model (PBM) of image
appearance designed to address the problem of modeling natural intersubject
anatomical variability in medical imagery. In contrast to global image models,
the PBM consists of a collection of localized image regions, called parts, whose
appearance, geometry, and occurrence frequency are quantified statistically.
The parts-based approach explicitly addresses the case in which one-to-one
correspondence does not exist between all subjects in a population due to
anatomical differences, as model parts are not required to appear in all sub-
jects. The model is constructed through an automatic machine learning algo-
rithm, identifying image patterns that appear with statistical regularity in a
large collection of subject images with minimal manual input. Because model
parts are represented by generic image features, the model can be applied in
a wide variety of contexts to describe the anatomical appearance of a pop-
ulation or to determine intersubject registration. Experimentation based on
2-D magnetic resonance (MR) slices of the human brain shows that a PBM
learned from a set of 102 subjects can be robustly fit to 50 new subjects with
accuracy comparable to three human raters. Additionally, it is shown that,
unlike global models, PBM fitting is stable in the presence of unexpected,
local perturbation.

10.1 Introduction

The rapid development of medical imaging devices has led to a proliferation
of medical image data. Where human experts once performed a detailed anal-
ysis of individual images, the sheer volume of data currently being generated
can be better addressed using automated image analysis techniques for routine
applications such as image data storage and querying as well as for intelligent
applications such as registration, classification, and physiological discovery.
The research community has begun responding to this paradigm shift in the
way medical image data are analyzed, spawning new research fields such as
computational anatomy. A major underlying theme of many medical imaging
applications, from intersubject registration to morphometric analysis, is mode-
ling the appearance of the images in question. An appearance model should
be able to effectively represent salient features of the population of interest in
the presence of noise and intersubject variation, robustly identify if and where
these features are present in new subjects, and be efficient to learn from large
image databases with minimal manual intervention.

In this chapter, we describe a general modeling technique that addresses
these issues, first presented by Toews and Arbel [47]. The technique is parts
based, describing image appearance in terms of a set of localized image patches
or parts, each of which is quantified probabilistically in terms of geome-
try, appearance, and occurrence statistics. Model parts are based on invari-
ant image features, localized image patterns that can be reliably extracted
from imagery in the presence of a range of image intensity and geometrical
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deformations. Such features reduce computational requirements by reducing
large data sets into small sets of features that can be automatically and
robustly extracted from images. Furthermore, invariant features represent
image regions that are informative both in terms of image appearance and
geometry and can be used to form a rich description of medical imagery.
Because of the geometrical description and distinctive appearance inherent to
invariant features, the model can be learned automatically from large image
databases with minimal manual supervision.

In Section 10.2, we outline work related to this chapter, including the gen-
eral problem of intersubject medical image registration and the potential for
invariant image feature methods to resolve issues of modeling and computa-
tional efficiency. In Section 10.3, we describe probabilistic parts-based mode-
ling of invariant features, which can be generally applied to describing medical
imagery from large data sets. In Section 10.4, we present the results of a case
study modeling MR brain images of a database of 152 different human sub-
jects. We finish with a discussion in Section 10.5, an outline of future research
directions in Section 10.6, and a conclusion in Section 10.7. Although the PBM
we present is generally applicable in a wide variety of medical imaging contexts
and the underlying theory is independent of image dimension, we provide an
illustrative example using 2-D MR brain imagery throughout the chapter.

10.2 Related Work

To automatically analyze a set of images of different subjects of the same
anatomical structure or population, they must first be aligned within a com-
mon reference frame in order to compare corresponding tissues and structures.
This requires addressing the task of intersubject registration, or determining
correspondence between different subjects of the same population. Despite
decades since the emergence of medical image analysis, intersubject registra-
tion remains an open area of research, due primarily to the phenomenon of
intersubject appearance variability, or the manner in which images of different
subjects vary within a population. Anatomical structure or tissue may exhibit
significant appearance variation from one subject to the next or may simply
not exist in all subjects, in the case of multiple structural morphologies or
pathology, for example. Effectively coping with and quantifying intersubject
variability is of great importance to the medical imaging community because
it lies at the heart of understanding how anatomical structure varies within a
population. In this section, we provide a brief overview of intersubject regis-
tration and describe the relevance of recent local invariant feature methods to
medical image registration.

10.2.1 Difficulty of intersubject registration

In order to quantify variability between subjects in a population, cor-
respondence must first be established between subjects via intersubject
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registration. In general, most registration techniques attempt to determine a
one-to-one mapping from one subject to the next [22,39], driven by a measure
of image similarity. Low-parameter linear registration techniques are simple
and can determine initial coarse alignment between subjects but do not prop-
erly account for intersubject variation on a local scale. Deformable registration
techniques involving the estimation of highly parameterized deformation fields
from one image to the next have been proposed to account for variation on
a local scale. Different deformable registration formulations can generally be
distinguished by the manner in which the deformation field is constrained or
regularized [25]; examples include elastic registration [2], fluid registration [6],
finite element models [21], and thin plate splines [5].

In the case of intersubject registration, however, it is not clear that the
estimated deformation fields represent meaningful correspondence between
underlying tissues [39]. Different regularization approaches will generally
result in different deformation field solutions for a given pair of subjects,
particularly in regions where correspondence is ambiguous, such as areas of
homogenous image intensity. In general, the higher the number of deformation
parameters, the more ways a deformation field can be constructed between
any two subjects to obtain a near-perfect mapping in terms of pixel intensity
error. This could explain the proliferation of novel highly parameterized
registration formulations in the medical imaging literature that report low
error in terms pixel intensity. Recently, quantitative comparison of six
different intersubject registration methods showed no significant difference
between high- and low-parameter registration approaches [25], in which
case the principle of Occam’s razor [17] suggests that the simpler, reduced
parameter model would be more plausible.

In general, these difficulties illustrate the challenge of coping with inter-
subject variability in registration, particularly in the absence of a gold stan-
dard for verification of intersubject registration. Given these difficulties, the
a priori assumption of the existence of a one-to-one mapping between dif-
ferent subjects is often difficult to justify, considering highly variable regions
such as the cortex, the cases of pathology and tissue resection, and similar
issues. We propose that intersubject registration relax the requirement for a
one-to-one mapping and focus instead on identifying distinct patterns of local
image structure that occur with a certain probability within a population.
Correspondence via local invariant image features presented in the following
section offers an efficient means of achieving this goal.

10.2.2 Generic invariant feature correspondence

Effectively determining correspondence between different subjects requires
addressing (a) the situation in which one-to-one correspondence is ambiguous
or nonexistent, as highlighted in the previous section, and (b) the issue of
computational efficiency for processing large data sets. Feature-based corre-
spondence offers a solution to these issues by focusing on matching a set of
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local, informative image regions between images. Because processing is based
on a small set of localized features instead of entire images, correspondence
can be calculated from a fraction of the total image data and can be avoided in
regions where a valid correspondence may not exist. Features used in medical
imaging can be domain specific, designed for identifying particular structures
of interest, such as particular brain folds or sulci [40], or they can be generic,
identifying natural salient patterns in arbitrary imagery. The generic feature
approach we describe has the advantage that it can be applied in a variety of
different imaging contexts.

Automatic, generic feature detection for image correspondence is based
on the notion that a small set of distinct, localizable image patterns can be
reliably extracted and matched from one image to the next. In the computer
vision literature, early approaches to identifying generic features focused on
automatically identifying the image location x of patterns, such as corners
(e.g., the Harris detector based on analysis of image derivatives within a local
window [24]). The development of scale-space theory, however, showed that
the notion on image feature is intimately tied to the resolution or scale σ at
which the images are processed [29]. Scale-invariant features were subsequently
developed to address the issue of image scale, localizing image patterns in
terms of their scale as well as their location [42]. Recent invariant feature
detectors are invariant to linear intensity variation, in addition to geometrical
deformations such as translation, orientation, scale, and affine transformations
[31,35] and have been used in a wide range of contexts (e.g., natural scenes,
faces, cars).

The general invariant feature approach is based on detecting image pat-
terns in a manner such that they can be automatically normalized with respect
to intensity and geometric variation, at which point they can be efficiently
matched between images without requiring an explicit search over deformation
parameters. Invariant feature detection requires a search over the geometrical
parameters of the image transformation under which features are invariant,
which for scale-invariant features are image location x, scale σ, and orien-
tation. Invariant feature detection in RN image space begins by identifying
extrema in an N + 1-dimensional scale-space function G(x, σ) defined over
location x and scale σ:

{xi, σi} = argmax
xi,σi

{|G(x, σ)|} (10.1)

The process of extrema identification can be efficiently implemented by
representing G(x, σ) as a scale-space image pyramid [31]. Once parameters of
feature location xi and scale σi have been extracted, the local orientation θi is
determined from histograms of image derivatives within an image window of
size proportional to σi surrounding location xi, thereby achieving invariance to
orientation changes. Figure 10.1 illustrates scale-invariant features extracted
in a sagittal MR image slice.
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FIGURE 10.1: A subset of scale-invariant features extracted in a sagit-
tal slice of T1-weighted MR brain image. Scale-invariant features, illustrated
as white circles inset by radial lines, are oriented regions characterized geo-
metrically by their location x, orientation θ, and scale σ within an image.
The geometric characterization results from the detection process and the
local image content. The same features can be detected in the presence of
image translation, scale, orientation change, and local intensity change. Fea-
tures here are extracted using the scale-invariant feature transform (SIFT)
method [31]. (From M. Toews and T. Arbel, IEEE Transactions on Medi-
cal Imaging—Special Issue on Computational Neuroanatomy, 26(4):497–508,
2007. With permission.)

A variety of types of invariant features have been proposed in the litera-
ture and can be generally differentiated by the scale-space function G(x, σ)
used, where different functions identify different image characteristics. Often,
G(x, σ) can be thought of as a blurring kernel applied at image location x
with blurring parameter σ. For instance, the scale-invariant feature trans-
form (SIFT) method [31] identifies bloblike image structures as extrema in
a difference-of-Gaussian (DOG) scale-space, where the scale of features iden-
tified is proportional to the standard deviation of the Gaussian kernel, as
illustrated in Figure 10.2. Scale-spaces based on Gaussian spatial derivatives
can be used to identify edgelike image structures [33]. Other scale-spaces used
have been based on image characteristics such as entropy [27], phase [7], or
color moments for multivalued intensities [37]. In general, a variety of invari-
ant feature types can be used simultaneously to provide a rich description of
image content. Examples of different invariant feature types identified in the
same image can be seen in Figure 10.3.

Once invariant feature geometrical parameters have been identified, they
are used to geometrically normalize the image content associated with each
feature to a canonical scale and orientation for the purpose of fast correspon-
dence. Feature-to-feature correspondences are based on a measure of image
similarity, such as the sum of squared differences or mutual information. Raw
image intensities are typically a suboptimal image representation for similar-
ity calculation, however, and most invariant feature methods transform image
content into a more discriminative form. For example, the SIFT method [31]
represents features in terms of image derivative histograms, thereby both
improving the discriminativeness of feature appearance [36] and providing
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(a)
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FIGURE 10.2: Illustrating invariant feature extrema detection based on a
difference-of-Gaussian scale space. In step (a), the original image is first con-
volved with Gaussian kernels of varying scale σ, generating Gaussian blurred
images. In step (b), the image difference is computed between blurred images
of adjacent scales, resulting in difference-of-Gaussian images. Finally, in step
(c), maxima and minima are detected between difference-of-Gaussian images
in adjacent scales, resulting in a set of invariant feature locations and scales
{xi, σi}.

robustness to geometrical deviations arising from the extraction process. In
addition to providing fast, search-free correspondence, geometrical parameters
can be used with robust techniques such as the Hough transform [31] to achieve
occlusion and outlier-resistant correspondence by identifying independent
correspondences that agree on the geometrical transform between images.

Despite their attractive properties, scale-invariant features are not widely
used for intersubject registration, primarily because of intersubject variability,
wherein the variation of features extracted in images of different subjects
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(a)

(c)

(b)

(d)

FIGURE 10.3: Various types of invariant features extracted from the same
volume rendering of the cortex shown in (a). SIFT features [31], shown in
(b), are extracted from a difference-of-Gaussian scale-space and tend to cor-
respond to bloblike features. Scale-invariant Harris features [33], shown in
(c), are based on the Harris edge criteria defined by spatial image derivatives
and tend to indicate edges or corners. Affine-invariant Harris features [33],
shown in (d), are calculated by growing 6-parameter affine regions around
scale-invariant Harris features, and they capture elongated regions. Note how
large-scale features correspond roughly to larger anatomical structures such
as cerebral lobes, while small-scale features arise from smaller structures such
as cortical sulci and gyri.

is generally too significant to reliably determine correspondence. As seen in
Figure 10.3, many features result from ambiguous or subject-specific image
structure and as such are not useful for determining correspondence between
subjects. Although this can be considered a shortcoming of generic feature
correspondence, we argue that it merely reflects the difficulty of intersubject
registration and supports the notion that one-to-one correspondence between
different subjects may not generally exist. The PBM presented in the following
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section is based on statistically quantifying the occurrence frequency, appear-
ance, and geometry of features over a large set of subjects, thereby learning a
set of parts that can be used to determine statistically meaningful correspon-
dence between images of different subjects.

10.3 Probabilistic Appearance Modeling of Invariant
Features

In order to evaluate and quantify intersubject feature correspondence in a
meaningful way, one must first learn which features can be reliably identified in
different subjects of a population, including their appearances, geometries, and
occurrence statistics. In this section, we provide an overview of the issues and
approaches to modeling medical image appearance and describe a probabilistic
PBM derived from invariant image features, which can lead to efficient, robust
appearance modeling from large sets of medical imagery.

10.3.1 Appearance modeling: issues and approaches

Given that exact correspondence between subjects of a population is gener-
ally difficult and ill posed, research has focused on statistical appearance mod-
els to quantify intersubject variability. Statistical models consist of parameters
that can be estimated from a set of data in order to quantify variability in
a meaningful manner. Parameters of image-based models are typically based
on variables of image intensity, image space, and mappings between different
images. Because images consist of a large number of data samples (intensi-
ties), directly modeling all samples and their interdependencies is generally
intractable. Statistical modeling must thus resort to simplifying assumptions
regarding parameters and their dependencies, which can be broadly classified
according to the image scale at which modeling takes place (i.e., global vs.
local models).

Global models refer to those considering the entire spatial extent of the
image simultaneously [12,41]. Variation in global models is typically quantified
via a linear Gaussian model, consisting of additive “modes” of covariance
about a mean. Because all image data are related linearly, the modeling
assumption is one of statistical dependence between spatially separated image
regions, and the simplification arises from the fact that the majority of data
variance can be accounted for by a small number of principal components
[50]. Global models can be applied in a variety of ways, such as over com-
bined intensity and shape [12] and over deformation fields between subjects
[41]. Local models refer to those that consider variation on a spatially local-
ized scale, typically once images have been brought into alignment, such as
morphometry methods [1]. The modeling assumption is that once aligned
within a common reference frame, spatially separated image regions can be
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treated as statistically independent, and model simplification arises from the
fact that only local interdependencies are modeled. Other models, such as
Markov models [38], can be considered a hybrid of global and local characteris-
tics, where modeling is based on spatially local interactions that can propagate
globally.

A major difficulty in attempting to statistically quantify intersubject
variability is that models based either implicitly or explicitly on the assump-
tion of one-to-one correspondence tend to break down when the assumption
is invalid. Global models assuming statistical dependency between spatially
distinct regions are generally unable to properly account for deformation on
a local scale. While this may be less important when considering the shape
of simple isolated structures such as the hypothalamus [38], it is problematic
when modeling images as a whole where localized variations are commonplace.
While local models are able to account for spatially localized phenomena, they
are prone to confounding observations of different underlying structure when
the assumption of one-to-one correspondence is invalid and are susceptible to
error introduced by the method used to obtain alignment, such as bias [26]. To
minimize these problems, modeling is often based on subjects free of abnor-
mality [22,49]. It has been observed, however, that even subjects classified as
clinically “normal” can vary significantly [41], for example, in cortical folding
patterns of the human brain.

An alternative to global modeling or local models assuming the existence
of one-to-one correspondence between all subjects is parts-based modeling.
Parts-based modeling generally advocates representing a complex image pat-
tern, such as a brain image, in terms of a collection of simpler, independently
observable parts [4]. A practical PBM requires a reliable automated means of
identifying or detecting model parts in images. A growing body of research in
the computer vision community has begun addressing parts-based appearance
modeling of general object classes from invariant features, using probability
and machine learning theory [15,19,46]. Such modeling has proven to be effi-
cient for learning from large, noisy data sets of natural imagery and robust
to complicating factors such as occlusion missing features, although it is only
beginning to emerge in the medical imaging field [47,48]. A common probabil-
istic framework is to consider the conditional posterior probability of an object
class of interest o (i.e., a brain in MR imagery) given a set of feature data
{mi}, which can be expressed as follows:

p(o|{mi}) ∝ p(o)p({mi}|o) (10.2)

where the proportionality in Equation 10.2 results from Bayes rule, p(o) rep-
resents a prior term over the object of interest, and modeling generally focuses
on suitably defining the likelihood term p({mi}|o), based on variables of fea-
ture appearance and geometry. While most approaches assume conditional
independence between individual feature appearances, they typically differ in
the independence assumptions made regarding feature geometries. Indepen-
dence assumptions include full independence [15,44], naive Bayes dependence
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(a) (b) (c) (d)

FIGURE 10.4: A graphical illustration of independence assumptions
regarding feature geometries. Nodes represent individual feature geome-
tries, and arcs represent statistical dependence. The representational com-
plexity varies from independent models (a) having no interdependencies to
fully dependent models (d) having O(N2) feature-to-feature dependencies. In
between are naive Bayes models (b) and Markov models (c).

in which features are conditionally independent given a single parent fea-
ture [20,46], Markov dependence in which features are dependent only on
those within a neighborhood [8], fully dependent models in which all fea-
tures are dependent [19,52], and intermediate approaches [14]. These indepen-
dence assumptions can be visualized graphically in Figure 10.4. While fully
independent models are computationally simple, they cannot be used to model
a set of features with a consistent global geometrical structure because individ-
ual feature geometries are unconstrained. Fully dependent models considering
all feature interdependencies are computationally complex and infeasible for
rich models consisting of a large number of features. Naive Bayes and Markov
models both offer reduced computational complexity, while maintaining the
notion of geometrical interdependence.

10.3.2 A parts-based appearance model

In this section, we describe a PBM suitable for learning descriptions of
general medical imagery, first published in [47,48]. The model makes the min-
imal naive Bayes assumption of interfeature geometrical dependence and can
thus be learned efficiently from large sets of data. Additionally, the model
is well suited to describing the complex nature of anatomy, including cases
where one-to-one correspondence is ambiguous or nonexistent, as missing fea-
tures and multiple distinct modes of appearance are explicitly represented. As
mentioned, we carry through an example of modeling brain imagery from 2-D
magnetic resonance slices for illustration.

The PBM consists of a set of parts {mi} modeled with respect to a com-
mon reference frame o. By reference frame, we mean a geometrical structure
with respect to which the geometric variability of mi can be normalized and
quantified. Although the particular reference frame used is application specific
and can be chosen in a variety of ways, a well-known example in the context
of MR brain imagery is the midplane line defining the Talairach stereotaxic
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FIGURE 10.5: Illustrating model parts and a reference frame in a sagittal
slice of a T1-weighted MR brain image. In the left image, reference frame o
is illustrated as a white arrow and represents the projection of the Talairach
AC–PC line onto the slice. Reference frame and model part geometry og and
mg

i are related via an invertible linear transform ti : mg
i →og, as illustrated by

the diagram on the right, and thus a single observed part is sufficient to infer
the reference frame geometry. (From M. Toews and T. Arbel, IEEE Trans-
actions on Medical Imaging—Special Issue on Computational Neuroanatomy,
26(4):497–508, 2007. With permission.)

space [45], which passes from the superior aspect of the anterior commissure
(AC) to the inferior aspect of the posterior commissure (PC), as illustrated
in Figure 10.5. The significance of the reference frame to statistical modeling
is that different parts mi and mj can be considered as conditionally indepen-
dent given o (i.e., the naive Bayes assumption). Specifically, knowing o, parts
mi can be automatically normalized with respect to reference frame scale,
rotation and translation, at which point their appearance and remaining geo-
metrical variation can be statistically quantified locally. This is tied closely to
the Bookstein definition of shape as the geometric variability remaining in a
pattern once global scale, rotation and translation are removed [16].

A model part is denoted as mi : {mb
i , m

g
i , m

a
i } representing the occurrence,

geometry, and appearance, respectively, of a scale-invariant feature within an
image. Part occurrence mb

i is a binary random variable representing the proba-
bility of part presence (or absence) in an image. Part geometry mg

i : {xi, θi, σi}
is an oriented region in RN image space, represented by N -parameter location
xi, an N(N − 1)/2 parameter orientation θi, and a scale σi. Part appearance
ma

i describes the image content at region mg
i and can generally be parame-

terized in a number of ways, such as by using principal components [50].
The reference frame is denoted as o : {ob, og} representing the occurrence

and geometry of a common structure with respect to which the geometric
variability of parts can be quantified. Note that o is identical to a model
part with the exception of the appearance component. This is because o can-
not be observed directly but must be inferred via model parts mi. Reference
frame occurrence ob is a binary random variable indicating the presence or
absence of the reference frame, the significance of which will be made clear in
the discussion of model learning and fitting. Reference frame geometry og is
parameterized in the same manner as model part geometry mg, implying that
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a single observed part mi is sufficient to infer og in a new image via a learned
linear relationship. In the following section, we describe the formulation of the
probabilistic model underpinning quantification of part appearance, geometry,
and occurrence frequency.

10.3.3 Probabilistic model formulation

The model consists of a set of M parts {mi}, which when observed in a
new image can be used to infer the reference frame o. Assuming that parts
mi are conditionally independent given o, the posterior probability of o given
{mi} can be expressed using Bayes rule as

p(o|{mi}) =
p(o)p({mi}|o)

p({mi})
=

p(o)
∏M

i p(mi|o)
p({mi})

(10.3)

where p(o) is a prior over reference frame geometry and occurrence and p(mi|o)
is the likelihood of part mi given o. The assumption of conditional indepen-
dence of localized parts generally states that knowing reference frame o, all
remaining part variation mi can be described locally. This assumption rep-
resents a significant departure from global modeling approaches, such as the
multivariate Gaussian based on principal components, where all image inten-
sities are correlated and statistically dependent. Such global models cannot
account for deformation on a local scale, however, where the appearance of
one part of the image violates the learned linear model with respect to other
parts of the image. We demonstrate this later in experimentation.

Our model focuses principally on the likelihood term p (mi|o), which can
be expressed as

p(mi|o) = p(ma
i , mb

i |o)p(mg
i |o)

= p(ma
i |mb

i )p(mb
i |ob)p(mg

i |ob, og) (10.4)

under the assumptions that ma
i and mb

i are statistically independent of mg
i

given o, and that ma
i and o are statistically independent given mb

i . The first
of these assumptions generally states that knowing o, the appearance and
occurrence of a part offer no further information regarding part geometry. The
second assumption generally states that given knowledge of part occurrence,
knowing o offers no additional information regarding part appearance. We
describe the three terms of Equation 10.4 below.

10.3.3.1 Appearance likelihood p(ma
i |mb

i )

Appearance likelihood p(ma
i |mb

i ) represents the appearance of a part after
geometry normalization, and can generally be modeled as a multivariate Gaus-
sian distribution in an appearance space with mean and covariance parameters
μa

i ,
∑a

i . There are two distributions that must be estimated, corresponding to
the cases mb=1

i and mb=0
i . In the latter case, we take p(ma

i |mb
i ) to be constant

or uniform. We discuss the specific appearance space used in Section 10.4.1.
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TABLE 10.1: Occurrence probability p(mb
i |ob).

ob mb
i Interpretation

π0
i 0 0 Not applicable

π1
i 0 1 False part occurrence

π2
i 1 0 Occluded part

π3
i 1 1 True part occurrence

Source: M. Toews and T. Arbel, IEEE Transactions on Medical Imaging—Special Issue on
Computational Neuroanatomy, 26(4):497–508, 2007. With permission.

10.3.3.2 Occurrence probability p(mb
i |ob)

Occurrence probability p(mb
i |ob) represents part occurrence given reference

frame occurrence, and is modeled as a discrete multinomial distribution with
event count parameters πi = {π0

i , . . . , π3
i } for the four possible combinations

of binary events. Table 10.1 lists the events and their interpretations. Event π0
i

is not of interest, as neither the part nor the reference frame are present. Event
π1

i represents the case where part mi is observed in the absence of reference
frame o; this can be viewed as a false part occurrence. Event π2

i represents
the case where reference frame o is present but part mi is absent; this is the
case where the part is occluded or unobservable due to intersubject variability.
Finally, event π3

i represents the case that both part mi and reference frame o
are present.

An aspect of the occurrence probability bearing mention at this point is
the likelihood ratio of true versus false part occurrences:

p
(
mb=1

i

∣∣ob=1
)

p
(
mb=1

i |ob=0
) =

π3
i

π1
i

(10.5)

We refer to this ratio as the distinctiveness of a part within this chapter, as
it provides a measure of how reliably a part can be identified in the presence
of noise and false matches [15]. The distinctiveness plays an important role
both in automatic model learning and in model fitting, described later.

10.3.3.3 Geometrical likelihood p(mg
i |ob,og)

Geometrical likelihood p(mg
i |ob, og) models the residual error of a linear

transform from part to reference frame geometry ti : mg
i → og, and it is rep-

resented as a Gaussian distribution with mean and covariance parameters
μg

i ,
∑g

i . As with the appearance likelihood, there are two distributions cor-
responding to cases ob=1 and ob=0. In the latter case, og and thus mg

i → og

are undefined, and we treat the geometrical likelihood as uniform or constant.
In order to characterize geometrical error in a scale-invariant manner, the
scale dimension is transformed logarithmically, and translation magnitude is
normalized by reference frame scale.
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10.3.4 Model learning

Learning involves automatically identifying a set of informative model
parts {mi} and estimating the parameters of their appearance, geometry, and
occurrence frequency distributions based on a set of subject images. Learning
begins by labeling a reference frame og and automatically extracting features
{ma

i , mg
i } in each training image. For the purpose of the brain modeling exam-

ple in this chapter, we adopt the AC–PC line defining the Talairach stereo-
tactic reference frame as og, as illustrated in Figure 10.5. Other definitions
could be used depending on the image context, the sole constraint being that
the reference frame represent a stable scale-invariant structure shared by all
subjects being modeled. Labeling can be done manually by defining a single
line segment corresponding to og in each subject image or in an approximate
manner via linear registration of MR volumes into the same stereotactic space.
We adopt the latter approach, using MR volumes preregistered into the MNI
stereotactic space [10].

Parameter estimation is based on a set of data vectors of the form
{ma

i , mg
i , o

g
i }, where oi signifies the reference frame instance associated with

feature mi. A model part corresponds to a cluster of data vectors that are
similar in geometry and appearance, and parameter estimation requires iden-
tifying these clusters. A variety of clustering techniques could be used for
this purpose, but as the data vector space contains a large, unknown number
of clusters or modes, approaches such as EM (expectation-maximization) or
k-means are ineffective [17] because they require prior knowledge of the num-
ber of parts present and tend to either group vectors arising from different
clusters or separate vectors arising from the same cluster. We thus adopt a
different approach, identifying all isolated clusters in a robust manner similar
to the mean shift technique [11]. We do this by treating each feature mi as a
potential cluster center or model part, grouping features into a reduced set of
parts, and finally estimating part statistics.

Treating each extracted feature mi as a potential model part, feature
grouping proceeds as follows. The first step is to generate a set Gi of data
vectors mj similar in geometry to mi, such that the error in predicting the
reference frame geometry is less than an empirically determined threshold
Thresg:

Gi = {∀ mj : |ti(mg
j ) − og

j | < Thresg} (10.6)

Recall that ti : mg
i → og

i is a linear transform between feature and ref-
erence frame geometries. ti(m

g
j ) thus represents the geometry of reference

frame og
j as predicted by mg

i , og
i , and mg

j . Thresg = {Tx, Tθ, Tσ} represents
a scale-invariant threshold on the maximum acceptable error permitted in
the location, orientation, and scale of the predicted reference frame geometry.
Because Thresg is not related to features themselves but to their ability to
predict the reference frame geometry, a single threshold is applicable to all
features. We adopt a threshold of Tx = σ

2 voxels (where σ is the scale of og
j ),



306 Medical Imaging Techniques and Applications

mi
g mj

g
ti(mj g)

ojoi

FIGURE 10.6: Illustrating feature geometrical similarity. Here, feature
geometries mg

i and mg
j differ slightly relative to their respective reference

frames og
i and og

j . Features mi and mj are said to be geometrically similar
if reference frame og

j and its geometry ti
(
mg

j

)
(dashed arrow) as predicted

by mg
i , og

i , and mg
j differ by less than a threshold Thresg = {Tx, Tθ, Tσ} in

location, orientation, and scale.

Tθ = 15 degrees, and Tσ = log(1.5) (a scaling factor range of 0.66 to 1.5 times).
A graphical illustration of geometrical similarity can be seen in Figure 10.6.

The next step is to generate a set Ai of data vectors mj similar in appear-
ance to mi, such that the difference between feature appearances ma

i and ma
j

is less than a threshold Thresa
i :

Ai =
{∀mj : dist

(
ma

i , ma
j

)
< Thresa

i

}
(10.7)

where Thresa
i represents a threshold on a function of distance or difference

dist() between ma
i and ma

j . The particular distance function used can vary
depending on the appearance representation used and assumptions regard-
ing the data—for example, Mahalanobis distance [17] or mutual information
[51]. Here, Thresa

i is automatically set to maximize the ratio of features that
are similar in appearance and geometry versus features that are similar in
appearance but not in geometry:

Thresa
i = argmax

Thresa
i

{ |Gi ∩ Ai|
|Ḡi ∩ Ai|

}
(10.8)

Note that the ratio in Equation 10.8 is equivalent to the distinctiveness in
Equation 10.5, and Thresa

i is thus determined to maximize the likelihood of
a correct match versus an incorrect match.

Once Gi and Ai have been determined for each feature mi, the set of fea-
tures can be reduced into a small number of representative model parts. There
are several mechanisms by which this is possible. Features with arbitrarily
low distinctiveness can be removed [46], as they are uninformative. Features
with high mutual information with other features can also be removed [3,46],
as they are redundant. We generate a set R of features mj to remove, where
mj are similar to, but occur less frequently than, some other feature mi:

R = {∀ mj : mj ∈ Gi ∩ Ai, |Gj ∩ Aj | < |Gi ∩ Ai|} (10.9)

This approach has the effect of discarding redundant features while main-
taining those that are most representative as determined by their occurrence
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frequency. Feature removal generally reduces the entire feature set by an order
of magnitude into a set of model parts. Estimation of part parameters then
proceeds as follows. Events ob and mb

i are determined by membership in sets
Gi and Ai, respectively, allowing the estimation of event count parameters πi.
Geometry and appearance parameters {μg

i ,
∑g

i } and {μa
i ,
∑a

i } are determined
from the geometries and appearances of features in set Gi ∩ Ai.

It is important to note that this learning process is effective at determining
a set of distinct model parts useful for the task of model-to-subject registra-
tion, as the ratio of correct to incorrect matches is maximized. Model parts
do not necessarily correspond one-to-one with anatomical structures. Features
resulting from a single anatomical structure or region, for instance, generally
exhibit several stable modes of geometry and appearance due to the interac-
tion of anatomical variability and the particular feature detector used. In such
cases, model learning generally represents each mode as a different model part.
This is illustrated in Figure 10.7, where the corpus callosum splenium results in

Model part A

Model part B

FIGURE 10.7: Illustrating instances of two different model parts, labeled
A and B, arising from the same anatomical structure. In general, the same
underlying anatomical structure can give rise to multiple model parts in the
learning process, due to the interaction between the feature detector used
and the image characteristics of the anatomical structure. Here, the corpus
callosum splenium results in features with two significant orientation modes,
which are grouped into two distinct model parts by the learning process.
(From M. Toews and T. Arbel, IEEE Transactions on Medical Imaging—
Special Issue on Computational Neuroanatomy, 26(4):497–508, 2007. With
permission.)
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two different parts with distinct modes of orientation. Relaxing the threshold
Thresg on the permitted geometrical error results in fewer parts, each capable
of describing a wider range of variability of the underlying image content, at
the cost of decreased part distinctiveness. For the purpose of clarity, we pro-
vide a high-level summary of the model learning process in Algorithm 10.1.

Algorithm 10.1 Model learning.

1: Label references frame geometries og in training images.
2: Extract invariant features {mi} in training images for each feature mi do.
3: Identify a set of features Gi similar to mi in geometry.
4: Identify a set of features Ai similar to mi in appearance.
5: Discard redundant features.
6: Estimate distribution parameters.

10.3.5 Model fitting

Once the model has been learned, it can be fit to a new image by inferring
the geometry of the reference frame o based on features extracted in the
new image. Unlike other registration or fitting techniques based on iterative
algorithms, which tend to go away when started outside a “capture range”
of the optimal solution, the PBM can be fit globally in a robust manner.
Fitting begins by first matching features extracted in the new image to the
learned model parts. An image feature m is considered to match a model
part mi if dist(ma

i , ma) < Thresa
i , as in Equation 10.7. While the reference

frame geometry is initially unknown, each matching image feature/model part
fixes ma

i and mg
i as evidence in the likelihood in Equation 10.4 and infers

a hypothesis as to the reference frame geometry og in the new image via
the learned linear relationship. Dense clusters of similar hypotheses indicate
the presence of a reference frame instance, and their corresponding features
indicate model-to-subject matches. We are interested in evaluating whether
a hypothesis cluster is the result of a true model instance or a random noisy
match, that is, o = {og, ob=1} or o = {og, ob=0}. These two hypotheses can be
compared via a Bayes decision ratio:

γ (o) =
p(o|{mi})
p( ō|{mi})

=
p(o)
p(o)

M∏
i=1

p (mi|o )
p (mi|o )

(10.10)

where high γ(o) indicates the presence of a model, and p(o)
p(o) is a constant

representing the expected ratio of true-to-false model instances. Note that the
value of γ(o) is in large part determined by the part distinctiveness defined in
Equation 10.5, as highly distinctive parts will carry greater weight in deter-
mining the model fit. Figure 10.8 illustrates the processing of fitting the model
to a new image. Note that due to the nature of invariant features, the model
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Learned model New image

FIGURE 10.8: Illustrating fitting of the parts-based model to a new image
based on sagittal slices of MR brain imagery. Fitting begins by matching
features in a learned model (left) to those extracted in a new image (right).
Each model-to-image correspondence infers a hypothesis as to the reference
frame og in the new image (dashed white arrows). Clusters of geometrically
similar hypotheses indicate the presence of a valid reference frame instance.
Note that the new image has been rotated and magnified to illustrate the
invariance of model fitting to location, orientation, and scale changes.

can be automatically fit in the presence of global image translation, orienta-
tion, and scale changes, in addition to intersubject variability. For the purpose
of clarity, we provide a high-level summary of the model fitting process in
Algorithm 10.2.

Algorithm 10.2 Model fitting.
1: Extract invariant features m in new image.
2: Match image features to model parts mi; determine reference frame

hypotheses og.
3: Cluster reference frame hypotheses.
4: Evaluate the Bayes decision ratio of hypothesis clusters.

10.4 Case Study: MR Brain Image Modeling

The PBM technique we introduced in the previous section can be applied
to a wide variety of medical imaging contents, in general, any population that
can be described in terms of a collection of distinct, spatially localized anatom-
ical parts. Here, we outline the results of a study modeling the appearance of
2-D sagittal slices of MR brain images of 152 different subjects from the Inter-
national Consortium on Brain Modeling (ICBM) 152 data set [32], originally
published by Toews and Arbel [47].



310 Medical Imaging Techniques and Applications

10.4.1 Learning brain image appearance

For the purpose of experimentation, we learn a PBM from 102 sagittal
slices of the ICBM 152 data set using the fully automatic procedure described
in Section 10.3.4. As mentioned in Section 10.2.2, a variety of techniques can
be used to identify scale-invariant features from a number of image characteri-
stics. For the purpose of this study, we use the SIFT technique [31]. The SIFT
feature detector and appearance representation have been shown to perform
well in comparisons with other approaches in terms of detection repeatabil-
ity [43] and appearance distinctiveness [36] and are currently widely used in
the computer vision literature. Briefly, SIFT features are extracted as max-
ima/minima in a DOG scale-space image pyramid. The pyramid location at
which features are extracted determines the location and scale components
xi and σi of the feature geometry mg

i . The orientation component θi is then
determined from peaks in an orientation histogram generated from local image
derivatives. Features extracted in the DOG scale-space tend to correspond to
bloblike image structures. The SIFT appearance representation ma

i is a 128-
value vector corresponding to bins of a histogram of image first derivatives
quantized into 8 × 4 × 4 = 128 bins over orientation and 2-D spatial location,
respectively. The distance function dist() used is the Euclidean distance of
normalized appearance vectors, which is directly related to the normalized
cross-correlation measure and to the Mahalanobis distance in a feature space
of independent and identically distributed features [17].

The result of learning is a set of spatially localized parts, including their
occurrence frequency, geometrical variability, and appearance variability, a
natural and intuitive representation for describing anatomical variability.
Figure 10.9 illustrates a graph of the likelihood of model part occurrence in
the population, that is, p(mb=1

i |ob=1), sorted in order of descending likelihood.
Note that a small number of model parts occur in a relatively high percentage
of subjects, indicating structure that is stable and repeatably identifiable in
many members of the population. Conversely, a relatively large number of
model parts are related to subject-specific characteristics or noise, occurring
in only a small number of subjects. Such parts are of limited use in describ-
ing the anatomy of the population and may be disregarded. Note that, in
general, no model parts are detected in all 102 subject brains. This is not to
say that common anatomical structures such as the pons or corpus callosum
are not present in all brains but that scale-invariant features arising from such
structures tend to cluster into several distinct modes of appearance and geom-
etry and are identified as distinct model parts, as illustrated in Figure 10.7.
This is a characteristic of our learning approach, which seeks a set of maxi-
mally distinctive image patterns that arise from regularity in underlying brain
anatomy for the task of intersubject registration.

An efficient SIFT implementation is publicly available [30]. Model parts
can be potentially useful in a number of ways. In the following sections, we
demonstrate that model parts serve as a basis for robust, stable model-to-
subject registration and that a subset of common parts can be used to quantify
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FIGURE 10.9: A graph of learned model parts sorted by descending occur-
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)
. Features (white circles) overlaying the

image illustrate instances of parts that occur at the indicated frequency within
the population. Note that part occurrence drops off sharply, indicating that a
relatively small number of model parts are common to all brains, whereas a
large number are specific to a small number of brains.

model fitting accuracy. Model part statistics can be used in order to interpret
the result of model fitting in a meaningful, quantitative manner. For exam-
ple, the distinctiveness in Equation 10.5 represents the certainty with which
a model part can be identified in a new image, and the geometrical likeli-
hood in Section 10.3.3.3 represents the variability that can be expected in
localizing a model part in space, orientation, and scale. For the purpose of
anatomical study, model parts could be grouped and assigned semantic labels
according to their underlying anatomical structures and tissues, after which
point model-to-subject registration could be used to propagate these labels in
an automatic, robust manner to hundreds of new subjects. It is possible that
distributions of part appearance and geometry could serve as useful indicators
of disease or abnormality. For example, the geometry of features lying on the
corpus callosum could potentially serve as robust indicators of schizophrenia,
as in the work of Toga and colleagues [49]. Part geometry and occurrence
variables could potentially be used to improve morphometric analysis [1] by
improving intersubject alignment and indicating where intersubject alignment
may not be valid. Although many of these possibilities fall outside the scope
of this chapter, they represent future directions of application for parts-based
modeling.

10.4.2 Model-to-subject registration

The goal of model-to-subject registration is to determine how a new subject
relates to its population. The PBM does this by identifying the features in
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the subject image that are representative of the population, as determined
through learning. In this section, we describe model-to-subject registration
trials in which the model learned from 102 subjects described in Section 10.4.1
is automatically fitted to the remaining 50 new test subjects not used in
learning, via the algorithm described in Section 10.3.5. No gold standard exists
for evaluating the ground truth accuracy of intersubject registration [39], and
we thus compare the automatic part registration with respect to manual part
registration, as established by three different human raters. Since there are
many model parts, none of which is generally identified in all subjects, we
focus on a set of 25 test parts that occur frequently and throughout the brain
during model learning. Fitting trials identify a subset of these 25 parts in each
test subject, which serves as the basis for fitting evaluation. The number of
test parts identified per subject image is 10 on average and ranges from 4
to 16. The number of instances of each test part identified over all 50 trials
is 20 on average and ranges from 4 to 47. In total, 516 part instances are
considered. Figure 10.10 illustrates a set of four test subject images, which
together contain at least one instance of each test model part.

Since model parts are defined via a fully automatic learning procedure
and may not necessarily match obvious anatomical structures, human raters
themselves must first be taught the appearances and geometries of the parts
before attempting to localize them in new images. This is done by showing the
raters images of model part instances identified in different subjects during the
model learning process. Specifically, 10 images such as those in Figure 10.7 of
a single model part are shown in a looping video sequence. The rater is asked
to watch the videos and then determine the model part locations in all test
subject images within which the part was identified during model fitting. Note
that model parts contain a much richer description than simple spatial loca-
tion, including orientation and scale information in addition to a measure of
distinctiveness. These aspects could also be established and verified by human
raters; however, to do so is difficult and labor intensive, and we thus restrict
our evaluation to part location in this study. As a measure of fitting quality, we
calculate the target registration error (TRE) [23] for each part, between loca-
tions identified by the model and human raters (model-to-rater) and between
raters (interrater). The TRE generally measures the discrepancy between dif-
ferent locations of a target identified by different methods in an image.

The TRE for each test model part averaged over all 50 test images is
illustrated in Figure 10.10. Overall, the interrater and model-to-rater TREs
are similar, indicating that individual model parts can be automatically fit
with similar accuracy to human raters on a part-by-part basis. Localization is
more precise for certain parts than for others, for both interrater and model-
to-rater cases. This is primarily due to part scale, as large-scale parts such
as those arising from cerebral lobes are intrinsically more difficult to localize
with precision than are small-scale features. For part W, the interrater TRE
is somewhat lower than the model-to-rater TRE, indicating some disagree-
ment between human raters and automatic model fitting for this particular
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FIGURE 10.10: The interrater and model-to-rater TRE for 25 test model
parts, averaged over 50 test subject images and sorted in order of ascending
model-to-rater TRE. The height of the bars represents the mean TRE, and
error bars indicate the minimum and maximum TRE. The four images below
illustrate instances of the indicated test parts. Agreement between interrater
and model-to-rater TRE indicates that individual model parts can be auto-
matically localized with similar precision to human raters, validating model
fitting on a part-by-part basis. The TRE varies from one part to the next,
primarily due to the scale of the part in question, where the larger the part
scale, the greater the error associated with its localization. (From M. Toews
and T. Arbel, IEEE Transactions on Medical Imaging—Special Issue on Com-
putational Neuroanatomy, 26(4):497–508, 2007. With permission.)

model part. Subsequent investigation revealed that model part W had a rela-
tively high intrinsic geometrical variability, as reflected in term p(mg

i |ob, og),
whereas human raters tended to agree as to where they felt the part should
occur. Note that model-to-rater agreement could be forced by tightening
the geometrical consistency constraint in model learning, as mentioned in
Section 10.3.4, but as is, the high geometrical uncertainty has already been
quantified by p(mg

i |ob, og) and accounted for in model fitting.
It is also of interest to know the error with which the model can be regis-

tered to individual test images. The TRE for each of the 50 test images
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averaged over identified test model parts is illustrated in Figure 10.11. Here,
agreement between interrater and model-to-rater TRE indicates that auto-
matic model fitting is similar in accuracy to human raters on a per-image
basis. The average interrater and model-to-rater TREs over all images are
similar: 2.3 and 2.4 voxels, respectively. The two images in Figure 10.11 illus-
trate two test subjects for which the TRE is somewhat higher than average for
both interrater and model-to-rater cases, indicating increased fitting difficulty
for both man and machine. On the left, the higher TRE occurs because the
feature detector has fused model parts X and Y into a single region with two
dominant orientations. On the right, model part W has been mismatched to
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FIGURE 10.11: The interrater and model-to-rater TRE for each test sub-
ject image averaged over identified test model parts. The height of the bars
represents the mean TRE, and error bars indicate the minimum and maxi-
mum TRE. General agreement between interrater and model-to-rater TRE
indicates that the model can be automatically fit with similar precision to
human raters, validating PBM fitting on an image-by-image basis. The images
below illustrate two test subjects for which the TRE is noticeably higher than
average for both interrater and model-to-rater cases. On the left, the higher
TRE occurs because the feature detector has fused parts X and Y into a single
region with two dominant orientations. On the right, the part W has been mis-
matched to a similar-looking yet incorrect feature, in the absence of a feature
detected at its correct location just beneath the cerebellum. Note that part
W is known to have relatively high intrinsic geometrical uncertainty, as quan-
tified by model term p(mg

i |ob, og), although this uncertainty is not accounted
for by the average TRE measure. (From M. Toews and T. Arbel, IEEE Trans-
actions on Medical Imaging—Special Issue on Computational Neuroanatomy,
26(4):497–508, 2007. With permission.)
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a similar-looking yet incorrect feature in the absence of a feature detected at
the correct location just beneath the cerebellum. As previously mentioned,
the high geometrical uncertainty associated with part W is quantified in term
p(mg

i |ob, og), and its influence on fitting accuracy is already discounted by
the model. The TRE measure in Figure 10.11 does not reflect this uncer-
tainty, however, because the errors of all identified model parts are weighted
equally.

10.4.3 Parts-based modeling versus global modeling

In this section, we compare parts-based modeling to the global model-
ing approach common in the literature. The PBM describes a set of brain
images as a collection of spatially localized, conditionally independent parts.
In contrast, global models such as the active appearance model (AAM) [12]
assume one-to-one correspondence between all subject images and repre-
sent the population terms of global modes of covariance about a mean, in
which spatially distinct regions are coupled in linear relationship and are thus
statistically dependent. Forcing such a global model to fit in locations where
correspondence is invalid can adversely affect the entire fit, including loca-
tions where valid correspondence exists. We hypothesize that the PBM fitting
is therefore more robust than the AAM to unexpected intersubject variability
on a local scale because the PBM specifically accounts for such variability
and avoids forcing the assumption of one-to-one correspondence in locations
where it is invalid. To test this hypothesis, we compare AAM and PBM fitting,
where an AAM and a PBM are trained on the same set of 102 subjects and
fit to the same independent test set of 50 subjects.

The AAM and the PBM differ significantly in both training and fitting.
AAM training requires manually determining a set of point correspondences
in all 102 training images, after which a linear Gaussian model over image
intensity and point location is estimated. Establishing manual point corre-
spondence is tedious, requires a human to decide which and how many points
to use, and is subject to interrater variability. PBM learning is fully automatic
and requires no manual intervention, as features are determined by an auto-
matic detector. AAM fitting is an iterative process, starting from an initial
guess and occasionally falling into suboptimal local maxima when outside of
a particular capture range. During experimentation, we performed multiple
restarts in order to obtain the best possible AAM fitting solutions. In con-
trast, the PBM fitting produces a robust, globally optimal solution, even in
the presence of image translation, rotation, and scale change.

Directly comparing AAM and PBM fitting to new subjects is difficult for
several reasons. First, the fitting solution output of the two approaches is
fundamentally different: the AAM produces a smooth mapping from model to
subject, whereas the PBM identifies the presence and local geometries of a dis-
crete set of modeled parts. Second, there is no gold standard for evaluating the
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ground-truth accuracy of intersubject registration [39]. Third, little guidance
exists in selecting a set of manual AAM landmarks leading to an optimal
model. We thus compare the two models in terms of their stability in the
presence of artificial perturbation. To this end, we perform two different sets
of fitting trials: the first is based on 50 normal test subjects. The second is
based on the same subjects with the addition of a localized, artificial intensity
perturbation. Model fitting stability can then be evaluated in terms of the
per-image TRE averaged over all model locations identified before and after
perturbation. For the PBM, locations are based on identified test part loca-
tions, as described in the previous section, and for the AAM, locations are
based on the landmarks defining the model.

The first step in comparing the two models is to establish a baseline in
terms of AAM model fitting accuracy. To do this, we construct an AAM based
on the set of 102 training subject images, which we then fit automatically to
the remaining 50 test subjects. The AAM is defined by six manually chosen
landmark points, as illustrated in Figure 10.12. The results of automatic AAM
fitting trials are compared to manually labeled solutions established by a single
human rater in terms of the TRE, and illustrated in Figure 10.12. Note that
in 2 of 50 trials, the TRE is exceptionally high, indicating that the AAM has
converged to suboptimal, incorrect solutions. We determine an average TRE
threshold of 10 voxels as our definition of a successful/unsuccessful model
fitting trial and exclude all subjects for which the TRE of model fitting is
greater than this threshold. Note that as illustrated in Figure 10.11, all PBM
fitting trials are successful by this definition. The average per-image TRE for
successful fitting trials before perturbation is 2.3 voxels for the PBM and 3.8
voxels for the AAM fitting trials. The AAM implementation used is publicly
available [13].

Having established that both the AAM and the PBM can be successfully
fit to a set of 48 subjects, where a successful fit is defined by an average TRE
of less than 10 voxels, we can evaluate the stability of fitting in the presence of
perturbation. Given that an accurate, stable solution was obtained in fitting
to the 48 normal test subjects, how does this solution vary when a localized
artificial perturbation is introduced in each of the test subjects? The perturba-
tion we consider consists of a single black circle inserted at random locations
in each test subject image, thereby modifying the image appearance locally
in a manner reminiscent of a tumor or a resection. The circle is of radius 16
voxels, occupying approximately 2% of the slice of size 217 × 181 voxels. The
image intensity at the circle center is 0, with a border blended smoothly into
the original image in order to simulate a more natural image boundary. Intui-
tively, since the perturbation has only affected the image intensity in a local
image region, the fitting solution should not change except perhaps in a neigh-
borhood surrounding the perturbed area. As a measure of model fitting stabil-
ity, we consider the per-image TRE between fitting solutions obtained before
and after the perturbation, which we refer to as the original-to-perturbed
TRE.
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FIGURE 10.12: The model-to-rater TRE of AAM fitting for 50 test sub-
ject images, averaged over all landmark locations identified in each image. As
illustrated in the lower left image, the AAM created for the purpose of experi-
mentation is defined by six manually selected points, three lying on distinct
subcortical structures and three on cortical extremities. The modeled image
content lies within the convex hull of the six points and includes both cortical
and subcortical structure. The TRE is calculated from the six landmark point
locations determined both via automatic AAM fitting and manual identifica-
tion by a single human rater, and the height of the bars represents the average
TRE of all six points. Note that in 2 of the 50 subjects, the model incorrectly
converges to suboptimal incorrect solutions with extraordinarily high TRE.
The lower left and right images illustrate examples of successful and unsuccess-
ful AAM fitting trials, respectively, where a successful fitting trial is deemed
to be one in which the average TRE is less than 10 voxels. The unsuccessful
trials are due to the inability of the AAM to cope with normal, unexpected
intersubject variability, such as the large, diagonally oriented ventricles of the
subject in the lower right image. (From M. Toews and T. Arbel, IEEE Trans-
actions on Medical Imaging—Special Issue on Computational Neuroanatomy,
26(4):497–508, 2007. With permission.)

The original-to-perturbed TRE for both the AAM and the PBM is illus-
trated in Figure 10.13. A large number of AAM fitting trials failed to converge
to similar solutions before and after perturbation, as evidenced by exception-
ally high original-to-perturbed TRE. As hypothesized, all AAM fitting solu-
tions undergo a global change after perturbation, extending to image regions
obviously unaffected by the perturbation; see Figure 10.14. This contrasts
sharply with the PBM fitting solutions. While the minimum original-to-
perturbed TRE for the AAM is 2.9 voxels, the maximum for the PBM is
0.5 voxels and is barely visible in the graph in Figure 10.13, indicating that
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FIGURE 10.13: The original-to-perturbed TRE for AAM and PBM fit-
ting, averaged over AAM landmarks and identified PBM test parts in each
of 50 test images, and sorted according to increasing AAM TRE. Note that
AAM fitting is generally unstable because a local image perturbation gene-
rally induces a global perturbation in the fitting solution, as evidenced by
nonzero AAM TRE. In many cases, AAM solutions become completely invalid,
resulting in exceptionally high TRE. While the original-to-perturbed TRE for
the AAM ranges from 2.9–110 voxels, the PBM TRE ranges from 0.01–0.5
voxels and is barely visible on the graph. (From M. Toews and T. Arbel,
IEEE Transactions on Medical Imaging—Special Issue on Computational
Neuroanatomy, 26(4):497–508, 2007. With permission.)

PBM fitting is stable in the presence of unexpected local variation. As seen
in Figure 10.14, PBM fitting solutions are virtually identical before and after
perturbation, with the exception of fewer matches in a local neighborhood
around the perturbation. This is because the perturbation is recognized as a
new and unmodeled image structure by the PBM and can be safely ignored.
The size of the neighborhood affected by the perturbation is defined by both
the scale of the perturbation and the extent of the filter used in feature detec-
tion, which in the case of SIFT features is the width of a truncated Gaussian
filter.

10.5 Discussion

In the previous section, we presented the results of experimentation estab-
lishing that the PBM can be (a) learned from a database of MR brain imagery
consisting of 102 subjects, (b) successfully fit to 50 new subjects in the pres-
ence of intersubject variability, and (c) fit in a manner that is robust to artifi-
cial local perturbation, where the global active appearance model fails. Model
fitting results were quantified using the target registration error measure, eval-
uating the discrepancy between manually labeled ground-truth solutions and
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FIGURE 10.14: Illustrating the stability of AAM and PBM fitting in the
presence of a local perturbation. (a) illustrates the original AAM fit to a new
subject. (b) illustrates the original and the perturbed AAM fits to the same
subject after the introduction of a local, artificial perturbation in image con-
tent akin to the effect of a tumor or a resection. The local perturbation gives
rise to a global change in the AAM solution, extending to brain structure
unaffected by the change. (c) and (d) illustrate PBM fitting for the same two
images. (c) is the original PBM while (d) is the perturbed PBM. The PBM
fit remains virtually unaffected except in a neighborhood of the perturbation,
where two model test parts disappear due to the appearance of the novel,
unmodeled image structure. The original-to-perturbed TRE for this test sub-
ject is 8.4 voxels for the AAM and 0.03 voxels for the PBM. (From M. Toews
and T. Arbel, IEEE Transactions on Medical Imaging—Special Issue on Com-
putational Neuroanatomy, 26(4):497–508, 2007. With permission.)

automatic model fitting solutions. The effect of perturbation was measured
using original-to-perturbed target registration error between fitting solutions
before and after perturbation.
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The experimentation on learning demonstrates that the PBM can be used
to identify local image patterns characteristic of the image population and
to quantify them probabilistically in terms of their geometry, appearance,
and occurrence frequency. These patterns, or model parts, provide an inter-
pretation of the underlying data, which is fundamentally different from that
offered by typical global modeling approaches. Here, individual subjects are
described as a collage of distinct model parts instead of as smooth map-
pings between a model template and a subject. Consequently, this type of
interpretation necessarily implies discontinuities between adjacent or over-
lapping features, an aspect that does not arise in models based on smooth
mappings. It is precisely such discontinuities, however, that make it possible
to account for occlusion or multiple modes of appearance, phenomena that
are, by definition, discontinuous and difficult to describe using smooth, global
mappings.

The success of model fitting is due to the fact that image appearance
is modeled in terms of statistically independent, spatially localized image
parts that are not expected to occur in all subjects of a population. In image
regions where valid model-to-subject correspondence exists, multiple indepen-
dent model-to-subject matches that agree on the referenced frame geometry
will be found. Regions containing subject-specific or noisy image character-
istics are unlikely to either match to model parts or offer geometrical agree-
ment and are therefore disregarded. Fitting of global models, which often
treat all image regions as statistically dependent, is generally poor in the
presence of local noise or subject-specific image content because locally poor
fitting adversely affects the entire fitting solution, including regions where
valid model-to-subject correspondence exists.

10.6 Future Research Directions

The PBM offers a means of automatically learning and describing consis-
tent structures within a set of medical images, where consistency is defined
in terms of local image patterns that occur with statistical regularity in a
population. In this chapter, we applied the technique to a database of brain
images; however, the framework is generally applicable to any imaging context
in which the population of interest can be described as a collection of spa-
tially distinct parts in images. Furthermore, in this study, we present results
with human brain images from approximately 100 subjects; however, invariant
feature-based models have been successfully applied using thousands of images
in nonmedical, computer vision contexts, such as in object and face detection
[18]. It is possible that model learning on larger medical imaging databases
may prove useful in identifying subtle structural characteristics that become
observable only in large numbers of images. The goal is that the framework
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will then complement traditional anatomical descriptions generated by human
experts. Future work will explore how model parts can serve as indicators of
anatomical subpopulations, such as normal and pathological subjects. The
hope is that this will lead to a robust and objective framework for automatic
classification of new images into one of a predefined set of categories.

There remain many open research issues for investigation that result from
this work. As mentioned, a gap exists between local parts-based model-
ing and the more traditional approach of considering smooth, global map-
pings from model to subject. Further work in bridging this gap is required
in order combine the benefits of both modeling approaches (i.e., modeling
local appearance changes and providing a smooth interpretation of all image
data). It is possible that different modeling assumptions regarding inter-
feature dependencies may prove useful for this purpose; for instance, the
Markov dependency model offers a mechanism for dealing with interfeature
boundaries.

Investigation of the invariant features underlying the PBM will likely
become an active area of research. As mentioned above, a variety of invariant
feature types exist and can be used simultaneously, thereby capturing and
modeling different and possibly complementary image characteristics. Cer-
tain feature types may prove more effective than others depending on the
particular imaging context. Application of the PBM to higher image dimen-
sionalities, such as 3-D volumetric or 4-D temporal sequences, will follow
the development of robust invariant feature detectors in higher dimensions.
Recent work has shown the feasibility of feature extraction in 3-D MR brain
imagery [9]. While identifying the location and scale of invariant features
in N -dimensional imagery is straightforward using N + 1-dimensional image
pyramids, the more difficult aspect is the estimation of local feature orien-
tation, which has a representational complexity of N(N − 1)/2. Estimating
additional orientation parameters in higher dimensions can be accomplished
using higher dimensional histograms of local image derivatives. It may be that
estimating all orientations locally is unnecessary, however, as features can be
matched using rotationally invariant image appearance representations, and
orientation information not available locally can be estimated by considering
relationships between multiple, different features.

Another important issue to address in medical imagery is the registration
and analysis of images of different modalities, such as magnetic resonance
and ultrasound imagery. In general, invariant features corresponding to the
same underlying anatomical image structures cannot be extracted in images of
different modalities. Image data of different image modalities can, however, be
fused during the learning process via a common geometrical reference frame.
At this point, techniques for learning intermodal intensity relationships [28]
could be applied at a local scale for individual features, and the resulting
model could be used as a basis for multimodal registration. This should prove
to be an interesting area of research to explore.
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10.7 Conclusions

In this chapter, we described a general parts-based approach to modeling
medical imagery from local invariant features, which offers a solution to two
major challenges facing current computational approaches to medical image
analysis: (1) efficient learning from large sets of data with minimal manual
supervision and (2) coping with the situation where one-to-one correspon-
dence between different subjects of a population is ambiguous or nonexistent
due to natural intersubject variability. The PBM represents several important
advancements with respect to statistical appearance models typically applied
to quantifying variability in medical imagery:

1. The model can be constructed via a fully automatic machine learning
procedure capable of dealing with a large image set containing significant
intersubject variation.

2. The model can be robustly fit to new subjects to obtain a globally
optimal solution in the presence of intersubject variability in addition
to global image translation, rotation, and scale changes.

3. Model fitting is stable in the sense that a localized image deformation
results in a localized change in the fitting solution.

4. All subjects of a population can be modeled simultaneously without
making a priori classifications as to which subjects are “normal.”

5. The spatially localized model parts identified by the model offer an
intuitive means of describing and communicating anatomical variability
within a population.

We outlined the results of a case study involving parts-based brain
modeling in 2-D slices of MR images, demonstrating (a) the feasibility of
model learning from a large image set and (b) the robustness of model fitting
in the presence of intersubject variability and unexpected local perturbation,
in comparison with the well-established active appearance modeling technique.
Finally, we discussed issues and offered pointers to future research directions
relating to parts-based modeling of medical imagery.
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In many medical imaging applications, we need to segment one object of
interest. The techniques used for segmentation vary depending on the par-
ticular situation and the specifications of the problem at hand. This chapter
introduces a new multistage image segmentation system based on reinforce-
ment learning (RL). In this system, the RL agent takes specific actions, such as
changing the tasks parameters, to modify the quality of the segmented image.
The approach starts with a limited number of training samples and improves
its performance in the course of time. It contains an offline mode, where
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the reinforcement learning agent uses some images and manually segmented
versions of these images to provide the segmentation agent with basic informa-
tion about the application domain. The reinforcement agent is provided with
reward and punishment to explore and exploit the solution space. After using
this mode, the agent can choose the appropriate parameter values for different
processing tasks on the basis of its accumulated knowledge. The online mode
consequently guarantees that the system is continuously training. By using
these two learning modes, the RL agent allows us to recognize the parame-
ters for the entire segmentation process. The results on transrectal ultrasound
(TRUS) images demonstrate the potential of this approach in the field of
medical image segmentation.

11.1 Introduction

Medical image segmentation plays an invaluable role in medicine by
exhibiting anatomical structures. In many applications, an object of inter-
est is extracted according to measurable features such as intensity, texture,
and gradient. Segmentation methods are assessed in terms of the degree of
automation, robustness, efficiency, and so on. Techniques used in these meth-
ods are highly dependent on the particular situation and the specifications
of the problem at hand. Often, segmentation methods suffer from factors
such as poor image contrast, noise, and missing or diffuse boundaries. Fur-
ther complications arise when the quality of the image is influenced by the
type and settings of equipment. Usually, there is no universal method that
yields acceptable results for all cases. However, there are several methods
specialized for particular applications. The resultant performance is usually
improved by taking into account expertise or prior knowledge. The amount
of required knowledge for user intervention is another issue. Typically, the
segmentation tasks are not easy to resolve, and most algorithms must be opti-
mized for specific applications where the parameters are set for the entire
process. Ultrasound imaging is a widely used technology for diagnosis and
treatment. These images are the result of reflection, refraction, and deflection
of ultrasound beams from different types of tissues with different acoustic
impedances [2]. However, factors such as poor contrast, speckle, and weak
edges result in images that are challenging cases for segmentation.

The prostate segmentation of transrectal ultrasound (TRUS) images is a
renowned case study [7,9].Thedetection of the prostate boundary in such images
is crucial for automatic cancer diagnosis and classification. However, due to a
very low signal-to-noise ratio, it is difficult to extract all of the correct bound-
aries, and any improvements in their segmentation process is desirable [10].

In this chapter, an agent-based segmentation system is introduced, and to
validate the findings, the system is applied to segment the prostate in TRUS
images.
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11.2 Background

Many methods to facilitate more accurate automatic or semiautomatic
segmentation of the prostate boundaries in ultrasound images are introduced
in the literature [1,3,4,8,10–12,19,25]. By studying the existing methods, we
can observe that they may require many training samples if they rely on
learning techniques, or that some user interactions are necessary to determine
the initial values. Also, many of them cannot improve their performances
over time. Considering these factors, a new algorithm based on reinforcement
learning (RL) is proposed. In this system, the goal is to construct a framework
that has the following characteristics:

• Requires a limited amount of training data

• Improves performance through continuous online feedbacks

Some approaches showing the application of RL for image-based problems
appear in the literature [15–18,20,23,24]. Such an intelligent system gains an
advantage in training by employing a limited number of samples and gaining
more knowledge during the online evaluation. Due to the nature of RL, in terms
of the state, action, and reward definitions and their interactions with each
other, this system can acquire knowledge and adapt to new input images. This
system learns from interactions in two modes: offline and online. It recognizes
the parameters for all the processing stages through exploratory learning in the
offline mode. This information is then exploited during the online mode, where
the system modifies its knowledge simultaneously. The structure used in this
systemcan also incorporate subjective evaluation as a critical feedback.The goal
of this system is to identify the object of interest in an image. It is important to
note that the proposed approach is not designed to compete with the existing
segmentation approaches. The aim of this work is the proof of concept for a new
segmentation method based on reinforcement learning.

RL is derived from the idea that an agent learns behavior through trial-
and-error interactions in a dynamic environment [22]. The history of RL can
be traced to the solution of an optimal control problem by using value func-
tions and dynamic programming [21]. The agent automatically determines
the ideal behavior within a specific context that maximizes performance with
respect to predefined measures. Figure 11.1 shows the components constitut-
ing the concept behind RL. An RL agent, the decision maker of the process,
observes the state of the environment. It then takes an action that influences
the environment. This action is based on previous experience associated with
current observation and accumulated reinforcement. Reward or punishment
is determined from the environment, depending on the action taken. The RL
agents discover the optimal policy for decision making in two stages: explo-
ration and exploitation. In the exploration stage, the agent attempts to dis-
cover which actions yield the maximum reward by taking different actions
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Environment

Agent

ReinforcementAction State

FIGURE 11.1: A general model for a reinforcement learning agent.

repeatedly; in the exploitation stage, it selects the actions that yield more
rewards. The agent also receives information concerning the state of the envi-
ronment. At the beginning of the learning process, the RL agent does not have
any knowledge of the result of choosing different actions. The agent takes var-
ious actions and observes the results. After a while, the agent explores many
actions that bring the highest reward and gradually exploits them. In fact, it
acquires knowledge from the actions and eventually learns to perform those
that are the most rewarding. During this process, the agent tries to meet a
certain goal with respect to the optimal state. The reward and punishment are
defined objectively when they are based on desired properties of the results,
or they are gained subjectively when the agent receives them directly from
the interactive user.

The action policy, π, in RL is the strategy used by the agent to select an
action to change the current state. The agent must find a trade-off between an
immediate and a long-term return. It must explore the unseen states as well
as the states that maximize the return by choosing what the agent already
knows. Therefore, a balance between the exploration of unseen states and
the exploitation of familiar (rewarding) states is crucial. Watkins developed
Q-learning, a well-established online learning algorithm, as a practical RL [26,
27]. In this algorithm, the agent maintains a numerical value for each state-
action pair, representing a prediction of the worthiness of taking an action in
a state. It can be given as follows [22]:

1. Visit state st and select an action at.

2. Receive reward rt = r(st, at) and observe the next state st+1.

3. Update the action value Qt(st, at) according to:

Qt+1(st, at) = Qt(st, at) + α[rt + γV̂t(st+1) − Qt(st, at)],

where V̂t(st+1) = max
a

[Qt(st+1, a)] is the current estimated of the opti-
mal expected cost.

4. Repeat steps 1 to 3 for new state until stopping criterion is satisfied.
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In these equations, a is the learning rate, and γ is the discounting factor
that controls the degree in future rewards that affect the total value of a
policy [14,21,22].

The Boltzman policy is used to estimate the probability of taking each
action a given state s. Also, there are other policies for Q-learning, such as
ε-greedy and greedy. In the greedy policy, not all actions are explored, whereas
the ε-greedy selects the action with the highest Q-value in a given state with a
probability of 1 − ε and other ones with a probability of ε [14,21]. The reward
r(s, a) is defined according to each state-action pair (s, a). The goal is to find
a policy to maximize the discounted sum of rewards received over time. The
principal concern in RL is the cases in which the optimal solutions cannot
be found but can be approximated in some way. The online nature of RL
makes it possible by focusing more on learning with frequently encountered
states and less for infrequently encountered states [22]. Ideally, the RL agent
does not require a set of training samples. Instead, it can continuously learn
and adapt while performing the required task. Although this is not supervised
learning, a reward function is nevertheless employed wherein weak supervision
is assumed. This behavior is applicable in cases in which a sufficient number
of precise learning samples is difficult or impossible to obtain.

Now we introduce a segmentation system based on RL that attains the
highest reward by finding the parameters for the different processing tasks.

11.3 Reinforced Image Segmentation

A framework for adjusting the parameters of a multistage segmentation
system by using an RL agent is introduced in this section. The framework is
depicted in Figure 11.2. As shown, an intelligent agent is employed to find the
appropriate parameters for image processing tasks and enable us to segment
the input images. This system is designed as a general framework such that a
range of segmentation problems can be integrated with it. The system contains
a series of image processing tasks with parameters that must be adjusted to
manipulate the input images in some way. The goal is to choose a final set of
parameters for various tasks, such that an object of interest is extracted.

A layout is required where the states are the features that describe the
image in various stages (after each processing task). Also, the actions have
the capability to change the task parameters. The reward can be evaluated
subjectively or objectively.

11.3.1 Design aspects

There is a series of N image processing tasks T1, T2, . . . , TN with specific
parameters that must be adjusted. The system adaptively computes the set of
parameters that optimize its performance for a given segmentation problem.
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FIGURE 11.2: The general model used in the proposed system for rein-
forced image segmentation.

Limiting ourselves to the model described in Section 11.2, we must first define
the states s, actions a, and reward r. To generate the state, features of the
input and output images for each processing task are used. These features
must describe the status of these images. It is desirable to use the features
that do not lead to extremely large state spaces.

To define the actions, the concept that the actions are modifications of
the parameters of the processing tasks is used. After the agent adjusts these
parameters, it receives a reward. The reward is an external signal provided
by the environment and must correctly reflect the goal of the agent. When the
agent has modified the parameters of the processing tasks, an evaluation metric
is used to assess the result and produce a reward. The RL method for object
segmentation has two modes: offline and online. Offline training is conducted by
using the manually segmented samples represented as ground-truth images. In
this mode, the agent is adopted in a simulation environment and interacts with
training samples to provide the fundamental information about the required
segmentation parameters. Once the agent’s behavior is acceptable in terms
of specific criteria, the agent switches to the online mode. In this mode, the
RL agent is used directly in a real-time case with new images. With the agent
learning continuously in this mode, it can adapt to changes in the input images.
Also, subjective feedback is provided for the system in this mode.

In the proposed system, input image I is divided into RI ×CI subim-
ages (for RI rows and CI columns). The RL agent works on each of them
separately. Local processing on subimages is carried out to find the best seg-
mentation parameters for each of them. To construct the processing task chain,
the subimages are thresholded using local values. Due to disturbing factors
such as poor contrast or noise, artifacts exist after thresholding. Therefore,
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morphological operators are applied to postprocess each thresholded subim-
age. The RL agent determines the local threshold value and the size of the
structuring elements for each individual subimage.

During the offline training where the desired output image is available, the
agent works on each subimage and explores the solution space until a sufficient
number of actions are taken. In this mode, the agent tries different actions in
different states via an exploratory procedure. After the RL agent changes the
parameters for each subimage, the agent receives a corresponding reward for
that state–action pair and updates the corresponding value in the Q-matrix.
After the offline mode, the agent explores many actions and tries to exploit
the most rewarding ones.

In the online mode, the system operates episodically. During each itera-
tion, the agent works on each subimage and completes the iteration by using
the knowledge previously gained. The rewards are not calculated immedi-
ately, and the agent waits until the whole image is scanned. The reward is
then provided for each subimage objectively and/or subjectively. For each
subimage, it is calculated on the basis of the quality of the segmented object
before and after the action is taken. Figure 11.3 summarizes the algorithm
in the system. The state transition diagram for a sample subimage is shown
in Figure 11.4. In this diagram, sk,l indicates the state number in iteration
k. The action ai is one of the possible actions {a1, . . . , aM} that changes the
current state sk,l to the next state sk+1,l′ and receives the reward rsl,sl′ (sl

and sl′ represent two arbitrary states). For each subimage the diagram starts
from initial state s0,Initial, and after K iterations reaches to a final desired
state sK,Final. The goal of the system is to find an optimal path between
initial and final state for each subimage by trial-and-error interactions. For
each input image, the knowledge obtained from previous input images is
used. Specifically, this method is useful where input images have widely
similar object and background characteristics. Components required to con-
struct the RL agent, states, actions and rewards, are defined in the following
sections.

11.3.2 State definition

The idea of the state containing some features that represent the status of
the image at each step of the processing task is considered,

s = [ξ1, ξ2, . . . , ξq] (11.1)

where {ξ1, ξ2, . . . , ξq} are the selected features. Each must reflect the local
information after different processing tasks. In other words, the states must
represent the features of the input gray-level image and the object in the
binary image for each subimage. This is the fundamental concept of our pro-
posed system. Because of applying the method to each subimage, employing
features that result in an extremely large state space or that significantly
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Offline mode
Select a training image
 Create the subimages
 Set for more exploration policy (e.g., using �)
 Repeat for all subimages
  Extract the subimage
  Initialize s
  Repeat
   Calculate the state s using features [�1, �2, ... , �q]
   Take the action ai for processing tasks 1, ... , N based on the
   policy 	 derived from Q
   Observe the objective reward r using ground-truth and
   calculate the next state s9
   Update the Q-matrix
  Until a maximum number of iterations k is reached or a
  specific criterion is met
 Until all subimages are visited
Until all training images are learned

Online mode
Select a test image
 Repeat
  Set for more exploitation (e.g., using �)
  Repeat for each subimage
   Extract the subimage
   Calculate the state s using features [�1, �2, ... , �q]
   Take the action ai for processing tasks 1, ... , N based on the
   policy 	
  Until all subimages are visited
  Evaluate the result objectively
  Calculate the online reward r objectively
  Evaluate the result subjectively
  Calculate the online reward r subjectively
  Update the Q-matrix
 Until the user confirms the result (no manual change is made)
Until all test images are segmented

FIGURE 11.3: Summary of the algorithm used for reinforced image seg-
mentation.

increase computational complexity is not applicable. The solution for choos-
ing these features is highly dependent on the specifications of the problem at
hand and the accuracy expected. The potential features can be explained as
follows:

• The features reflect the local information in the gray-level input image,
such as the first, second, or a higher order of spatial distribution. Local
histogram or texture information are included in this group.

• The features represent the properties after each processing task. Shape
or boundary properties such as area, Euler number (total number of
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FIGURE 11.4: State transition model for a subimage.

objects minus the number of holes in those objects), compactness, con-
vexity, slope density function, curvature, and edge properties can be
used if there is a binary image after the task.

• The feature that shows the geometrical situation of each subimage, such
as relative position with respect to particular landmarks.

These features show the local situation in the input, output, and interme-
diate images. For the application of prostate segmentation in TRUS images,
considering the above conditions (representing the local quality with low com-
putational complexity), Figure 11.3 shows the features in each subimage that
are extracted to define the states.

11.3.2.1 Area

In each subimage Aobject, the area of the largest object is chosen as a
feature to define the state. The normalized area AΔ is calculated with respect
to the whole area of the subimage as follows:

AΔ =
Asubimage − Aobject

Asubimage
(11.2)

11.3.2.2 Compactness

The compactness Ψ of the largest object after thresholding, defined as

Ψ =
4πA

P 2 (11.3)
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is adopted as another feature to represent the state, where A and P are the
area and perimeter of the object in the subimage, respectively [5].

11.3.2.3 Relative position to the center point

We suppose that the geometric center of the prostate in the original image,
(xc, yc), is given by the user. The relative distance and angle of the subimage,
ρ and φ, with respect to the geometric center, is used as a state parameter:

ρ = ((x − xc)2 + (y − yc)2)1/2 (11.4)

φ = tan−1
(

y − yc

x − xc

)
(11.5)

where x and y are the coordinates of the center of the current subimage.

11.3.2.4 Gray-level information

A feature based on spatial gray-level information is extracted for the state
definition. By using the ground-truth image, a gray-level histogram prototype
on the edge of the prostate can be made. The histogram distance between each
subimage and the prototype is then calculated and used to define a feature.
One of the most popular histogram distances, χ2 distance, is selected for this
purpose such that

Dχ2(h1, h2) =
Mh∑
b=1

(h1(b) − h2(b))2

(h1(b) + h2(b))
(11.6)

For h1 and h2, the normalized gray-level histograms (gray-level probability
density function) is used. To incorporate the spatial gray-level information,
texture—a feature generally used in ultrasound image analysis—can also be
employed. Because of the increase in the computational expense, however,
texture is not used in this work.

11.3.2.5 Number of the objects

The last feature, used in state definition, is the number of revealed objects,
NO, after the morphological operation.

11.3.3 Action definition

To extract the object of interest, the actions are defined according to chang-
ing of the parameters for each subimage. The assigned values are increased
or decreased or are chosen from the predefined values to control the effects of
each processing task. As a result, there exist a set of actions, 〈ai〉 as follows:

〈ai〉 = {a1, . . . , aM} (11.7)
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where a1, . . . , aM represent the changes of the parameters of the processing
tasks, T1, T2, . . . , TN . In order to extract the prostate, the subimages are
thresholded using two local levels to make the primary binary image. Due
to disturbances such as speckle or poor contrast, artifacts exist after thresh-
olding. Therefore, opening and closing, as two morphological operators, are
employed to postprocess each thresholded subimage. These make three pro-
cessing tasks, {T1, T2, T3}, as illustrated in Figure 11.2. The RL actions are
defined as changes in the values of the threshold and the size of the structur-
ing elements for each subimage. The agent changes the local threshold values
by a specific amount Δ. Using this definition, the values τg1 and τg2 among
a predefined set (τ1, τ2, . . . , τn), equally spaced between the local maximum
gray level glmax and local minimum gray level glmin, are selected. For opening
and closing morphological operators, the sizes of the structuring elements are
chosen from the predefined values to control the effects of these operators.
Thus, the set of all actions a can be presented as follows:

〈ai〉 = {τg1 ± Δ, τg2 ± Δ} ∪ {vj} ∪ {vu} (11.8)

where vj and vu are the sizes of the structuring elements for the morphological
opening and closing, g1, g2 ∈ {1, . . . , n},Δ = τg1 − τg1−1 = τg2 − τg2−1, j ∈
{1, . . . , J}, and u ∈ {1, . . . , U}.

11.3.4 Reward definition

The rewards and punishments are defined according to the quality criterion
that represents how well the object is segmented in each subimage. A straight-
forward method is to compare the results with the ground-truth image after
each action. To measure this value for each subimage, we note how much the
quality has changed after the action. In each subimage, for improving the
quality of the segmented object, the agent receives a reward; otherwise, it is
punished. A general form for the reward function is represented by

r =

{
κ1 DΔ ≥ 0

κ2 DΔ < 0
(11.9)

where DΔ is a measure indicating the difference between the quality after
and before taking the action. DΔ can be calculated based on the normalized
number of misclassified pixels in the segmented subimages. In Equation 11.9,
κ1 and κ2 are constant values.

11.3.5 Offline learning procedure

In the offline mode, the ground-truth images are available as manually
segmented versions. The RL agent works on each subimage individually and
continues until the maximum number of iterations is attained. Based on the
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segmentation quality after the action, the agent receives an objective reward
or punishment rOFF for the subimage and updates its knowledge. For the
quality measure of each subimage, it is compared with the ground-truth image.
To measure the similarity, the percentage of pixels that are the same in the
ground-truth and the output image generated by the system is calculated.
During this procedure, the agent must explore the solution space. The agent
attempts different actions in different states by using an exploratory policy.
After a number of iterations, the Q-matrix is filled with the appropriate values
and the agent can estimate the best action for each given state.

11.3.6 Online evaluation

For new samples where no ground-truth images are available, the agent
takes action according to the knowledge it has previously gained. The RL
agent finds the appropriate local parameters such that the object of interest
can be correctly segmented. In this mode, in each iteration the RL agent
finds the parameters for each subimage and then moves to the next subimage.
This continues until the whole image is scanned in one episode. After each
episode, the bounding contour is considered in a global manner to identify the
image regions that correspond to the object of interest. It is the guidance from
the higher level of perception that helps the system update its information.
The RL agent then uses this feedback as online rewards rON for the action
taken on each subimage. If a subimage is segmented correctly, in terms of the
global feedback (objective or subjective), the parameters remain unchanged
and its process is terminated. The online learning procedure is performed by
the following evaluations.

11.3.6.1 Objective evaluation

Objective evaluation is applied as a primary assessment. There are several
methods for implementing this evaluation. One way is to use the techniques
that compute a measure of distance between two shapes. Typically, these
techniques compute the best global match between two shapes by pairing
each element of shape Γ1 with each element of shape Γ1 to give the minimum
difference. The transformations in these algorithms are generally invariant to
translation, scaling, and rotation, and they preserve the information contained
in the curve. The technique introduced by Rodriguez and colleagues [13] is
adopted in a 2-D plane to measure the similarity. In this technique, there is
an unknown curve

C1 =
{
p1
1
(
x1

1, y
1
1
)
, p1

2
(
x1

2, y
1
2
)
, . . . , p1

n

(
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n

)}
and a prototype curve
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corresponding to shape Γ1 and shape Γ2, respectively, and p
{1,2}
ip

(x{1,2}
ip

, y
{1,2}
ip

)
are the points located on these curves. If the characteristics of the points
located on the two curves are represented as strings x̃ and ỹ, the edit distance
between the two strings is defined as the shortest way (minimum cost) to
transform x̃ into ỹ. The idea is to find a minimum cost path as a sequence of
edit operations that transform the string corresponding to the curve C1 into
curve C2. To achieve this transformation, the technique allows changing one
element of a string into another element, deleting one element from the string,
or inserting an element into the string [13]. With these operations, a measure
of the similarity between two strings is computed. The changes performed
in this measurement correspond to the insertion, substitution, and deletion
operations. The algorithm gives not only the distance Δ(x̃, ỹ) between two
strings x̃ and ỹ but also the way in which the symbols of x̃ correspond to
those of ỹ. The signature of a shape is used to generate its string. The shape
signature is defined as a 1-D function representing a 2-D area or boundary of
the shape. Complex coordinates, central distance, curvature, and cumulative
angles are among the most used signatures in the literature and are shown
to be useful for shape representation [6]. In the proposed system, the central
distance is calculated as the distance from the points on the boundary to the
central point of the object. It is represented as a 2π periodic function. This
method is especially useful when a reliable central point of the object can be
calculated (e.g., represented by the expert). In this case, angle θ is assigned
to a distance d, which is the nearest corresponding contour point. It is repre-
sented as a function d = f(θ) to generate the central distance signature. If a
reliable central point is not available, other methods such as curvature can be
used. Because of the sensitivity to noise, however, the boundary of the object
must be smooth. The signature of the extracted object is then compared with
the standard signature of the object for which we are looking. The standard
signature is extracted by using the ground-truth images. Finally, the signifi-
cant deviations are estimated and the objective reward (or punishment) rO

ON
for the corresponding subimage is provided.

11.3.6.2 Subjective evaluation

Another alternative is subjective evaluation from the online feedback. The
user considers the results of the segmentation system for each image. If not
satisfied, he or she can change the results manually. These changes are eval-
uated as subjective punishment for the agent, where the manually corrected
result is used as a new ground-truth image to improve the agent’s knowledge.
The agent then proceeds to the next image with its updated information. By
adopting this method, the agent can be further trained online by a subjective
evaluation as rS

ON. The Q-matrix is updated, and the segmentation system
can follow the changes in the new input image. During all previous stages, the
object of interest (in our case, the prostate) is extracted by using the position
of the central point.
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11.4 Results and Discussions

To evaluate the performance of the segmentation system, validation exper-
iments are performed. The results of the segmentation system on the image
set, containing 80 TRUS image slices from five patients, are represented in
this section. To train the agent, 12 manually segmented images from the data
set are chosen. A ε-greedy policy is implemented to explore and exploit the
solution space when the RL agent is in the offline mode. The size of the TRUS
images are 460 × 350 pixels. The sizes of RI and CI are empirically set to 11
and 14, respectively. The threshold action is defined by changing the two val-
ues between the local maximum and minimum gray levels in each subimage by
Δ = 1/10. For the postprocessing tasks, the size of the disk shape structuring
element for the opening is increased or decreased by 5 in the set {0, . . . , 5}
and for the closing by 1 in the set {0, . . . , 5}. The criterion to terminate the
process for each subimage is to reach a pixel difference of less than 5% by
comparing it with the ground-truth image. The reward is calculated accord-
ing to κ1 = 10, κ2 = 0. The average time for training was 61 seconds per patient
set, and for test images, 7.9 seconds per image. After the offline learning, the
Q-matrix is filled with the appropriate values, and the agent gains enough
knowledge to recognize the appropriate values for the subimages. The method
is applied on the remaining sample images in the online mode (objectively
and subjectively). Figure 11.5 displays the results of the proposed approach
for nine sample images. The choice of criteria to measure the accuracy is
dependent on the application and can be derived from the region or boundary
information [9]. For all images, the accuracy in the final segmented object is
defined as the area overlap of the segmented images and the ground-truth
images, a commonly used metric. Table 11.1 shows the results for training
images, and Table 11.2, for test images. (Because in offline mode there are
few training samples for each patient, the standard deviations are not shown
in Table 11.1).

The results in terms of visual appearance and accuracy can be employed
as suitable coarse-level estimations to serve a fine-tuning segmentation algo-
rithm [9]. For instance, these results can be used as the initial points for the
well-known method introduced by Ladak and colleagues [8]. In some cases,
the results can even be regarded as the final segmentation.

As mentioned previously, this work offers the proof of concept by present-
ing a new learning-based segmentation method. Our proposed method (with
its preliminary results) introduces a new class of knowledge-based method
that requires a limited number of samples for training and can improve its
performance in an online learning procedure. To understand the advantages
of the proposed method, we must know that static methods do not have any
ability to be trained. On the other hand, in the methods that use learning
algorithms, we usually need a large number of training samples. They do not
have online training unless we retrain them. To the best of our knowledge,
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FIGURE 11.5: Demonstration of the segmentation of the prostate in
TRUS image. In each image, the result of the proposed system is indicated
with the dashed contour, and for the manually segmented, with the solid
contour.

TABLE 11.1: The average area overlap AO between the
segmented and the ground-truth images for the training images.

AO(%) AO(%) AO(%) AO(%) AO(%)
Patient 1 Patient 2 Patient 3 Patient 4 Patient 5

μ 93.56 95.30 94.07 94.58 93.83

TABLE 11.2: The means μ and standard deviations σ of area
overlap AO between the segmented and the ground-truth images for
test images.

AO(%) AO(%) AO(%) AO(%) AO(%)
Patient 1 Patient 2 Patient 3 Patient 4 Patient 5

μ 90.74 91.05 89.07 92.26 91.12
σ 1.04 1.12 1.06 0.91 0.72
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none of the existing segmentation methods can start their work using a lim-
ited number of training samples and improve their performance using online
training.

11.5 Future Research Directions

The work presented in this chapter is an attempt to use an RL agent for
segmentation of images. To improve this version and achieve more accurate
results, the following investigations can be concluded:

• State definition is a crucial step in this system. For both input gray level
and output binary images, more information from different classes of
features can be added. It is expected that this additional information will
increase the computational complexity by forming a larger state space.
An appropriate approximation method may be employed to reduce this
problem. An extension using the more sophisticated actions can also be
considered.

• The proposed system could be the basis for other parameter control
applications such as contrast enhancement or noise filtering.

• As a preliminary version, we chose the parameters empirically to intro-
duce the concept. Automatic selection of most parameters must be inves-
tigated for the next versions.

• From an application point of view, the results of this work lead to the
application of the proposed method to other medical image modalities.

11.6 Conclusions

This chapter presented the concept of reinforcement learning in the field
of medical image segmentation by showing some results. In this work, a rein-
forcement learning agent for ultrasound image segmentation is proposed. First,
the image is divided into several subimages. Then, in an offline procedure, the
agent takes some actions (i.e., changing the threshold value and the size of
the structuring elements) to change its environment (the quality of the seg-
mented parts) and accumulates the local information for each subimage. After
the Q-matrix is filled, the agent takes actions with maximum reward for each
possible state. The agent, on the basis of its accumulated knowledge, can
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choose the appropriate values for those input images with similar character-
istics. This method is used for one object segmentation in ultrasound images.
The proposed system can be adopted as the main segmentation approach or
as an interim stage to serve other segmentation methods. This segmentation
system is applied to TRUS ultrasound images as a case study to confirm its
effectiveness.
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Bone scintigraphy or whole-body bone scan is one of the most common
diagnostic procedures in nuclear medicine. Since expert physicians evalu-
ate images manually, some automated procedure for pathology detection is
desired. Scintigraphy segmentation into the main skeletal regions is briefly
presented. The algorithm is simultaneously applied on anterior and poste-
rior whole-body bone scintigrams. The expert’s knowledge is represented as
a set of parameterized rules, used to support image processing algorithms.
The segmented bone regions are parameterized with algorithms for classi-
fying patterns so the pathologies can be classified with machine learning
algorithms. This approach enables automatic scintigraphy evaluation of patho-
logical changes; thus, in addition to detection of pointlike high-uptake lesions,
other types can be discovered. We extend the parameterization of the bone
regions with a multiresolutional approach and present an algorithm for image
parameterization using the association rules.

Our study includes 467 consecutive, nonselected scintigrams. Automatic
analysis of whole-body bone scans using our segmentation algorithm gives
more accurate and reliable results than previous studies. Preliminary experi-
ments show that our expert system based on machine learning closely mimics
the results of expert physicians.

12.1 Introduction

The whole-body scan or the whole-body bone scintigraphy is a well-known
clinical routine investigation and one of the most frequent diagnostic proce-
dures in nuclear medicine [1]. Indications for bone scintigraphy include benign
and malignant diseases, infections, degenerative changes, and other clinical
entities [2]. Bone scintigraphy has high sensitivity, and the changes of the
bone metabolism are seen earlier than the changes in bone structure detected
on skeletal radiograms [1].

The investigator’s role is to evaluate the image, which is of technically poor
resolution due to the physical limitations of gamma camera. There are approx-
imately 158 bones visible on anterior and posterior whole-body scans [3]. Poor
image resolution and the number of bones to recognize make the evaluation
of images difficult. Some research on automating the process of counting the
bone lesions has been done, but only a few studies attempted to automati-
cally segment individual bones prior to the computerized evaluation of bone
scans [4–6].
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12.1.1 Related work

First attempts to automate scintigraphy in diagnostics for thyroid
structure and function were made in 1973 [7]. Most of the research on auto-
matic localization of bones was performed at the former Institute of Medical
Information Science at the University of Hildesheim in Germany from 1994
to 1996. The main contribution was made by Bernauer [4] and Berning [5],
who developed semantic representation of the skeleton and evaluation of the
images. Benneke [6] realized their ideas in 1996.

Yin and Chiu [8] tried to find lesions using a fuzzy system. Their prepro-
cessing of scintigrams includes rough segmentation of six fixed-size regions,
regardless of individual image properties. Those parts are rigid and not specific
enough to localize a specific bone. Their approach for locating abnormalities
in bone scintigraphy is limited to pointlike lesions with high uptake.

When dealing with lesion detection, other authors, such as Noguchi [3],
have used intensity thresholding and manual lesion counting or manual bone
region of interest (ROI) labeling. Those procedures are sufficient only for more
evident pathologies, whereas new emerging pathological regions could be over-
looked.

12.1.2 Aim and approach

The aim of our study is to develop a robust procedure for diagnosing
whole-body bone scans. Some possible methods for individual bone extraction
are also presented. Segmented scans allow further development of automated
procedures for recognition of pathological condition in specific bone regions.
The experience with segmentation and pathology classification is presented.
The steps of segmentation and diagnosing are shown in Figure 12.1.

Process of segmentation 
and diagnosing

Algorithm prerequisites Process of segmentation Process of diagnosing

define characteristic bone 
regions and the most 
identifiable reference points

image preprocessing 
–filtering 
–clipping

extract the predefined 
bone regions

preprocessing of bone 
region images

image parameterization

learning the rules

testing the classification 
accuracy

define the order of
identifying the bones

highest local uptake 
peaks detection

identifying specific 
bones in the predefined 
order

detection of predefined 
reference points

FIGURE 12.1: Algorithm steps.
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12.1.2.1 Segmentation

When a scintigraphy is observed by an expert physician, each bone region
is diagnosed according to several possible pathologies (lesions, malignom,
metastasis, degenerative changes, inflammation, other pathologies, or no
pathologies). The process of detecting the lesions can be aided by some
advanced machine learning classifier [9] that produces independent diagnoses.
The implementation of such a system was also the goal of the study. It can
be used as a tool to remind a physician of some possibly overlooked spots
or even to give some additional insight into the problem. It also enables
further studies of individual bone regions with other algorithms (e.g., pattern
classification or custom tailored algorithms).

In order to achieve a robust segmentation algorithm, we defined the most
characteristic bone regions and the most identifiable points in those regions
(reference points, Figure 12.2). Those points are chosen so that they can be
uniformly identified over all distinct images in as many cases as possible, which
is necessary since the images and skeletons vary considerably.

There are some algorithms for detecting image features (e.g., scale-
invariant feature transform, or SIFT [10]). Since the scintigrams are so vari-
able, we cannot rely solely on features detected in images alone but must use
some existing background knowledge. In our case, this background knowledge
is the human anatomy.

Because scintigrams are represented by relatively small images, many algo-
rithms (e.g., PCA [11], image correlation) are not appropriate or directly
applicable. The idea is to use simple and easy-to-control algorithms. In our
study, we used several image processing algorithms, such as binarization,
dilatation, skeletonization, Hough’s transform, Gaussian filtering [12], beam
search, circle fitting, and ellipse fitting with least square method (LSM),
in combination with background knowledge of anatomy and scintigraphic
patterns.

12.1.2.2 Image parameterization

In order for images to be automatically analyzed, they must be described
in terms of a set of (numerical) parameters. There exist many different
approaches to characterize textures of images. Most texture features are based
on structural, statistical, or spectral properties of the image. For the pur-
pose of diagnosis from medical images, it seems that structural description
is most important. For that purpose, we use algorithm ArTeX for textural
attributes that are based on association rules. The association rules algorithms
can be used for describing textures if an appropriate texture representation
formalism is used. This representation has several good properties, such as
invariance to global lightness and invariance to rotation. Association rules cap-
ture structural and statistical information and are very convenient to identify
the structures that occur most frequently and have the most discriminative
power.
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FIGURE 12.2: Defined characteristic reference points on anterior (left)
and posterior (right) whole-body bone scintigrams.

Another issue is the selection of the appropriate resolution for extracting
most informative textural features. Image parameterization algorithms use
descriptors of some local relations between image pixels where this search
perimeter is bounded to a certain size. This means that they can give different
results at different resolutions. The resolution used for extracting parameters
is important and depends on the properties of the observed domain.

12.1.2.3 Image classification

The ultimate goal of the medical image analysis is a decision about the
diagnosis. When images are described with (hopefully) informative numerical
attributes, we can use various machine learning algorithms [13] for generating
a classification system. For that purpose, we can use decision trees, the naive
Bayesian (NB) classifier, neural networks, k-nearest neighbors, support vector
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machines, and others. Our experience in a similar problem of diagnosing the
ischemic heart disease from scintigraphic images of the heart muscle [14] is that
the NB classifier gives the best results. It turned out that also for diagnosing
(parts of) bone scintigrams, as described in this chapter, the NB classifier
performs the best. Therefore, we describe results obtained by the NB. It is
also well known that, in other problems of medical diagnosis, the NB usually
outperforms other classifiers [15].

This chapter is organized as follows. First, the medical domain and the
algorithm for segmenting whole-body bone scans are presented. Then, the
algorithm ArTeX for pattern parameterization using association rules with
an extended parameter set is described. The algorithm ARes for selecting
the appropriate resolutions for better pattern description follows. Finally, the
segmentation and pathology diagnosing results are presented.

12.2 Materials and Methods

12.2.1 Patients and images

Retrospective review of 467 consecutive, nonselected scintigraphic images
from 461 different patients investigated at the Nuclear Medicine Department,
University Medical Centre in Ljubljana, Slovenia, from October 2003 to June
2004, was performed. Images were not preselected, so the study included
a representative distribution of patients coming to examinations over the
9-month period. Images contained some artifacts and nonosseous uptake, such
as urine contamination and medical accessories (i.e., urinary catheters) [16].
In addition, the site of radiopharmaceutical injection is frequently visible (i.e.,
obstructs the image).

Twenty-one percent of the images were diagnosed as normal with no arti-
facts,meaning that no pathologies andno artifactswere present. Sixty percent of
the imageswere diagnosedwith slight pathology regardless of artifacts, 18%with
strong pathology, and 1% of the images were classified as super-scans. A super-
scan is obtained when the patient has very strong pathologies, which absorb
most of the radiopharmaceutical so the other bone regions are vaguely visible.

In 18% of the images, partial scans (missing a part of the head or
upper/lower extremities in the picture) were acquired, which complicates
the segmentation process. There were also children/adolescents with growth
zones (5% of the images), manifested as increased osteoblastic activity in well-
delineated areas with very high tracer uptake.

12.2.2 Bone scintigraphy

All patients were scanned with gamma camera model Siemens Multi-
SPECT with two detectors, equipped with LEHR (low-energy high-resolution)
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collimators. Scan speed was 8 cm per minute with no pixel zooming.
Technetium-labeled phosphonate (99 m-Tc-DPD, Techneos�) was used. Bone
scintigraphy was obtained 2 to 3 hours after intravenous injection of 750 MBq
of radiopharmaceutical. The whole-body field was used to record anterior
and posterior views digitally with a resolution of 1024 × 256 pixels (approx.
205 cm × 61 cm). Images represent counts of detected gamma decays in each
spatial unit with 16-bit grayscale depth.

12.2.3 Detection of reference points

Bone scans vary considerably in their size, contrast, brightness, and skeletal
structure. In practice, many scans are only partial because only a determined
part of the body is observed or because of the scanning limitations when the
patient is too obese to fit in the screening area.

The idea of detecting the reference points is to find an image region that
can easily be found in most cases. This region’s reference point is then used
as a starting location for further reference point detection. Further reference
point search is guided with the background knowledge of the spatial relations
between bone regions and specific bones. The following image processing algo-
rithms aid the search within some predefined boundaries (regions of interest,
or ROIs): beam search, dynamic binarization, dilatation, skeletonization, and
circles and ellipses fitting using LSM. Afterwards, all detected reference points
are shifted vertically and horizontally to the neighboring regions with the high-
est uptake (intensity).

In our study, we observed that on only 2 images out of 467, the shoul-
ders were not visible. Many other possible starting points are missing on the
images more often (i.e., head, arms, one or both legs). Therefore, we chose
the shoulders as the main bone region to start with. The last assumption is
the upward orientation of the image. This assumption is not limiting since all
scintigraphies are made with the same upward orientation.

In order to make the detection of reference points faster (linear time com-
plexity) and more reliable, we tried to automatically detect peaks that would
roughly cover the reference points and build some structural skeleton for ref-
erence point search guidance. The idea is similar to the SIFT [10] algorithm,
where image features are also represented by the most outstanding pixels over
different resolutions.

12.2.3.1 Detection of the reference point candidates (peaks)

There are numerous methods for detecting image peaks. We tried sev-
eral. The SIFT [10] method returned too few peaks to guarantee a robust
region detection on a vast variety of skeletons. More classic image filters,
such as Canny edge detection, returned too many peaks. Peaks with such
filters can be acquired by connecting the peaks to polylines, which are then
reduced to vertices. We tried another customized approach based on orthog-
onal two-way Gaussian and linear filtering that mimics the SIFT algorithm.
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The algorithm smooths the image with the averaging window, whose size was
experimentally determined. The algorithm works as shown in the pseudocode
(see Algorithm 12.1).

Algorithm 12.1 Detection of relevant peaks Ω.
Require: Original image I[xi, yi], i ∈ [0, m − 1], j ∈ [0, n − 1]; Gaussian filter

G3×3 =

⎛
⎝ 1

16

⎡
⎣1 2 1

2 4 2
1 2 1

⎤
⎦
⎞
⎠; size of averaging window W (w ×h where w

and h are odd); d = minimal distance between detected peaks;

Ww×h =
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Ensure: Relevant set of peaks Ω
1: I1 ⇐ (I × G {Gaussian filter applied}).
2: I2 ⇐ (I1 × Ww×h {bigger linear averaging filter applied}).
3: Add all elements from I2 to Ω1 where both left and right-side elements in

I2 have lower intensities {horizontal pass}.
4: Add all elements from I2 to Ω1 where both upper and lower elements in

I2 have lower intensities {vertical pass}.
5: Sort Ω1 by element intensities.
6: Add consecutively all elements Ii from Ω1 to Ω where all elements in Ω

have distance to Ii > d.

The limited level of radioactivity injected due to radiation protection reg-
ulation in typical studies causes low intensities (count levels of gamma rays),
which causes vague images of bone scans. Bone edges are more visible after
images are filtered with some averaging algorithm (i.e., wavelet-based, median,
or Gaussian filter) [12]. A Gaussian filter is used in order to enhance the detec-
tion of peaks. The image is smoothed with the Gaussian filter where the pixels
of higher intensities (>90 gamma rays per pixel) are set to the predefined upper
limit (90). Images smoothed in such a way are less prone to be obstructed by
high-intensity lesions or artifacts since at this stage we are interested only in
finding anatomical reference points and not possible lesions.

In the case of scintigraphic images, we may introduce scale-variant meth-
ods, since the nature of this image modality guarantees a fixed scale (100
pixels ≈ 24 cm). The size of the averaging window Ww×h was experimentally
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set to 11 × 5 (2.6 cm × 1.2 cm) because it gave best results by the means of
segmentation accuracy.

The reference points 1.1 are searched for using the detected peaks
(Figure 12.3). Both images, anterior and posterior, are simultaneously pro-
cessed in the same detection order. Detected points from the anterior image
are mirrored to the posterior, and vice versa. Mirroring is possible because
both images are taken at the same time and are therefore aligned and have
the same size. Some point pt(x,y) on one image is mirrored to the other one
as pt′(x′,y′), where x′ = imagewidth − x, y′ = y on the other image. Some bones
are better visible on the anterior and some on the posterior images due to the
varying distances from the collimators (gamma-ray sensors). In each step, the
detected reference points visible in both images are compared. The algorithm

FIGURE 12.3: Example of detected image peaks on anterior and posterior
image using Algorithm 12.1 (d = 1, w ×h = 11 × 5) (all peaks are mirrored to
the counter image).
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chooses the one that is estimated to better represent the desired reference
point. For each reference point type (knee, ankle, ilium, pubis, shoulders,
etc.), we determined the rules that decide better choice.

When deciding the better reference point of the anterior and posterior scan,
two aspects are observed. The expected neighboring uptake and relations to
other detected reference points on the basis of expected skeletal ratios (e.g.,
the length of the upper arm humerus is expected to be approximately 0.67%
of the spine length, spanning from the neck nape to the sacrum bone). More
detailed algorithms (source code) can be found in Šajn [17].

Bigger bone regions have the same shape and position in both images,
but usually the edge of one side of the bone is better expressed on one image
due to the distance to collimator, whereas the other side is better expressed
on the other image. With combining peaks from both anterior and posterior
images, both sides are clearly expressed (i.e., ilium bone). Some bone regions
(skull, ilium, pubic bones, etc.) can be represented by some basic geometric
shapes (circles, lines, and ellipses), which can be determined by using the
LSM method. The fitting of the geometric shapes is improved also using the
mirrored points from anterior to posterior image, and vice versa.

The order in which the reference points were detected was determined
using knowledge of the human anatomy as well as the physicians’ recommen-
dations. The anatomical knowledge is represented as a list of parameterized
rules specific to each bone region. Rule parameters (e.g., thresholds, spatial
and intensity ratios) were initially set by physicians and further refined on a
separate tuning set.

12.2.3.2 Scintigraphy segmentation

Respective skeletal regions are processed in the following order: shoulders,
pelvis, head, thorax, and extremities. Here we briefly describe the idea of locat-
ing the bone regions. More detailed procedures are described in our previous
work [18].

The two shoulder reference points as the main starting points are
detected with the first peaks (see Figure 12.3) found from diagonal directions
(Figure 12.4).

The pelvis is located at the end of the spine and has approximately the
same width as the shoulders. In order to find the pelvis, the estimation of the
spine position is required. This is performed with a beam search. The most
identifiable bone in pelvic region is the ilium bone, which has higher uptake
values than its neighboring soft tissue. The ilium bone has a circular shape in
the upper part and is therefore convenient for circle fitting with LSM.

The pubic bone is detected by estimating the pubis ROI using the detected
ilium location, the distance between detected ilium circle centers, and the
angle between them. The experimentally determined ROI’s size is narrowed
with the binarization algorithm. Circles representing the two ilium and pubic
bones are detected with LSM using the detected peaks.
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190 pixels
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FIGURE 12.4: Locating shoulders.

FIGURE 12.5: Head detection with ellipse fitting sizes.

When at least the image orientation and the location of the shoulders are
known, some part of the neck or the head is visible between the shoulders.
Finding the head is not difficult, but determining its orientation is, especially
in cases where a part of the head is not visible in the scan. The most reliable
method for determining the head orientation and position is ellipse fitting of
the head contour, as shown in Figure 12.5.

Vertebrae have more or less specific intervertebral spaces [19]; the only
problem is that on a bone scintigram, only a planar projection of the spine is
visible. Since the spine is longitudinally curved, the vertebral spatial relations
vary due to different axial orientation of the patients. The average interverte-
bral disc spaces have been experimentally determined from normal skeletons.
After the approximate spine ROI is determined, it is divided into 10 vertical
parts according to the predefined intervertebral disc.

Ribs are the most difficult skeletal region to detect because they are quite
unexpressive on bone scans, their formation can vary considerably, and their
contours can be disconnected in the case of stronger pathology. Using the
detected vertebrae, the ribs’ ROIs are defined. For the rib contour detection,
we use the morphology-based image operations, particularly three well-known
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algorithms: dynamic binarization, dilation/skeletonization [20], and Hough
transform [21].

Extremities are often partly absent from the whole-body scan because of
the limited gamma camera detector width. The regions of humerus, ulna, and
radius as well as femur, tibia, and fibula bones are located with the use of
beam search. The detection is designed in such a way that a part or the entire
extremity or head may not be visible in the scan.

12.3 ArTeX Algorithm

12.3.1 Related work

Researchers have tried to characterize textures in many different ways.
Most texture features are based on structural, statistical, or spectral proper-
ties of the image. Some methods use textural features that include several of
these properties. Well-known statistical features are based on gray-level cooc-
currence statistics [22], which are used in the “Image Processor” program [23].
Examples of structural features are features of Voronoi tesselation [24], repre-
sentations using graphs [25], representations using grammars [26], and repre-
sentations using association rules [27]. The spectral features are calculated in
space, which is closely related to textural features—for example, frequency and
amplitude. The most frequently used space transformations are the Fourier,
Laws [28], Gabor [29], and wavelet transforms.

12.3.2 Association rules

Association rules were introduced by Agrawal, Imielinski, and Swami [30]
in 1993. The following is a formal statement of the problem: Let I =
{i1, i2, . . . , im} be a set of literals, called items. Let D be a set of transac-
tions, where each transaction T is a set of items such that T ⊆ I. We say
that a transaction T contains X if X ⊆ T . An association rule is an impli-
cation of the form X =⇒ Y , where X ⊂ I, Y ⊂ I and X ∩ Y = 0. The rule
X =⇒ Y holds in the transaction set D with confidence c if c% of transactions
in D that contain X also contain Y . The rule X =⇒ Y has support s in the
transaction set D if s% of transactions in D contain X ∪ Y . The problem of
discovering association rules says: Find all association rules in transaction set
D with confidence of at least minconf and support of at least minsup, where
minconf and minsup represent the lower boundary for confidence and support
of association rules.

12.3.3 Texture representation

The use of association rules for texture description was independently
introduced by Rushing and others [27]. Here we present a slightly different
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approach, which uses different texture representation and a different algorithm
for association rules induction and which we developed before we become
aware of the work by Rushing and colleagues.

Association rules are most widely used for data mining of very large rela-
tional databases. In this section, we give a representation of texture, which
is suitable for processing with the association rules algorithms. To apply the
association rules algorithms on textures, we must first define the terms used
for association rules in the context of textures.

Pixel �A of a texture P is a vector �A = (X, Y, I ) ∈ P , where X and
Y represent the absolute coordinates and I represents the intensity of
pixel A.

Root pixel �K is the current pixel of a texture �K = (XK , YK , IK).

R neighborhood NR, 	K is a set of pixels located in the circular area of

radius R with root pixel �K at the center. Root pixel �K itself is not a
member of its neighborhood.

NR, 	K = {(X, Y, I)|δ ≤ R} \ �K

δ =
[√

(XK − X)2 + (YK − Y )2 + 0.5
]

(12.1)

Transaction TR, 	K is a set of elements based on its corresponding neigh-
borhood. The elements of transaction are represented with Euclidean
distance and intensity difference from the root pixel.

TR, 	K =
{

(δ, IK − I)|(X, Y, I) ∈ NR, 	K

}

δ =
[√

(XK − X)2 + (YK − Y )2 + 0.5
]

(12.2)

Transaction element is a two-dimensional (r, i) ∈ TR, 	K , where the
first component represents the Euclidean distance from the root pixel
and the second component represents the intensity difference from the
root pixel.

Association rule is composed of transaction elements; therefore, it
looks like this:

(r1, i1) ∧ · · · ∧ (rm, im) =⇒
(rm+1, im+1) ∧ · · · ∧ (rm+n, im+n)
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Transaction set DP,R is composed of transactions that are derived
from all possible root pixels of a texture P at a certain neighborhood
size R:

DP,R =
{

TR, 	K |∀ �K : �K ∈P
}

This representation of a texture replaces the exact information of location
and intensity of the neighboring pixels with more indecisive information of
the distance and the relative intensity of neighboring pixels. This description
is also rotation invariant.

Figure 12.6 illustrates the association rule (1, 1)∧(2, 10) =⇒ (1, 15)∧(3, 5),
which can be read as follows: If a pixel of intensity 1 is found on distance 1
and a pixel of intensity 10 is found on distance 2, then there is also a pixel of
intensity 15 on distance 1 and a pixel of intensity 5 on distance 3.

This representation is almost suitable for processing with general associa-
tion rule algorithms. What is still to be considered is the form of a transaction
element. Association rule algorithms expect scalar values for transaction ele-
ments, whereas our representation produces a two-dimensional vector for a
transaction element. Luckily, this issue can be easily solved. Let us say that
the intensity of each texture point can have values from interval [0..(Q − 1)]
and that the neighborhood size is R. Take some transaction element (r, i),
where i has a value from [−(Q − 1).. + (Q − 1)] and r has a value from [1..R].
What is needed here is a bijective mapping that transforms each vector to
its scalar representation. This can be achieved in many ways. A possible and
quite straightforward solution is:

s = (2Q − 1)(r − 1) + i + (Q − 1)

3 2 101 1 3 2 1 15 5

FIGURE 12.6: An illustration of association rule (1, 1)∧(2.10) =⇒ (1, 15)∧
(3, 5).



Image Segmentation and Parameterization for Automatic Diagnostics 361

The transformation is also reversible:

r = 1 + sdiv(2Q − 1)
i = s mod (2Q − 1) − (Q − 1)

Now it is possible to define a transaction that suits the general association
rule algorithms:

TR,Q, 	K =
{

s

∣∣∣∣(r, i) ∈ TR, 	K

s = (2Q − 1)(r − 1) + i + (Q − 1)

}

And finally, we obtain the appropriate transaction set definition:

DP,R,Q =
{

TR,Q, 	K

∣∣∣∀ �K : �K ∈ P
}

12.3.4 From association rules to feature description

Using association rules on textures allows us to extract a set of features
(attributes) for a particular domain of textures. The ArTeX algorithm is
defined with the following steps:

1. Select a (small) subset of images F for feature extraction. The subset
F can be considerably small. Use at least one example of each typical
image in the domain—that is, at least one sample per class, or more if
the class consists of subclasses.

2. Preprocessing of images in F. Preprocessing involves the transformation
of images to grayscale if necessary, the quantization of gray levels, and
the selection of proper neighborhood size R. The initial number of gray
levels per pixel is usually 256. The quantization process downscales it
to, say, 32 levels per pixel. Typical neighborhood sizes are 3, 4, 5.

3. Generate association rules from images in F. Because of the representa-
tion of texture, it is possible to use any algorithm for association rules
extraction. We use Apriori and GenRules, as described in [30].

4. Use generated association rules to extract a set of features. There are two
features associated with each association rule: support and confidence.
Use these two attributes of all association rules to construct a feature
set. The number of extracted features is twice the number of association
rules (which could be quite a lot).

To clarify what we said, we also provide a formal algorithm (see Algo-
rithm 12.2). The algorithm takes five input parameters: a set of images I,
neighborhood size R, texture quantization Q, minimum support minsup, and
minimum confidence minconf. Functions ϕsup and ϕconf are used to calculate
support and confidence given an image and an association rule. The output
of the algorithm is feature set matrix d, where di,j represents the jth feature
of image i.
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Algorithm 12.2 ArTeX (image i, radius R, quantization Q, minsup,
minconf ).

1: Select F so that F ⊂ I
2: Preprocess(F, R, Q)
3: for all f ∈ F do
4: D = transactionModel(f, R, Q) STATE r1 = apriori(D,minsup)
5: r2 = genRules(r1,D,minconf)
6: ρsup = ρsup ∪ r1 {itemsets with support > minsup}
7: ρconf = ρconf ∪ r2 {rules with confidence > minconf}
8: end for
9: i = 0

10: for all f ∈ (I \F ) do
11: j = 0
12: for all � ∈ ρsup do
13: di,j = ϕsup(f, �) {jth attribute of ith image}
14: j = j + 1
15: end for
16: for all � ∈ ρconf do
17: di,j = ϕconf (f, �)
18: j = j + 1
19: end for
20: i = i + 1
21: end for
22: return d {d is a matrix of attribute values}

12.3.5 Extending the parameter set

Our model of texture is such that the structure of the association rule also
describes some aspects of the textural structure. Since we are interested in the
parametric description of a texture, this structure has to be represented with
one or more parameters. Until now, we have presented the basic algorithm,
which uses only basic interestingness measures, support, and confidence, which
were defined together with association rules [30]. They are still most widely
used today, but there are some concerns, especially with confidence measure,
which can be misleading in many practical situations, as shown by Brin and
others [31]. They also offered an alternative to evaluate association rules using
the χ2 test. Contrary to confidence measure, the χ2 test could be used to find
both positively and negatively correlated association patterns. However, the
χ2 test alone may not be the ultimate solution because it does not indicate the
strength of correlation between items of association pattern. It only decides
whether items of association pattern are independent of each other; thus, it
cannot be used for ranking purposes.

We use the χ2 test just to select interesting association patterns, which
are later described by the Pearson correlation coefficient (φ-coefficient) as
advised in Tan and Kumar [32]. ArTeX also uses an additional interestingness
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measure, which was selected with thorough experiments on various domains
from a subset of collections made by Tan and colleagues [33]. From all tested
measures, the J-measure gave best results [34]. The J-measure for rule A → B
is defined as follows:

P (A, B) log
(

P (B|A
P (B)

)
+ P (A,B) log

(
P (B|A
P (B)

)

12.4 Multiresolutional Parameterization

Why use more resolutions? Digital images are stored in matrix form, and
algorithms for pattern parameterization basically use some relations between
image pixels (usually first- or second-order statistics). By using only a single
resolution, we may miss the big picture and proverbially not see the forest
for the trees. Since it is too computationally complex to observe all possible
relations between at least any two pixels in the image, we have to limit the
search to some predefined neighborhood. These limitations make relations vary
considerably over different resolutions. This means that we may get completely
different image parameterization attributes for the same image at different
scales.

12.4.1 Parameters from many resolutions

Many authors in their multiresolutional approaches use only mor resolu-
tions that are independent of the image content [35–37]. Usually two or three
resolutions are used. Authors report better classification results when using
more resolutions and also observe that when using more than three resolu-
tions, the classification accuracy starts to deteriorate. We have observed that
in many cases authors use a set of resolutions by exponentially decreasing the
resolution size ( 100

2i , i = 0..n − 1). However, we noticed that in many cases,
equidistant selection of resolutions (100i

n , i = 1..n, where n is the number of
resolutions used) gives better results. When using exponential forms of res-
olutions, less pattern content is examined and consecutively less significant
attributes are derived. Another frequently used multiresolutional approach
is the wavelet transform [38], which describes textures with measures calcu-
lated with iterative image division. None of the procedures mentioned above
observes the contents of images.

Another extension of parameters for texture parameterization comes from
the issue of pattern’s scale. Not every combination of scale and neighborhood
size can guarantee that the pattern is detected. The problem is illustrated in
Figure 12.7.

To increase the possibility that the pattern will be detected, we propose a
framework in which the extraction of attributes is repeated at different texture
resolutions and combined in one feature vector.
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(a) A very inadequate resolution (b) An adequate resolution

FIGURE 12.7: Detecting patterns at different scales.

12.4.2 Automatic selection of a small subset of relevant
resolutions

The idea for the algorithm for automatic selection of a small subset of
relevant resolutions is derived from the well-known SIFT algorithm [10]. The
SIFT algorithm is designed as a stable local feature detector represented as
a fundamental component of many image registration and object recogni-
tion algorithms. Since we are not interested in detecting stable image key
points but in detecting resolutions at which the observed image has the
most extremes, we devised a new algorithm, ARes (see Algorithm 12.3)
for determining the resolutions for which more informative features can be
obtained. The algorithm was designed especially for the ArTeX parameteri-
zation algorithm (see Algorithm 12.2) but also usually improves the results
with other parameterization algorithms, as can be seen in Section 12.5.
Resolutions for the bone scintigraphy are also determined using the ARes
algorithm.

The ARes algorithm consequently resizes the image from 100% down to
some predefined lowest threshold at some fixed step when detecting the appro-
priate resolutions. Both the lowest threshold and the resolution step are deter-
mined using the observed image data set. At each resize step, the peaks are
counted. Peaks are represented by pixels that differ from their neighborhood
either as highest or lowest intensity. This algorithm can also be implemented
with the difference-of-Gaussian (DOG) [10] method, which improves the time
complexity with a lower number of resizes required to search the entire reso-
lution space.

The detected peak counts are recorded over all resolutions as a histogram.
From the histogram, the best resolutions are detected as the highest counts.
The number of resolutions we want to use in our parameterization is predefined
by the user. When there are several equal counts, we choose resolutions as
diverse as possible.
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Algorithm 12.3 Algorithm ARes for detecting a small subset of relevant
resolutions.
Require: Set of input images Θ with known classes, number of desired res-

olutions η, number of images to inspect in each class γ, radius φ used by
the parameterization algorithm later in the process

Ensure: Subset of resolutions Π
1:

Wmax =
|Θ|

max
i=1

(Θi(width)), Hmax =
|Θ|

max
i=1

(Θi(height))

{find the biggest image height and width}
2: extend the image sizes Θi ∈ Θ to Wmax × Hmax by adding a frame of

intensity equal to the average intensity of the original image Θi. New
resized images are saved in the set Θ′ {image sizes must be unified in
order to be able to compare resolutions over different images}

3: δ = 2∗φ
3 · 1

min{Wmax,Hmax} {set the resize step}
4: for each class, add γ randomly selected images from the set Θ′ into the

set Θ1
5: Ω = {}
6: for (∀θ ∈ Θ1) do
7: ν = 1.0 {start with 100% resolution}
8: while (min{Wmax, Hmax} · ν > 3 · φ) do
9: θ1 = resize(θ, ν) {change the observed image’s size}

10: Find local peaks in θ1 by comparing each pixel’s neighborhood inside
[3 × 3] window

11: Add the pair {ν, number of peaks} into the set Ω
12: ν = ν − δ
13: end while
14: end for
15: order the set Ω by the number of descending peaks and resolutions
16: add first η resolutions from the ordered set Ω into the final set Π

12.5 Results in Diagnostics of the Whole-Body
Scintigrams

12.5.1 Segmentation

Approximately half of the scans were used for tuning the parameters
required for reference point detection and the other half for testing the segmen-
tation process. All 246 patients examined between October 2003 and March
2004 were used as the tuning set, and the 221 patients examined between April
and June 2004 were used as the test set. In the tuning set, 38.9% of the images
showed various nonosseous uptakes, 47.5% images contained visible injec-
tion points, and 6.8% were of children/adolescents with visible growth zones.
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Similar distribution was found in the test set (34.5% nonosseous uptakes,
41.0% visible injection points, and 2.85% children/adolescents). Most of the
artifacts were minor radioactivity points from urine contamination in the
pelvic region or other parts (81.4% of all artifacts), whereas only a few other
types were observed (urinary catheters 13%, artificial hips 4%, and lead acces-
sories 1.6%). We observed that there were no incorrectly detected reference
points in children/adolescents with the visible growth zones since all the bones
are homogenous, have good visibility, and are clearly divided with growth
zones. The segmentation algorithm works for adult and child/adolescent
patients without any user intervention. Results of detecting the reference
points on the test set are shown in Table 12.1.

Results are presented for different types of pathologies because we expected
the degree of pathology to affect the quality of the detection process. The
results show that there are no major differences in the reference point detection
between different pathological groups.

The algorithm was implemented in a system called Skeleton 1.2 [17] (writ-
ten in Java 2 SE, version 1.4.2) (see Figure 12.8). The current system includes
image editing, filtering with different linear filters, conversions to other for-
mats, storing images in the database with batch procedures, XML exports
of reference points, manual correction of reference points, image annotation,
and region localization using the scalable correlation. We also tested the accu-
racy of the bone region localization using correlation with generalized bone
region images. In addition to bigger time complexity, the latter approach gave
worse results compared to our segmentation algorithm. Therefore, all high-
complexity algorithms were avoided, and applied algorithms were optimized
in the sense of computational complexity. The detection of reference points
on both anterior and posterior images takes approximately 3 seconds on a
Pentium 4 PC with 2.8 GHz, 1 GB RAM.

12.5.2 Diagnosing pathologies with machine learning

The obtained reference points can be used in two ways to segment a scan.
One way is to segment the scintigram only by extracting bones along the
detected reference points with some predefined offset width. This type of seg-
mentation was used in the classification part of our study. Since there is only
a limited number of reference points, we can extract only 26 bones or bone
regions (i.e., extremities, lumbal, thoracic, and cervical spine; 10 ribs; bones in
pelvic region; and the head). Some extracted bones are shown in Figure 12.9c.

Another possibility of segmenting the scintigram is to map some standard,
predefined skeletal mask over the scan observed using the detected reference
points, as shown in Figure 12.9b. With this approach, we also need some vir-
tual reference points, which are defined with the detected reference points;
see Figure 12.9a. The skeletal mask represented with polygons can be defined
by the radiologist on some scans. The algorithm triangulates the scan using
the detected reference points. A new scan is triangulated in the same way
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FIGURE 12.8: (See color insert following page 370.) View of the program
skeleton.

so the defined skeletal mask can be mapped. Mapping is carried out with
the linear transform for each triangle. The defined skeletal mask polygons
are transformed with a linear operation that multiplies the polygon vertices
pim(xim, yim) with the matrix A calculated from the belonging triangle coor-
dinates in the original image v1o(x1o, y1o), v2o(x2o, y2o), v3o(x3o, y3o) and in
the new image v1m(x1m, y1m), v2m(x2m, y2m), v3m(x3m, y3m).

A =

⎡
⎣ x1m x2m x3m

y1m y2m y3m

1 1 1

⎤
⎦ ·
⎡
⎣ x1o x2o x3o

y1o y2o y3o

1 1 1

⎤
⎦

−1

, pim = A · pio

When all reference points are obtained, every bone is assigned a portion
of original scintigraphic image according to relevant reference points.

The results of our parameterization with our ArTeX algorithm are com-
pared with the results of four other image parameterization algorithms (Haar
wavelets [38], Laws filters [39], Gabor filters [40], image processor [23] (imple-
ments many parameters of the first- and second-order statistics [22]), and
Laws texture measures [39]).
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A B C D E F G

(a)

(b)

(c)

FIGURE 12.9: Using reference points for scintigraphy segmentation.
(a) Additional virtual reference points (b) Triangulation mask and an exam-
ple of a mapped annotation between different scans (c) Examples of extracted
bones (A, cervical spine; B, foot; C, ribs; D, femur; E, lumbal spine; F, thoracic
spine; G, sacroiliac joint).
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The images of bones were described with several hundred automatically
generated attributes with the ArTeX algorithm. Attributes are invariant
to rotation and illumination changes. Rotation invariance is very impor-
tant in this case because it compensates for different patients’ positions
inside the camera, whereas the illumination compensates for different absorp-
tions of radiopharmaceutical throughout the body. Attributes were used
for training the naive Bayesian classifier implemented in Weka [41]. In our
preliminary experiments, various pathologies were not discriminated; that
is, bones were labeled with only two possible diagnoses: no pathology or
pathology.

From our complete set of 467 patients, pathologies were thoroughly eval-
uated by physicians only for 268 patients. These 268 patients were used
for the experiments with machine learning. In 21% of scans, no pathology
or other artifacts were detected by the expert physicians. In the remain-
ing 79% of the scans, at least one pathology or artifact was observed. All
bones were classified as normal or pathological and grouped into 10 regions.
For each region, we have a binary classification problem. For machine learn-
ing, we used all pathological bones and randomly sampled healthy bones so
that in all 10 problems, 30% of the bones were pathological, and 70% were
healthy. Results were evaluated with tenfold cross validation and are shown
in Tables 12.2 and 12.3. Table 12.2 gives the classification accuracy with the
ArTeX algorithm, and Table 12.3 compares the other algorithms. The best
results were achieved when ArTeX with J-measure and resolutions deter-
mined with ARes were used for parameterization of images. The Friedman
rank test showed that ArTeX was significantly better (α = 0.05) than the
Laws and Haar algorithms; however, the difference compared with the Gabor
and image processor algorithms using resolutions determined with ARes is not
significant.

TABLE 12.2: Experimental results (classification accuracy [%]) with
machine learning on two-class problem at different resolutions.
Parameterized with ArTeX using the J-measure.
Bone Region 100% Resolution 4 Equidistant

Resolutions
4 Resolutions
with ARes

Cervical spine 76.00 72.00 75.00
Feet 84.44 84.44 85.56
Skull posterior 70.00 80.00 80.00
Ilium bone 88.48 90.30 90.30
Lumbal spine 69.10 74.42 71.41
Femur and tibia 84.15 84.15 86.41
Pelvic region 88.57 91.43 94.29
Ribs 94.31 95.42 95.42
Scapula 95.00 95.00 95.00
Thoracic spine 71.67 71.67 81.12
Average 82.17 83.88 85.45
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TABLE 12.3: Experimental results with other algorithms.
Algorithm 100% Resolution Equidistant ARes
ArTeX (no J-measure) 83.25 83.00 84.91
Gabor 83.61 84.41 84.12
Haar 80.16 79.80 81.82
Laws 82.60 83.00 83.39
Image processor 81.47 83.59 84.46

TABLE 12.4: Specificity and sensitivity of the classification.
Bone Region 100% Resolution Equidistant ARes

Sp. % Sen. % Sp. % Sen. % Sp. % Sen. %
Cervical spine 88.89% 42.86% 88.89% 28.57% 86.10% 56.08%
Feet 93.75% 61.54% 93.75% 61.54% 93.75% 65.38%
Skull posterior 84.62% 0.00% 100.00% 0.00% 100.00% 0.00%
Ilium bone 91.36% 81.82% 93.83% 81.82% 93.83% 81.82%
Lumbal spine 80.68% 43.90% 88.64% 43.90% 81.82% 48.78%
Femur and tibia 91.20% 67.31% 95.20% 57.69% 94.40% 73.08%
Pelvic region 94.00% 75.00% 96.00% 80.00% 98.00% 85.00%
Ribs 95.16% 92.00% 98.39% 88.00% 98.39% 88.00%
Scapula 100.00% 81.82% 100.00% 81.82% 100.00% 81.82%
Thoracic spine 82.93% 43.75% 85.37% 37.50% 85.37% 61.20%
Average 90.26% 59.00% 94.01% 56.08% 93.16% 64.12%

Table 12.4 gives sensitivity and specificity of the classification results.
ArTeX achieved the best specificity. The Friedman rank test showed that
in the specificity of the bone classification, ArTeX was significantly better
(α = 0.05) than the Haar and Gabor algorithms; however, the difference
compared with the image processor and Laws algorithms is not significant.
Sensitivity was not significantly different in any comparison of ArTeX to other
algorithms.

12.6 Discussion

The detection of the reference points gave excellent results for all bone
regions except for the ribs and the extremities, where some parts were missing
in the scan. The extremities were mainly misdetected in the cases where the
humerus bone was partially missing.

As expected, the detection of ribs was the most difficult. The results show
that in 14% to 20% of scans, there were difficulties in detecting ribs. The ribs
in the thoracic areas were hard to follow due to a vague expression. Generally,
one rib was missed or not followed to the very end. We intend to improve
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this problem in the future. In the present system (Figure 12.8), such reference
points can be manually repositioned by the expert physician.

Since a robust segmentation algorithm should not fail on partial skeletal
images, which is often the case in clinical routine (18% of the scans in our
study), special attention was paid to such cases (e.g., amputees and skeletal
parts entirely invisible in the scan). In our results, such cases do not stand
out from the normal scans.

The automatically detected reference points can be used for mapping a
standard skeletal reference mask, which we believe is the best way to find
individual bones on scintigrams, since individual bones are often not expressive
enough that their contours can be followed. Examples of such mask mapping
and extracted bones are shown in Figure 12.9b and 12.9c.

Segmented bone images can be treated as textures because they have sim-
ilar structure over a certain bone region. Bones as textures can be parameter-
ized with some algorithms for pattern parameterization. Pathology represents
some unusual texture patterns that can be distinguished from healthy cases.
The ArTeX algorithm for pattern parameterization alone performs just as
well as other algorithms in terms of classification accuracy. When we extend
the parameter set with the J-measure and use the multiresolutional approach,
the performance greatly improves. The resolutions for the multiresolutional
approach must be carefully selected, as shown in the results. Resolution selec-
tion is performed by the algorithm ARes, which is also described in the chapter
and improves ArTeX as well as other parameterization algorithms (e.g., Haar,
Laws, and image processor). The same performance is achieved in other med-
ical domains (e.g., ischemic heart disease), which are not discussed in this
chapter.

12.6.1 Future research directions

The algorithms for pattern parameterization presented here open a new
research area of multiresolution image parameterization and enable many
applications in medical, industrial, and other domains where textures or
texturelike surfaces are classified. The ARes algorithm can be improved
with additional resolution search refinements, which would be more domain
oriented. In our case, we plan to study malignant pathologies and to seek
different criteria for resolution quality evaluation.

While our experimental results with machine learning are quite satisfac-
tory, they were obtained for a simplified (two-class) problem only. Simply
extending a problem to a multiclass paradigm is not acceptable since the
bone may be assigned several different pathologies at the same time. We are
currently developing a new approach in which the problem is rephrased to the
multilabel learning problem, and each bone will be labeled with a nonempty
subset of all possible labels [42,43].
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12.7 Conclusions

The computer-aided system for bone scintigraphy presented here is a step
toward automating the routine medical procedures. Some standard image pro-
cessing algorithms were tailored and used in combination to achieve the best
reference point detection accuracy on scintigraphic images, which have tech-
nically very low resolution. Because of poorer image resolution compared to
radiography, the presence of artifacts and pathologies necessitates that algo-
rithms use as much background knowledge of anatomy and spatial relations
of bones as possible in order to work satisfactorily. This combination gives
quite good results, and we expect that further studies on automatic scinti-
gram diagnosis using reference points for image segmentation will give more
accurate and reliable results than presented in previous studies that did not
use segmentation.

For improving classification accuracy in medical image domains, we
encourage the multiresolutional parameterization approach. As we have
observed, the resolutions should be determined according to the properties
of the observed domain.

This approach offers a new view of automatic bone scintigraphy evaluation
since in addition to detection of pointlike high-uptake lesions, it also offers:

• More accurate and reliable evaluation of bone symmetry when looking
for skeletal abnormalities

• Detection of a greater number of abnormalities, since many abnormali-
ties can be spotted only when the symmetry is observed (differences in
length, girth, curvature, etc.)

• Detection of lesions with low uptake or lower activity due to metallic
implants (e.g., artificial hip)

• Possibility of comparing uptake ratios among different bones

• More complex pathology detection by combining pathologies of more
bones (e.g., arthritis in joints)

• Possibility of automatic reporting of bone pathologies in written lan-
guage for educational purposes

The machine learning approach described in this work is in an early
stage of development. However, the preliminary results are encouraging,
and the multiresolutional approach will make them more useful for clinical
applications.
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A major drawback of 3-D medical image registration techniques is the per-
formance bottleneck associated with similarity calculation. Such bottlenecks
limit registration applications in clinical situations where fast execution times
are required and become particularly apparent in the case of volumetric data
sets. In this chapter, a framework for high-performance intensity-based volume
registration is presented. Geometric alignment of both reference and sensed
volumes is achieved through a combination of translation, rotation, and sim-
ilarity evaluation. Crucially, similarity estimation is performed intelligently
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by agents. The agents work in parallel and communicate with one another
by means of a distributed blackboard architecture. Partitioning of the black-
board is used to balance communication and processing workloads. The frame-
work described demonstrates the flexibility of coarse-grained parallelism and
shows how high-performance registration can be achieved with nonspecialized
architectures.

13.1 Introduction

The ability to visualize hidden structures in detail using 3-D data has
become a valuable resource in medical imaging. Importantly, the alignment
of volumes makes possible the combining of different structural and func-
tional information for diagnosis and planning purposes. According to Zitova
and Flusser (2003), registration can be classified as either landmark or inten-
sity based because a universal registration method is impractical due to the
wide variety of noise and geometric deformations contained within captured
volumes. During landmark-based registration, corresponding subsets of sam-
ples are used to estimate alignment accuracy; this method is in contrast with
intensity-based registration, which employs the complete set of voxels from
each volume (Temkin, Vaidyanath, and Acosta, 2005).

Transform optimization, resampling, and similarity calculation form the
basic stages of an intensity-based registration process. During transform opti-
mization, translation and rotation parameters that geometrically map voxels
in the reference (fixed) volume to voxels in the sensed (moving) volume are
estimated. Once estimated, intensities that are mapped into noninteger coor-
dinates are interpolated in the resampling stage. After resampling, a metric
is used for similarity calculation in which the degree of likeness between cor-
responding volumes is evaluated. Optimization of the similarity measure is
the goal of the registration process and is achieved by seeking the best trans-
form. Transform parameters are in general defined as the search space. Other
search parameters, however, may be defined depending on the type of registra-
tion algorithm employed (Cordon, Damas, and Santamaria, 2006). Due to the
iterative nature of registration algorithms, similarity calculation represents a
considerable performance bottleneck, which limits the speed of time critical
applications.

Inputs to and output from a similarity metric are illustrated in Figure 13.1.
In general, a metric works by examining corresponding voxels in both fixed
and moving volumes and then formulating a measure of similarity based on
the relationship between these intensities (Penney et al., 1998). The metric
assumes that the relationship changes with variations in the spatial transform
used to map between voxels, and a maximum similarity is achieved when vol-
umes are in close alignment. Intensity equality, which is high when voxels
are similar, is one such relationship employed as a similarity metric when
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FIGURE 13.1: Inputs to the similarity metric. The output is a single value
used to determine suitability of the transform parameters.

volumes are captured using the same sensor type. Total equality is, however,
seldom reached due to noise and volume acquisition inconsistencies. Addi-
tional robustness is therefore achieved by assessing the ratio of intensities and
minimizing the variance of such ratios (Jeongtae and Fessler, 2004). When
volumes are acquired with different sensor types, an extension of the ratio
method that maximizes the weighted collection of variances can be employed.
Examples include the mutual information–based similarity metrics described
by Pluim, Maintz, and Viergever (2003).

Although a number of different approaches to overcome the similarity cal-
culation bottleneck exist (Wang and Feng, 2005; Zhang and Blum, 2001),
the use of parallel computing to overcome the time constraints associated
with volume registration applications is growing in popularity. Conveniently,
many of the similarity calculation strategies employed are inherently parallel
and therefore well suited to distribution. An important consideration when
adopting a parallel processing approach is the architecture of the host system
(Seinstra, Koelma, and Geusebroek, 2002). In a computer constructed of
multiple processors with shared memory, data distribution is not required.
These systems are viewed as tightly coupled architectures. A loosely coupled
architecture, in contrast, consists of multiple computers in different locations.
Loosely coupled architectures require data distribution, communication, and
accumulation mechanisms. Importantly, the most effective distribution scheme
will depend on the architecture of the host system. Contrasting architectures
of host systems are illustrated in Figure 13.2.
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FIGURE 13.2: Tightly and loosely coupled architectures. Data are either
fetched from main memory or transferred over a communications network.

13.2 Background

Understandably, parallel architectures have been employed by a number
of researchers. Clinically compatible speeds have been achieved by Warfield,
Jolesz, and Kikinis (1998), who introduced a parallel nonrigid algorithm based
on the work-pile paradigm. Their goal was to develop an interpatient reg-
istration algorithm that can be applied without operator intervention to a
database of several hundred scans. In an initial step, each scan is segmented
using a statistical classification method. This preprocessing stage is used to
identify different tissue types, including skin, white matter, gray matter, and
bone structure. Once segmented, a transform that brings these features into
alignment is estimated. In the system described, a message-passing interface
and cluster of symmetric multiprocessors execute parallel similarity calcula-
tion operations using multiple threads. Crucially, work is dynamically load-
balanced across a cluster of multiprocessor computers. Results published by
the group show that successful registration of 256 × 256 × 52 volume brain
scans has been achieved in minutes rather than hours.

Christensen (1998) compares two nonthreaded architectures, Multiple
Instruction Multiple Data (MIMD) and Single Instruction Multiple Data
(SIMD). The work presented raises implementation issues and timing analysis
for the registration of 32 × 32 × 25, 64 × 64 × 50, and 128 × 128 × 100 volume
data sets. During each clock cycle, the SIMD implementation performs calcu-
lations in which all processors are performing the same operation. The MIMD
implementation, in contrast, breaks an algorithm into independent parts,
which are solved simultaneously by separate processors. The movement of data
in both shared-memory systems is unrestricted, and during execution, each
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processor has access to the whole memory. The main performance bottleneck
associated with both approaches was reported as scalability of hardware with
increasing numbers of processors. Crucially, the MIMD implementation is
recorded as being approximately four times faster than its SIMD counter-
part. Reduced performance of the SIMD implementation is reportedly caused
by overheads during serial portions of the registration algorithm.

More recently, the demands placed on registration algorithms when align-
ing deformable structures in 3-D space have been discussed. Salomon et al.
(2005) introduced the deformable registration of volumes, which involves
optimization of several thousand parameters and requires several hours of
processing on a standard workstation. Based on simulation of stochastic dif-
ferential equations and using simulated annealing, a parallel approach that
yields processing times compatible with clinical routines is presented. The
approach represents a hierarchical displacement vector field that is estimated
by means of an energy function. The energy function is scaled in relation
to the similarity measure and is reevaluated at the end of each transform
parameter optimization cycle. The algorithm is reportedly suited to massively
parallel implementation and has been successfully applied to the registration
of 256 × 256 × 256 volumes. Again, the results published show how alignment
can be achieved in minutes rather than hours.

Although these research projects demonstrate the performance benefits
achievable with such architectures, they lack data distribution capabilities.
This limitation strictly bounds the size of volumes to the smallest memory size
within the architecture. In order to simultaneously overcome the limitations of
memory and performance, a data-distributed parallel algorithm was developed
by Ino, Ooyama, and Hagihara (2005). Based on Schnabel’s implementation,
the algorithm performs multimodal volume registration using adaptive mesh
refinement, which requires no user interaction or preprocessing stage. The
data-distribution scheme employed allows for increased volume size and is
achieved by assigning partitioned volume segments to all available processors.
Efficiency of the algorithm is improved through the inclusion of load balancing,
which manages the computational cost associated with each volume segment.
Experimental results obtained on a 128-processor cluster are based on volumes
1024 × 1024 × 590 voxels in size.

While good for maximizing speedup, the fine-grained parallelism employed
complicates distribution of the registration process and reduces flexibility of
the approach because the basic alignment steps are distributed between all
processors. In this research, we describe a coarse-grained approach to paral-
lelism that increases flexibility and allows the issues of fine-grained parallelism
to be ignored. Building on a distributed blackboard architecture, the frame-
work is designed to achieve high-performance intensity-based volume registra-
tion. The approach supports multiple distributed intelligent agents organized
in a worker/manager model. Crucially, the basic alignment steps are allocated
to individual processors, the most computationally intensive of which are per-
formed concurrently.
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In this chapter, an intensity-based registration algorithm is introduced,
and its mathematical derivation is given. Mapping of algorithm components to
individual agents, plus development of information strings to control the trans-
form optimization process, are discussed in detail. Functionality and agent
behavior implemented for similarity calculation between volume segments and
the updating of transform parameters at the end of each optimization cycle
are also presented. The chapter concludes with a discussion of experimental
testing, conclusions, and future trends.

13.3 Intensity-Based Image Registration

When described formally, the inputs to a registration process can be
defined as the fixed volume F , the moving volume M , and the transform
T used to map voxel coordinates. As previously stated, the goal of the regis-
tration process is recovery of a spatial mapping that brings the two volumes
into alignment. To achieve this, the metric S(F, M, T ) is employed to gener-
ate a measure of similarity based on how well aligned the transformed moving
volume is with the fixed volume. The measure of similarity produced forms a
quantitative criterion that can be optimized in a search space defined by trans-
form parameters. Importantly, by employing a gradient-descent optimization
technique, the metric can be used to produce derivatives of the similarity mea-
sure with respect to each transform parameter. Using the resulting derivatives,
updated transform parameters can be estimated and evaluated. To overcome
the problems of local minima, common in gradient-based optimization, other
techniques can be employed. Genetic algorithms employed in two resolution
phases (Chalermwat, El-Ghazawi, and LeMoigne, 2001) and evolutionary algo-
rithms for nonliner optimization (Cordon, Damas, and Santamaria, 2006) are
two such examples.

Given the fixed volume F and moving volume M , the calculation of sim-
ilarity metric derivatives for updating the set of transform parameters P , as
described by Yoo (2004), is defined as

∂S(P |F, M, T )
∂pi

=
Q∑

j=1

∂S(P |F, M, T )
∂x′

j

∂x′
j

∂pi
(13.1)

where Q is the number of valid voxels, identified by j, mapped between vol-
umes, and ∂x′

j/∂pi is a matrix called the transform Jacobian. Typically, trans-
form T works on the set of transform parameters P indexed by pi.

Conveniently, the transform T can be implemented as a Quaternion
(Conway and Smith, 2003), which expresses the rotational relationship
between two vectors. The Quaternion makes possible the retrieval of one
vector by operating with the other. To achieve this, the orientation of the
first vector in relation to a second vector is described using a versor. The
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change in magnitude between the two vectors, in contrast, is encapsulated
as a tensor. Since the versor represents an orientation change, it provides a
convenient description of rotations in 3-D space. Also, when the versor is cou-
pled with a translation vector, a rotation and translation in 3-D space can be
described. Using the versor type, the voxel location x in the fixed volume is
mapped to the new position x′ in the moving volume using

x′ = V ∗ x + t (13.2)

where V is a versor, ∗ stands for the multiplication of the versor with a vector,
and t is a translation vector. In general, the versor consists of three compo-
nents: direction, angle, and norm. The direction of a versor is taken as being
parallel to the axis around which the first vector is rotated, in order to be
mapped to the second vector, and orthogonal to the plane defined by the two
vectors. The angle, in contrast, is the measure of rotation between the two
vectors for which the versor is a Quaternion. The norm of the versor is defined
as a function of its rotation angle.

The transform Jacobian ∂x′
j/∂pi identified in Equation 13.1 is used to

determine how mapped voxel location x′ moves as a function of variations in
the transform parameters. Using pi as a parameter from the set of transform
parameters P , the transform Jacobian is defined as

∂x′

∂pi
=

⎡
⎢⎢⎢⎢⎢⎢⎣
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(13.3)

To update transform T identified in Equation 13.1, rotational changes are
made to the current versor through addition with a versor that represents
the change in angle determined by optimization of the transform parameters.
When described formally, at the end of each optimization cycle, updates to
versor V are computed using

V ′ = dV + V (13.4)

where V ′ is the updated versor to be used in the next optimization cycle, dV
is the variation determined by optimization, and + stands for the addition of
versors. Importantly, derivative dV is computed using

dVi =
[
∂S(Vi)

∂Vi

]
λ (13.5)

where ∂S(Vi)/∂Vi is a derivative of the similarity measure with respect to ver-
sor component Vi, weighted by step length λ. Understandably, the derivative
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expresses how much similarity S changes with variations in V . The transform
vector t identified in Equation 13.2 is simply updated using

t = C − V ′∗C (13.6)

where C is a fixed point used for reference throughout the optimization pro-
cess, V ′ is the updated versor identified in Equation 13.4, and ∗ stands for the
multiplication of the versor with a vector.

13.4 Distributed Approach to Medical
Image Registration

To distribute the registration process, both fixed and moving volumes
require division into segments and distribution. Similarity between volume seg-
ments can then be estimated concurrently by propagating transform parame-
ters to all processing nodes in the distributed processing network. On receiving
transform parameters, each node computes derivatives of the similarity meas-
ure for the segments allocated to it. The local derivatives computed are then
accumulated and summed into a global derivative. This allows the transform
parameters to be updated on the basis of the similarity of complete volumes.
Convergence testing is then performed using the newly updated transform
parameters. Depending on the success or failure of convergence testing, prop-
agation of updated transform parameters and hence evaluation of new param-
eters can occur.

13.4.1 iDARBS framework

Regarded as a computational intelligence technique, DARBS (Distributed
Algorithmic and Rule-Based Blackboard System) is a distributed blackboard
architecture based on a client/server model (Nolle, Wong, and Hopgood,
2001). In DARBS, the server functions as a blackboard and client modules
as agents. In general, each agent represents a structure in which rules and
algorithms can be embodied. Building on previous work within the field of
automated visual inspection for manufacturing, iDARBS (imaging DARBS)
(Tait, Schaefer, and Hopgood, 2005), the underlying framework on which this
chapter is based, consists of Distributor, Worker, and Manager Agent types.

• The Distributor Agent splits selected volumes into segments, which are
placed on the blackboard.

• Worker Agents take segments from the blackboard and perform local
processing.

• The Manager Agent supervises Worker Agent activities.
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FIGURE 13.3: The worker/manager model and agent types on which the
iDARBS framework is based.

As illustrated in Figure 13.3, the implementation of Distributor, Worker,
and Manager Agents as client components means equal access to segments
stored on the blackboard is possible. As a consequence, the concurrent pro-
cessing of volume segments can be achieved and allows the speed benefits of
parallel processing to be realized. Importantly, the coordination of Distribu-
tor, Worker, and Manager Agent activities is achieved by means of reactive
behavior and communication via the blackboard. Such behavior removes the
need for a dedicated control module and associated overheads.

13.4.2 Partitioning of information on the blackboard

Partitioning of information on the blackboard aids design of the framework
by introducing structure to an area of shared memory. Whenever a partition is
changed, all agents working with information contained within the partition
are restarted. As a consequence, the logical organization of information is
used to control the number of partitions from which an agent draws. Due to
the exhaustive search required, a drop in performance can be expected with a
single-partition implementation. Similar inefficiencies are encountered through
management and processing of excess partitions. As shown in Figure 13.4, the
iDARBS blackboard is divided into specialized partitions.

• A Distributor control partition controls division of selected volumes into
segments.

• Worker n control partitions are used to manage processing of volume
segments.

• Supervision of Worker Agent activities is achieved by means of the Man-
ager control partition.

• System variables are maintained in the Parameters partition.

• The Image container partition holds partitioned volume segments.
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FIGURE 13.4: Blackboard partitions and agent interdependence used to
balance communication and processing workloads.

To promote the efficient handling of agent queries and hence increase per-
formance, careful consideration has been given to the format of information
stored on the blackboard. As a result, short, concise strings have been adopted.
The use of human-readable strings also aids in the debugging of errors and
permits easy modifications in the future.

13.4.3 Information strings found on the blackboard

A range of information strings were developed to control the behavior
of Distributor, Worker, and Manager Agent types and allow the movement of
transform and derivatives parameters between framework components. Exam-
ple strings are illustrated in Figure 13.5.

• The region of interest string is used to hold the size of a segment without
borders. The string is generated by the Distributor Agent and placed in
all Worker control partitions.

• A previous transform string is created by the Distributor Agent and used
to hold transform parameters from the previous iteration. Updated by
the Manager Agent, the string is maintained in the Parameters partition
and used in the calculation of updated transform parameters.

[ROI 0_0_0_90_109_90]

[Previous 1.34982342_1.42314742 . . . _11.85115785]

[Current 1.98437218_1.56237292 . . . _16.30191341]

[Derivative -203.68349139_68.62940029 . . . _549]

[Final 1.64514585_0.01234546 . . . _15.79934632]

FIGURE 13.5: Example information strings for controlling the registration
process. Each string consists of an identifying tag followed by an underscore-
delimited list of numbers.
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• Generated and updated by the Manager Agent, the current transform
string is used for propagation of transform parameters to all Worker
Agents. Crucially, the string coordinates the start of Worker Agent
activities.

• The accumulation of local derivatives is achieved with derivative strings.
The creation of a derivative string marks the temporary suspension of
a Worker Agent’s activities.

• The final transform string contains optimum transform parameters.
Once created and propagated to all Worker Agents, the string causes
the permanent suspension of Worker Agent activities.

13.4.4 Agent behavior

Framework initialization and volume selection are the responsibility of the
Distributor Agent. The Distributor Agent also divides selected volumes verti-
cally and horizontally into segments. Before being placed on the blackboard,
the edges of each segment are assigned a border. The border is designed to
counter inconsistencies caused by a lack of voxels at a segment’s boundary.
Upon activation, the Worker Agents retrieve individual segments and com-
pute local derivatives of the similarity measure with respect to each transform
parameter. The accumulation and summation of local derivatives is performed
by the Manager Agent. The Manager Agent also updates current transform
parameters and propagates them to the Worker Agents. Understandably, the
calculation of local derivatives and the updating of transform parameters are
repeated until predefined thresholds are exceeded. On convergence of opti-
mization, resampled volume segments are retrieved from the blackboard and
a registered volume is constructed.

During the alignment process, the mapping of intensities between fixed and
moving segments is achieved using a versor rigid transform component. The
transform represents a rotation and translation, where the rotation is specified
by a (unit) Quaternion and the translation is implemented as a vector. B-spline
interpolation is employed by Worker Agents to estimate moving-volume inten-
sities at nongrid coordinates. Understandably, the intensities produced by the
interpolator map to non-discrete coordinates in 3-D space. Once similarity
between volumes has been calculated, versor rigid 3-D transform optimization
is employed by the Manager Agent to search for new transform parameters.
An adaptation of gradient-descent optimization, the optimizer combines the
current rotation with the computed gradient to produce a new rotation versor.
Translation parameters are simply updated in vector space.

13.4.4.1 Initialization

Because a gradient-descent optimization scheme is employed, the Distrib-
utor Agent places predefined parameters associated with the optimization
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process on the blackboard. The parameters include an initial step length,
a minimum step length, and the maximum number of iterations to be per-
formed. Logically, the initial step length is used to initialize the optimization
process. Convergence of optimization and hence the selection of final trans-
form parameters is controlled by the minimum step length. The maximum
number of iterations prevents the optimization process from entering into an
endless loop.

To start the alignment process, the Distributor Agent calculates an initial
center of rotation and a translation. Employing both fixed and moving vol-
umes, initial parameters are estimated using centers of mass computed from
intensity levels. Once estimated, the fixed-volume center is set as the rota-
tional center of the initial transform. The translation component, in contrast,
is set as the vector between the fixed- and moving-volume centers. To simplify
calculation, no rotation is specified in the initial transform. Crucially, the use
of centers of mass over geometrical volume centers results in a robust esti-
mate of the initial transform because the subject of interest is not always in
the geometric center of a volume.

13.4.4.2 Calculating local derivatives of the
similarity measure

For similarity between volume segments to be calculated, the Worker n
Agent employs region of interest and current transform parameters retrieved
from the Worker n control partition. First, the region of interest is used to
identify the fixed segment without borders. Then, for all voxel coordinates
within the fixed segment, corresponding moving-segment coordinates are com-
puted using the current transform parameters. If the transformation of fixed-
segment voxel coordinates results in a corresponding location that falls inside
the moving segment, the number of valid voxels is incremented and a con-
tribution to the local derivative is made. Otherwise the voxel is considered
invalid and the next fixed-segment voxel coordinates are processed. By evalu-
ating all voxels, local derivatives of the similarity measure with respect to each
transform parameter are generated. Crucially, moving-segment voxel coordi-
nates are calculated using scaled fixed-segment voxel coordinates. First, fixed-
segment voxel coordinates are mapped into the physical space of the fixed
segment and then into the physical space of the moving segment. In a final
step, the physical coordinates of the fixed-segment voxel in moving-segment
space are mapped to moving-segment voxel coordinates. By employing a scale
factor, the mapping of voxel coordinates through physical space allows seg-
ments of different size to be registered.

The contribution to a local derivative represents a summation of inten-
sities, from a moving-segment gradient volume, around the mapped voxel
coordinates. Using a recursive Gaussian filter, a gradient volume is created
from the moving segment. The gradient volume represents a vector field in
which every vector points in the direction of its nearest edge, an edge being
a rapid increase or decrease in neighboring intensities. Each vector has a
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FIGURE 13.6: The Worker n Agent flow diagram. The diagram illustrates
the iterative retrieval of transform parameters and the generation of local
derivatives.

magnitude proportional to the second derivative of the intensity in the direc-
tion of the vector. Created once after retrieval of the moving segment, the
moving-segment gradient volume is used for all iterations of the optimization
process. Figure 13.6 illustrates the iterative nature of the Worker n Agent
engaged in similarity calculation.

13.4.4.3 Advancing transform parameters

To update the current transform, the gradient-descent optimization scheme
employed advances the current transform parameters in the direction of the
global derivative. If the direction of the global derivative abruptly changes,
it is assumed that an optimum has been encountered and the step length is
reduced by a half. After repeated iterations, the step length is reduced fur-
ther and the selection of transform parameters is restricted to a small area of
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search space. Once the step length becomes smaller than the predefined mini-
mum, the optimization process is considered as having converged. This allows
the precision of the final transform parameters to be specified. If optimization
of the transform parameters fails to reach the desired precision, the maxi-
mum number of iterations is used to halt the optimization process. Under-
standably, large numbers of iterations and long computational times result
when the initial step length chosen is small. Large step lengths, in contrast,
can result in the optimum transform parameters being missed. Figure 13.7
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FIGURE 13.7: The Manager Agent flow diagram. The diagram illustrates
the iterative updating of transform parameters and their propagation to
Worker Agents.
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FIGURE 13.8: The movement of information between framework com-
ponents. Derivatives are accumulated by the Manager Agent, and transform
parameters are propagated to all Worker Agents.

illustrates the iterative updating of transform parameters by the Manager
Agent.

The replacing of derivatives with current transform parameters ensures
that the local derivatives computed by the Worker Agents are based on the
same transform. Also, to ensure that the transform parameters updated by
the Manager Agent are based on local derivatives from the same iteration,
derivatives are replaced with current transform parameters. Unsurprisingly,
if the Manager and Worker Agents operate with transform and deriva-
tive parameters from different iterations, a corrupt path through transform
search space occurs. Similarly, if the Manager and Worker Agents become
unsynchronized in the number of iterations performed, a state of dead-
lock occurs as both wait for either transform or derivative parameters. The
accumulation of local derivatives by the Manager Agent and the propaga-
tion of updated transform parameters to Worker Agents are illustrated in
Figure 13.8.

13.4.5 Volume visualization

In order for volumes to be visually assessed, a 3-D viewer was constructed
using the Qt library (Blanchette and Summerfield, 2004). The viewer is cre-
ated during initialization of an agent and can be shown or hidden at any
time. Volume data can be loaded into the viewer by means of a standard open
file dialog box, or it can be functionality embedded in agent rule files. The
viewer consists of perspective and orthographic projections in the x, y, and
z planes. Conveniently, volume data can be displayed as either a complete
object or as slices. When viewed as a complete object, only the surface of a
structure is visible. When viewed as slices, the internal detail of a structure
is presented. By extracting individual slices, assessment of alignment accu-
racy can be achieved using checkerboard, squared difference, and weighted
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FIGURE 13.9: From top left to bottom right: fixed, moving, registered,
and checkerboard images. The checkerboard represents a combination of fixed
and registered slices.

overlay images. Volume overlay, whereby each data set is assigned a different
color channel, is also provided. Figure 13.9 shows extracted slices rendered by
the viewer.

13.5 Experimental Testing

Speed tests are presented and demonstrate the performance increase of
volume registration in nondistributed and distributed processing environ-
ments. To determine the accuracy of alignment between volumes, mean square
error and normalized correlation similarity metrics were selected for testing
purposes. Timing of an experiment started when the Manager Agent propa-
gated current transform parameters to all worker control partitions. Timing
stopped when the Manager Agent placed final transform parameters in the
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Parameters partition. The time required to register volumes was calculated
by subtracting the start time from the stop time.

Magnetic resonance imaging (MRI) is a diagnostic imaging modality that
has the ability to derive contrast from a number of physical parameters (Stark
and Bradley, 1999). Conveniently, MRI volumes specifically designed for the
testing of new registration algorithms can be freely obtained and hence were
deemed suitable for testing purposes. Spin-lattice relaxation (T1) is an MRI
imaging modality used to highlight gray matter contained within the body.
For testing of the distributed algorithm, two T1 volumes were obtained from
the McConnell Brain Imaging Centre (Cocosco et al., 1997). The McConnell
Brain Imaging Centre Web site is an open-access simulated brain database
that contains realistic MRI volumes produced by an MRI simulator. Selection
of three acquisition parameters allows realistic MRI volumes of the brain to be
acquired. The parameters include modality, slice thickness, and noise content.
Both volumes obtained are based on an anatomically normal human brain
and have a slice thickness of 1 mm and noise content of 3%. Both volumes are
also 181×217×181 cubic voxels in size. The moving volume represents a data
set that has been rotated 10 degrees clockwise about the origin and translated
to 15 voxels in the x axis. The origin is the voxel located at the bottom left
corner of the volume.

Using a loosely coupled architecture, testing was performed three times;
results were then combined and an average calculated. In all cases, selected
volumes were divided by the Distributor Agent into 1 to 14 segments, and
a 20-voxel wide border was allocated. In order to maintain consistency, the
experiments represented an ideal case (i.e., one processor for the blackboard,
one processor for the Distributor Agent, one processor for the Manager
Agent, and one processor for each Worker Agent). Connected via an Ethernet
100 Mbps switch, the network contained approximately 30 computers. Run-
ning the Linux Ubuntu operating system, all computers contained AMD
Athlon 2 GHz processors with 1 GB of RAM. The memory was of sufficient
size to allow all computations to occur in RAM. By employing artificially
created volumes, ground-truth parameters were known and could be com-
pared with final transform parameters, thus providing a numerical assessment
of alignment accuracy. A sequential algorithm, hosted on a single-processor
architecture, was used as a performance benchmark for comparison. As a con-
sequence, the results obtained allow the speedup and efficiencies, achieved
through distribution, to be highlighted.

13.5.1 Mean square error

Mean square error is a similarity measure computed over all voxels in
both volumes. Importantly, calculation of mean square error is suited to vol-
umes of the same modality, and as a consequence, intensities at correspond-
ing locations need to be similar. The metric is attractive because it is simple
to compute and produces a relatively smooth search space. When alignment
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between volumes is poor, large values are produced by the metric. Small val-
ues, in contrast, occur near optimum alignment. The distributed mean square
error measure of similarity is defined as

S(F, M, T ) =

R∑
i=1

[
Qi∑
j=1

(F (xij) − M(T (xij)))
2

]

R∑
i=1

Qi

(13.7)

where F and M are fixed- and moving-segment intensity functions, respec-
tively, T is the spatial transform, and xij is the jth voxel of segment i from
the fixed volume. R is the number of segments into which a volume is divided,
and Qi is the number of valid voxels mapped between segments identified by i.
The derivative of the distributed similarity metric with respect to transform
parameter p is computed as

∂S

∂p
=

2
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∣∣∣y=T (xij ,p)
∂T (xij ,p)

∂p

]

R∑
i=1

Qi

(13.8)

where M(T (xij , p)) represents a discrete input that has been interpolated
using a B-spline interpolation scheme, and where ∂T (xij , p)/∂p is the trans-
form Jacobian used to estimate variations in the mapped voxel coordinates
with respect to transform parameter p. Importantly, when a voxel location
that maps outside of the moving segment is encountered, the contribution to
the local derivative is discarded.

Figure 13.10 shows the speed of sequential and distributed volume regis-
tration, plotted as time against number of Worker Agents, with mean square
error as a similarity metric. As can be seen, the average execution time of
registration was reduced from 27 minutes to approximately 5 minutes when
12 Worker Agents were employed. For each test, the distributed metric con-
verged after 19 iterations with transform parameters, which matched those
computed by the sequential algorithm.

13.5.2 Normalized correlation

Computed using all voxels, normalized correlation calculates the cross-
correlation of the volumes to be registered. Once calculated, the cross-
correlation is normalized by the square root of the autocorrelation of each
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FIGURE 13.10: The sequential and distributed processing speed of volume
registration using mean square error as a similarity metric. Increasing numbers
of Worker Agents are shown.

volume. Suited to volumes of the same modality, appealing properties of the
metric include the production of a search space containing sharp peaks and
well-defined throughs. The accurate alignment of volumes results in values
near 1 being produced by the metric. Misalignment, in contrast, produces val-
ues of less than 1. The distributed normalized correlation measure of similarity
is defined as

S(F, M, T ) = −1

R∑
i=1

[
Qi∑
j=1

(F (xij) − M(T (xij)))

]
√√√√ R∑

i=1

[
Qi∑
j=1

F (xij)
2

Qi∑
j=1

M(T (xij))
2

] (13.9)

where F, M, T, R, and Q are the intensity functions, spatial transform, number
of segments, and number of valid voxels previously defined. The derivative
of the distributed normalized correlation similarity metric with respect to
transform parameter p is computed as
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with

a =
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⎡
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where M(T (xij , p)) and ∂T (xij , p)/∂p are the discrete inputs interpolated
using B-spline interpolation and transform Jacobian previously defined. Again,
mapped voxel locations that lie outside of a moving segment do not contribute
to either the similarity measure or its derivatives.

Figure 13.11 shows results plotted as time against number of Worker
Agents, obtained while performing volume registration with normalized cor-
relation as a similarity metric. As can be seen, average processing time of
registration was reduced from 68 minutes to approximately 10 minutes when
10 Worker Agents were employed. The distributed algorithm was observed to
converge after 54 iterations with transform parameters, which matched those
computed by the sequential algorithm.

13.5.3 Speedup and efficiencies achieved

In general, the overall processing time of a registration algorithm will
depend on initial alignment and the size of the volumes being registered. As a
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FIGURE 13.11: The sequential and distributed processing speed of volume
registration using normalized correlation as a similarity metric. Increasing
numbers of Worker Agents are shown.
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consequence, the time required to register volumes can be seen as a function of
the number of processing nodes employed. Crucially, the increase in processing
speed due to parallelization of an algorithm with multiple processing nodes is
governed by Amdahl’s law (Amdahl, 1967; Gustafsom, 1988). The law states
that the distribution of an algorithm can be analyzed in terms of sequen-
tial and parallel portions. The law also suggests that the maximum speedup
achievable through distribution of an algorithm with N processing nodes is
an N times speedup. The maximum speedup, however, is always constrained
by the sequential portion of the algorithm and can be calculated as

Speedup =
ts + tp

ts + tp/N
=

1
ts + tp/N

(13.11)

where ts is the sequential or nonparallelizable portion of the algorithm, and
tp is the parallelizable portion. When considering the distributed similarity
metrics described, tp is the time spent by the Worker Agents computing
local derivatives; ts, in contrast, represents the accumulation of local deriva-
tives, followed by the updating of transform parameters, and their propa-
gation to Worker Agents by the Manager Agent. Crucially, the amount of
speedup achieved by each Worker Agent represents efficiency and is calculated
using

Efficiency =
Speedup

N
(13.12)

where Speedup is the speed improvement calculated in Equation 13.11, and
N is the number of processing nodes previously defined. In this chapter, both
speedup and efficiency are calculated using averaged processing times.

The speedup and efficiency, plotted against number of Worker Agents,
achieved during distributed volume registration with mean square error as a
similarity metric are shown in Figure 13.12. Ideal speedup and efficiency rates
are also shown. As can be seen, a peak speedup factor of 5.5 and an efficiency
of 44% were achieved by 12 Worker Agents. The results obtained show that
as the number of Worker Agents grows, speedup steadily increases to a peak,
and a deterioration in performance then occurs. The initial speed increase is
due to the small number of Worker Agents involved in similarity calculation.
The deterioration in performance is, however, caused by increasing Worker
Agent overheads.

In Figure 13.13, the speedup and efficiency, plotted against number of
Worker Agents, achieved during distributed volume registration with normal-
ized correlation as a similarity metric are illustrated. Again ideal speedup and
efficiency rates are shown. As can be seen, a peak speedup factor of 7 and an
efficiency of 67% were achieved by 10 Worker Agents. The results obtained
show that efficiency steadily deteriorates as the number of Worker Agents
increases. This is an indication that the Worker Agents are only partly uti-
lized during the alignment process. The cause of underutilization is the wait
by Worker Agents until local derivatives have been accumulated and updated
transform parameters have been estimated by the Manager Agent.
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FIGURE 13.12: The speedup and efficiency of volume registration using
mean square error as a similarity metric. Increasing numbers of Worker Agents
are shown.
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normalized correlation as a similarity metric. Increasing numbers of Worker
Agents are shown.
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13.6 Discussion

Because the underlying blackboard architecture on which the iDARBS
framework is based does not have a control module, true opportunism and
independence can be achieved. The use of reactive behavior also reduces
the time required to align distributed volume segments. For example, the
autonomous behavior employed by Distributor, Worker, and Manager Agents
requires only Agent-to-blackboard communications. The simplicity of Agent
implementation increases efficiency and makes behavioral modification a
straightforward task. During registration, transform and derivative para-
meters are placed in worker control partitions. As a consequence, each Worker
Agent focuses its attention toward an associated blackboard partition, thus
simplifying the search for required information. Crucially, the storage of trans-
forms and derivatives on the blackboard means registration can be stopped
and parameters adjusted if required. In contrast with other applications (Ino,
Ooyama, and Hagihara, 2005; Salomon et al., 2005), distributed registration
on the iDARBS framework means alignment can be restarted in the event
of failure. To achieve this, Worker and Manager Agents are simply restarted
and supplied with previous transform parameters found in the Parameters
partition.

The results obtained from iDARBS clearly show that the speed of dis-
tributed registration is better than sequential versions of the same algorithms.
By hosting each Worker Agent on an individual processor, context switching
between processes is avoided. Naturally, the context switching between mul-
tiple processes on a single processor introduces additional overhead, resulting
in longer execution times. The processing speeds accomplished during test-
ing are, however, less than ideal, mainly due to the overhead caused by the
serial processing of Agent requests by the blackboard (Tait, Schaefer, and
Hopgood, 2005). These overheads are demonstrated in each experiment by
means of the single Worker Agent implementation. An important consider-
ation highlighted during testing is that the limited coordination of Worker
Agent activities represents a performance bottleneck in communications to
and from the blackboard. Once triggered, Worker Agents try to obtain seg-
ments from the blackboard simultaneously, causing an initial overloading of
communications. A second overload occurs when the Worker Agents complete
their assigned tasks and try to return processed segments to the blackboard.

13.7 Future Research Directions

In general, the use of intelligent agents represents a significant step toward
high-performance, intensity-based registration using non-specialized architec-
tures. Despite the success of distributed registration applications, it is clear
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that research can be extended in a number of ways. Areas of research currently
under investigation include robustness of the transform parameter optimiza-
tion process and the distribution of deformable registration algorithms.

Conveniently, the transforms used for volume registration are not restricted
to a single optimization scheme. To increase robustness of the alignment pro-
cess, the evaluation of transform parameters can be performed concurrently
using multiple optimization techniques. Once assessed, a voting strategy or
averaging is employed to select optimum transform parameters for propa-
gation. This has been achieved, for example, through simultaneous global
and multidirectional local search methods adapted for image registration pur-
poses (Wachoviack and Peters, 2004). In general, the use of multiple optimiza-
tion techniques is aimed at shortening the path through transform parameter
search space, thus resulting in faster processing speeds.

Deformable registration is based on the assumption that an evenly spaced
mesh of control points can be placed within fixed and moving volumes.
A transform is then used to estimate the displacement necessary to map
between corresponding control point locations. In order for registration to
be performed, each control point plus underlying intensities are transformed
and compared with their counterpart until an acceptable level of similarity is
achieved. Such algorithms can be hosted within distributed architectures by
assigning subsets of control points to each volume segments. Conveniently,
the use of free-form deformations (Loeckx et al., 2004) permits the inde-
pendent movement of control points and removes the need for interprocessor
communication.

13.8 Conclusions

Registration is an important step in medical analysis tasks in which
information is extracted from a combination of sources. Traditionally, vol-
ume registration algorithms have been implemented using single-processor
architectures, which are limited by memory and speed constraints. Such limi-
tations have a negative impact in clinical applications where real-time pro-
cessing allows physicians to monitor the progress of treatment while a patient
is present. The surveyed literature suggests that the most successful registra-
tion algorithms employ intensity-based correlation as a measure of similar-
ity. Although a variety of similarity metrics have been developed, in practice
they represent a considerable computational burden during the alignment pro-
cess, mainly because of the high cost associated with multiple evaluations of
a complex transform and the interpolation of nondiscrete intensity coordi-
nates. The literature also makes clear that concurrent similarity calculation
can be achieved and provides better performance than nonparallel approaches
(Christensen, 1998; Ino, Ooyama, and Hagihara, 2005; Salomon et al., 2005;
Warfield, Jolesz, and Kikinis, 1998). The large speedups reported are, however,



Distributed 3-D Medical Image Registration Using Intelligent Agents 403

difficult to obtain, and only specialized hardware is capable of maintaining
such efficiencies when scaled. As a consequence, the applications developed
to address the problem of slow volume registration speeds are restricted to
high-cost specialized architectures found predominantly in the research envi-
ronment.

While various approaches to distribution have been employed, it is fine-
grained parallelism that achieves the best results (Hastings et al., 2003;
Ourselin, Stefanescu, and Pennec, 2002; Rohlfing and Maurer, 2003). These
methods are based on the low-level decomposition of an algorithm within a
tightly coupled architecture. Understandably, such algorithms are difficult to
implement and minimize computational expense by eliminating the exchange
of data between processors.

In this chapter, a novel approach to high-performance intensity-based vol-
ume registration was presented. The approach has been shown to significantly
improve processing speed, clearly outperforming sequential versions of the
same algorithm. By employing an intensity-based algorithm, we avoid the
complicated segmentation of features fundamental to landmark-based reg-
istration methods. As a consequence, the algorithm does not require user
intervention. Unlike other distributed registration applications (Christensen,
1998; Warfield, Jolesz, and Kikinis, 1998), the decoupling of algorithm com-
ponents allows different similarity calculation strategies to be employed with
only minor modifications to the existing framework. This was demonstrated
through the distribution of mean square error and normalized correlation sim-
ilarity metrics. At an implementation level, the transferral of transform and
derivative parameters as short, concise strings minimizes communication over-
heads. The method is advantageous because the overhead generated remains
approximately the same for all iterations of the optimization process. Cru-
cially, as no specialized hardware is required, the framework can reside on any
network connected by the TCP/IP communications protocol, thus making
high-performance registration accessible within a clinical environment.
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Nuclear medicine uses radioactively labeled pharmaceuticals to diagnose
and assess disease in the human body by single photon emission computed
tomography (SPECT) and positron emission tomography (PET). The image
reconstruction consists in retrieving the 3-D spatial distribution of the radio-
pharmaceutical from the projection data acquired under different angles.
Monte Carlo methods are statistical simulations using a sequence of random
numbers to model different physical processes. The Monte Carlo method has
been applied in nuclear medicine for detector design, analyzing quantification
issues, correction methods for image degradations, and detection tasks. With
the market of affordable miniclusters rapidly gaining importance, there has
been a renewed interest in using Monte Carlo simulations for image recon-
struction. This method allows for a patient-specific simulation of the data
acquisition, resulting in a more accurate quantification when incorporated in
an iterative reconstruction algorithm. Quantitative image reconstruction ulti-
mately enhances diagnosis, dosimetry, and treatment planning.

14.1 Introduction

Nuclear medicine imaging involves the use of radioactively labeled phar-
maceuticals to diagnose and assess disease in the human body. The radio-
pharmaceutical is intravenously injected, inhaled, or ingested: the choice of
pharmaceutical and route of administration depends on the disease under
investigation. Position-sensitive detectors are used to detect the radiation
emitted from the pharmaceutical, and so, in principle, both the temporal
and spatial distribution of the pharmaceutical within the body can be deter-
mined. Historically, nuclear medicine imaging was the first modality for func-
tional imaging (i.e., giving information regarding the way organs work). Today,
although functional imaging is also achievable using magnetic resonance imag-
ing, ultrasound, or even x-ray computed tomography, nuclear medicine still
plays a major role given its exquisite sensitivity, which makes it possible to
target molecular processes. Modern nuclear medicine imaging primarily con-
sists of two main branches: single photon imaging and positron annihilation
photon imaging.

14.1.1 Single photon emission tomography

Single photon imaging requires at minimum one detector fixed in one posi-
tion to obtain a two-dimensional (2-D) projection of a three-dimensional (3-D)
radiopharmaceutical distribution. A typical imaging system suitable for this
task is the gamma camera. A typical gamma camera consists of a collimator
that limits the angle of incidence of the detected photons on the detector to a
specific direction, for instance around 90◦ for a parallel hole collimator. The
deposited energy is converted by a scintillating crystal to visible light, which
travels through the crystal and the light guide toward a set of photomultiplier
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tubes containing a photocathode, which converts the optical photons into
electrons that are transported over dynodes toward an Anger logic readout
for position and energy signal calculation.

Single projection imaging can be improved by simply rotating the gamma
camera around the patient, thus obtaining a series of 2-D projections. These can
be used to retrieve depth information (e.g., the 3-Ddistribution of the radiophar-
maceutical), which is known as single photon emission computed tomography
(SPECT). The radionuclide most widely used in SPECT is Technetium-99m
(99mTc), which has a half life of 6.03 hours and which emits photons of 140.5
keV. SPECT application fields, in order of importance, are cardiac imaging,
bone scanning, neurology, and renal and liver function imaging.

14.1.2 Positron emission tomography

Pharmaceuticals can also be labeled with neutron-deficient isotopes, which
are positron emitters. A number of elements that are fundamentally used by
the human body can be positron emitters, allowing more scope for radio-
pharmaceutical design than is possible with single photon emitters. However,
production costs are higher because a cyclotron is needed to generate these
unstable radionuclides. The emitted positron annihilates with an electron,
giving rise to two virtually antiparallel 511 keV photons corresponding to
the conversion of the rest mass of the two particles into energy. The pri-
mary advantage of detecting both annihilation photons in time coincidence is
the electronic collimation. Detection of two photons is sufficient to determine
the line on which the annihilation took place, so no physical collimation is
required, allowing for higher sensitivity than in single photon imaging. Tomo-
graphs appropriate for positron emission tomography (PET) typically consist
of a series of ring detectors, having a large number of separate blocks coupled
to photomultiplier tubes. Fluorine 18 (18F) is mostly used to label the fluo-
rodeoxyglucose (FDG) compound, which is a glucose analog and thus suitable
for the visualization of the glucose metabolism. PET application fields in order
of importance are oncology, neurology, and cardiology.

14.2 Background

A key ingredient for SPECT and PET is image reconstruction, which con-
sists of retrieving the 3-D spatial distribution of the radiopharmaceutical from
the projection data acquired under different angles. Tomographic reconstruc-
tion can be performed in several ways:

• Analytical reconstruction

– Filtered back-projection: analytical inversion of the x-ray transform
based on the central slice theorem
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• Deterministic iterative reconstruction

– ART: algebraic reconstruction technique

– SIRT: simultaneous iterative reconstruction technique

• Statistical iterative reconstruction

– ML-EM: maximum likelihood–expectation maximization

– MAP: maximum a posteriori

A deterministic model is obtained when the system characteristics are
incorporated. Accordingly, the reconstruction problem can be solved analyti-
cally. If we assume the acquisition process to be statistical, then a statistical
reconstruction technique is mandatory. Often used statistics are the Poisson
model for the radioactive decay process and the Gaussian model for the intrin-
sic features (detector response) of the acquisition. The main advantage of a
statistical model is that a smaller variance results in the reconstructed image
if the appropriate models are used. Iterative reconstruction techniques can
incorporate image-degrading effects in the reconstruction algorithm in order
to improve the reconstructed image quality. MLEM [60,68], which is an algo-
rithm that incorporates the Poisson statistics of the radioactive decay in the
reconstruction, is hereafter discussed as a basic statistical iterative reconstruc-
tion technique.

Let us consider a parameterized family of probability density functions:

F → f(F |P ) (14.1)

with F the reconstructed image and P the measurement. When f(F |P ) is
viewed as a function of F with P fixed, it is a probability density function,
and when viewed as a function of P with F fixed, it is a likelihood function.
When we write down the Bayes rule, we find

Pr(F |P ) =
Pr(P |F )Pr(F )

Pr(P )
(14.2)

wherein Pr(P |F ) is the likelihood (true forward probability) that the true
tracer distribution F gives rise to a particular measurement P . This is the well-
studied forward problem of the acquisition setup, commonly referred to as the
detector response function. Pr(F |P ), however, is the probability of an image,
given the measurements. This is the a posteriori probability, which is not
known. For a posteriori knowledge of the true tracer distribution, Pr(F |P ),
the likelihood Pr(P |F ) is needed. Assuming that the acquisition model (sys-
tem matrix A) is known, the following expression for the expected value r in
the projection bin i is

ri =
N∑

j=1

aijfj (14.3)
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with N the number of pixels in the image. In reality, pi rather than ri is
measured. pi is Poisson distributed with the expectation value ri as mean:

Pr( pi|ri) = exp(−ri)
ri

pi

pi!
(14.4)

All measured photons are independent, and the total likelihood is the
multiplication of the individual likelihoods:

Pr(P |F ) =
∏

i

exp(−ri)
ri

pi

pi!
(14.5)

Maximizing this term is equivalent to maximizing the logarithm, which is
less complicated. This function is referred to as the log-likelihood function:

L(P |F ) =
∑

i

(−ri + pi ln ri − ln pi!) (14.6)

The projection data cannot be altered, so the last term is omitted. Maxi-
mization of this expression can be done in various ways, but the expectation-
maximization (EM) algorithm guarantees convergence. The derivation is not
discussed in detail [60,61,68]. The iterative EM algorithm is given by the fol-
lowing expression:

f
(k+1)
j =

f
(k)
j∑

i=1 aij

M∑
i=1

aij
pi∑N

j′=1 aij′f
(k)
j′

(14.7)

where M is the number of detection bins and
∑N

j′=1 aij′fk
j′ is the forward-

projection of the previous estimation fk in the projection bin i. The ratio of
the measured value pi and this estimation is back-projected for each projection
bin. These values are normalized and then multiplied with the current image
estimate to obtain an updated estimate of the true tracer distribution. In a
MAP reconstruction, a priori anatomical or analytical information is included
in the reconstruction algorithm, which accordingly includes a penalization
factor Pr(F ) next to the data-fit term Pr(P |F ) [43,45,46]. This is illustrated
using the formula for the one-step-late algorithm:

f
(k+1)
j =

f
(k)
j∑

i=1 aij + β
∂U

∂f
(k)
j

M∑
i=1

aij
pi∑N

j′=1 aij′f
(k)
j′

(14.8)

where the function U is called the total energy function. U can, for instance,
be expressed as a weighted sum of potential functions given by quadratic
differences between pixel intensities. The influence of this regularization is
tuned by an additional parameter β, which expresses the relative importance
of the data-fit term and of the smoothing regularization. If β is small, then
the reconstructions are forced to fit the data, resulting in noisier images.
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14.3 Monte Carlo Method

Monte Carlo methods are statistical simulation methods wherein a
statistical simulation is any simulation that uses a sequence of random num-
bers. In order to do Monte Carlo calculations, some a priori information about
the occurring physics processes in the simulations is needed; this information
is expressed in the form of probability density functions (pdfs). When simul-
ating photon interactions, the partial and total cross-section data (based on
the material constitution) represent such information used to calculate the
path length and the type of interaction. Afterwards, these pdfs are sampled
by predefined rules using randomly generated numbers. The energy of a pho-
ton can be dissipated along its path, or the photon can penetrate all scattering
and attenuating media to reach the detector where a new pdf-sampling decides
whether it should be accounted for in the scoring region or whether it should
be discarded [74].

14.3.1 Random numbers

Random numbers are important when modeling a physical system by a
statistical model. Every random-number generator has to deliver uncorrelated,
uniform, and reproducible sequences with a very long period in a short amount
of time. Some algorithms are able to generate repeating sequences of C inte-
gers, which are, to a fairly good approximation, randomly distributed in the
range 0 to C−1, where C is a large integer, for instance, mod(2k), with k
the integer word size of the computer. An example of such an algorithm is
the linear congruential algorithm. The formula linking the nth and (n + 1)th
integers in the sequence is

In+1 = (AIn + B)mod(C) (14.9)

where A and B are constants. The first number of the series, the seed value,
must be randomly changed, for instance, by triggering a value from a call to
the system clock.

14.3.2 Sampling methods

To obtain a stochastic variable that follows a particular pdf, f(x), three
different sampling methods can be used.

14.3.2.1 Distribution function method

A cumulative distribution function F (x) = P (X ≤ x) is constructed from
the integral of f(x) over the interval [a, x] according to

F (x) =
∫ x

a

f(x′)dx′ (14.10)
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The variable x is then sampled by replacing F (x) in Equation 14.10 with a
uniformly distributed random number in the range of [0, 1] and solving for x.
This sampling method is used if the inverse of F (x) can be easily calculated.

14.3.2.2 Rejection method

Possibly, there can arise some mathematical difficulties in calculating the
inverse of the cumulative distribution function F . In such case, the rejection
method can offer a solution. Let f(x) be defined in the range [a, b], and let r(x)
be the rejection function ∀x ∈ [a, b] ⇒ 0 < r(x) ≤ 1. Here, r(x) is given as
f∗(x), being the pdf after normalization to unity. Then, a uniform distributed
value of x within the range [a, b] can be sampled from the relation

x = a + R1(b − a) (14.11)

where R1 is a random number in [0, 1]. A second random number R2 in [0, 1] is
then drawn to decide whether the sampled x should be accepted by checking
whether

R2 < r(x) = f∗(x) (14.12)

If this relation is fulfilled, then x is accepted as a properly distributed stoch-
astic value; otherwise, x needs to be resampled.

14.3.2.3 Mixed methods

When the previous two methods are not applicable, a combination of the
two methods is used. The f(x) is written as the product of two probability
distribution functions m(x).r(x), with r(x) acting as the rejection function
defined in the previous section. One determines an x value using the distribu-
tion function method on m(x) and applies the rejection method with that x
to r(x) [48].

14.3.2.4 Nonanalog sampling

A Monte Carlo simulation involving the exact pdfs may be impractical
from a computational point of view, requiring unrealistic computation time to
achieve reliable results. One remedy consists of biasing the sampling. When
simulating photon transport, this can be done using stratification (i.e., by
sampling more from regions that highly contribute to the results), or using
techniques such as splitting or Russian roulette in which particles are weighted,
or by implementing forced detection (i.e., by forcing particles to interact so
that they contribute to the simulation result) [30].

14.3.3 Photon transport modeling

Compton incoherent scattering and photoelectric effect are the two most
important interaction mechanisms in nuclear medicine simulations. The total
photoelectric cross section for a given energy, E, is calculated using discretized
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libraries by means of interpolation. The incident photon is absorbed, and
an electron is emitted in the same direction as the incident photon. The
kinetic energy of the electron is defined as the difference between the energy
of the original photon and the binding energy of the electron. The subshell
of emission is again randomly sampled, thereby using cross-section data for
all subshells. When simulating the Compton scattering of a photon from an
atomic electron, an empirical cross-section formula is used, and sampling of
the final state is done by a variant of the mixed Monte Carlo method, as
noted in Section 14.3.2.3. The following illustrates how this is implemented
for GEANT4 [1], a particle-tracking code that forms the basis of the Monte
Carlo simulator GATE [36]. The quantum mechanical Klein-Nishina differen-
tial cross section per atom is [27]

f(x) = πr2
e

mec
2

E0
Z

[
1
x

+ x

][
1 − xsin2 θ

1 + x2

]
(14.13)

where

re = classical electron radius

mec
2 = electron mass

E0 = energy of the incident photon

E1 = energy of the scattered photon

x =
E1

E0

Assuming an elastic collision, the scattering angle θ is defined by the Comp-
ton formula:

E1 = E0
mec

2

mec2 + E0(1 − cos θ)
(14.14)

The value of x corresponding to the minimum photon energy (backscatter)
is given by:

a =
mec

2

mec2 + 2E0
(14.15)

Hence, x ∈ [a, 1]. One may state that

f(x) ≈
[

1
x

+ x

] [
1 − x sin2 θ

1 + x2

]

= m(x). r(x)

= [α1m1(x) + α2m2(x)] . r(x)

(14.16)
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where

α1 = ln
(

1
a

)

m1(x) =
1

α1x

α2 =

(
1 − a2

)
2

m2(x) =
x

α2

(14.17)

m1 and m2 are probability density functions defined on the interval [a, 1], and
r(x) is set to

r(x) =
[
1 − x sin2 θ

1 + x2

]
(14.18)

being the rejection function ∀x ∈ [a, 1] ⇒ 0 < r(x) ≤ 1. Given a set of three
random numbers R0, R1, R2 uniformly distributed on the interval [0, 1], the
sampling procedure for x is the following:

1. Decide whether to sample from m1(x) or m2(x): if R1<
α1

(α1 + α2)
select

m1(x); otherwise, select m2(x).

2. Sample x from the distributions to m1 or m2:

For m1 : x = aR1

For m2 : x2 = a2 +
(
1 − a2)R1

3. Calculate sin2 θ = t (t − 1), where t ≡ (1 − cos θ) =
mec

2 (1 − x)
E0x

.

4. Test the rejection function: if r(x)≥R2, accept x; otherwise, go to step 1.

The polar angle θ is deduced from the sampled x value, and in the
azimuthal direction, the angular distributions of both the scattered photon
and the recoil electron are considered to be isotropic [1,27].

14.3.4 Scoring

A selection of relevant physical quantities such as energy, detection loca-
tion, and photon interactions must be accumulated into tallies or scores. Also,
an estimate of the statistical error as a function of the number of trials (and
other quantities) must be determined.

14.3.5 State of the art in emission tomography simulators

Some Monte Carlo simulation codes dedicated to the simulation of SPECT
and PET have been developed, such as SimSET [29] enabling SPECT and
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(a) (b)

FIGURE 14.1: Example scanner types modeled in GATE: (a) SPECT
system (IRIX-Beacon), and (b) PET system (ECAT HR+).

PET modeling; SIMIND [44] and SimSPECT [73] for SPECT; and PET-
SIM [66], Eidolon [75], and SORTEO [59] for PET. To ensure high flexibility
in simulation design, general-purpose nuclear physics codes such as EGS4 [9],
GEANT4 [1], and MCNP [10] have also been used for SPECT and PET
simulations. More specifically, GATE [36] has recently been designed as an
upper layer of GEANT4 tuned for simulating SPECT and PET acquisitions.
Examples of a modeled SPECT and PET scanner using GATE are shown in
Figure 14.1.

14.4 Monte Carlo–Based Image Reconstruction

In Section 14.2, we assumed the system matrix (each element aij denotes
the possibility that a decay in voxel i will be detected in bin j) to be known
exactly. The success of a reconstruction algorithm is, however, mainly depen-
dent on the accuracy of modeling this system matrix. Using the Monte Carlo
method, as in Section 14.3, to simulate this system matrix may be the opti-
mal approach for accurate quantitative image reconstruction, as discussed
hereafter both for SPECT and PET.

14.4.1 SPECT

SPECT images are degraded by photon flux attenuation, by detector
and collimator blurring, and by scattered photons and photons that pene-
trate the collimator septa. Such image-degrading factors can have a large
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impact on quantitative accuracy and on clinical diagnosis, and all have to be
corrected for in order to obtain optimal SPECT images. Iterative reconstruc-
tion algorithms such as ML-EM (Section 14.2), ordered subset expectation-
maximization (OSEM) [35], and dual matrix ordered subsets (DM-OS) [37,39]
can correct for these image degradations if their effects are simulated during
the reconstruction. The simulators can be based on analytical models, on
Monte Carlo methods, or on a combination of these.

These SPECT simulators face a considerable challenge; they have to bal-
ance accuracy against efficiency. The simulator has to be fast enough to
serve as an on-the-fly forward-projector in order to avoid the massive stor-
age of the transition matrix, which can hinder efficient 3-D image reconstruc-
tion [22,24,42]. A large variety of simulators have been proposed [3,5,25,49,70].
Reconstruction methods based on these simulators have been shown to
improve contrast-to-noise [4,6,38,71,72], lesion detectability [23,26,54], and
more recently, quantification [11,18,21,33,34,50].

Among these, Beekman and colleagues have developed a computation-
ally efficient approach involving the use of a dual matrix block–iterative
expectation–maximization algorithm [8]. The dual matrix reconstruction uses
a different transition matrix for forward-projection (calculating the projec-
tion data given the 3-D isotope distribution) and back-projection (calculating
the 3-D isotope distribution given the projections). The forward-projection
step models attenuation, detector blurring, and scatter, whereas the back-
projection models only attenuation and detector blurring, which significantly
reduces calculation times. For forward-projection, scatter is modeled by using
a fast Monte Carlo simulator based on convolution-based forced detection
(CFD) [7,15], which combines stochastic photon transport calculation in the
patient with an analytic (instead of a stochastic) detector modeling. For low-
energy isotopes, the detector response is often simplified to a Gaussian.

Using such a fast Monte Carlo simulator for the projection step makes it
possible to perform a Monte Carlo simulation at each iteration of the recon-
struction algorithm, thus avoiding the need for massive system matrix storage.
These hybrid simulations (i.e., mixing Monte Carlo and analytical modeling)
involved in the dual matrix–CFD reconstruction approach converge several
orders of magnitude faster to low noise projections than those carried out
with brute force Monte Carlo simulators, making the reconstruction compu-
tationally practical. Typical reconstruction times of less than 5 minutes have
been reported for a cardiac perfusion SPECT study [16].

However, the Gaussian modeling of the collimator response function
involved in conventional CFD is a valid approach for all low-energy SPECT
applications where the emitted photons do not have enough energy to pene-
trate the septa of the collimator. Figure 14.2a shows the direct photons, which
result in the typical Gaussian after blurring with the intrinsic resolution of
the gamma camera and after binning to realistic grid dimensions, as in Fig-
ure 14.2b. When medium energy isotopes are considered, a Gaussian function
is no longer accurate enough to model the point spread function, since there is
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FIGURE 14.2: GATE simulated SPF scatter plots for (a) direct zoom, no
intrinsic blur; (b) direct photons binned and with intrinsic resolution blurring;
(c) same as (a) but for penetrated photons; and (d) same as (c) but for pene-
trated photons. (From Staelens, S. et al., Phys. Med. Biol. 52(11):3027–3043,
June 7, 2007. With permission.)

a significant contribution from photons that penetrate one or more collimator
lamella, as shown on Figure 14.2c. The individual hole positions are once again
averaged out due to intrinsic resolution and binning, as in Figure 14.2d, which
demonstrates the typical four- or six-streak artifacts due to septal penetration
causing the point spread functions to deviate from a true Gaussian.

Several groups have proposed ways to correct for image degradations
stemming from septal penetration. Spectral-based approaches [17,32,41] are
calculation-wise inexpensive, but they increase the noise due to count subtrac-
tion. Recently proposed model-based [12–14,19,20,52,63] methods are highly
accurate, but they are computationally very demanding. When incorporated
in iterative fully 3-D reconstruction, such methods may require many hours
of computation time, which may exceed clinically acceptable limits.
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We believe that septal penetration for isotopes that suffer from contami-
nations originating outside the photopeak can often be corrected for on
a spectral basis. These sufficiently accurate methods are easy to imple-
ment in the clinic using multiwindow acquisition modes. However, these
spectral methods cannot compensate for photopeak photons that pene-
trate the collimator without undergoing any scatter interaction because such
events spectrally coincide with the primaries, so next to energy spectra-
based compensation, it is important to minimize septal penetration of
(high-energy) direct photopeak photons. Therefore, we developed an effi-
cient simulation method for calculating the effects of septal penetration
in SPECT projections. We incorporated the latter method in the afore-
mentioned dual matrix–CFD framework, accordingly resulting in a frame-
work that is now generally applicable for a wide range of isotopes and
collimators.

14.4.1.1 Methodology

The left part of Figure 14.3 represents the CFD part of the simulator. CFD
starts with the stochastic simulation of the photon transport in the object,

*
*

*
* *

CFD
Penetration
of primaries

�

FIGURE 14.3: Methodology for any collimator: separated stochastic pho-
ton transport followed by convolution-based forced detection (left) and septal
penetration calculation of primary photons (right). (From Staelens, S. et al.,
Phys. Med. Biol. 52(11):3027–3043, June 7, 2007. With permission.)
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followed by Gaussian modeling of the gamma camera response. A copy of the
original photon is created at the interaction site. However, instead of moving
along a path that is randomly chosen by sampling the probability density
function, the photon copies are forced to move along the path that runs along
the axis of the collimator hole. In order to facilitate convolution with the
appropriate blurring kernel, the weight of the copies is first stored in a 3-D
subprojection map. When all copies are generated, the layers in the subprojec-
tion map, which are oriented parallel to the camera face, are convolved layer
by layer using the distance-dependent camera response function. Finally, the
projection is formed by adding together all convolved layers of the subprojec-
tion map. More details about this implementation are available in Beekman,
de Jong, and Slijpen [7] and de Jong, Slijpen, and Beekman [15].

The right side of Figure 14.3 illustrates how the contribution of primary
photon penetration is added. Rays are traced from each object voxel to each
of the detector pixels. The attenuation along these rays is calculated by incre-
mental Siddon [31]. The value assigned to each detector bin is the product of
the source value and the line integral of attenuation through the object, mul-
tiplied by the appropriate septal penetration point spread function (SP-PSF)
value. This SP-PSF table is presimulated with GATE (see Section 14.3.5)
using a point source in air at a single (arbitrary) distance from the collima-
tor front. Only septal penetrating photons that did not scatter elsewhere are
recorded, and the resulting SP-PSF projection is stored on a fine grid.

If the SP-PSF were to be incorporated in collimator modeling during CFD,
this would need intensive MC simulation of the detector response because the
SP-PSF is energy dependent. It would also slow the CFD method by several
orders of magnitude since the convolution kernels would no longer be linearly
separable and would have a much larger spatial extent. In addition, significant
errors would occur in the scatter angle and the attenuation path if the CFD
central ray approach were used.

Our method completely decouples the SP-PSF-based simulation from the
simulation of primaries and scatter photons. The only approximation in our
new approach consists of neglecting the septal penetration of photons that
scattered in the object. We have shown in previous work [65] the validity of this
approach. Moreover, neglecting septal penetration after object scatter implies
that the SP-PSF table has to be simulated using only the primary energy. The
effects of object attenuation are calculated separately during the ray tracing.
Accordingly, the distance-dependent SP-PSF is object independent and it is
linearly scalable. The SP-PSF has to be simulated only once per collimator
and per isotope for a single reference distance.

14.4.1.2 Results

Because the septal penetration distribution is spatially smooth for
extended objects, the source and attenuation map as well as the detector
can be coarsely binned without significant accuracy loss (further details in
Staelens, De Wit, and Beekman [65]). In addition, by using a threshold mask,
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TABLE 14.1: Calculation times for septal penetration simulation and
corresponding accuracies for 201Tl without and with SP-PSF thresholding on
a 2.4 GHz dual CPU system.
Source Att Proj
Map Map Size No Threshold 2% Threshold

Time [s] Accuracy [%] Time [s] Accuracy [%]
64 64 64 293 s 2.1 70.5 s 4.7
32 32 32 5.21 s 3.2 1.55 s 5.6
16 16 16 0.14 s 14.2 0.05 s 15.0
32 32 16 1.37 s 5.6 0.41 s 7.0
32 32 8 0.35 s 10.4 0.11 s 10.7

Source: Staelens, S. et al., Phys. Med. Biol. 52(11):3027–3043, June 7, 2007. With
permission.

TABLE 14.2: Calculation times for septal penetration simulation and
corresponding accuracies for 111In without and with SP-PSF thresholding on
a 2.4 GHz dual CPU system.
Source Att Proj
Map Map Size No Threshold 2% Threshold

Time [s] Accuracy [%] Time [s] Accuracy [%]
64 64 64 296 s 4.3 37.9 s 6.5
32 32 32 5.18 s 6.8 1.06 s 8.6
16 16 16 0.13 s 14.2 0.05 s 15.3
32 32 16 1.38 s 7.9 0.28 s 8.0
32 32 8 0.36 s 18 0.08 s 18

Source: Staelens, S. et al., Phys. Med. Biol. 52(11):3027–3043, June 7, 2007. With
permission.

we were able to exploit the intrinsic streak pattern of the SP-PSF in order
to speed up the calculations. These three factors resulted in a reduction of
the calculation cost by four orders of magnitude with only a small loss of
accuracy.

When all three acceleration techniques are efficiently combined (source and
attenuation map 323 and projection 162 with a 2% threshold), an accuracy of
7% is obtained for 201Tl at a computational cost of 0.41 seconds per projec-
tion angle as shown in Table 14.1. This is equivalent to a 10.6% increase in
calculation time when added to the CFD part of the simulator, which takes
approximately 4 seconds per projection angle. For 111In, the accuracy is 8.0%
versus an increase in computation time of 7.2%, as illustrated by Table 14.2.

14.4.2 PET

As mentioned earlier, one of the major advantages of 3-D iterative
reconstruction methods is that the physical degradations that limit spatial
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resolution can be modeled into the system response matrix used by the recon-
struction algorithm. Several groups use the Monte Carlo method to simu-
late factors of their PET system response [2,51,55]; others use an on-the-fly
simulated system matrix [47]; and finally, a lot of researchers simulate the full
system matrix offline [28,53,56–58,62,69]. However, due to the large number of
scintillation crystals present in current PET scanners, the system matrix can
be very large. For instance, Rafecas and colleagues use a database management
system (DB2 from IBM) to handle, sort, store, and access the system matrix
for their small animal PET scanner (MADPET-II) [57]. The system matrix
was generated using realistic Monte Carlo simulations based on Geant3. Their
approach allowed users to store the 3-D system matrix for this scanner and
to reconstruct a larger FOV without compromising the resolution, in spite of
the high statistical noise affecting a Monte Carlo–generated system matrix.
Moreover, they showed that a small reduction in statistical noise within the
matrix, achieved by applying the matrix symmetries, improved detectability,
contrast, and spatial resolution [56].

14.4.2.1 Methodology

We have been investigating alternative basis functions to parameterize the
object with the goal of further exploiting the inherent symmetries present in
ring PET scanners [67]. In our approach, the object is represented by basis
functions naturally provided by the scanner: natural pixels, as in Figure 14.4.
This gives a block-circulant system matrix and provides a framework for

LOR j

LOR i

Point-wise product
and sum

of natural pixel
formed by

LOR i and LOR j

Value
* �

FIGURE 14.4: The calculation of the natural pixel system matrix element
formed by two lines of response. (From Vandenberghe, S. et al., Phys. Med.
Biol. 51(12):3105–3125, June 21, 2006. With permission.)
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FIGURE 14.5: Derenzo-like phantom used for the evaluation.

the accurate modeling of the detection process. This block-circulant prop-
erty allows for a substantial reduction in storage requirements for the system
matrix. We simulate the system matrix for the natural pixel parameterization
using GATE (see Section 14.3.5). Our results are illustrated hereafter by the
contrast-to-noise ratio for a Derenzo-like phantom (see Figure 14.5).

The GATE Monte Carlo simulator modeled a PET scanner of 256 BGO
crystals, each with size 7.35 mm × 7.35 mm. The thickness of the crystals was
20 mm. A circular phantom was used (Figure 14.5), which consisted of hot
spheres on a warm background. The phantom is divided in six segments, and
the spheres are positioned in three of the six segments. Spheres of sizes 12 mm,
8 mm, and 4 mm were used with the contrast between activity uptake within
the sphere and within the background equal to 33. Three of the segments did
not contain any spheres and were used to evaluate the noise in the background.

14.4.2.2 Results

Contrast versus noise for a 12 mm inner and outer sphere is shown in
Figure 14.6 [67]. It is observed that the natural pixel-based method, which accu-
rately models the detector response, provides higher contrast (approximately
equal to the true sphere contrast of 33:1) than the traditional reconstruction
method (simple line integral as system model) for the same noise level. For
the traditional method, which does not explicitly model the system response,
there is a clear difference between the recovered contrast for the inner and outer
spheres. For the natural pixel method, both spheres reach the same contrast,
meaning the contrast recovery is manifest even in regions toward the outside
FOV where crystal penetration is significant.

14.5 Discussion

14.5.1 SPECT

The SP-PSF-based simulation together with the CFD result in a SPECT
framework that is now generally applicable for a wide range of isotopes and
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FIGURE 14.6: The contrast of the 12 mm sphere versus noise defined as
the standard deviation in a background ROI. Results are shown for reconstruc-
tions using the natural pixel method and the traditional ML-EM method for
both the centered and off-center sphere. (From Vandenberghe, S. et al., Phys.
Med. Biol. 51(12):3105–3125, June 21, 2006. With permission.)

collimators and is fast enough to act as a projector in a fully 3-D iterative
reconstruction algorithm. Attenuation, scatter, and distance-dependent spa-
tial resolution are simulated using CFD, while the SP-PSF part of the
simulator adds septal penetration of high-energetic photopeak photons. A sim-
ilar approach is recommendable for collimator scatter. On the other hand,
septal penetration correction for isotopes suffering from high-energy con-
taminations outside the photopeak could be excluded from this model-
based forward-projector. Since those high-energy contaminants need to lose
a vast amount of energy to reach the photopeaks of interest, other processes
dominate. Multiple downscatter in the patient, septal penetration followed by
Compton effect in the crystal, and backscatter from the camera end parts
all result in an approximately constant bias in the energy spectrum, which
accordingly obviates spectral-based corrections.

14.5.2 PET

The use of Monte Carlo to determine the natural-pixel PET system matrix
elements provides an accurate model for the imaging system that needs to
be simulated only once. The results discussed above ultimately prove that
using accurate Monte Carlo simulations for detector modeling can compensate
for degradation of resolution with radial distance. This does not include the
influence of the object. It might be possible to simulate the patient separately
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in order to preserve the rotational symmetry of the scanner component of the
system matrix. This will result in attenuation and scatter sinograms, which
can be used to construct a combined object–system matrix on the fly.

14.6 Future Research Directions

An important issue of Monte Carlo simulations is the calculation bur-
den. In the late 1990s, Monte Carlo simulations in emission tomography were
therefore used only by research laboratories to assess correction techniques
and to study specific aspects of the PET or SPECT system response. Several
approaches are investigated to solve this computational issue both for SPECT
and PET. First, variance reduction techniques such as stratification, impor-
tance sampling, and forced detection can be used. Also, hybrid methods (as
described in Section 14.4.1) can be proposed that combine Monte Carlo simu-
lations in the object coupled to analytical or tabulated models for the detector.
Lastly, efforts are conducted to submit simulations to a cluster of computers
by distribution software or by intrinsically parallelizing the code.

In the meantime, Monte Carlo simulations have found their way to
the clinic. Simulations contribute to the SPECT or PET imaging, for
instance, through Monte Carlo–based scatter-correction techniques in the
reconstruction process. This evolution is mainly caused by the rise of afford-
able miniclusters, which are readily incorporated in the acquisition consoles
of recent emission tomographs.

Eventually, fully Monte Carlo–Based image reconstruction may lead to
improved patient-specific quantification, diagnosis, dosimetry, and treatment
planning, resulting in enhanced patient comfort.

14.7 Conclusions

We described the use of Monte Carlo simulations for emission tomography
in nuclear medicine. We introduced the two main modalities in nuclear
medicine imaging: SPECT and PET. In Section 14.2, we described several
approaches for reconstructing the acquired data into a 3-D image. We high-
lighted statistical iterative reconstruction as the method of excellence because
it allows incorporation of corrections for image-degrading effects through the
system matrix. In Section 14.3, we described the Monte Carlo technique, which
is a computational intelligent method to accurately simulate the aforemen-
tioned system matrix. Other noncomputational techniques, such as analytical
system matrix descriptions or explicit measurements, do not allow correction
of all image degradations at the detector and/or patient levels. Monte Carlo
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simulations can correct for the realism of both the patient and the detector
simultaneously, resulting in high contrast-to-noise performance for the recon-
structed images. Sections 14.4.1 and 14.4.2 demonstrate how this is accom-
plished for SPECT and PET, respectively. In the case of SPECT, a hybrid
simulation method is proposed, resulting in a framework that is now generally
applicable for a wide range of isotopes and collimators and is fast enough to
act as a projector in a fully 3-D iterative reconstruction algorithm. For PET,
an alternative object parameterization through natural pixels is proposed,
thereby proving that accurate Monte Carlo simulations for detector modeling
can compensate for degradation of resolution with radial distance. All these
results indicate that the Monte Carlo method has its place as a computational
intelligent technique in nuclear medicine imaging and may eventually lead to
improved patient-specific quantitative image reconstruction.
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We present an emerging, artificial life framework for medical image
analysis. It was originally introduced as an extension to the established
physics-based image segmentation approach known as deformable models.
Although capable of extracting coherent, smooth boundaries from low-level
image information, classical deformable models rely on human guidance to
produce satisfactory segmentation results. Our artificial life approach aug-
ments the bottom-up, data-driven deformable model methodologies with
top-down, intelligent deformation control mechanisms, yielding intelligent
deformable models that we call deformable organisms. This is achieved
by adding behavioral and cognitive modeling layers atop the physical
and geometrical layers of the classical models. The resulting organisms
evolve according to behaviors driven by decisions based on their per-
ception of the image data as well as their internally encoded anatomi-
cal knowledge. Thus, deformable organisms are autonomous agents that
can automatically segment, label, and quantitatively analyze anatomi-
cal structures of interest in medical images. This chapter motivates and
overviews our novel framework, describes its fundamental principles, demon-
strates prototype instances of deformable organisms, and summarizes recent
advances.

15.1 Introduction

Medical imaging has become essential to the practice of medicine, but accu-
rate, fully automatic medical image analysis (MIA) continues to be an elusive
ideal. A substantial amount of knowledge is often available about anatomical
structures of interest—characteristic shape, position, orientation, symmetry,
associated landmarks, relationship to neighboring structures, and so on—in
addition to plausible image intensity characteristics, subject to natural biolog-
ical variability or pathological conditions. Even so, MIA researchers have not
yet succeeded in developing completely automatic segmentation techniques
that can take full advantage of such prior knowledge to achieve segmentation
accuracy and repeatability. Although it may be generally acknowledged that
such techniques will require the incorporation of context-based information
within a robust decision-making framework (Duncan and Ayache, 2000), we
contend that prior frameworks of this sort are inflexible and do not operate at
an appropriate level of abstraction, which limits their potential to deal with
the most difficult data sets.

Deformable models demonstrated early promise in image segmentation,
and they have become one of the most intensively researched segmentation
techniques (McInerney and Terzopoulos, 1996). They are curve, surface, or
solid models that change shape or deform in order to fit to and thereby
delineate (segment) target structures in medical images. The measure of
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goodness of fit for deformable models is usually represented by an energy
functional: the better the segmentation, the lower the energy. The dynamic,
energy-minimizing deformations of these shape models are typically simulated
numerically through the time integration of associated Euler-Lagrange partial
differential equations derived using variational calculus. In addition, the clas-
sical deformable model methodology, which is epitomized by “snakes” (Kass
et al., 1988), is also based on an interactive strategy that relies on human
expert initialization and guidance.

The difficult challenge in automating this approach is to develop intelligent
initialization mechanisms, including the setting of free parameters, along with
control mechanisms that can guide the optimization-driven segmentation pro-
cess. Researchers have tried in vain to obtain the right global behavior (i.e.,
on the scale of the entire image) by embedding nuggets of contextual knowl-
edge into the low-level optimization engine. As a result of such efforts, it
has become painfully obvious that current deformable models have little to
no explicit “awareness” of where they are in the image, how their parts are
arranged, or to what structures they or any neighboring deformable models
are converging during the optimization process. To make progress toward full
automation, we must augment the deformable model framework by combin-
ing the powerful low-level feature detection and integration component with
intelligent high-level control components.

To this end, we have proposed a new approach to automated MIA that
augments deformable model methodologies with concepts from the field
of artificial life (ALife) (see Terzopoulos, 1999). Our ALife approach to
MIA was originally introduced in Hamarneh, McInerney, and Terzopoulos
(2001), Hamarneh (2001), and McInerney and others (2002). In particular,
we developed deformable organisms, which are autonomous agents capable of
automatically segmenting, labeling, and quantitatively analyzing anatomical
structures of interest in medical images. By architecting deformable organisms
in a bottom-up, layered manner, we can separate the global, model-fitting con-
trol functionality from the local feature detection and integration functional-
ity; thus, the deformable organism can make decisions about the segmentation
process at the proper conceptual level.

The result is autonomous and, to a degree, intelligent segmentation algo-
rithms that are aware of their progress and apply prior knowledge in a deliber-
ative manner during different phases of the segmentation process. Analogous
to natural organisms capable of voluntary movement, the artificial organisms
possess deformable bodies with distributed sensors, as well as (rudimentary)
brains with motor, perception, behavior, and cognition centers. Deformable
organisms are perceptually aware of the image analysis process (Figure 15.1).
Their behaviors, which manifest themselves in proactive movement and alter-
ation of body shape, are based on sensed image features, prestored anatomical
knowledge, and a deliberate cognitive plan.

The layered architecture as well as the reusable behavior routines and other
components facilitate the rapid implementation of powerful, custom-tailored
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FIGURE 15.1: A deformable organism: the brain issues muscle actuation
and perceptual attention commands. The organism deforms and senses image
features whose characteristics are conveyed to the brain. The brain makes
decisions based on sensory input, information in memory and prior knowledge,
and a prestored plan, which may involve interaction with other organisms.
(From Hamarneh, G., McInerney, T., Terzopoulos, D. 2001. In Proceedings of
the Medical Image Computing and Computer-Assisted Intervention, Utrecht,
the Netherlands, 66–75. With permission.)

deformable organisms that can serve as new tools for automated segmentation,
object-based registration, and the quantification of shape variation.

The remainder of this chapter is organized as follows. We begin with an
overview of deformable organisms (Section 15.2) and present two illustra-
tive examples. Following a detailed motivation and background, we review
the ALife modeling framework, outline the notion of controlled deformations,
and explain how intelligent decision and control mechanisms are incorpo-
rated into deformable organisms. The different layers of deformable organisms
architecture are explained in Section 15.3. Recent research advances that
utilize this framework, including extensions to 3-D physics-based deforma-
tions, vessel and spinal crawlers, evolutionary models, and an Insight Users
Toolkit (ITK)-based deformable organisms software framework, are pre-
sented in Section 15.4. Examples and results are presented throughout the
chapter.
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15.2 Background and Related Work

Deformable organisms are deformable models equipped with higher-level
control algorithms motivated by artificial life. The latter are responsible for
controlling the shape deformations in a systematic manner based on a set of
relevant criteria, a predefined set of situationally dependent actions, and the
current system state, including the image and even the user.

15.2.1 Illustrative examples of deformable organisms

Several prototype deformable organisms based on an axis-symmetric body
morphology were presented by McInerney and colleagues (2002). This geomet-
ric representation in conjunction with a set of multiscale deformation opera-
tors affords the motor center in the brain of the organism precise local growth
and shape control processes at a variety of scales. Various reusable behavior
routines, which support single organism behaviors as well as multiple, interact-
ing organism behaviors, were also examined. Interaction among organisms may
be as simple as (a) collision detection and the imposition of nonpenetration
constraints between two or more organisms in contact; (b) one or more parent
organisms spawning a new child organism and supplying it with appropriate
initial conditions; or (c) the sharing of statistical shape constraints and/or
image appearance information between organisms. More complex, rule-based
interactions are also possible.

Figure 15.2 illustrates deformable organisms with a nontrivial example
involving the detection and detailed segmentation of the lateral ventricle, cau-
date nucleus, and putamen in the left and right halves of a transverse 2-D MR
image of the brain. Since the ventricles are the most discernible and stable
structures in this imaging modality, the segmentation process begins with the
release of two “ventricle organisms” in the black background region outside
the cranium, at the upper left and right edges of the image in subfigure (1).
Performing a coordinated scanning behavior, the organisms proceed first to
locate the tops of the ventricles, as shown in the zoomed-in view of subfigure
(2), and their inner and outer (with respect to the brain) boundaries (3)–(5).
Next, both ends of each ventricle organism actively stretch to locate the upper
and lower lobes of the ventricle (6), and then the organism fattens to finish
segmenting the ventricle (7). Each organism employs the information that
it has gleaned about the shape and location of the segmented ventricles to
spawn and initialize a caudate nucleus organism in an appropriate location
(8). Each caudate nucleus organism first stretches to locate the upper and
lower limits of the caudate nucleus (9) then fattens until it has accurately
segmented the caudate nucleus (10). From its bottommost point in the image,
each caudate nucleus organism then spawns and initializes a putamen organ-
ism (11), which then moves laterally outward toward the low-contrast putamen
(12). Each putamen organism then rotates and bends to latch onto the nearer
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FIGURE 15.2: Automatic brain MR image segmentation by multiple
deformable organisms. The sequence of images illustrates the temporal pro-
gression of the segmentation process. Deformable lateral ventricle (1–7),
caudate nucleus (8–10), and putamen (11–16) organisms are spawned in suc-
cession and progress through a series of behaviors to detect, localize, and
segment the corresponding structures in the MR image (see text). (From
McInerney, T., Hamarneh, G., Shenton, M., Terzopoulos, D. 2002. Medical
Image Analysis, 6(3): 251–266. With permission.)

putamen boundary (13). Next, it stretches and grows along the boundary until
it reaches the upper and lower ends of the putamen (14), thus identifying the
medial axis of the putamen (15). Since the edges of the putamen bound-
ary near the gray matter are often weak, the organism activates an explicit
search for an arc (parameterized by a single curvature parameter) that best
fits the low-contrast intensity variation in that region, thus completing the
segmentation (16).
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(a)

(c) (d) (e)

(b)

FIGURE 15.3: Multiple deformable organisms segmenting vascular
structures in an angiogram. (a) Vessel overlap and bifurcation. (b) A simplistic
vessel organism incorrectly bends into the more prominent overlapping ves-
sel. (c) Appropriate high-level behaviors enable the vessel organism to iden-
tify the overlap and distinguish it from bifurcations. (d) Upon identifying a
bifurcation, the organism spawns two new organisms, each of which proceeds
along a branch. (e) The segmented vessel and branches. (From McInerney, T.,
Hamarneh, G., Shenton, M., Terzopoulos, D. 2002. Medical Image Analysis,
6(3): 251–266. With permission.)

As a second illustrative example, Figure 15.3 shows a different type
of axis-symmetric deformable organism specialized to ribbonlike structures.
This organism, called a vessel crawler, segments a vascular structure in
a retinal angiogram. If given insufficient prior knowledge, the organism
can latch onto the wrong overlapping vessel as shown in Figure 15.3b.
However, given a suitable repertoire of perceptual capabilities and behav-
ior routines (see Sections 15.3.3 and 15.3.4), the vessel organism can
distinguish between overlapping vessels and deal with bifurcations (Fig-
ure 15.3c). When a bifurcation is encountered, the organism spawns two
new child vessel organisms (Figure 15.3d), each of which extends along a
branch (Figure 15.3e). These 2-D vessel crawlers can be extended to 3-D
(Section 15.4.3).
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15.2.2 Motivation and background

Current model-based MIA frameworks utilize geometric and often physical
modeling layers. The models are fitted to images by minimizing energy func-
tions, simulating dynamical systems, or applying probabilistic inference meth-
ods, but they do not control this optimization process other than in primitive
ways, such as monitoring convergence or equilibrium. Some deformable models
incorporate prior information to constrain shape and image appearance and
the observed statistical variation of these quantities (Cootes et al., 1995;
Cootes et al., 1999; Szekely et al., 1996). These models have no explicit
awareness of where they or their parts are, and therefore the effectiveness
of such constraints is dependent on appropriate model initialization. The lack
of self-awareness may also prevent models from knowing when to trust the
image feature information and ignore the prior constraint information or vice
versa. The lack of optimization control can prevent these models from perform-
ing intelligent searches over their parameter spaces during the fitting process;
that is, the constraint information is applied more or less indiscriminately
and, once set in motion, the optimization process continues “mechanically” to
completion.

Furthermore, because there typically is no active, deliberate search for
stable image features, the models can latch onto nearby spurious features
(Cootes et al., 1999). Their short-sighted decision-making abilities prevent
these models from correcting missteps. Even if global optimization methods
such as simulated annealing are employed to perform more extensive searches,
the parameter space of the model is explored in a rather random fashion and
there is no guarantee (other than an excruciatingly slow, asymptotic one)
that the correct solution will be found. Moreover, it remains an open question
whether suitable solution metrics can be defined for many MIA tasks using
the “language” of objective functions and low-level optimization, or even of
probabilistic inference.

There are several examples of earlier MIA systems that attempt to lever-
age top-down reasoning strategies against bottom-up feature detection, usu-
ally with limited success (e.g., the ALVEN cardiac left ventricular wall motion
analyzer; Tsotsos et al., 1980). Other notable related work is the “visual rou-
tines” theory of Ullman (1984), which was proposed as a model of intermedi-
ate visual perception and includes a prominent top-down, sequential control
mechanism. More recently, researchers have attempted to add some model-
fitting control capability by constructing hierarchical deformable model-based
systems (McInerney and Kikinis, 1998; Shen and Davatzikos, 2000). The idea
here is that it is often possible to prioritize the strength or stability of different
image features of the target structure(s). These systems attempt to control the
fitting process such that the models systematically shift their focus from stable
image features to less stable features. However, features may occur at different
locations and scales and may vary from low-level landmark points to curves or
surface patches to volumetric regions or to more complex features. Without
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a proper nomenclature with which to define the high level features, and a
system organization that provides more complete and easily programmable
control over the model, it may be difficult to exploit this information
effectively.

Alternatively, if a model can be made aware of itself and its environment,
it can potentially be programmed to perform a more intelligent search for
correct solutions by exploiting global contextual knowledge more effectively.
For example, it may explore several alternative paths and choose the optimal
result. To add this ability to deformable models, it seems prudent to investi-
gate analogies with living systems.

15.2.3 Artificial life modeling

The modeling and simulation of living systems is central to an emerging
scientific discipline known as artificial life (ALife).∗ In recent years, the ALife
paradigm has had substantial impact in computer graphics, giving impetus
to several important avenues of research and development, including artificial
plants and animals, behavioral modeling and animation, and evolutionary mod-
eling (Terzopoulos, 1999). These graphical models typically employ geometry-
and physics-based techniques, as is characteristic of the deformable models used
in MIA, but they also aspire to simulate many of the biological processes that
characterize living systems—including birth and death, growth and develop-
ment, natural selection, evolution, perception, locomotion, manipulation, adap-
tive behavior, learning, and cognition.

Most relevant to the MIA approach presented in this chapter is the ALife
modeling of animals. The key components of artificial animals such as the
prototypical “artificial fishes” (Terzopoulos et al., 1994) are synthetic bodies,
including functional motor organs (contractile muscles), sensory organs (eyes,
etc.), and most importantly, brains with motor, perception, behavior, and
learning centers. In the motor center, motor controllers coordinate muscle
actions to carry out specific motor functions, such as locomotion and sen-
sor control. The perception center incorporates perceptual attention mech-
anisms, which support active perception that acquires information about
the dynamic environment. The behavior center realizes an adaptive senso-
rimotor system through a repertoire of behavior routines that couple per-
ception to action. The learning center in the brain enables the artificial
animal to learn motor control and behavior through practice and sensory
reinforcement.

To manage the complexity, artificial animals are best organized hierarchi-
cally, with each successive modeling layer adding to the more basic function-
alities of underlying layers (Terzopoulos, 1999). At the base of the modeling

∗See Levy (1992) for an entertaining perspective of the genesis of the artificial life field.
Journals such as Artificial Life and Adaptive Behavior chronicle the state of the art.
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hierarchy, a geometric modeling layer represents the morphology of the ani-
mal. Next, a physical modeling layer incorporates biomechanical principles
to constrain geometry and emulate biological tissues. Further up the hierar-
chy, a motor control layer motivates internal muscle actuators to synthesize
lifelike locomotion. Behavioral and perceptual modeling layers cooperate to
support a reactive behavioral repertoire. The apex of the modeling pyramid,
the domain of classical artificial intelligence, simulates the proactive or delib-
erative abilities of higher animals. Here, a cognitive modeling layer concerns
how knowledge is represented and how automated reasoning and planning
processes achieve high-level goals.

15.2.4 Controlling shape deformation

Top-down, knowledge-driven, model-fitting strategies require underlying
shape representations that are responsive to high-level controlled shape defor-
mation commands. As the organism’s cognitive layer selects a behavior, the
activated behavior routine will execute a series of shape deformations realized
through high-level motor programs, which in turn are realized through sim-
pler low-level motor skills. The goal here is to intelligently control the differ-
ent types and extent of model deformations during the model-fitting process,
focusing on the extraction of the most stable image features before proceeding
to object regions with less well-defined features.

The choice of shape representation is undeniably crucial for segmenta-
tion, recognition, and interpretation of medical images. The study of shape
has attracted a great deal of attention within the medical image analysis
community (Bookstein, 1997; Costa and Cesar, 2000; Dryden and Mardia,
1998). A desirable characteristic in a shape representation is the ability to
easily specify nonrigid object deformations at multiple locations and scales.
Deformable shape models (McInerney and Terzopoulos, 1996), in particu-
lar, are mostly boundary based, and therefore multiscale deformation control
is constructed from low-level boundary point sets and not upon object-
relative geometry. Although they provide excellent local shape control, they
lack the ability to undergo intuitive global deformation and to decompose
shape variability into intuitive deformations, with some notable exceptions
(Terzopoulos and Metaxas, 1991). It is therefore difficult to incorporate intel-
ligent deformation control at the right level of abstraction into the conven-
tional deformable model framework. Consequently, deformable models remain
sensitive to initial conditions and spurious image features in image inter-
pretation tasks. Hierarchical boundary-based shape models (Lachaud and
Montanvert, 1999; Mandal et al., 1998; Miller et al., 1991; Montagnat and
Delingette, 1997) and parameterized, free-form, and volumetric deformation
mechanisms have been proposed (Barr, 1984; Coquillart, 1990; Sederberg and
Parry, 1986; Singh and Fiume, 1998). They are also typically not defined in
terms of the object; rather, the object is unnaturally defined in terms of the
representation or deformation mechanism. Other 3-D shape representations
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with similar drawbacks include spherical harmonics, finite element models,
nonuniform rational B-splines, and wavelet-based representations (Burel and
Henocq, 1995; Davatzikos et al., 2003; McInerney and Terzopoulos, 1995;
Mortenson, 1997).

Shape models founded upon the use of the medial-axis transform (Blum,
1973) are a powerful alternative to boundary-based and volume-based
techniques (Attali and Montanvert, 1997; Borgefors et al., 1999; Bouix et al.,
2000; Dimitrov et al., 2003; Fritsch et al., 1997; Hamarneh and McInerney,
2003; Hamarneh et al., 2004; Leymarie and Levine, 1992; Pizer and Fritsch,
1999; Pizer et al., 2003; Sebastian et al., 2001; Siddiqi et al., 2002; Hamarneh
et al., 2007). Medial representations provide both a local and global descrip-
tion of shape. Deformations defined in terms of a medial axis are natural and
intuitive and they can be limited to a particular scale and location along the
axis, while inherently handling smoothness and continuity constraints.

Statistical models of shape variability have been used for medical image
interpretation (Cootes et al., 1995; Cootes et al., 2001; Duta et al., 1999;
Leventon et al., 2000; Szekely et al., 1996). These typically rely on prin-
cipal component analysis (PCA) and hence are only capable of captur-
ing global shape variation modes (Cootes et al., 1995). This is because
the eigen decomposition is typically performed on the covariance matrix
of all the landmark locations representing the shape, without any spatial
localization, as opposed to performing location- and deformation-specific
dimensionality reduction (Hamarneh et al., 2004). The statistical analysis of
medial-axis-based shape representation has been the focus of recent research
(Fletcher et al., 2004; Grenander, 1963; Lu et al., 2003; Styner et al., 2003;
Yushkevich et al., 2003).

15.2.5 Intelligent decision and control

The layered architecture enables a deformable organism to perform intel-
ligent searches for anatomical features in images by allowing it to make
appropriate high-level deformation decisions. The higher control layers afford
the organism a nontrivial “awareness” (i.e., it knows where it is, where its
parts are, and what it is seeking) and therefore it is more effectively able
to utilize global contextual knowledge of the target anatomical structure, as
well as local knowledge of the anatomical feature on which it is currently
focused.

An organism typically begins by searching for the most stable anatomical
features in the image, and then proceeds to the next best features, and so on.
Alternatively, an organism may interact with other organisms to determine
optimal initial conditions or resolve conflicting views of data. Once stable
features are found and labeled, an organism can selectively use prior knowledge
in regions known to offer little or no feature information. That is, the organism
intelligently “fills in” the boundary in ways tailored to specific regions of
interest in the target structure.
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A deformable organism’s awareness allows it to perform smart, flexible
feature searches. It need not be satisfied with the nearest matching feature,
but can look further within a region to find the best match, thereby avoiding
globally suboptimal solutions. Furthermore, by carrying out explicit searches
for features, correct correspondences between the organism and the data are
more readily assured. If an expected feature cannot be found, an organism
may “flag” the anomaly. If multiple plans exist, another plan can be selected
and/or the search for the missing feature postponed until further information
is available (e.g., from a neighboring organism). Alternatively, the organism
can retrace its steps and return to a known state, and then inform the user
of the failure. A human expert can intervene and put the organism back on
course by manually identifying the feature. This strategy is possible because
of the sequential and spatially localized nature of the deformable organism
fitting process.

To support intelligent feature search, an organism needs powerful, flexi-
ble and intuitive model deformation control coupled with a flexible feature
perception system. We currently achieve this with a set of “motor” (i.e.,
deformation) controllers and medial-axis-based deformation operators. Defor-
mation controllers are parameterized procedures dedicated to carrying out
a complex deformation function, such as successively bending a portion of
the organism over some range of angle or stretching part of the organism
forward some distance. They translate natural control parameters such as
〈bend-angle; location; scale〉 or 〈stretch-length; location; scale〉 into detailed
deformations. The first deformable organisms used medial-profiles (Hamarneh
et al., 2004) for their shape representation, which follow the geometry of the
structure and describe general and intuitive shape variation (stretch, bend,
thickness). Shape deformations result from the application on the medial pro-
files of deformation operators at certain locations and scales, or by varying
the weights of the main variation modes obtained from a hierarchical (multi-
scale) and regional (multilocation) principal component analysis of the profiles
(Hamarneh et al., 2004). Section 15.3 describes these organism components in
detail.

Finally, an organism may begin in an “embryonic” state with a simple pro-
toshape, and then undergo controlled growth as it develops into an “adult,”
proceeding from one stable object feature to the next. Alternatively, an organ-
ism may begin in a fully developed state and undergo controlled deforma-
tions as it carries out its model-fitting plan. The evolutionary corpus callosum
organisms (Section 15.4.5) are an example of the latter.

Which type of organism to use, or whether to use some sort of hybrid
organism, is dependent on the image and shape characteristics of the target
anatomical structure. In summary, the ALife modeling paradigm provides a
general and robust framework within which standard behavior subroutines
may be employed to build powerful and flexible custom-tailored deformable
organisms.
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15.3 Deformable Organism Architecture

This section describes the layers of the deformable organism architecture,
starting with the lowest layers (geometrical and physical) and working up to
the higher layers (sensory, behavioral, and cognitive).

15.3.1 Geometrical layer (morphology and topology)

The geometrical layer of the deformable organism defines the shape repre-
sentation as well as the morphological and topological constraints of the organ-
ism. The deformable organisms developed to date are based on medial-axis
(Hamarneh et al., 2004) or medial-sheet (Hamarneh et al., 2007) deformable
shape representations (Figure 15.1). The medial shape representation allows for
a variety of intuitive and controlled shape changes that are described relative
to the natural geometry of the object rather than as local displacements to its
boundary. These changes in shape include stretching, thickening, or bending
and are realized either as purely geometric deformations∗ or as deformations
simulated at the physics layer of the organism (Hamarneh and McInerney, 2003;
Hamarneh and McIntosh, 2005).

For example, medial profiles were used in the lateral ventricle, caudate
nucleus, and putamen organisms, 2-D vessel crawler (Section 15.2.1), the cor-
pus callosum (CC) organism (Section 15.3.4), and in the “evolutionary CC
organism” (Section 15.4.5). Medial profiles are a set of functions that describe
the geometry of the structure through general, intuitive, and independent
shape measures (length, orientation, and thickness) taken with respect to
the medial axis (Hamarneh et al., 2004). For instance, the thickness profile
describes the distance from the medial axis to the boundary, while the orien-
tation profile describes the angular offset between sequential medial nodes. In
the physics-based CC organism (Section 15.4.1), the underlying geometry is
a medial mesh of vertices and edges that is automatically constructed from
the pruned skeletons of a training set of shapes (Hamarneh and McInerney,
2003). In 3-D vessel and spinal crawlers (Sections 15.4.3 and 15.4.4), the
geometry is a tubular mesh with an underlying medial axis and a radial thick-
ness measure connecting to a triangulated surface. The chosen representation
imposes a strong tubular shape prior, while remaining general enough to allow
for arbitrary stretching, bending, thickening, and branching, which is suitable
for accurately representing tubular structures and complex vascular networks.

In the ITK Deformable Organisms software framework (Section 15.4.6),
the developer of new deformable organism instantiations can substitute

∗Deformations that manipulate the geometry of the model directly and without physical
constraint.
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various geometrical C++ classes, which conform to the predefined interfaces
of abstract base classes. This restriction ensures that the user can employ
different geometric layers (different shape parameterizations) while retaining
all of the framework’s most general abilities—those that are not specific to
a particular parameterization. For example, the system can change between
(Lagrangian) mesh models that explicitly store the locations of the surface
and medial nodes or implicit (Eulerian) shape models, where the shape is the
zero level-set of an embedding function.

15.3.2 Physical layer (motor system and deformations)

The physical layer of a deformable organism is analogous to the muscles in
the human body. The actions carried out by the physical layer of the organism
are divided into two classes: deformations and locomotions. The deformation
capabilities of the organism constitute its low-level motor skills or basic actu-
ations. These include global deformations such as affine transformations or
localized (nonlinear) deformations such as a simple bulge or stretch. The more
complex locomotion actions are the high-level motor skills of the organism.
They result from several basic motor skills, which are parameterized proce-
dures that carry out complex deformation functions, such as sweeping over
a range of rigid transformation (translation, rotation) parameters; sweeping
over a range of stretch, bend, or thickness parameters; bending at increasing
scales; and moving a bulge along the boundary. Other high-level deformation
capabilities include smoothing the medial axis or the boundary of the model,
or reinitializing the medial axis to a position midway between the boundaries
on both sides of the medial axis (sheet). See Figure 15.4 for examples.

Clearly the implementation of these deformations depends on the underly-
ing geometry. Deformable organisms based on medial profiles can be deformed
by directly modifying the profiles (Hamarneh et al., 2004). Mesh-based
deformable organisms can be simulated as spring-mass systems, allowing
deformations to take place through the modification of spring rest-lengths, or
the application of forces to the masses or changing their velocities (Hamarneh
and McIntosh, 2005). In principle, any shape representation can be used as
long as it provides high-level, intuitive deformation control parameters.

15.3.3 Perceptual layer

The perception system of the deformable organism consists of a set of
sensors that provide external information to the organisms. Using virtual sen-
sors, an organism can collect data about its environment, such as image data
or data from interaction with other organisms. For example, a single organism
may have image intensity sensors, edge sensors, and texture sensors. Sensors
can be focused or trained for a specific image feature in a task-specific way
and, hence, the organism is able to disregard sensory information superfluous
to its current behavioral needs.
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FIGURE 15.4: Examples of controlled deformations: (a)–(c) Operator-
based bulge deformation at varying locations/amplitudes/scales. (d)
Operator-based stretching with varying amplitudes over entire CC. (e)–(g)
Statistics-based bending of left end, right end, and left half of CC. (h)
Statistics-based bulge of the left and right thickness over entire CC. (i) From
left to right: (1) mean shape, (2) statistics-based bending of left half, followed
by (3) locally increasing lower thickness using operator, followed by (4) apply-
ing operator-based stretch and (5) adding operator-based bend to right side of
CC. (From Hamarneh, G., McInerney, T., Terzopoulos, D. 2001. In Proceed-
ings of the Medical Image Computing and Computer-Assisted Intervention,
Utrecht, the Netherlands, 66–75. With permission.)

Various parts of the organism are dynamically assigned sensing capabilities
and thus act as sensory organs or receptors. A sensor can either be on-board
or off-board. On-board sensors are confined to the organisms body, such as
at its medial or boundary nodes, at curves or segments connecting different
nodes, or at internal geometric subregions, while off-board sensors are free
floating. Once the sensory data are gathered, they are fed to the cognitive
center of the brain for processing.
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A wide variety of image processing techniques can be used to enable
the organism to perceive relevant features of its surroundings. In the ITK
deformable organisms software framework (Section 15.4.6), the abundant
image processing filters supported by the ITK can be applied. The results
of potentially complex image processing pipelines can be used as perceptual
input to the organisms.

As an example, consider one of the earliest deformable organisms created,
the CC worm organism for segmenting the corpus callosum in midsagittal mag-
netic resonance (MR) images (Section 15.3.4). The geometry-based CC worm
is equipped with sensors measuring image intensity, image gradient magnitude
and direction, multiscale edge-preserving diffusion-filtered images (Perona and
Malik, 1990; Weickert, 1998), a Canny-edge detected version of the image,
and the result of a Hough transform applied to locate the top of the human
skull in the brain MR image. The physics-based CC deformable organism
(Section 15.4.1) was equipped with sensors for collecting statistical measures
of image data such as mean and variance, in addition to edge strength and
direction sensors. The vessel crawler organisms (Sections 15.2.1 and 15.4.3)
used sensory input modules to make decisions about which direction to grow
in, and where bifurcations are located. For example, the 2-D angiogram vessel
crawler is equipped with an off-board arc sensor (Figure 15.5), which enables
it to differentiate between overlapping vessels and authentic branch points.
The 3-D crawler makes use of a similar spherical sensor, as well as the eigen-
vectors of an image intensity-based Hessian (Frangi et al., 1998) to estimate
directions of curvature along the vasculature (Figure 15.6).

15.3.4 Behavioral layer

A behavior is defined as the reaction of a life form in response to external
or internal stimuli. A deformable organism’s behaviors are a set of actions
performed in response to perceived input, the actions of other organisms, or
input from a user, or they are self-initiated as part of a predetermined plan.
Behavioral routines are designed based on the available organism motor skills,
perception capabilities, and available anatomical landmarks.

For example, the routines implemented for the CC deformable organism
introduced in Hamarneh et al. (2001) include find-top-of-head, find-upper-
boundary-of-CC, find-genu, find-rostrum, find-splenium, latch-to-upper-
boundary, latch-to-lower-boundary, find-fornix, thicken-right-side, thicken-
left-side, and back-up. Each behavior routine subsequently activates the
appropriate deformation or growth controllers to complete a stage in the plan
and bring an organism closer to its target shape. The progression of these
routines is shown in Figure 15.7. Starting from an initial default position
shown in subfigure (1), the CC organism goes though different behaviors
as it progresses toward its goal. As the upper boundary of the CC is very
well defined and can be easily located with respect to the top of the head,
the cognitive center of the CC organism activates behaviors to locate first
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FIGURE 15.5: Off-board sensors (arc of white nodes in (a) and (b)) mea-
sure image intensity (along the arc). This results in an intensity profile exhibit-
ing three distinct peaks when an overlapping vessel is ahead (c) and only two
peaks in the case of a bifurcation (d).

the top of the head (subfigures 2–3) then move downwards through the
gray and white matter in the image space to locate the upper boundary of
the CC (4–7). The organism then bends to latch to the upper boundary (8)
and activates a find-genu routine, causing the CC organism to stretch and
grow along this boundary toward the genu (9–11). It then activates the find-
rostrum routine causing the organism to back up, thicken (12), and track
the lower boundary until reaching the distinctive rostrum (13–15). Once the
rostrum is located, the find-splenium routine is activated and the organism
stretches and grows in the other direction (15–16). The genu and splenium
are easily detected by looking for a sudden change in direction of the upper
boundary toward the middle of the head. At the splenium end of the CC,
the organism backs up and finds the center of a circle that approximates
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FIGURE 15.6: 3-D sensors for the crawlers. (a) A vessel crawler (gray) uti-
lizing a hemispherical off-board sensor with example output (left), with the
primary and secondary eigenvectors of the Hessian computed at optimal scale
(top right). (b) A spinal crawler (gray) utilizing a hemispherical “off-board”
sensor showing an idealized output (light gray). The crawlers use these sensors
to determine the centerline of the vessel/spine tube by extracting the midpoint
of the tube’s intersection with the surface of the hemisphere. Once the center-
line estimate is obtained, the crawlers can add a new layer to their geometry
and, consequently, expand along the centerline of the structure (Figures 15.13
and 15.14). (From McIntosh, C., Hamarneh, G. 2006d. IEEE Conference on
Computer Vision and Pattern Recognition, 1, 1084–1091. With permission.)
(From McIntosh, C., Hamarneh, G. 2006c. Medical Image Computing Analysis
and Intervention, 1, 808–815. With permission.)

the splenium end cap (17). The lower boundary is then progressively tracked
from the rostrum to the splenium while maintaining parallelism with the
organism’s medial axis in order to avoid latching to the potentially con-
nected fornix structure (18–21). Nevertheless, the lower boundary might still
dip toward the fornix, so a successive step of locating where, if at all, the
fornix connects to the CC is performed by activating the find-fornix routine
(making use of edge strength along the lower boundary, its parallelism to
the medial axis, and statistical thickness values). Thus, prior knowledge is
applied only when and where required. If the fornix is indeed connected to
the CC, any detected dip in the organism’s boundary is repaired by interpo-
lation using neighboring thickness values. The thickness of the upper bound-
ary is then adjusted to latch to the corresponding boundary in the image
(22–26). At this point the boundary of the CC is located (26) and the CC
organism has almost reached its goal. However, at this stage the axis is
no longer in the middle of the CC organism (27) so it is re-parameterized
until the medial nodes are halfway between the boundary nodes (28–30).
Finally, the upper and lower boundaries, which were reset in the previous
step, are relocated (31–36) to obtain the final segmentation result shown in
subfigure (36).
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FIGURE 15.7: Deformable corpus callosum organism progressing through
a sequence of behaviors to segment the CC (see text). (From McInerney, T.,
Hamarneh, G., Shenton, M., Terzopoulos, D. 2002. Medical Image Analysis,
6(3): 251–266. With permission.)

As a second example, the behaviors exhibited by the physics-based CC
deformable organisms (Section 15.4.1) included initializing itself in the image,
aligning its body to the CC (first globally, i.e., its whole body, then locally,
i.e., its anatomical subregions), and detecting and repairing segmentation inac-
curacies commonly caused by the similar image intensity of the fornix.

As a final example, the 3-D vessel crawler (Section 15.4.3) deformable
organism included routines for growing or propagating itself along a vessel,
fitting or conforming to the vascular boundaries, and spawning new vessel
crawlers upon the detection of a branch in the vascular tree.

15.3.5 Cognitive layer

The cognitive layer of the ALife architecture combines memorized infor-
mation, prior anatomical knowledge, a segmentation plan, and the organism’s
sensory data (Section 15.3.3) in order to initiate behaviors, carry out shape
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deformations, change sensory input, and make decisions toward segmenting
and analyzing the target structure (Figure 15.8). A single fixed path in a seg-
mentation plan can be followed, or multiple paths with a plan selection scheme
can be implemented. In the first case the organism exhibits a sequential flow
of control, proceeding directly from one behavior to the next. In the second
case, it decides between different options within the plan, potentially taking
different paths given different images or initialization conditions.

Most often, the segmentation plan is subdivided into behavioral stages with
subgoals that are easy to define and attain (e.g., locating the upper bound-
ary of an anatomical structure). Consequently, it provides a means for human
experts to intuitively incorporate global contextual knowledge. The segmenta-
tion plan contains instructions on how best to achieve a correct segmentation
by optimally prioritizing behaviors. For example, if it is known that the supe-
rior boundary of the CC is consistently and clearly defined in an MR image,
then the find-upper-boundary behavior should be given a higher priority as
segmenting stable features will provide a good initialization for segmenting
nearby less-stable features. Adhering to the segmentation plan and defining it
at a behavioral level makes the organism aware of the segmentation process.

Decision
criteria

Define goal of behavior routine

Define sensory nodes
and sensory input

Define deformation parameters
(type, scale, location, amplitude)

Sense

failureno

yes

Reached
goal?

DoneBehavior
subroutine

Plan or
schedule

Deform

(a) (b)

FIGURE 15.8: (a) A procedural representation of a fragment of a
deformable organism’s plan or schedule. The organism goes through several
behavior routines (bold path in a). (b) A simple example of a standard behav-
ior routine. (From McInerney, T., Hamarneh, G., Shenton, M., Terzopoulos,
D. 2002. Medical Image Analysis, 6(3): 251–266. With permission.)
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This enables the organism to make effective use of prior shape knowledge,
applying it only in anatomical regions of the target object where a high level
of noise or gaps in the objects boundary edge are known to exist.

15.4 Recent Advances

Since its inception in 2001, there have been a number of advances to the
original deformable organisms framework. These advances, which are outlined
in the following sections, include physical deformation layers, an extension to
3-D, an evolutionary component, and an open-source framework.

15.4.1 Physics-based deformations

A true physical layer was absent in the original work (Hamarneh et al.,
2001; McInerney et al., 2002). To complete medical image segmentation tasks,
deformable organisms relied on purely geometric shape deformations guided
by sensory data, prior structural knowledge, and expert-generated schedules
of behaviors. The geometrical deformations made intuitive, real-time user
interaction difficult to implement and also necessitated the incorporation of
extraneous geometric constraints for maintaining the integrity of the
deformable shape model. An early extension to the original deformable organ-
isms framework was to develop and incorporate physics-based shape deforma-
tions, which yield additional robustness by enabling intuitive real-time user
guidance and interaction when necessary. The physics-based deformations also
inherently imposed structural integrity; that is, they provided shape regular-
ization via internal elastic forces.

In Hamarneh and McIntosh (2005), physics-based deformable organisms
were presented and applied to the segmentation, labeling, and quantitative
analysis of medical image data. External forces are provided by the image
gradient and a drag force, while internal forces are supplied through Hookes
law and spring damping forces. The results validated that the physics-based
formalism allows the expert to provide real-time guidance through small, intu-
itive interactions, if needed, which further improves the segmentation accuracy
and keeps the medical expert “in the loop.” Figure 15.9 shows the progres-
sion of an example physics-based deformable organism for CC segmentation,
Figure 15.10a shows the automatic anatomical labeling, and Figure 15.10b
and Figure 15.10c show results before and after some minor user interaction.

15.4.2 Extension to 3-D

A further advancement is the extension of deformable organisms to 3-D for
the segmentation and analysis of anatomy in volumetric medical images. To
operate in a 3-D environment, deformable organisms need a 3-D geometry that
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FIGURE 15.9: Progress of segmentation through its primary phases.
(a) Global model alignment, (b) model part alignment through (c) expan-
sion and (d) contraction, (e) medial axis alignment, (f) fitting to boundary,
(g) detecting and (h) repairing fornix dip. (From Hamarneh, G., McIntosh,
C. 2005. In Proceedings of SPIE Medical Imaging: Image Processing, 5747,
326–335. With permission.)

(b) (c)(a)
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FIGURE 15.10: Physics-based CC organism. (a) Automatic labeling of
important anatomical regions of the CC. (b) Before and (c) after intuitive
manual intervention to improve the segmentation. (From Hamarneh, G.,
McIntosh, C. 2005. In Proceedings of SPIE Medical Imaging: Image Process-
ing, 5747, 326–335. With permission.)

supports controlled 3-D deformations analogous to the controlled 2-D deforma-
tions previously outlined, a 3-D physics layer to carry out those deformations
with corresponding behaviors that can operate appropriately in the higher-
dimensional environment, 3-D sensors suitable for the 3-D environment, and a
cognitive layer that can control the segmentation process. We use medial based
shape representation of the organisms 3-D geometry to enable intuitive and
localized deformation control, such as medial sheet (Hamarneh et al., 2007)
or medial axis based in the case of tubular structures (Sections 15.4.3 and
15.4.4). If physics-based deformations are used (Section 15.4.1) then increas-
ing the dimensionality of the position, force, velocity, and acceleration vectors
from 2-D to 3-D enables the calculation of 3-D deformations (Hamarneh and
McIntosh, 2005).
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FIGURE 15.11: The geometric and physical layers of tubular shape mod-
els. Surface vertices or masses (left) are sampled in a layered fashion along
the tubular surface. Radial springs (middle) connect the surface vertices
with a medial axis. Stability springs (right) form a triangulated mesh, and
act to stabilize the surface model against image noise. (From McIntosh, C.,
Hamarneh, G. 2006c. Medical Image Computing Analysis and Intervention, 1,
808–815. With permission.). (From McIntosh, C., Hamarneh, G. 2006d. IEEE
Conference on Computer Vision and Pattern Recognition, 1, 1084–1091. With
permission.)

The following examples present deformable organisms for the segmenta-
tion of tubular structures in volumetric images. The forces are simulated on a
tubular geometry parameterized by the distance between neighboring medial
masses and the number of circumferential boundary masses (Figure 15.11).
This layered medial shape representation enables intuitive deformations
(Hamarneh and McInerney, 2003; Hamarneh et al., 2004; O’Donnell, 1994)
wherein the medial axis governs the bending and stretching and links to
boundary nodes to control thickness. As deformable organisms are typically
modeled after their target structures, this tubular branching topology has been
employed to the task of vascular and spinal cord segmentation and analysis
in volumetric medical images (Sections 15.4.3 and 15.4.4).

15.4.3 Vessel crawlers

In modern internal medicine, noninvasive imaging procedures are often
crucial to the diagnosis of cardiovascular, pulmonary, renal, aortic, neurologi-
cal, and abdominal diseases (Bullitt et al., 2003). Common to the diagnosis of
these diseases is the use of volumetric imaging to highlight branching tubular
structures such as CT for airways and angiography for vasculature. Without
computer assistance, it is difficult to explore, segment, or analyze volumetric
images of complex branchings (Figure 15.12).
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FIGURE 15.12: Slices from a volumetric magnetic resonance angiography
image. Plane orientations are shown bottom right. Notice the difficulty in
discerning the 3-D structure of the vessels (indicated by the white arrows).
Compare this to the segmentations and high-level representations shown in
Figures 15.14, 15.15, 15.16, and 15.17. Figure 15.15, for example, gives a quick
and intuitive grasp of vessel radius and connectivity.

A new deformable organism for the segmentation and analysis of vascu-
lature from volumetric medical image data was presented in (McIntosh and
Hamarneh, 2006d). The bodies of these “vessel crawlers” were modeled as 3-D
spring-mass systems (Section 15.4.1). The vessel crawlers use a new repertoire
of sensory modules that enable them to detect the centerlines of adjacent vas-
culature and discern branching points. These sensors are an extension of the
arclike sensors in 2-D (Figure 15.5) to a spherical sensor in 3-D (Figure 15.6).
They take advantage of optimal vessel filtering, obtained by locally deriving
vessel filtering parameters technique (Frangi et al., 1998). Its behavioral rou-
tines enable it to grow to the next center-point of a vessel, latch onto the walls
of the vessel, and spawn new child vessel crawlers for the exploration of bifur-
cations in the vascular tree. Finally, a new set of decision-making strategies
enables the crawler to decide where to grow to, when to spawn new child vessel
crawlers, and when to terminate, all based on its sensory input and current
state. Consequently, once initialized within a 3-D image, this new breed of
deformable organisms crawls along vasculature, accurately segmenting vessel
boundaries, detecting and exploring bifurcations, and providing sophisticated,
clinically relevant visualization and structural analysis (Figures 15.13, 15.14,
15.15).
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FIGURE 15.13: A 3-D vessel crawler (white arrows) shown as it progres-
sively segments an MRA (shown volume-rendered in grayscale). During each
iteration, an estimate of the vessel centerline is obtained from the sensor
(Figure 15.6). A new layer is then added with a new medial node at the esti-
mated centerline. Approximately 20 iterations have been performed between
each image shown above.
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FIGURE 15.14: Multiple cross-sectional slices (left) taken throughout the
segmentation process enable the measurement of vessel radii and intensity pro-
files. Boundary nodes of the vessel crawler after local vessel fitting are shown
on extracted slices as white dots (right). (From McIntosh, C., Hamarneh, G.
2006d. IEEE Conference on Computer Vision and Pattern Recognition, 1,
1084–1091. With permission.)
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FIGURE 15.15: Intuitive vasculature representations automatically
extracted from the MRA image shown in Figure 15.12 (left). Directed acyclic
graph (in black) shown in 3-D context overlaid on a plot of the vessels with
color corresponding to local radial thickness (right). Tree showing vascular
hierarchy displayed out of context. In combination, the two graphs highlight
thin vessels (darker gray in the left figure), and give an impression of the over-
all connectivity (right). Clicking on a node of the tree (right) can also high-
light a section of the vasculature (left) along with the set of vessels that feed
off of the initial selection. (From McIntosh, C., Hamarneh, G. 2006d. IEEE
Conference on Computer Vision and Pattern Recognition, 1, 1084–1091. With
permission.)

The 3-D vessel crawler extracts clinically relevant features as it crawls
though the vasculature, including the distance metric, sum of angles metric,
and inflection count metric (Bullitt et al., 2003). In addition to these fea-
tures, the vessel crawlers are able to label branch points and vessel segments,
determine branching angles, cross-sectional radius, vessel segment length, and
vessel volume, as well as highlight potential problem areas along with the vas-
cular regions they affect, and the shortest path to those locations from any
target point (Figure 15.15) (McIntosh and Hamarneh, 2006d).

For example, the vessel crawler was applied to segment and analyze a com-
puted tomography angiogram (CTA) phantom (Figure 15.16) and a magnetic
resonance angiogram (MRA) (Figure 15.17). The vessel crawler was initialized
using a single seed point at each of the root vessels. As shown, it was able to
detect and track all of the connected vessel segments in the phantom, and the
vast majority of connected vessel segments in the MRA.

15.4.4 3-D spinal crawler

The spinal cord is a crucial part of the nervous system that resides
within the vertebral canal of the spinal column and acts as a relay to convey
information between the brain and the rest of the body. There are numerous
clinical problems related to the spinal cord, including multiple sclerosis (MS),
meningitis, neural tube defects, syringomyelia, transverse myelitis, and spinal
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Detected bifurcations

FIGURE 15.16: The figure shows a maximum intensity projection ren-
dering of the phantom CTA (top). We acknowledge Luboz et al. (2005), for
providing us with the phantom CTA. Also, it shows the segmentation obtained
using vessel crawler (bottom). Notice that the vessel crawler is able to track all
the vessels and detect all the bifurcations. (From McIntosh, C., Hamarneh, G.
2006d. IEEE Conference on Computer Vision and Pattern Recognition, 1,
1084–1091. With permission.)

cord injury (SCI). MS, for example, which affects more than a quarter million
people in the United States, is suspected of shrinking the spinal cord.

To statistically analyze the shape of the spinal cord, a segmentation of
the cord must be obtained, which is not a trivial task. Though the cord is
approximately cylindrical in shape, its diameter varies at different vertebral
levels (Figure 15.18). Furthermore, when progressing from superior to inferior,
the spinal cord’s information transfer requirement decreases, resulting in
decreased white matter and, therefore, decreased contrast. This change in
both shape and contrast proves difficult for nonadaptive segmentation and fil-
tering methods. To address this problem, we extended and adapted the vessel
crawlers to spinal cord segmentation (McIntosh and Hamarneh, 2006c).
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FIGURE 15.17: A volume rendering of a head MRA, viewed superior to
inferior (nose appears in the bottom right corner), showing the vessel crawler
in shaded white. In this example, the vessel crawler tracks vessel segments with
high accuracy, but it fails to detect some of the smaller branch points, resulting
in failure to capture the entire tree. (From McIntosh, C., Hamarneh, G. 2006d.
IEEE Conference on Computer Vision and Pattern Recognition, 1, 1084–1091.
With permission.)

The new “spinal crawlers” are tubular spring-mass-based deformable
organisms with an adaptive and predominantly elliptical cross section and
appropriate anisotropic image data sensors.

By explicitly modeling the elliptical nature of the spinal cord, the spinal
crawlers are able to locally detect its shape and intensity characteristics. This
information is used to adaptively filter the image, highlighting the spinal cord,
and enabling the crawler to perceive the direction in which to grow. The
filter extends the single optimal scale in the vessel crawlers with circular cross
section (McIntosh and Hamarneh, 2006d) to include two optimal scales, one
related to the major axis and the other related to the minor axis of the spinal
cord cross section. The result is an anisotropic (elliptical) filter that locally
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FIGURE 15.18: (See color insert following page 370.) Axial slices of a
spinal cord illustrating the difficulty of the segmentation task. Top pair: Circu-
lar and elliptical cross-sections of the spinal cord; note the change in shape and
lack of contrast. Bottom pair: Extraspinal structures with gray-level intensity
higher than that of the spinal cord, which are often encountered in the minor-
axis derivatives (horizontal direction). The bottom pair also shows how simple
user interaction (Section 15.4.1) on a cross-sectional slice can help repair a false
boundary (in red). (From McIntosh, C., Hamarneh, G. 2006c. Medical Image
Computing Analysis and Intervention, 1, 808–815. With permission.)

FIGURE 15.19: (See color insert following page 370.) Sample 3-D spinal
cord segmentation results (left to right) manual, spinal crawler, SNAP level
set, and a region grower with seed point shown in red that has leaked into
nearby extraspinal structures. Note that without an adaptive shape prior,
SNAP level set (third from the left) frequently leaks outside the spinal cord.
(From McIntosh, C., Hamarneh, G. 2006c. Medical Image Computing Analysis
and Intervention, 1, 808–815. With permission.)

adapts to the spinal cord’s shape (as its cross section progresses from elliptical
to circular). The results demonstrate the ability of the method to accurately
segment the spinal cord, even in areas where popular techniques such as ITK-
SNAP (Yushkevich et al., 2006) and region-growing fail (Figure 15.19).
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15.4.5 Evolving deformable organisms

A natural extension to the deformable organisms framework is to incorpo-
rate evolution. By using algorithms that model natural selection, the organisms
can evolve toward improved segmentations of the image data. Specifically,
genetic algorithms (GA), a simple survival-of-the-fittest model of evolution,
can be employed to evolve a population of shape models where the fitness
of a model is measured by how well it segments the image (Ballerini, 1999;
McIntosh andHamarneh, 2006a;MacEachern andManku, 1998).Consequently,
the organisms that produce the best segmentations will be more likely to survive
and reproduce, enabling them to pass their parameters on to the next genera-
tion. Therefore, over the course of the algorithm, the shape models evolve into
an improved segmentation.

For example, the evolution of a population of medial-axis-based CC seg-
mentation organisms was modeled in McIntosh and Hamarneh (2006a). Shape
deformations are caused by mutating individual members of the popula-
tion (Figure 15.20), as well as through crossover (reproduction) operations.
Figure 15.21 shows the beginning, middle, and end of the shape model’s evo-
lution for two images. The evolution was constrained, and thus the size of
the search space reduced, by using statistically based deformable models rep-
resented by medial profiles. The deformations are intuitive (stretch, bulge,
bend) and driven in terms of the principal modes of variation of a learned
mean shape (Figure 15.22) (Hamarneh et al., 2004). Through the simulta-
neous evolution of a large number of models, the GAs alleviate the typical
deformable model weaknesses pertaining to model initialization and energy
functional local minima. The results validate that through simulated evolu-
tion, the deformable organisms can evolve into states that better segment the
target structure than they could through the use of hand-crafted deformation
schedules like those in Hamarneh and McIntosh (2005).

15.4.6 Software framework for deformable organisms

Previously, deformable organisms were restricted to a closed-source
MATLAB� framework. Though straightforward and intuitive in their design,

(a) (b) (c)

FIGURE 15.20: (See color insert following page 370.) Each image shows
evolving deformable organisms whose shape changes result from mutation
operators applied sequentially to the medial profiles in order of red, green,
blue. Sequential mutations of an increasingly small scale are shown: (a) global
scale, (b) medium scale, and (c) small scale.
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FIGURE 15.21: (See color insert following page 370.) Two example seg-
mentation results progressing left to right, showing the fittest individual after
automatic initialization (left), global deformations (middle), and local defor-
mations (right). (From McIntosh, C., Hamarneh, G. 2006a. ACM Workshop
on Medical Applications of Genetic and Evolutionary Computation Workshop
(MedGEC) in conjunction with the Genetic and Evolutionary Computation
Conference (GECCO), 1–8. With permission.)

they were not readily extensible in this form. In McIntosh and Hamarneh
(2006b), we reimplemented the deformable organism framework in an open-
source manner using the Insight Toolkit (ITK) (www.itk.org), which has a
large user base of medical imaging researchers and developers. Furthermore,
the incorporation of ITK affords deformable organisms access to faster pro-
cessing, multithreading, additional image processing functions and libraries,
and straightforward compatibility with the powerful visualization capabilities
of the Visualization Toolkit (VTK) (www.vtk.org).

Another reason for choosing ITK is because deformable organisms are
constructed through the realization of many abstract and independent
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(a) (b) (c) (d)

(h)(g)(f)(e)

FIGURE 15.22: Statistical shape deformations: (a) global stretch, (b)
global upper boundary thickness, (c–d) global bend along two main modes
of variation with (c) representing a higher degree of variance, (e–f) localized
bend, and (g–h) localized lower boundary thickness for two different scales
and locations.

concepts/layers (cognitive, behavioral, physical, geometrical, sensing). Con-
sequently, the deformable organism framework must reflect this modular
design by allowing users to replace one implementation (layer) for another.
For example, new shape representations should be easily introducible without
redesigning existing cognitive layers. To this end, the interface between lay-
ers must be clearly defined and consistent across implementations (plug and
play).

The software implementation must also be extendable, allowing it to
grow and advance as the concept of deformable organisms does. That is, it
should support current research into new types of deformable organisms with
increasingly advanced decision-making and deformation abilities designed for
different applications. These concepts are at the very core of the ITK design
methodology.

The ITK Deformable Organisms (I-DO) framework (McIntosh and
Hamarneh, 2006b) bridges the ITK framework and coding style with
deformable organism design methodologies. It provides a basis for the medical
image analysis community to develop new instances of deformable organisms
and exchange components (spatial objects, dynamic simulation engines, image
sensors, etc.), enabling fast future development of new custom deformable
organisms for various clinical applications.

For example, a powerful deformable organism, the itkOrganism, is both a
deformable organism and an ITK image filter. Consequently, these organisms
can be easily incorporated as autonomous tools into existing ITK filtering
pipelines (taking an image as input and producing a segmented image as out-
put). Figure 15.23 demonstrates at a low level the steps required to implement
deformable organisms. Although the code excerpts in the figure are specific to
the I-DO framework, they represent the general steps we believe need to be
taken regardless of the implementation framework or programming language
used. The first step is to choose an appropriate shape representation. The
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(a)

(b)

(c)

(d)

(e)

FIGURE 15.23: Example ITK-Deformable Organisms code. Lines are used
to (a) initialize the deformable organism, (b) set up and attach the physical
and geometrical layers, in this case a spring-mass system, (c) instantiate and
attach a cognitive layer, (d) create and attach a set of behaviors and corre-
sponding deformations, and (e) run the deformable organism within an ITK
pipeline. (From McIntosh, C., Hamarneh, G., Mori, G. 2007. In IEEE Work-
shop on Motion and Video Computing, 31–38, 2007. With permission.)

issues regarding what constitutes a suitable shape representation for the geo-
metric layer were discussed in Section 15.3.1, most importantly, a shape that
provides intuitive deformation handles (code in Figure 15.23b). The second
step is to incorporate a method for simulating the deformation dynamics; for
example, utilizing mass-spring, physics-based deformations (as discussed in
Section 15.3.2; code in Figure 15.23b). The third step is to consult with the
domain experts (e.g., clinicians) and identify what constitutes a good strat-
egy for segmentation, thus dictating the sequence of behaviors. As discussed
in Section 15.2.5, we recommend progressing from stable to less stable fea-
tures to improve the robustness of the algorithm (code in Figure 15.23c). The
sensors must then be implemented and attached to the deformable organism.
The choice of sensors is driven by the goals of the behaviors and the type of
features that need to be detected in each behavioral routine (Section 15.3.4).
Finally, the different decision-making strategies need to be specified, including
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FIGURE 15.24: Two toy example deformable organisms (rendered in gray)
progressing from left to right in volume rendered volumetric images. (top)
A basic example initialized with a cube, performing a Beh UniformScale
behavior and coming to rest. (bottom) An example initialized with a cube,
increasing its size using a Beh UniformScale behavior simulated on a spring-
mass system with the Phys Euler physical layer, then smoothing and coming
to rest under image forces using level set–based deformations implemented in
the Phys LevelSet physical layer.

which sensory modules to activate and which behavioral routines to initiate
(Section 15.3.5; code in Figure 15.23d).

Other example deformable organisms in the framework can automati-
cally convert between physics-based deformations on spring-mass systems and
implicit deformations via the level-sets technique. Two example deformable
organisms are shown in Figure 15.24. The bottom row shows a cube is
expanded via spring actuation, then automatically converted to a level-set
representation and deformed using image gradients.

15.5 Discussion

The original ideas of deformable organisms were presented in Hamarneh,
McInerney, and Terzopoulos (2001), Hamarneh (2001), and McInerney et al.
(2002). In this original research, several examples of deformable organisms for
segmenting and labeling anatomy from medical images were demonstrated.
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The classical example is the CC deformable organism, also affectionately
referred to as the CC worm, which was developed to segment the corpus cal-
losum (CC) in midsagittal brain MR images. The underlying geometry and
shape deformations (medial profiles), several of its behavioral routines (e.g.,
bending, stretching and thickening to crawl and latch to boundaries), and
perception capabilities (e.g., edge-detectors) were reused to create interact-
ing organisms (ventricles, putamen, and caudate nucleus) and then 2-D vessel
crawlers that detect branches and spawn new child organisms.

As we discussed in the previous section, several extensions have been devel-
oped in recent years, from physics-based deformations to 3-D vessel and spinal
crawlers to evolutionary organisms to the I-DO ITK-software framework for
deformable organisms.

The deformable organisms framework provides several advantages not seen
together in any other medical image analysis technique or class of techniques.
These advantages include a design that bridges the gap between contextual
knowledge and low-level image processing, a layered, modular framework that
allows for component reuse and rapid building of new custom medical image
analysis applications, a built-in consciousness exemplified by the organisms’
awareness of the part of anatomy they are targeting to delineate or label at
the current stage of the segmentation plan, the ability to incorporate human
input either through user interaction or prestored expert knowledge, and the
ability to flag a difficulty or failure should it arise.

15.6 Future Research Directions

Research into the ALife deformable organisms framework is by no means
complete. Many improvements can be made in each of the layers, including
improved shape representation and deformation capabilities, improved simu-
lation of deformation dynamics, improved design of plans and strategies for
medical image analysis, improved incorporation of domain knowledge, and
the adoption of improved image processing algorithms used for the organisms’
sensory input. Most importantly, all these extensions will be most meaningful
if they are applied to practical, clinically motivated medical image analysis
applications.

Our existing deformable organisms have been restricted to static 2-D or
3-D images. An important area for future research is dynamic deformable
organisms that can analyze motion in time-varying medical imagery. Like
conventional deformable models, deformable organisms can be extended to
dynamic deformable organisms capable of tracking moving objects in spa-
tiotemporal image data. In McIntosh, Hamarneh, and Mori (2007), we pre-
sented a dynamic deformable organism for tracking walking humans from color
video (sequences of 2-D color images). The geometry of this “human tracker”
deformable organism is a multifigural medial representation, where the torso
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and each limb is based on a medial-axis description and the inter-limb con-
nectivity follows the articulated human structure (wrist to elbow, elbow to
shoulder, etc.). Using appropriate sensors and behaviors (deformation control
sequences), the organisms can search for the person appearing in each frame
and automatically delineate his or her boundaries and joint positions. Results
are presented in McIntosh and others (2007). Dynamic deformable organisms
along these lines remain to be developed for time-varying 2-D and 3-D medical
image analysis.

15.7 Conclusions

In this chapter, we reviewed deformable organisms, a novel paradigm for
highly automated medical image analysis. The deformable organisms frame-
work is based on deformable models augmented by ALife modeling concepts.
This is realized through the knowledge-based, top-down modeling of cognitive,
perceptual, and behavioral processes that control and guide the common
low-level, bottom-up, data-driven deformable models technique. The result
is novel image analysis algorithms that incorporate high-level models of how
medical experts approach a medical image analysis task.

Deformable organisms are autonomous agents that can automatically seg-
ment, label, and quantitatively analyze anatomical structures of interest in
medical images. Rather than relying on expert human interaction to initial-
ize deformable models, set their free parameters, and guide their evolution in
order to attain accurate segmentations, deformable organisms incorporate an
intelligent, artificial brain that automatically performs these tasks with excel-
lent results. This chapter motivated and overviewed deformable organisms,
explained the principal layers of their ALife modeling architecture, reviewed
some of the original deformable organism instances, outlined recent exten-
sions and advances, and suggested avenues for future research relevant to this
promising new medical image analysis technique.
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A

Active appearance model (AAM)
versus PBM, 315–318
target registration error for, 317

Active noise control (ANC) system,
19

Age-related macular degeneration
(AMD), 257, 262–263

A–IFSs, see Atanassov’s
intuitionistic fuzzy sets

AMD, see Age-related macular
degeneration

Amdahl’s law, 399
Amyloid, preclinical imaging of,

247–250
Anatomic modality, 247
ANC system, see Active noise

control system
Anisotropic mean shift

with FCM algorithms, 222
proposed strategy, 224
segmentation, 223

ANN, see Artificial neural network
Anterior commissure (AC), 302
Appearance likelihood models,

303–304
Appearance modeling

of invariant features, 299
issues and approaches, 299–301
parts-based, 301–303

Approximate nearest neighbor
(ANN) method, 272–273

ARes algorithm, 364
ArTeX algorithm, 358–363

association rules, 358, 361

extending the parameter set,
362–363

texture representation, 358–361
Artificial life (ALife)

cognitive layer, 442, 451
modeling, 441–442

Artificial neural network (ANN), 2,
7–10, 90, 104; see also
Neural networks

lung cancer cell identification, 9
medical image compression

using, 16
medical image segmentation

using, 10–11
microcalcification cluster

identification, 7
performance of, 92

Aspiration criterion, 148
ASS, see Automatic skin

segmentation
Atanassov’s intuitionistic fuzzy sets

(A–IFSs), 171, 195,
203–204

Atanassov’s operator, 178–180
Atypical lesion segmentation, 115
Automatic skin segmentation

(ASS), 120–121
application of, 127–133
versus IS method, 130

B
Back-propagation (BP) network,

4
Bayes decision ratio, 308
Bayesian methods, 242
Bayesian posterior probability, 265

475
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Bayesian rough set (BRS) model, 73
Bayes rule, 410
Behavioral layer of deformable

organism, 448–451
Benign lesion segmentation, 115
Benign prostatic hyperplasia

(BPH), 141
versus STR, tabu search for,

159
subbands of multispectral

image of, 154
Biomedical informatics, 239, 241
Biomedical informatics system

conceptual representation of
elements of, 275

design elements, 242
goals, 243

Biopsy, 116, 140
Blood vessels

from 3-D MRA data, 10–11
image segmentation, 10

Boltzman policy, 331
Bone mineral density (BMD), 9
Bone scintigraphy, see Whole-body

bone scintigraphy
BPH, see Benign prostatic

hyperplasia
Brain image appearance, 310–311
Brain image modeling, 309
B-spline interpolation, 389

C

CAD system, see Computer-aided
diagnostic system

CBIR, see Content-based image
retrieval

Charge-coupled devices (CCDs), 108
Chest radiographs

lung nodules in, 9
ribs in, 17–18

Chronic wounds, 89
CII, see Contrast improvement

index

Clinical imaging of human retina,
246, 250–253

Clustering
C-means, 62
fuzzy c-means (FCM)

algorithms, 216–217
K-means, 62
rough sets in, 60–62

Cognitive layer of ALife
architecture, 442, 451

Color image segmentation, 61
Combinatorial optimization

problems, 30
Combined enhancement measure,

183–184
Competitive Hopfield edge-finding

neural network
(CHEFNN), 12

Computational intelligence
with neural networks, see

Neural networks
techniques, 48–50, 386

for prostate cancer
classification, 144–151

Computation time for multiclass
and binary class classifiers,
161

Computed tomography angiogram
(CTA) phantom, 458

Computer-aided cytologic diagnosis
(CACD), 9

Computer-aided diagnostic (CAD)
system, 5–9, 48, 116,
169–170, 205

for automated detection of lung
nodules, 8–9

microcalcification clusters
identification, 6

with neural networks, 2, 5–10
Content-based image retrieval

(CBIR), 241–242, 277–278
Contextual constraint-based

Hopfield neural cube
(CCBHNC), 13
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Contextual Hopfield neural network
(CHNN), 13

Contrast enhancement techniques,
169, 181, 186, 194

Contrast improvement index (CII),
183

Convolution-based forced detection
(CFD), 417

Convolution neural network (CNN),
6–7

Corpus callosum (CC) deformable
organism, 448, 450–451,
467

Crossover operator, 35–36
CTA phantom, see Computed

tomography angiogram
(CTA) phantom

D
DARBS (Distributed Algorithmic

and Rule-Based
Blackboard System), 386

Darwin’s theory, 31
Data encryption protocols, 278
Data sets

confusion matrix for, 156–157
description, 152–156
Haralick features, 154–155
morphology features, 155
statistical feature, 154–155
structural features, 154

Davies-Bouldin clustering validity
index, 63, 73

Decision trees, 48, 272
Deformable models, 434–435
Deformable organism, 434, 436–439

architecture, 445–453
corpus callosum (CC), 448,

450, 467
evolving, 462
extension of, to 3-D, 453–455
geometrical layer of, 445–446
MR image segmentation of by

multiple, 438

physical layer of, 446
physics-based, 453
software framework for, 462–466
statistical shape deformations,

464
Deformable registration techniques,

294
Defuzzification

from fuzzy sets to grayscale
images, 180

intuitionistic, 177
fuzziness, 178–179
generalized, 180

Derenzo-like phantom, 423
Dermatoscopy, see Epiluminescence

microscopy (ELM)
Diabetic retinopathy (DR), 246,

257–258, 277
Difference-of-Gaussian (DOG)

scale-space, 296
Digital Imaging and

Communications in
Medicine (DICOM), 275

Distributed blackboard architecture,
380, 383, 386–388; see also
DARBS

Distribution function method,
412–413

Distribution separation measure
(DSM), 181–182

Distributor agents, 386, 388–390,
395

Drusen segmentation, 258
DSM, see Distribution separation

measure
3-D spinal crawler, 458–461
Dual-energy subtraction technique,

17–18
Dual matrix ordered subsets

(DM-OS), 417
Dual matrix reconstruction, 417
Dual-modality imaging, 244, 247
Dual X-ray absorptiometry (DXA),

9
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E
Edge detection with neural

networks, see Neural
network edge detection
(NNED)

Elastic registration scheme, 14
Emission tomography simulators,

415
Enhanced fuzzy c-means (EnFCM)

algorithm, 215, 220, 232
Enhancement evaluation measures,

181–184
Entropy

intuitionistic fuzzy, 172–174,
176

Renyi’s, 174
rough image, 57–59
Shannon, 57, 62
target-to-background contrast

ratio using, 182
Epiluminescence microscopy

(ELM), 116, 132
Euclidean distance, 310
Evolutionary approaches for

medical imaging, 42–43
Evolutionary computing, 28–31

objective function, 29
optimization, 30–31
search space and fitness

landscape, 29
systems, 28

Evolutionary optimization
algorithms, 28

Expectation maximization (EM)
algorithm, 411

Exudate segmentation, 257–258

F
FCI, see Fuzzy contrast

intensification
FCM, see Fuzzy c-means algorithms
Feature detection using logical

derivations, 97–98
Feature selection, 64, 144

definition of, 143
using tabu search, 145–149

Feedback neural networks, 4
Feedforward neural networks, 4, 8

comparative summary of, 20
three-layer, 11

Feldkamp algorithm, 250
FenestraTM, 247, 249
FLSs, see Fuzzy logic systems
Fluorescein angiography of human

retina, 251–253
Fovea, 250
FSs, see Fuzzy sets
Functional modality, 247
Fuzzification

from gray levels to membership
degrees, 175

intuitionistic, 175–177
Fuzziness, linear index of, 178
Fuzziness contrast enhancement,

minimization of, 194–195
Fuzziness intuitionistic

defuzzification, maximum
index of, 178–179

Fuzzy c-means (FCM) algorithms,
11–12, 61–62, 214, 234

anisotropic mean shift with,
222

classical strategies, 216
clustering, 216–217
experimental results, 224
fast generalized scheme,

218–222, 232
multistage random-sampling,

218, 230
with random sampling, 217–218
segmentation algorithm, 217

Fuzzy contrast intensification (FCI),
195

versus IFCI, 198–199
intuitionistic extension of,

196–197
Fuzzy domain (FD), 177
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Fuzzy histogram hyperbolization
(FHH) versus IFHH,
190–194

Fuzzy Kohonen competitive
learning (FKCL), 11

Fuzzy logic, 145–146
Fuzzy logic systems (FLSs), 170
Fuzzy objective function, 145–148
Fuzzy-rough nearest neighbor

(FRNN) algorithm, 71
Fuzzy-rough nearest neighbor

clustering (FRNNC)
algorithm, 71

Fuzzy sets (FSs), 48, 145, 170–171,
174

to grayscale images, 180
with rough sets, 71–72

Fuzzy-soft Kohonen competitive
learning (FSKCL), 12

Fuzzy subset, membership function
for, 147

G
GA, see Genetic algorithm
Gamma camera, 408
Gaussian curve fitting method, 124
Gaussian filter, 354, 390
Gaussian noise, 118, 127, 134
Generalized intuitionistic

defuzzification, 180
Generic invariant feature, 294

correspondence, 294–299
probabilistic appearance

modeling of, 299
Genetic algorithm (GA), 31–39, 48,

63, 215, 462
advantages of, 36
coding problem, 38–39
crossover, 35–36
efficiency of, 36
flowchart of, 33
mutation, 36
with rough sets, 72–73

Schemata theorem, 37–38
selection, 34–35

Genetic programming (GP), 39–42
crossover, 40–41
mutation, 41–42
selection, 40

Geodesic morphological
reconstruction, 258

Geometrical layer, 442
of deformable organism,

445–446
morphology and topology of,

445–446
of tubular shape models, 455

Geometrical likelihood models, 304
Global modeling versus parts-based

modeling, 315–318
Golston’s classification threshold,

119
Gradient-descent optimization

scheme, 389, 391
Gray-level information, 336
Grayscale dilation, 130
Grayscale erosion, 130
Greedy policy, 331, 340
Ground-truth images, 332, 339, 341
Growing neural gas (GNG), 15

H

Hard c-means (HCM) algorithms,
214

Harris detector, 295
Health Insurance Portability and

Accountability Act
(HIPAA), 278

Histogram equalization (HEQ)
technique, 170, 186

Histon, 61
Hold-one-out (HOO) method, 267
Hopfield network, 4–5, 11–12
Hybridization, 68, 72
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I
iDARBS framework, 386–387
iDARBS (imaging DARBS)

blackboard, 387–388
IFCI, see Intuitionistic fuzzy

contrast intensification
IFHH, see Intuitionistic fuzzy

histogram hyperbolization
IFIP, see Intuitionistic fuzzy image

processing framework
IFS, see Intuitionistic fuzzy sets
Image acquisition, 151–152
Image archives

indexing, 272
search structures for large,

272–274
Image compression

using artificial neural network
(ANN), 16

vector quantization for, 16
Image content, 240, 264–265

in Bayesian probabilistic
framework, 265

confidence and performance,
266–271

estimating posterior
probabilities, 265–266

Image parameterization,
350–351

Image registration
agent behavior, 389–393

initialization, 389–390
local derivatives of similarity

measure, 390–391
area-based methods, 13
distributed approach to,

386–394
feature-based methods, 13
information strings for, 388
intensity-based, 384–386
with neural networks, 13–16
volume visualization, 393–394

Image segmentation, see
Segmentation

Indexing, 272
approximate nearest neighbor

method, 272–273
binary decision tree method,

273
image archives, 272

Informatics system
to animal research, 276
database structure, 274
to retinal screening, 276–277

Information strings, 388
Insight Users Toolkit

(ITK)-deformable
organisms, 436, 463–465

Intelligent agents, use of, 401
Intelligent control, 443–444
Intelligent decision, 443–444
Intensity-based image registration,

384–386
International Consortium on Brain

Modeling (ICBM), 309
Intersubject registration, 293
Intuitionistic defuzzification, 177
Intuitionistic fuzzification, 175–177
Intuitionistic fuzzy contrast

intensification (IFCI),
194–199

algorithm evaluation, 197–198
versus FCI, 198–199

Intuitionistic fuzzy entropy,
172–174

Intuitionistic fuzzy entropy
principle, maximization of,
176

Intuitionistic fuzzy histogram
hyperbolization (IFHH),
186–194

algorithm evaluation, 188–190
versus FHH, 190–194

Intuitionistic fuzzy image processing
(IFIP) framework,
174–180, 203

Intuitionistic fuzzy intensification
operator, 195–196

Intuitionistic fuzzy model, 174–175
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Intuitionistic fuzzy sets (IFSs)
theory, elements of,
171–172

IohexolTM, 247
IS, see Iterative segmentation
125I-serum amyloid P-component

(SAP), 247
Iterative dichotomizer 3 (ID3)

algorithm, 72
Iterative segmentation (IS), 117,

128–130, 131–133
application of, 127–133
versus ASS method, 130
mapping function, 121

K
Kernel density estimate, 222
K-means clustering, 61–62
k-nearest neighbor (k-NN) points,

265
Kohonen competitive learning

(KCL) algorithm, 11
fuzzy, 11
fuzzy-soft, 12

Kohonen neural network, 5, 14
Kurtosis, 95

L
Learning model, 305–308, 310–312
Least square method (LSM), 350,

353, 356
Leave-one-out method, 156
Leptokurtic distribution, 95
Lesions, 129–133; see also Skin

lesions; Synthetic lesion
Lesion boundaries, 118
Lesion segmentation, 257–258

atypical, 115
benign, 115
hand- and machine segmented,

259–260
malignant, 115

Light-emitting diodes (LEDs), 108

Linear discriminant analysis (LDA),
7, 262

Linear regression versus logistic
regression, 103

Liquid crystal tunable filters
(LCTF), 142

L-norm metric, 263
Logistic regression (LR), 90, 103

classification by, 103–104
comparison, 107
versus linear regression, 103

Low-parameter linear registration
techniques, 294

LSM, see Least square method
Luminance information, 97

M

Macula, 251, 257–258, 262
Magnetic resonance angiogram

(MRA), 456–458, 460
Magnetic resonance imaging (MRI),

12, 244, 395
Magnetic resonance (MR) brain

image modeling, 309, 438
Malignant lesion segmentation, 115
Malignant melanoma skin cancer,

116
Mammograms, 65, 168, 170, 181
Mammographic image from

MiniMIAS database, 176
Manager agents, 386–389, 392–394,

399
Massive training artificial neural

network (MTANN), 17
MATLAB�, 104
Maximization of intuitionistic fuzzy

entropy principle, 176
McConnell Brain Imaging Centre

Web site, 395
Medical image analysis (MIA),

440–441
Medical image compression, see

Image compression
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Medical image registration, see
Image registration

Medical image segmentation, see
Segmentation

Melanoma images, segmentation of,
116–117

Microaneurysms segmentation,
258–259

Micro-autoradiography, 245
Microcalcification clusters

ANN methods, 7
false positive (FP) reduction

for, 6–7
hybrid intelligent system for,

7–8
indentification by CAD, 6
ROI, 7

microCATTM, 250
MicroCT imaging

of amyloidosis in mice, 247–250
mouse spinal and thoracic

skeleton, 244
mouse spleen and follicular

architecture, 254–255
Microimaging, 244
microPETTM, 250
Mid-infrared (MIR) imaging, 162
MIMD, see Multiple instruction

multiple data
MiniMIAS database, 176, 184–185,

191, 200
Model fitting, 308–309, 320, 322
Model learning, 305–308, 310–312
Model-to-subject registration,

311–315
Monte Carlo methods, 408, 426

image reconstruction, 416–423
random numbers, 412
sampling methods, 412–416

Motor control layer, 442
MRA, see Magnetic resonance

angiogram
MRI, see Magnetic resonance

imaging

Multiclass classification using tabu
search, 149

Multilayer perceptron (MLP), 73,
122–123

Multimodality imaging, 248
Multiple deformable organisms

MR image segmentation by, 438
vascular structures

segmentation by, 439
Multiple instruction multiple data

(MIMD), 382–383
Multiresolutional parameterization,

363–365
Multispectral image, subbands of

of BPH, 154
of PCa, 153
of PIN, 155
of STR, 152

Mutation, 36, 41–42

N

Naive Bayesian (NB) classifier,
351–352, 370

NB classifier, see Naive Bayesian
classifier

Neural ensemble-based detection, 9
Neural-gas network, 16
Neural network edge detection

(NNED), 10–13, 117,
131–132

analysis of, 122–124
application of, 127–133
edge patterns, 125
structure and training of,

122–124
test experiments, 124–125

Neural networks, 48, 215
back-propagation (BP)

network, 4, 16
basics, 3–5
with computer-aided diagnosis

(CAD), 2, 5–10
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edge detection with, see Neural
network edge detection
(NNED)

feedback, 4
feedforward, 4, 8, 20
Hopfield, 4–5, 11–12
Kohonen, 5, 14
with medical image

registration, 13–16
with medical image

segmentation, 10–13
radial basis function (RBF), 4,

8
with rough sets, 68–71
self-organizing map, 4–5, 14–15
for skin lesion border detection,

113–134
Neuron

model of, 3
rough, 68–70

NNED, see Neural network edge
detection

Noisy edge patterns, 123–124, 134
Nonproliferative diabetic

retinopathy (NPDR),
250–251, 262–263, 268

Nuclear medicine imaging, 408

O
Occurrence probability models, 304
Ocular imaging, 246
Offline learning procedure, 337–338
OmnipaqueTM, 247
Online learning procedure

objective evaluation, 338–339
subjective evaluation, 339

Optical coherence tomography
(OCT) of retina and optic
nerve, 252–253

Optic nerve, 251
detection and localization of,

257–258
optical coherence tomography,

252–253

Optimization, 30–31
Optimization problems,

combinatorial, 30
Ordered subset expectation

maximization (OSEM),
250, 417

Organ segmentation
level set algorithm, 254–256
two- and three-dimensional,

254–256

P

PACS, see Picture archiving and
communication systems

Parameterization
image, 350–351
multiresolutional, 363–365

Partial volume effect (PVE), 61
Particle swarm optimization (PSO)

with rough sets, 73
Parts-based model (PBM), 292,

301–303
and AAM, 315
application of, 321
versus global modeling,

315–318
TRE for, 317

Parzen window, 266
PBM, see Parts-based model
PCA, see Principal component

analysis
PDFs, see Probability density

functions
Perceptual layer of deformable

organism, 446–448
PET, see Positron emission

tomography
Photon transport modeling, 413
Physical layer, 442

of motor system and
deformations, 446

of tubular shape models, 455
Physics-based deformations, 453
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Picture archiving and
communication systems
(PACS), 240, 274

Pixel domain (PD), 178, 187
Poisson process, 267, 410
Position-sensitive detectors, 408
Positron emission tomography

(PET), 409, 421–425
of amyloidosis in mice, 247–250
key ingredient for, 409
methodology, 422

Posterior commissure (PC), 302
Preclinical imaging of amyloid,

247–250
Principal component analysis

(PCA), 8, 15, 70, 142–143,
261

Probabilistic model formulation
appearance likelihood models,

303–304
geometrical likelihood models,

304
occurrence probability models,

304
Probability density functions

(PDFs), 181
Prostate cancer classification

computational intelligence
techniques for, 144–151

using multispectral imagery
and metaheuristics, 139

Prostate specific antigen (PSA)
blood test, 140

Prostatic carcinoma (PCa), 141, 153
Prostatic intraepithelial neoplasia

(PIN), 141, 155

Q

Q-matrix, 338–340
Quantizer neural network (QNN),

12

R

Radial basis function (RBF) neural
network, 4, 8

Real lesions, 130–133
Reduct, 52, 64
Regions of interest (ROI), 90, 181,

184, 199, 356
microcalcification clusters, 7
rough representation of, 56–57

Reinforced image segmentation,
331–339

algorithm for, 334
design aspects of, 331–337

Reinforcement learning (RL) agent,
327–328

exploitation stage of, 330
exploration stage of, 329

Reinforcement learning (RL)
method, 332–333

Renyi’s entropy, 174
Retina

anatomic segmentation in,
257–261

clinical imaging of, 250–253
data archive, confusion matrix

for, 269–270
disease state categories for

images of, 264
fluorescein angiography of,

251–253
image extraction algorithms,

250
optical coherence tomography

(OCT), 252–253
parameters of diagnostic

significance, 252–253
receiver-operator characteristic

(ROC) curves for images
of, 271

statistical feature analysis of,
261–264

Retinal photography, 246
Reward function, 331, 337
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RL agent, see Reinforcement
learning agent

RL method, see Reinforcement
learning method

ROI, see Regions of interest
Rough-fuzzy Hopfield net (RFHN),

71
Rough image, 55–64

definition, 56
entropy, 57–59

Rough neurons, 68–70
Rough sets, 49–50

adaptation of C-means to,
62–64

approximations, 51–52
in clustering methods, 60–62
color image segmentation

using, 61
decision rules, 55
degree of dependency, 54
in feature reduction and image

classification, 64–68
fuzzy with, 71–72
genetic algorithm with, 72–73
information system, 51–52
in medical image segmentation,

60–62
neural networks with, 68–71
for object extraction, 58–60
with particle swarm

optimization (PSO), 73
power-line insulators based on,

61
reduct and core, 52–53
significance of features, 54–55
support vector machines with,

74
Round-robin classification using

tabu search, 149–151
Round-robin learning, 151
Round-robin TS/1NN classifier,

149, 152, 156, 158, 161
RVATM software, 250

S

Sampling methods, 412–413
nonanalog sampling, 413
rejection method, 413

Scale-invariant features, 295–296
Scale-invariant feature transform

(SIFT) method, 296, 350,
353, 364

Schemata theorem, 37–38
Segmentation, 114–116, 213, 226,

254, 350, 365–366
anatomic structure in retina,

257–261
anisotropic mean shift, 223
ANN based, 10–11
of atypical lesion, 115
of benign lesion, 115
blood vessels, 10
color image, 61
comparison, 227–229
computational time of, 216
drusen, 258
of lesions, 257–258
mean errors, 129, 134
of melanoma images, 116–117
microaneurysms, 258–259
with neural networks, 10–13
organ, 254–256
performance evaluation,

127–133
reference points for, 369
reinforced image, 331–339
rough sets in, 60–62
whole-body bone scintigraphy,

349–350, 365–366
Self-organizing map (SOM), 4–5,

14–15
Septal penetration point spread

function (SP-PSF), 420
Sequential backward floating search

(SBFS), 144
Sequential forward floating search

(SFFS), 144
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Sequential forward selection (SFS),
144

Shannon entropy, 57, 62
Shape deformation, controlling,

442–443
SIFT, see Scale-invariant feature

transform method
Signal-to-noise ratios (SNRs), 122,

124, 128, 133
SIMD, see Single instruction

multiple data
Single instruction multiple data

(SIMD), 382–383
Single photon emission computed

tomography (SPECT),
408–409, 423–424

of amyloidosis in mice, 247–250
methodology, 419–420

Singular-value decomposition
(SVD), 70

Skeletal mask polygons, 368
Skeleton 1.2 program, 366, 368
Skin lesion border detection, neural

networks for, 113–134
Skin lesions, 118, 131–132
SNRs, see Signal-to-noise ratios
SPECT, see Single photon emission

computed tomography
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Atypical lesion

Expert 1 Expert 2 Expert 3 Expert 4

FIGURE 5.1: Segmentation of atypical lesion by four clinical experts.
(From Xu et al., 1999. Image Visions Computing, 17: 65–74. With permission.)

Benign lesion

Expert 1 Expert 2 Expert 3 Expert 4

Malignant lesion

FIGURE 5.2: Segmentation of a benign lesion (white border) and a malig-
nant lesion (black border) by four clinical experts. (From Xu et al., 1999. Image
Visions Computing, 17: 65–74. With permission.)



(a) (b)

(c) (d) (e)

(f) (g) (h)

FIGURE 5.10: (a) A real lesion. (b) Irregular noisy synthetic lesion
(S/N = 3.0). (c–e) The lesion boundaries produced by IS and ASS, and NNED,
respectively when applied to the lesion in (a). Similarly, (f–h) are the output
results for IS, ASS, and NNED, respectively, when applied to a synthetic
lesion in (b).



CT
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PET Na18F

MAG-3 (99mTc)

PET1SPECT1CT

FIGURE 9.3: Multimodality imaging using microCT, SPECT, and PET
in an individual live mouse. Initially, renal images were acquired by SPECT
using 250 μCi of MAG-3 (99mTc), followed by CT imaging. The mouse then
received 100 μCi of Na18F to visualize bone by PET imaging. Data were
collected using the microCAT II + SPECT and microPET P4 scanners. The
ring visible in the CT is the nose cone used to deliver 2% isoflurane anesthesia.
Each modality was coregistered manually using AmiraTM software.



(a)

(b)
(c)

FIGURE 9.5: Volume-rendered, contrast-enhanced SPECT/CT visualiza-
tion of hepatosplenic amyloid imaged using 125I-serum amyloid P-component.
(a) Isosurface representation of the SPECT activity in the spleen with vol-
umetric CT data. (b) Sagittal view of the same mouse with isosurface rep-
resentation of the segmented spleen and liver volume overlaid. (c) A single
coronal plane through fused SPECT/CT image of another mouse with splenic
uptake of 125I-serum amyloid P-component in which the skeletal structure
(visualization) is overlaid for visual interpretation.

Exudates

Microaneurysms

Hemorrhages

FIGURE 9.6: Color fundus image showing manifestations of nonprolif-
erative diabetic retinopathy including exudates, hemorrhages, and microa-
neurysms as indicated.



(a) (b)

FIGURE 9.8: (a) Fluorescein angiogram showing fluid with cystic changes
in the retina. (b) Optical coherence tomography image showing fluid with cys-
tic changes in the same retina. Retinal thickness can be quantified accurately
using the OCT cross-sectional method.

FIGURE 12.8: View of the program skeleton.



FIGURE 15.18: Axial slices of a spinal cord illustrating the difficulty of the
segmentation task. Top pair: Circular and elliptical cross-sections of the spinal
cord; note the change in shape and lack of contrast. Bottom pair: Extraspinal
structures with gray-level intensity higher than that of the spinal cord, which
are often encountered in the minor-axis derivatives (horizontal direction). The
bottom pair also shows how simple user interaction (Section 15.4.1) on a cross-
sectional slice can help repair a false boundary (in red). (From McIntosh, C.,
Hamarneh, G. 2006c. Medical Image Computing Analysis and Intervention,
1, 808–815. With permission.)



FIGURE 15.19: Sample 3-D spinal cord segmentation results (left to
right) manual, spinal crawler, SNAP level set, and a region grower with seed
point shown in red that has leaked into nearby extraspinal structures. Note
that without an adaptive shape prior, SNAP level set (third from the left)
frequently leaks outside the spinal cord. (From McIntosh, C., Hamarneh, G.
2006c. Medical Image Computing Analysis and Intervention, 1, 808–815. With
permission.)

(a) (b) (c)

FIGURE 15.20: Each image shows evolving deformable organisms whose
shape changes result from mutation operators applied sequentially to the
medial profiles in order of red, green, blue. Sequential mutations of an increas-
ingly small scale are shown: (a) global scale, (b) medium scale, and (c) small
scale.
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FIGURE 15.21: Two example segmentation results progressing left to
right, showing the fittest individual after automatic initialization (left), global
deformations (middle), and local deformations (right). (From McIntosh, C.,
Hamarneh, G. 2006a. ACM Workshop on Medical Applications of Genetic
and Evolutionary Computation Workshop (MedGEC) in conjunction with
the Genetic and Evolutionary Computation Conference (GECCO), 1–8. With
permission.)
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