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Foreword

The past, the present, and a glimpse of the future of the use of
Digital Signal Processing (DSP) in vehicles are contained in the pages of this
textbook. The papers within its covers present the results of an impressive
array of research built on a solid base of 40 years of signal processing and
automatic speech recognition. You will read papers that push parameters,
tease out nuances, and point the reader into new directions as they address
various aspects of the complicated man-machine interface that occurs in a
moving vehicle requiring extensive cognitive demands. It can be a daunting
interface, one that encompasses a challenging and changing acoustical
environment with shifting situational wants and needs for drivers.

The past of DSP is clearly here. Prior research is often cited, and a
knowledgeable reader will also see it in the starting points, assumptions, and
techniques employed. The present of DSP is also certainly here. What
began with few people, limited resources, and little public attention has
mushroomed extensively in a relatively short period. The advent of such
technologies as cellular telephony and accurate, interactive GPS navigational
systems has made the public aware of the possibilities of DSP, and with
public knowledge has come public demand. So, what had been the interest
and passion of a few is now the pursuit of many. Public demand for voice-
activated systems for in-vehicle environments for the sake of comfort and
convenience is growing exponentially. The research presented in this book
is intended to meet the public’s demand in an effective, unobtrusive, and
responsible way. Some of the topics covered include reduction, suppression,
and control of noise in vehicles to enhance speech discrimination; speech
recognition systems to facilitate speech control-oriented tasks; biometric
recognition systems to identify individual drivers; and provide dialogue
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management based on driver workload. Each research area discussed faces
unique technical challenges in its development and implementation.

What’s more, each research area also faces a special challenge
because human beings are involved. As these papers show, the science has
clearly advanced, but the capabilities of human users have not. For example,
think about the complexity of developing a speech recognition system to
enhance telematics use and how a driver might employ that system. Then
think about the relatively simple, basic driving task. We know it is relatively
simple by virtue of the sheer number of people who can successfully drive a
vehicle. Millions, from teenagers to grandparents, drive. The availability of
voice-activated telematics may well enhance the comfort, convenience, and,
in some circumstances, the safety of drivers while they are carrying out this
basic task. Still, we also have millions of accidents and tens of thousands of
deaths each year, suggesting that the driving task is not always a simple one.
When it is not, when the workload is high and time window is short, many
drivers are ill-equipped to meet these changing and increased demands.
What role does the voice-activated telematics system have at those times?

The answer to that question brings us to the future of DSP.
Technologically, solutions are evolving rapidly, thanks to the bright men and
women reporting on their research in this book. Future design and
development will lead to a seamless implementation of hands-free
interaction among digital devices in vehicles. In addition, systems will not
only meet the wants and needs of drivers but also accommodate their
frailties by factoring in the workload context. Safety demands require, and
each researcher and system designer has to be ever mindful that, to be
successful, these efforts must first do no harm.

So, read on, learn, be impressed, and see the future.
Bruce A. Magladry, Director

Office of Highway Safety
National Transportation Safety Board, USA
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Introduction

In September 2005, the “Second Biennial Workshop on DSP (digital
signal processing) for Mobile and Vehicular Systems” took place in
Sesimbra, Portugal with 32 excellent papers present from all over the world,
with a Keynote Address entitled “Information Overload and Driver
Distraction: The Road to Disaster,” delivered by Bruce A. Magladry,
Director of the Office of Highway Safety, U.S. National Transportation
Safety Board (NTSB), and a panel discussion with experts from academic,
industry and federal agencies. This meeting represented a continuation from
the first workshop in Nagoya, Japan, April 2003, and this book reflects the
offspring of the 2005 workshop. After carefully reviewing all papers, 22
presentations from the workshop were selected and authors were asked to
formulate extended book chapters of their original papers in order to provide
a broad coverage of the fields in DSP for Mobile and Vehicular Systems,
namely, Driver and Driving Environment Recognition, Telecommunication
Applications, Noise Reduction and Dialog Systems for In-Vehicle systems.
The chapters contained are therefore naturally categorized into four parts.

In the first part, a new and an emerging research field, Driver and
Driving Environment Recognition is introduced and addressed with four
complementary chapters. These chapters report on the application of signal
processing technologies to characterizing human behavior while driving and
encouraging further research efforts on the analysis of driver behavior.

The second part consists of three chapters dedicated to the most
important application in Mobile and Vehicular Systems, (i.c.,
Telecommunication Applications). This part considers technologies for
wireless communication systems, a distributed speech recognition paradigm,
and embedded platforms.
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The third and largest part of this book addresses a major challenge for
Mobile and Vehicular Systems, namely Noise Reduction, which has ever-
changing environmental noise that seriously degrades performance of these
systems. Various research efforts that range from measuring and controlling
the acoustic noise to an approach for audio-visual data fusion are discussed.
ICA, Particle Filtering and other state of the art methodologies are also
studied in this third part.

The topic of the last part of the book, Dialog Systems for In-Vehicle,
is an essential issue for not only interface efficiency, but also for safety and
comfort while driving. In this last part, six chapters discuss topics such as
interaction between driving and dialogue, corpus, bimodal interface and
dialogue strategies.

We hope this book will provide an up to date treatment of Mobile and
Vehicular Systems, with new ideas for researchers and comprehensive set of
references for engineers in related fields. We thank all those who
participated in the 2005 workshop, we acknowledge support from the U.S.
National Science Foundation and Nagoya University for their support in
organizing the Biennial DSP for In-Vehicle and Mobile Systems in
Sesimbra, Portugal, Sept. 2-3, 2005. We thank Dr. Pongtep Angkititrakul
from CRSS-UTD for his assistance in book formatting/editing, and we wish
to express our appreciation to Springer Publishing for ensuring a smooth and
efficient publication process for this textbook.

The Editors, Hiiseyin Abut, John H.L. Hansen, Kazuya T akeda



Chapter 1

EXPERIMENTS ON DECISION FUSION FOR
DRIVER RECOGNITION

Hakan Erdogan', Aytiil Er¢il' and Hiiseyin Abut'?
!Sabanci University, Istanbul, Turkey, *San Diego State University, San Diego, USA

Abstract: In this chapter, we study the individual as well as combined performance of
various driving behavior signals on identifying the driver of a motor vehicle.
We investigate a number of classifier fusion techniques to combine multiple
channel decisions. We observe that some driving signals carry more biometric
information than others. When we employ trainable combining methods, we
can reduce identification error significantly using only driving behavior
signals. Classifier combination methods seem to be very useful in multi-modal
biometric identification in a car environment.

Key words: Biometric person identification, driver recognition, speaker recognition, face
recognition, driving signals, driver behavior modeling

1. INTRODUCTION

Studies and technological advances in biometric person identification
promise a world with no keys or passwords where smart devices or systems
around us can identify us from our biological or behavioural traits. Biometric
person identification would also be useful in a moving vehicle where most of
us spend long hours every day. It is anticipated that the personalization of
vehicles including driver identification for safety and comfort purposes [1]
will be part of the picture in the near future.

In-vehicle person identification is a relatively new field of engineering
science where only a few academic studies exist. Earlier, we have studied
techniques to combine information from video, audio and driving signals to
identify a driver of a vehicle using a 20-person subset of the Nagoya
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University CIAIR database [1, 2]. In that study, we have used feature fusion
of acceleration and brake pedal pressure signals to perform identification.
Therefore, individual effects of acceleration and brake pedal pressure were
not clear. However, in this chapter, we focus on individual identification
performance of five different driving signals and their various combinations.
We compare feature fusion versus decision fusion in this scenario as well.
This chapter is organized in the following way. In section 2, we describe
the types of driving behaviour signals of the CIAIR database. We present
our statistical GMM models for the driving signals in section 3. Fusion
methods are explained in section 4. We present our experimental results in
section 5 followed by the conclusions and future plans in the final section.

2. TYPES OF DRIVING SIGNALS

The Center for Integrated Acoustic Information Research (CIAIR) at
Nagoya University has built a multi-modal corpus inside a vehicle, where
each driver was required to carry out conversations with three different
dialog systems while driving [2]. Data from 12 audio channels and 3 video
channels have been recorded for over 800 drivers, both female and male.
They have also collected five different “driving behavior signals” during
these sessions. Driving behaviour data is collected from five analog
channels, each sampled at 1.0 kHz with an unsigned 16-bit format.

o Brake pedal pressure in Kgforce/cm®: 0-50 kgforce/cm® is mapped to 0 -
5.0V and linearly digitized in the range 0 to 32767.

e Accelerator pedal pressure in kgforce/cm’.: 0-50 kgforce/cm® is mapped
to 0 - 5.0V and linearly digitized in the range 0 to 32767.

¢ Engine speed in rpm: 0 - 8,000 rpm is mapped to 0 - 5.0V and linearly
digitized in the range 0 - 32767.

e Vehicle speed in kmh: 0 - 120 kmh is mapped to 0 - 5.0V and linearly
digitized in the range 0 - 32767.

¢ Steering wheel angle in -1800° to +1800°; i.e., five CW and five CCW
revolutions is linearly digitized in the range -32769 to 32767.

In this chapter, we have utilized these signals in an attempt to identify
drivers. To extract features from these signals, we perform smoothing and
noise removal in time domain followed by decimation. We also extract
dynamic features by computing the first difference of time-domain samples.
Frequency-domain or cepstral features are normally used in speech/speaker
recognition tasks. For driving signals, however, we deal with time-domain
signals after a smoothing stage to reduce noise. Unlike speech, there is no
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evidence of periodic (pitch) and frequency-related information in these
driving signals. Frequency-domain processing could be useful to remove
noise in these signals. However, noise removal could be performed in time-
domain as well. Thus, we only use the time-domain signal directly in this
work.

We use statistical modelling to model these driving signals and their first
differences. We provide the details of our modelling approach in the
following section.

3. MODELLING TIME-SERIES SIGNALS

As many time-series signals are slowly varying, it is natural to assume
quasi-stationarity for modeling purposes. This naturally leads to Hidden
Markov Model type dynamic generative models to model time-series data.
In biometric identification from time-series data, the underlying state
topology of the signal is usually unclear (except in the case of text-
dependent speaker recognition) and single-state probabilistic models
perform well. This is true given that we use a parametric continuous
distribution function with multiple modes to cover variations in a time-series
signal. Gaussian mixture models (GMM) are models that can approximate
any smooth distribution, even if it has multiple modes. As long as we use
enough number of mixtures in a GMM, we can obtain a good statistical
model of the time-series data under consideration. GMM modeling for
driving signals were first used in [3]. Following that work, we have also
used GMM models in [1] for modeling driving behavior.

In GMM modeling, features are considered as independent identically
distributed random vectors drawn from a GMM distribution:

K
fix|S) =Y 7 N&X,p, Z,). (1)

k=1

where x represents the feature vector, 7, are mixture weights and
N(x,p, , X, ) are individual Gaussians for representing a particular subject
under study, S;. For computational purposes, X, are chosen to be diagonal
matrices. GMMs have been used in text-independent speaker recognition
applications with great success [4]. A popular way of using GMMs in
speaker recognition is to train a large background speaker model, i.e., 1024
Gaussians, and adapt this model to each speaker using that particular
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speaker’s data. GMM training is performed using the well-known EM
algorithm [5].

In this chapter, we train a GMM for each person’s time-series data from
scratch with eight (8) mixtures, which resulted in satisfactory performance in
this application. During the testing phase, the per-frame log-likelihood value
of observed data X = (X j )7=1 under the model of a particular person S; can
be computed as:

N
L(x)= iz logf(x,|S,)
N4

. ) )
= -]\-/-Z[logZﬂk N(XA,,llk,zk))-
j=1 k=1

As is customary in speech recognition research, we also train a
background model, one more GMM, with twice the number of mixtures.
Background GMM is required for normalization in likelihood ratio testing
for biometric verification. The log-likelihood of the observed data under the
background model, L,(x) can also be computed in a similar way.

In the verification task, the Bayesian decision amounts to the comparison
of the log-likelihood-ratio, L{x) -L,(x) to a pre-determined threshold. For
different thresholds, we trace the receiver operating characteristics (ROC)
curve which plots false-accept rate versus false-reject rate.

For identification problem, however, we need to obtain posterior

probabilities of identities given test data and choose the largest one as the
identity of the test segment. The posterior probabilities can be found from:

eL,-(x)
p(S; X)) = F—, 3)
j=

where we assume equal priors for each class. This set of probabilities is also
called scores. We discuss how to combine these scores from different
modalities in the following section.
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4. FUSION METHODS

Combining multiple classifiers is a new applied research area that has
attracted great interest [6] during the past few years. Classifier combination
methods can be divided into two categories: fixed and trained.

Fixed methods have simple fixed rules to combine information from a set
of classifiers. On the other hand, trainable combination methods have some
free parameters that can be trained on a separate part of training data
(validation or held-out data). It is not difficult to see that trainable combiners
are classifiers themselves, which classify in the score space rather than the
original feature space.

Given test data x', let S(i,j) represent the score of person i in modality ;.
Our goal is to obtain a single score S(i) for person i using a combination
method. We identify various classifier combination methods below:

4.1 Fixed combiners:

In a number of studies we have observed the use of simple fixed rules to
combine scores from different classifiers (modalities). Fixed rules are
suboptimal since classifiers are not differentiated among each other. Thus,
fixed rules do not take into account the variability of reliabilities of different
classifiers.

Some fixed rules of classifier combination are listed below:
Max Rule: S(i)=max; S(i,j)

Min Rule: S(i)=min; S(i,j)

Mean (sum) Rule: S(i)=sum, 5(i,j)

Product Rule: S(i)=prod; S(i,j)

Median Rule: S(i)=median; S(i,j)

4.2 Trainable combiners:

In trainable classifier combination framework, we form a vector of all
scores computed using all the classifiers available. The entries of the vector
is given as the elements of the following set: §={S(i,j): i=1..N,, j=1..N}
where N, and N. denote the number of people (classes) and classifiers
respectively.

This score vector is used as a new feature vector for classification. Thus,
we can use any classification method as a second classifier. It is worth

! We drop x from our notation for brevity.
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noting that the second classifier should be trained using a different (held-out

or validation) data set from the original training data to avoid overtraining.
We have used the following types of combining classifiers in this work:

e Nearest mean combiner (NMC): A simple linear combiner that chooses
the nearest class mean as the classifier output.

o Fisher combiner (Fisher): A linear classifier that minimizes the least
squares error in mapping features to class labels in a one-vs-all fashion.

o Linear discriminant combiner (LDC): Another linear classifier that
models each class by a Gaussian that shares the same covariance matrix
with other classes.

e Naive Bayes combiner (NB): It assumes that the class-conditional
probabilities of the feature vector coordinates are statistically
independent. Each coordinate is modeled with a nonparametric binning
distribution model with 10 bins.

e Parzen combiner: Parzen density based combiner.

S. EXPERIMENTS AND RESULTS

We have performed experiments on decision fusion for driver recognition
using a subset of the extensive CIAIR database from Nagoya University,
which consisted of a 20 person subset of the database that we have also used
in our earlier work [1]. In this current study, however, we extract features
from each and every driving signal and evaluate their performance
individually as well as after combination.

50 image frames, 50 seconds of non-silence audio, and approximately
600 seconds of driving signals were utilized from each driver. We have
divided features into 20 equal length segments for each driver and modality
and have labeled the segments from one to 20. Then we have formed the
multimodal test-sets where it was assumed that each modality segment was
associated with segments that have the same number in other modalities.
Smoothed and sub-sampled driving signals and their first derivatives were
used as features for modeling driving behavior of the drivers. Thus, each
driving signal was composed of two-dimensional feature vectors.

The training procedure was a leave-one-out type, where for each single
testing segment, seventeen parts were used for training and two parts were
held-out for validation to optimize normalization parameters and fusion
weights. This gave us 20 tests for each person (each time the training data is
different although not independent), leading to 400 (20x20) genuine tests in
total. GMMs were driven with eight, one, and eight mixture components for
speech, face, and driving signals, respectively. Background GMM models
were trained for each modality as well [6].
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We have performed closed set identification for this the dataset. prfools
[7] software library were used in evaluating the results and combining the
classifiers. In Table 1-1, individual performance results for each (possibly
feature combined) modality are tabulated.

Table 1-1. Individual performance results for different modalities.

Modality Percent Error (%)
Acceleration (A) 42.5
Brake (B) 31.7
Engine Speed (E) 84.2
Vehicle Speed (V) 81
Steering wheel angle (W) 88.7
A+B+E+V+W 31.2
A+B? 10.2
A+B+W 16.5
Speech (8S) 2
Face (F) 11

In this table, + sign denotes feature fusion, that is, A+B means that
acceleration and brake features are concatenated and a larger feature vector
of dimension 4 is obtained. The results clearly show that every single driving
signal is not individually appropriate for biometric identification. However,
feature fusion of acceleration and brake signals (A+B) yields a respectable
10.2% error rate. This was also observed in [1].

In Table 1-2, we present results from five different decision fusion
experiments using fixed rules for various combination of modalities. In this
table the comma (,) sign indicates decision fusion, that is, classifier posterior
probabilities are combined.

Table 1-2. Error rates (%) for fixed combination rules in combining different modalities.

Modalities Max Min Median Mean Product

AB 28.2 14.5 14 14 11.2

ABEVW 43 31 41.5 227 23.5

ABW 38 22.5 30.7 18.7 16.2
ABFS 9 3.2 0 0 1

? The results for A+B, F and S features were found in [1]. For A+B driving features, we re-
estimated the GMMs. Due to random initialization, the results are slightly different than
the ones reported in [1].
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The fixed-combination rules are generally suboptimal since they do not
consider relative reliability of individual modalities. We observe that among
the group of fixed combiners, product and mean rules perform the best in
general. Since acceleration and brake tend to be reliable amongst driving
signals, it was possible to achieve better results by just using these two rather
than all driving signals. When we have added face and speech modalities, we
could achieve close to 0% error even with these suboptimal fixed-
combination rules.

In Table 1-3, trainable combiner results are presented. The trainable
combiners are trained using validation data that was set aside from training
and testing data in the cross-validation procedure described above.

Table 1-3. Error rates (%) for trainable combination methods.

NMC Fisher LDC NB Parzen

AB 12.7 11.7 10.7 6.5 0.2
AB,EV,W 10.5 5.2 3 5 0
ABW 10 8.2 7 6.7 2
ABFS 0 0 0.2 0 0

In trainable combiners, we have generally achieved lower error rates,
which can be attributed to validation data training. In this study, it appears
that the validation and test data are very similar and over-training combiners
such as Parzen density based combiner work is clearly the best. It is well
known fact in pattern recognition community that Parzen classifier tend to
overfit to training data and does not easily generalize. Nevertheless, in our
experiments, it is clearly the most promising choice among the combiners
studied. Linear combiners, such as the LDC and Fisher types, also yield
respectable performance especially when the numbers of input classifiers in
the combination are large.

6. CONCLUSIONS AND FUTURE WORK

In this chapter, we have studied the performance of various combination
methods for driver identification using driving behavior signals collected in
a real-world scenario. The results show that individual driving signals are
not largely indicative of the person by themselves. However, when we fuse
decisions from GMM classifiers of driving signals using trainable
combiners, we can achieve significantly low error rates in identifying the
driver of the vehicle.
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In the future, we plan to test these models in a larger subset of the CIAIR
database.
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1.

Advancements in biometrics-based authentication have led to its increasing
prominence and are being incorporated into everyday tasks. Existing vehicle
security systems rely currently on electronic alarm or smart card systems. A
biometric driver recognition system utilizing driving behavior signals can be
incorporated into existing vehicle security system to form a multimodal
identification system and offer a higher degree of protection. The system can
be subsequently integrated into intelligent vehicle systems where it can be
used for detection of any abnormal driver behavior with the purposes of
improved safety or comfort level. In this chapter, we present features extracted
using Gaussian Mixture Models (GMM) from accelerator and brake pedal
pressure signals, which are then employed as input to the driver recognition
module. A novel Evolving Fuzzy Neural Network (EFuNN) was used to
illustrate the validity of the proposed system. Results obtained from the
experiments are compared with those of statistical methods. They show
potential of the proposed recognition system to be used in real-time scenarios.
A high identification rate and the low verification error rate were indicated
considerable difference in the way different drivers apply pressure to the
pedals.

driving profile, behavioral modeling, verification and identification, soft
computing, accelerator and brake pressure, dynamic driver profiling

INTRODUCTION

Biometric Identification is a broad category of technologies that performs
automatic recognition of an individual based on the individual’s
physiological or behavioral characteristics. Physiological characteristics are
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relatively stable physical features, such as fingerprint, iris, facial features or
hand geometry'™* while behavioral characteristics are affected, usually in a
complex fashion, by the individual’s mental status and they include
voiceprint, hand-written signature or keystroke dynamics'. The first class
of biometrics, in particular fingerprint, has been widely used in forensics and
now being evaluated in banking transactions. The second class of biometrics
1s gaining prominence in recent years with speaker/face/gait recognition
gamnering the most attention*.

In a recent work, driving characteristics, in particular, the amount of
pressure a driver applies on the accelerator pedal and/or the brake pedal have
been utilized in personal identification’. Encouraging experimental results
indicate that there is uniqueness in driving behavior among individuals. The
utilization of driving behavioral signals can blend nicely with the existing
vehicle security systems and offer a higher degree of multi-level protection.
Additionally, the recognition system can be integrated into intelligent
vehicle systems with purpose of achieving safer driving. For example, upon
recognition of the driver by the system, a profile of the driver can be loaded
from the system associative memory. Any deviation of the driver behavior
from its norm can then be identified and necessary actions could be taken
accordingly.

Artificial Neural Networks has emerged as a powerful and practical
computing tool over recent years, particularly in the field of pattern
recognition/classification’. Two limitations associated with most artificial
neural networks are their long training process and finding an optimal
boundary when handling real-life data due to the ambiguous/ever changing
nature of such data. Fuzzy logic was introduced as an approach to handling
vagueness and uncertainty’. Fuzzy neural hybrid systems combine the two
concepts by applying learning techniques of neural networks for fuzzy
models parameter identification. These systems offer strong generalization
ability and fast learning capability for large amount of data. Even though
still not widely explored, fuzzy neural systems like the Evolving Fuzzy
Neural Network (EFuNN) have been applied in several recognition studies
with high degree of accuracy®’. In this study, the performance of an EFuNN
will be compared to Gaussian Mixture Statistical Scheme (GMSS) on driver
recognition tasks. The prior work by Igarashi and others’ will also be
implemented for comparison.

1.1 Resources
Driving data utilized in this research are subset of the In-car Signal

Corpus collected by the Center for Integrated Acoustic Information Research
(CIAIR), Nagoya University, Japan'®. The In-car Signal Corpus is one of
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several databases hosted by CIAIR. This database contains multi-
dimensional data collected in a vehicle under both driving and idling
conditions. The purpose of setting up the database was to deal primarily with
the following two issues: noise robustness of speech and continual change of
the vehicular environment. To date, the number of subjects involved in the
data collection is more than 800 (men and women) with a total recording
time of over 600 hours. The multimedia data consists of speech, image,
control (driving) and location signals, all synchronized with the speech
channels. For this research, only the driving signals (accelerator pedal
pressure and brake pedal pressure) were utilized.

Modeling and studies of driving behaviors began as early as in the 1950s.
Many of the studies have been conducted with the objectives of increasing
traffic safety or improving the performance of intelligent vehicle
systems'"'>". However, the utilization of driving behavior for personal
identification is still not widely explored.

2. DATA ANALYSIS AND FEATURE EXTRACTION

Vehicle control signals from the In-car Signal Corpus consist of
accelerator pedal pressure, brake pedal pressure, steering angle, engine speed
and vehicle speed. The first three are more driver-dependent traits while the
latter two are more vehicle-dependent attributes. In this research, the focus
was placed only on the driver-dependent traits and more specifically, the
accelerator pedal pressure and brake pedal pressure signals since it was
noted that there is considerable differences among drivers in the way they
apply pressure to the pedals. The vehicle control signals were collected
through analog channels, each sampled at 1.0 kHz with a 16-bit resolution.
The pedal pressure sensors can detect pressures ranging from 0.0-30.0
kgforce/cm?. This range is mapped to 0 — 5.0 V and linearly digitized in the
range 0 to 32767.

Segments known as stop&go regions were extracted from the original
driving signals used in the experiments conducted by Igarashi and others’.
These segments are also available in the In-car signal corpus. A stop&go
region is defined as the period the vehicle starts moving it comes to a
complete halt. The motivation for using just the stop&go regions instead of
the entire signals is instinctive since little or no information pertaining to
driving behaviors is present when the vehicle is not in motion. Figures. 2.1-
2.3 show the associated vehicle speed, accelerator pedal pressure and brake
pedal pressure signals of a stop&go region. At the start, the vehicle speed
remains at O for a brief amount of time. This indicates that the vehicle is in a
halted state.
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Figure 2-1. Signal trajectory of a stop&go region for the vehicle speed.
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Figure 2-2. Signal trajectory of a stop&go region for the accelerator pedal pressure.
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Figure 2-3. Signal trajectory of a stop&go region for the brake pedal pressure.
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It can be seen from the brake pedal pressure signal plots that the driver
was applying pressure on the brake pedal during the period of time when the
vehicle is stationary. Shortly after, the brake pedal pressure goes to zero and
there is a sharp transition in the accelerator pedal pressure signal. The
vehicle speed then increased quite constantly for about 15 seconds before a
slight drop in the vehicle speed. This portion of the stop&go region is
sometimes referred to as the initial-acceleration. The vehicle then maintains
at an average speed of about 35 kmh for approximately 30 seconds. This
region during which the vehicle travels at a constant speed can be referred to
as the steady state in which there is no significant variation in the vehicle
speed. Following that, the vehicle speed starts to decrease gradually until the
vehicle comes to a complete halt indicated by the vehicle speed signal. This
region can be referred to as the deceleration or stopping region during which
no pressure is applied to the accelerator pedal. As expected, at any given
moment, the driver can apply pressure on only one of the pedals.

In studies, often the focus is not placed only on the static data but not on
the dynamics of the data as well. Dynamics of pedal pressure can be defined
as the rate of change in pressure applied on the pedal by the driver.
Intuitively, this offers additional information on top of the static signals. In
the research conducted by Igarashi et al, it was found that dynamics improve
the performance of driver identification compared to when only the static
signals were being used. Figure 2-4 shows an accelerator pedal pressure
signal and its dynamics respectively. The dynamics signal is a function of
time with the pressure/s” as the y-axis. The value at any point represents the
rate of change in pedal pressure. For example, a sharp positive-going
transition (increase) in the accelerator pedal pressure is translated to a high
positive rate of change value in the dynamics; a sharp negative-going
transition (decrease) in the pedal pressure is translated to a high negative rate
of change value in the dynamics.

2.1 Feature Extraction

Reduction of data size is a critical step in the neural network approach to
pattern recognition tasks. Pre-processing can often greatly improve the
performance of a pattern recognition system. If a prior knowledge about the
data is present, the performance can often be improved considerably by a
selection of relevant features that can best characterize the data. In general,
to obtain an appropriate model of the data and achieve faster learning,
irrelevant information must be eliminated from the network training data.



16 Chapter 2

-

pressure /kgf-s
O = NNWHEOONDWO
T T T T T T T T T

I VRN T TS W N S B

20 25 30 3 40
time/sec

(=)
wl
-
[=]

o

NDO N AR O

pressure dynamics/kgf-s

bbb

t
—
o

10 15 20 25 30 35 40
time/sec

o
o b

Figure 2-4. Accelerator Pedal Pressure Signal (top) and its Dynamics (bottom).

2.2 Gaussian Mixture Models

Gaussian Mixture Model is a semi-parametric approach to density
estimation®. Besides offering powerful techniques for density estimation,
Gaussian mixture models provide important applications in the context of
neural networks, in techniques for conditional density estimation, soft
weight sharing and in the mixture-of-experts model. Gaussian mixtures are
also well known for their ability to form smooth approximations to
arbitrarily shaped densities. The use of Gaussian mixture models for
modeling driver identity is motivated from the observed behavior that there
is a general tendency for the driver to exert certain amounts of pressure on
the pedals more frequently than others and in some distributions that can be
represented by Gaussian components.

3. EXPERIMENTAL SETUP

The driver recognition task was compared on different implementations
of the system using GMSS and EFuNN. The training and testing
methodology for the neural network-based implementation is first discussed.
Features were extracted from the driving data (stop&go regions) of 30
drivers. For each driver, each set of features can be further classified into
four sets corresponding to the signal under study, namely, the accelerator
pedal pressure, brake pedal pressure, dynamics of accelerator pedal pressure
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and dynamics of brake pedal pressure. Each driver can be modeled by a
single or up to four networks corresponding to the different signal types.

Generally, two types of data files were prepared as the source for the
networks: training data set and the test data. Identification is performed by
presenting the testing data file(s) to the driver recognition system which is
then presented to all the corresponding network(s) of all drivers. The
networks’ outputs are linearly combined for each driver and the driver with
the highest combined network output is identified as the driver. For
verification, the testing data file is fed to the asserted driver network and a
linearly combined output of the network is compared with a decision
threshold. If the output satisfies the pre-defined threshold level, the identity
claim is verified otherwise the claim will be rejected.

Each driver is modeled by up to four sets of GMM parameters. Each set
of GMM parameters is computed for a single vector formed by appending
the stop&go regions designated for training. In general, there would be a
total of ten driver templates corresponding to forty sets of GMM parameters
for each driver recognition system. For identification, the input signal(s) are
presented to the driver recognition system where the likelihood is measured
for each driver template and the driver template that gives the maximum
likelihood is identified as the driver. For verification, the input signal is
presented to the driver template for which the claim is asserted and the
likelihood is computed. If the likelihood value satisfies a pre-defined
threshold level, the identity claim is verified otherwise the claim will be
rejected.

3.1 Validation Method

Experiments were conducted on two groups of drivers where each group
consisted of 10 different drivers and the average number of input patterns for
each driver is 16. The N-Leave-One-Out validation method is employed in
the experiments. Given N cases (stop&go regions) for each driver numbered
from 1 to N, the validation is performed as follows:

1. The »" case for each driver is omitted from the training process.
2. The omitted cases are used in the testing process.
3. Steps 1 and 2 are repeated for each case of the data set.

3.2 Driver Identification Performance

In the first set of experiments, the EFuNN-based driver recognition
system was trained and tested using the GMM-based features. The
performances of these implementations were measured against GMSS. The
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identification results for two groups of drivers are presented below in Tables

2-1 and 2-2.

Table 2-1. Group I Identification Results based on GMM Features using both the accelerator
and Brake pedal pressure.

Accelerator + Brake Pedal Pressure

Signals (Static & Dynamic)
System Type GMSS EFuNN
Driver Accuracy Test Accuracy Test
[%] time/s | [%] time/s
1 93.75 2.37 81.25 0.78
2 100 1.59 93.75 0.94
3 100 2.86 100 0.78
4 100 247 81.25 0.93
5 87.5 2.30 93.75 0.79
6 93.75 2.58 93.75 0.93
7 93.75 2.64 100 0.78
8 93.75 2.25 75 0.94
9 100 2.53 87.5 0.94
10 87.5 1.81 81.25 0.78
Average 95.0 2.34 88.75 0.86
Signals Accelerator + Brake Pedal Pressure (Static)
System Type GMSS EFuNN
Driver Accuracy | Test Accuracy Test
[%] time/s | [%] time/s
1 81.25 1.37 81.25 0.47
2 81.25 0.88 68.75 0.47
3 81.25 1.54 75 0.46
4 87.5 1.43 81.25 0.47
5 75 1.76 81.25 0.47
6 93.75 1.60 68.75 0.31
7 87.5 1.49 81.25 0.47
8 87.5 1.32 56.25 0.47
9 81.25 1.48 81.25 0.47
10 87.5 0.93 75 0.47
Average 84.38 1.38 75.0 0.45

It was observed from these tables that the fuzzy neural systems
performed comparatively well against GMSS in terms of identification rate.
The driver identification performance is also consistent among different
tests. Among these two groups of drivers, the highest accuracy was obtained
when the combination of all signals was used. It can be seen that the average
identification rate obtained from using a version of Hui’s ANFIS system® is
very close to the rate obtained for GMSS. From the driver identification tests
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several observations were made. The accuracy of the GMM-based systems is
good and fairly consistent between the GMMSS and the EFuNN. It may be
reasonable to infer from these results that the pressure distribution
information can better characterize driving behavior. Additionally, driving
behavior modeling based on the pressure distribution is a more natural and
intuitive method.

Table 2-2. Group 2 Identification Results based on GMM Features using both the accelerator
and Brake pedal pressure.

Signals Accelerator + Brake Pedal Pressure (Static)
System Type GMSS EFuNN
Driver Accuracy Test Accuracy Test
[%] time/s | [%] time/s
1 87.5 1.48 93.75 0.63
2 93.75 1.04 100 0.62
3 62.5 1.10 87.5 0.63
4 81.25 247 87.5 0.62
5 68.75 1.54 68.75 0.63
6 87.5 2.03 81.25 0.62
7 87.5 2.14 81.25 0.78
8 81.25 1.26 81.25 0.63
9 75 1.16 68.75 0.62
10 81.25 1.32 68.75 0.47
Average 80.63 1.55 81.88 0.63
. Accelerator + Brake Pedal Pressure (Static &
Signals .
Dynamic)
System Type GMSS EFuNN
Driver Accuracy Test Accuracy Test
[%] time/s | [%] time/s
1 100 2.30 100 1.56
2 100 2.52 100 0.94
3 75 1.75 100 0.78
4 93.75 4.29 87.5 1.09
5 81.25 2.64 68.75 0.94
6 100 3.41 87.5 0.94
7 93.75 3.74 87.5 0.94
8 93.75 2.09 93.75 0.78
9 100 1.97 93.75 0.93
10 87.5 2.20 68.75 0.94
Average 92.5 2.69 88.75 0.98
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In terms of processing time, the training for EFUNN takes less than 20s
on the worst case and testing time is only a fraction of a sec. The average
testing time for GMSS was much longer compared to EFuNN systems. The
testing times in all the different implementations were generally low,
therefore indicating that the identification task can be performed in a
relatively short amount of time. It can also be noted that the training time of
the ANFIS systems were significantly smaller in GMM-based systems.

For both groups of drivers, the best performance was obtained when a
combination of all of the driving data was used. The same phenomenon was
observed in the work by Igarashi et al’ indicating that the combination of
these signals can characterize the driving behavior to a higher degree than
other combinations of the signals. From these results, a driver identification
system with high accuracy and fast testing time can be implemented using
EFuNN with the combination of static and dynamic accelerator and brake
pedal pressure signals.

3.3 Driver Verification Performance

In the second phase of testing, a further evaluation on the performance of
the driver recognition system using these three configurations was carried
out. The driver verification performance in terms of the equal error rate was
measured for these two groups of drivers.

Table 2-3. Verification results of group 1 driver using the GMM features from the Accelerator
+ Brake Pedal Pressure (Static & Dynamic).

System Type GMSS EFuNN
Driver EER [%] L":; © | EER%) ;E;: ©
1 2.5 0.24 2.5 0.078
2 0 0.16 0 0.094
3 0 0.29 2.5 0.078
4 0 0.25 2.5 0.093
5 7.5 0.23 0 0.079
6 2.5 0.26 0 0.093
7 2.5 0.26 0 0.078
8 3.125 0.23 2.5 0.094
9 0 0.25 10 0.094
10 7.5 0.18 2.5 0.078
Average 2.5625 0.23 3.25 0.086
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Table 2-4. Verification results of group 2 driver using the GMM features from the Accelerator
+ Brake Pedal Pressure (Static & Dynamic).

System Type GMSS EFuNN

Driver | EER [%)] ti;‘f(‘s) EER [%] ti;?(ts)
1 0 0.23 0 0.156

2 0 0.25 0 0.094

3 12.5 0.18 0 0.078

4 2.5 043 22.5 0.109

5 7.5 0.26 7.5 0.094

6 0 0.34 7.5 0.094

7 2.5 0.37 12.5 0.094

8 25 0.21 2.5 0.078

9 0 0.19 3.125 0.093

10 12.5 0.22 5.0 0.094
Average 4.0 0.27 6.0625 0.098

The performances of the three implementations are comparatively
respectable in the verification task and thus indicate the driver recognition
system’s ability to deter most unauthorized access. Despite a reasonably
good performance, this may not be sufficient especially for strict access
control or security systems since any false acceptance will result in serious
consequences. Despite the ability of the GMM-based features to model
driving behavior to a high degree of accuracy, moderate verification results
suggest that there is slight similarity in driving behaviors among drivers in
terms of the way they apply pressure to the brake and accelerator pedals
which requires more extensive investigation and research.

4. CONCLUSION AND RECOMMENDATIONS

In this research, statistical, artificial neural network, and fuzzy neural
network techniques were implemented and compared in the framework of
driver recognition. Gaussian Mixture Models was proposed and
implemented. Features were extracted from the accelerator and brake pedal
pressure signals of 30 drivers. These features were then used as input to a
class of fuzzy neural network-based driver recognition systems, namely
EFuNN. This system was compared against a well known statistical method,
GMSS.

Extensive testing was carried out using Matlab and several observations
were made. The use of the mean pressures (applied on the accelerator and
brake pedals) obtained using the GMM-based extraction process as inputs to
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the fuzzy neural-network based driver recognition systems was found to
achieve a high identification rate and low verification equal error rate. These
experimental results show that the use of the means solely out of the entire
set of GMM parameters is adequate to efficiently characterize driving
behavior. The combination of the accelerator pedal and brake pedal
pressures and their dynamics was also found to give the best performance
among driver combinations of the signals. Fuzzy neural systems, EFuNN
performed comparatively well against GMSS. EFuNN offer fast testing time.

The notion of utilizing driving behaviors in biometric identification may
initially appear to be a bit far-fetched but it has been shown to be realizable.
This biometric method will offer not only an added level of protection for
vehicles but also a natural and secured identification of drivers. The system
can be subsequently integrated into intelligent vehicle systems where it can
be used for detection of any abnormal driver behavior for the purpose of
achieving safer driving experience. The field of driver recognition is a
relatively new field of study which requires more research and
investigations. Further exploration is required to refine and optimize the
current system implementation.

REFERENCES

[1] S. Barua, “Authentication of cellular users through voice verification”, Systems, Man,
and Cybernetics, 2000 IEEE International Conference, Volume: 1, 8-11 Oct. 2000,
Pages: 420 - 425

[2] I Pottier and G. Burel, “Identification and authentication of handwritten signatures with
a connectionist approach”, Neural Networks, IEEE World Congress on Computational
Intelligence, 1994 IEEE International Conference, Volume: 5,27 June-2 July 1994,
Pages: 2948 — 2951

[3] M.S. Obaidat B. Sadoun, “Verification of computer users using keystroke dynamics”,
Systems, Man and Cybernetics, Part B, IEEE Transactions, Volume: 27, Issue: 2, April
1997, Pages: 261 - 269

[4] D. Reynolds, “An overview of automatic speaker recognition technology”, Acoustics,
Speech, and Signal Processing, Proceedings ICASSP, IEEE International
Conference, Volume: 4, 13-17 May 2002, Pages: 4072 - 4075

[5] K. Igarashi, K. Takeda, F. Itakura and H. Abut, “Biometric Identification Using Driving
Behavioral Signals”, Chapter 17 in DSP for In-Vehicle and Mobile Systems, Springer
Science, Publishers, New York, 2005.

[6] C. Bishop, Neural Networks for Pattern Recognition, Oxford: Clarendon Press, 1995

[7] L. A. Zadeh, “Fuzzy Logic”, Computer, Vol. 1, No. 4, Pages: §3-93, 1988

{8] L. Zhang, “Associative Memory and Fuzzy Neural Network for Speaker Recognition”,
Unpublished Honor Year Project Report, School of Computer Engineering, Nanyang
Technological University, Singapore 2004



2. Driver Recognition System using FNN and Statistical Methods 23

[9] H. Hui, JH. Li, FJ. Song, and J. Widjaja, “ANFIS-based Fingerprint Matching
Algorithm”, Optical Engineering, SPIE-International Society for Optical Engine,
Volume: 43, Issue: 8, Aug. 2004, Pages: 1814 — 1819

[10] N. Kawaguchi, S. Matsubara, K. Takeda, and F. Itakura, “Multimedia Data Coilection of
In-Car Speech Communication,” Proceedings 7th European Conference on Speech
Communication and Technology, Sep. 2001, Pages: 2027 — 2030

[11]). Bengtsson, R. Johansson, and A. Sjogren, “Modeling of Drivers’ Behavior”,
Proceedings of Advanced Intelligent Mechatronics. 2001 IEEE/ASME International
Conference, Volume: 2, 8-12 July 2001 Pages: 1076 - 1081

[12] H. Ohno, “Analysis and Modeling of Human Driving Behaviors Using Adaptive Cruise
Control”, Industrial Electronics Society 2000, IECON 2000. 26th Annual Conference of
the IEEE, Volume: 4, 22-28 Oct. 2000, Pages: 2803 - 2808

[13] M. Chan, A. Herrera, and B. Andre, “Detection of changes in driving behaviour using
unsupervised learning”, Systems, Man, and Cybernetics, 1994 IEEE International
Conference on Humans, Information and Technology, Volume: 2, 2-5 Oct. 1994, Pages:
1979 - 1982



Chapter 3

DRIVER IDENTIFICATION BASED ON
SPECTRAL ANALYSIS OF DRIVING
BEHAVIORAL SIGNALS

Yoshihiro Nishiwaki', Koji Ozawa', Toshihiro Wakita?, Chiyomi Miyajima',
Katsunobu Itou', and Kazuya Takeda'

!Graduate School of Information Science, Nagoya University, Nagoya 464-8603, JAPAN;
zToyota Central R&D Labs., Yokomachi, Nagakute, Aichi, 480-1192, JAPAN

Abstract: In this chapter, driver characteristics under driving conditions are extracted
through spectral analysis of driving signals. We assume that characteristics of
drivers while accelerating or decelerating can be represented by “cepstral
features” obtained through spectral analysis of gas and brake pedal pressure
readings. Cepstral features of individual drivers can be modeled with a
Gaussian mixture model (GMM). Driver models are evaluated in driver
identification experiments using driving signals of 276 drivers collected in a
real vehicle on city roads. Experimental results show that the driver model
based on cepstral features achieves a 76.8 % driver identification rate,
resulting in a 55 % error reduction over a conventional driver model that uses
raw gas and brake pedal operation signals.

Key words:  Driving behavior, driver identification, pedal pressure, spectral analysis,
Gaussian mixture model

1. INTRODUCTION

The number of driver license holders and car owners are increasing every
year, and the car has obviously become indispensable in our daily lives. To
improve safety and road traffic efficiency, intelligent transportation system
(ITS) technologies including car navigation systems, electronic toll
collection (ETC) systems, adaptive cruise control (ACC), and lane-keeping
assist systems (LKAS) have been developed over the last several years. ACC
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and LKAS assist drivers by automatically controlling vehicles using
observable driving signals of vehicle status or position, e.g., velocity,
following distance, and relative lane position. Other efforts addressing
driving signals include driving behavior modeling that predicts the future
status of a vehicle [1] [2], drowsy or drunk driving detection based on eye-
monitoring [3] [4], and the cognitive modeling of drivers [5]. Driving
behaviors are different among drivers, and as such, modeling of drivers'
characteristics in driving behaviors has also been investigated for intelligent
assistance for each driver [6] [7]. In [6] and [7], drivers were modeled using
Gaussian mixture models (GMMs) [8] that characterized the distributions of
gas and brake pedal pressure, velocity, and following distance.

In this research, we have focused on characteristics of drivers from the
driving behavior of their gas and brake pedal operation. We have applied
cepstral analysis to the gas and brake pedal signals to obtain cepstral
coefficients, which are the most widely used spectral features in the speech
recognition community. From a theoretical point of view, a cepstrum is
defined as the inverse Fourier transform of the log power spectrum of the
signal, which allows us to smooth the structure of the spectrum by keeping
only the first several low-order coefficients and setting the remaining
coefficients to zero. Cepstral coefficients are therefore convenient for
representing the spectral envelope.

Assuming that driver characteristics under driving conditions while
accelerating or decelerating could be represented by spectral envelopes of
pedal operation signals, we have modeled the characteristics of each driver
with a GMM using the lower-order cepstral coefficients. GMM driver
models based on cepstral features were evaluated in the identification of 276
drivers and compared to conventional GMM driver models that used raw
driving signals without any applied spectral analysis techniques.

2. DRIVING BEHAVIORAL SIGNALS
2.1 Driving Signals

Observable driving signals can be categorized into three groups:

1. Driving behavioral signals, e.g., gas pedal pressure, brake pedal pressure,
and steering angle.

2. Vehicle status signals, e.g., velocity, acceleration, and engine speed.

3. Vehicle position signals, e.g., following distance, relative lane position,
and yaw angle.
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Among these signals, we focused here on the driving behavioral signals,
especially on the drivers' characteristics with respect to gas and brake pedal
pressures.

2.2 Data Collection

Driving behavioral signals were collected using a data collection vehicle
(Toyota Regius), which has been specially designed for data collection in the
Center for Integrated Acoustic Information Research (CIAIR) project at
Nagoya University, Japan. Detailed information on this corpus can be found
in [9] and in Chapter 1 of the first volume in this series [11]. Each driver
drove the car on a city road, and five-channel driving signals as well as 16-
channel speech signals, three-channel video signals, and GPS were recorded.
The driving signals included pressure on gas and brake pedals, engine speed,
car velocity, and the steering angle. These signals were originally sampled at
1 kHz and down-sampled to 100 Hz in experiments.

Figure 3-1 shows examples of three-minute driving behavioral signals
collected in the vehicle. Figures correspond to the force on gas pedal (top)
and brake pedal (bottom), respectively.
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Figure 3-1. Examples of driving behavioral signals (Top: gas pedal pressure; Bottom: brake
pedal pressure).
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3. DRIVER MODELING

3.1 Spectral Analysis of Pedal Signals

Examples of gas pedal operation signals for two drivers are shown in Fig.
3-2 (left) and their corresponding spectra are shown in Figure 3-2 (right).
Each figure shows three examples of 0.32-second long gas pedal signals.
Driver A in Figure 3-2 (top) tends to increase the pressure on the gas pedal
gradually, whereas driver B in Figure 3-2 (bottom) accelerates in two stages.
After the initial acceleration, driver B momentarily reduces the pressure on
the gas pedal, and then resumes acceleration.
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Figure 3-2. Gas pedal signals (left) and their spectra (right) (Top: driver A; Bottom: driver B).

We can see that the spectra shown in the right figures are similar for the
same driver but different between the two drivers. Assuming that the spectral
envelope can capture the differences between the characteristics of among
different drivers, we focused on the differences in spectral envelopes
represented by cepstral coefficients.
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3.2 GMM Driver Modeling and Identification

A Gaussian mixture model (GMM) [8] was used to represent the
distributions of feature vectors of cepstral coefficients of each driver. The
GMM parameters were estimated using the expectation maximization (EM)
algorithm. The GMM driver models were evaluated in driver 1dent1ﬁcat10n
experiments, in which the unknown driver was identified as driver k™ who
gave the maximum weighted GMM log likelihood over gas pedal and brake
pedals:

k' —argmax{alogP(GP,Gk) +(1- a)logP(B|ﬂBk)},O$aSI )]

where G and B are the cepstral sequences of gas and brake pedals, and
Acy and Ag, are the k-th driver models of gas and brake pedals,
respectively; « is the linear combination weight for the likelihood of gas
pedal signals.

4. DRIVER IDENTIFICATION EXPERIMENT

4.1 Experimental Conditions

Table 3-1. Experimental conditions.

Number of drivers 276
Training data length 3 min

Test data length 3 min
Sampling frequency 100 Hz
Frame length 0.32 sec
Frame shift 0.1sec
Analysis window Rectangular window
Number of Gaussians 8, 16, 32
Cepstral coefficients ¢(0) - c(15)
A window length 0.8 sec
Weight for gas pedal likelihood & 0-1

Table 3-1 displays experimental conditions for driver identification. We
used driving data from 276 drivers who drove for more than six minutes,
excluding the data gathered while not moving. The driving signals of the
first three minutes were used for training, and the second three minutes for
the test. We modeled the distribution of cepstral coefficients and their
dynamic features (A coefficients) using GMMs with 8, 16 or 32 Gaussians
and diagonal covariance matrices.
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As in the case of speech recognition, we also use the dynamic features
of the driving behavioral signals defined as linear regression coefficients:

Ax(t)= ()

where x(t) is the raw signal at time /, and K is the half window size for
calculating the A coefficients. We have selected 2K = 800 ms as the best
window size from preliminary experiments. Frame length, frame shift, and
the range of cepstral coefficients were also determined in the preliminary
experiments.
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We have also compared the driver models based on cepstral features to
the conventional driver models based on the raw driving signals. Examples
of distributions of raw gas pedal signals are shown in Figure 3-3 and
distributions for the zero™ cepstral coefficient are given in Figure 3-4.
Significant differences in distributions among drivers can be observed in
both figures.

4.2 Experimental Results

Figures 3-5 and 3-6 show identification results for GMM driver models
with 8, 16, and 32-components using raw signals and cepstral coefficients
(cepstrum), respectively. The leftmost results correspond to the identification
rates when using only the brake pedal signals, and rightmost results were
obtained with gas pedal signals alone. We can see that the gas pedal signals
gave better performance than brake pedal signals. This is because drivers hit
the gas pedal more frequently than the brake pedal as shown in Fig. 1.

The results for 16-component GMM in Figures 3-5 and 3-6 are
summarized in Figure 3-7. The identification performance was rather low
when using the raw driving signals: the best identification rate for raw
signals was 47.5 % with a = 0.80. By applying cepstral analysis, however,
the identification rate increased to 76.8 % with a =0.76. We can thus
conclude that cepstral features could capture the individualities in driving
behavior better than raw driving signals, and could achieve better
performance in driver identification. We also carried out driver identification
experiments using driving signals collected on a driving simulator, obtaining
similar results [ 10].
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4.3 Experiments on Different Test Lengths

We have investigated driver identification performance for different
testing conditions. Figure 3-8 shows identification rates when changing the
test data length as 1, 1.5, and 3 minutes long. Although the identification rate
for cepstral features has deteriorated to 59.5 % with a one-minute test data, it
still performed better than the identification rate of raw signals with a three-
minute test data.

S. CONCLUSION

In this chapter, we have investigated the modeling of individuality from
driving behavioral signals. We have modeled the distribution of cepstral
coefficients of gas and brake pedal operation signals using the property that
the spectral envelopes are similar for the same driver but different among
different drivers. Driver models were evaluated in driver identification
experiments. Using cepstral features we have achieved an identification rate
of 76.8 % for 276 drivers, which corresponds to a 55 % error reduction over
the conventional driver model based on raw pedal operation signals.

The selective use of driving signals while accelerating or decelerating
and the modeling of characteristics in longer-term driving signals (more
than a 0.32-second frame length) is to be addressed in our future work. Other
driver modeling techniques apart from GMM, such as hidden Markov
models, can be employed for more efficient modeling of the time series of
feature vectors. We also plan to extend driver modeling to driver-type
modeling to intelligently assisting a particular driver by clustering the
drivers into certain groups (e.g., impatient, aggressive, alert, etc.).
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1.

Recently, many research programs have investigated the concept of intelligent
vehicles and their integration in the city of tomorrow. The aim is to develop an
intelligent transportation system based on a fleet of fully automated cars
designed for short trips at low speed in urban areas. This system will offer
advantages of high flexibility, efficiency, safety, and thus, will improve the
quality of life in our cities including but not restricted to protection of the
environment, better management of parking areas, and others. One of the key
functions that such transportation system must achieve concerns the notion of
autonomous navigation of vehicles. To reach this goal, we are working on
vehicle environment perception using passive and active sensor technologies.
In this chapter, we address an artificial-vision based environment perception
system for autonomous vehicle navigation. We are particularly interested in
obstacle detection using stereo vision, image road line tracking for vehicle
road, line following and landmarks recognition for local positioning. The
developed techniques are implemented and have been tested using a fully
automated vehicle platform for autonomous navigation in urban areas.

Inteiligent vehicle, autonomous navigation, stereovision, obstacle detection,
image road line tracking, vehicle road line following, landmarks recognition

INTRODUCTION

One of the challenges of the research studies in transportation systems is
to develop the concept of intelligent vehicles and their integration in the city
of tomorrow [1-6]. The aim is to propose an intelligent system for shared
and/or collective public transportation in urban areas. Based on a fleet of
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fully automated cars, this system will improve the quality of life in our cities
in terms of safety, noise and pollution reduction, good management of
parking areas, etc. Towards that end, the Institut National de Recherche en
Informatique et Automatique (INRIA), the Institut National de Recherche
sur les Transports et leur Sécurité (INRETS) and the RoboSoft Industrial
Society have jointly developed a fully-automated electric vehicle [7].

One of the key tasks that such vehicle must achieve is environment
vehicle perception for autonomous navigation. In this study, we propose an
artificial vision based environment perception system ensuring obstacle
detection using stereo vision, image road line tracking for vehicle road line
following and landmarks recognition for local positioning.

The chapter is organized as follows. Section 2 presents our experimental
vehicle. Section 3 describes the stereo vision based obstacle detection
technique. The image road line tracking and vehicle road line following
methods are detailed in section 4. Section S presents the proposed landmarks
recognition technique. Section 6 concludes the paper with some current
research works.

2, EXPERIMENTAL VEHICLE PRESENTATION

Our experimental vehicle in Figure 4-1 has four driving and steering
wheels. Each wheel has its own electrical motor and each pair of wheels is
controlled by a MPC555 (Motorola PowerPC Processor) card. The two
MPCSS5S cards are managed by an embedded PC with an X86 processor
through a CAN bus. The user interface is ensured by a tactile screen. The
user can also access to the control system by a WI-FI communication ability.

As the control architecture is distributed, the low level programming
tools are based on a particular software called SynDEX (System-level CAD
Software for Distributed Real-Time Embedded Systems) [8]. To perceive the
environment of the vehicle, we use a second embedded PC, which is
dedicated to data acquisition and processing. The information exchange
between the two PCs is ensured by socket programming.

The vehicle is equipped by several sensors: two stereo vision sensors,
laser range finder, sonar sensors, magnetic field sensors, and a Global
Positioning System (GPS).
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Figure 4-1. Experimental fully automated vehicle.

3. STEREO VISION BASED OBSTACLE
DETECTION

Stereo vision is a known approach for recovering 3-D information of a
scene seen by two or more video cameras from different viewpoints. The
difference of the viewpoint positions in the stereo vision system causes a
relative displacement, called disparity, of the corresponding features in the
stereo images. This relative displacement encodes the depth information,
which is lost when the three dimensional structure is projected on a retinal
plane. The key problem is the stereo matching task, which consists of
comparing each feature extracted from one image with a number of —
generally large— features extracted from the other image in order to find the
corresponding one, if any. In addition to being difficult to perform and
computationally extensive, this process requires a large amount of memory.
Once the matching is established and the stereo vision system parameters are
known, the depth computation is reduced to a simple triangulation technique.

3.1 Feature Extraction

The low-level processing of a couple of two stereo images yields the
features required in the correspondence phase. Edges are valuable candidates
for matching because large local variations in the gray-level function
correspond to the boundaries of objects being observed in a scene.

Considering the lines and columns of an image, the edge detection is
performed by means of the Deriche's operator [9]. After derivation, the
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pertinent local extrema are selected by splitting the gradient magnitude
signal into adjacent intervals where the sign of the response remains constant
(cf. Figure 4-2). In each interval of constant sign, the maximum amplitude
indicates the position of an unique edge associated to this interval when, and
only when, this amplitude is greater than a low threshold value ¢ [10]. The
application of this threshold procedure allows removing non significant
responses of the differential operator lying in the [— t,+t] range. The
adjustment of ¢ is not crucial. Rather encouraging results have been
obtained with ¢ adjusted at 10% of the greatest amplitude of the response of
the differential operator.

Applied to the left and right stereo images, this edge extraction procedure
yields two lists of edges. Each edge is characterized by its position in the
image, the amplitude, the sign and the orientation of the gradient.

Local extrema selected

4

7 ~v Al —m- D
~ | ‘

T+ + 1 | AL+

Insignificant extrema

Figure 4-2. Edge extraction from the derivative of a line or column of an image.

3.2 Edge Stereo Matching

For real-time obstacle detection, we have developed a fast stereo
matching method based on a voting strategy [11]. The matching procedure is
applied to a set of epipolar lines and uses only possible pairs which respect
three local constraints: position, slope and orientation constraints. The
searching of the best matches is based on three global constraints:
uniqueness, ordering and smoothness constraints. The searching procedure
consists in assigning for each possible match a score, which represents a
quality measure of the matching with respect to the global constraints.

Figure 4-3 represents the matching matrix in which we consider only the
possible matches (white circles). Let M, be an element of the matching
matrix, representing a possible match between the edges | and r in the left
and right images, respectively.
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The stereo matching procedure starts by determining among the other
possible matches the ones that are authorized to contribute to the score SM,,
of the possible match M, The contributor elements are obtained by using
the uniqueness and ordering constraints: an element M,, is considered as a
contributor to the score of the element M, if the possible matches (l,r) and
(1',r') verify the local constraints. The contributors of the score of the
element M, are the possible matches lying in the gray area of the Figure 4-
3. The contribution of the contributors is then performed by means of the
smoothness constraint. For each contributor M,,., the score updating rule is
defined as follows:

SM, (new) = SM,, (old) + (X, M

where X, .. is the absolute value of the difference between the disparities of
the pairs <l,r) and (l',r'), with f(X)=(+X)". Finally, a procedure is
designed to determine the correct matches by selecting in each row of the
matching matrix the higher score element. More than one element can be
selected in the same column. To discard this situation, which corresponds to
multiple matches, we apply the same procedure to each column of the
matching matrix. The elements selected by this two-step procedure indicate
the correct matches.
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4. LINE TRACKING AND FOLLOWING

The vehicle autonomous navigation is based on road line following,
which is performed by means of image road line detection and tracking.

4.1 Base Road Line Detection

To determine the base road line, the processing involves the bottom of
the first frame, starting by the last line. The processing of a line consists of
searching two consecutive opposite local variations of the gray level
intensity Al; and A, for which the distance between their positions i and j is
close to the width of the projection of the road line on an image. To reduce
the solution space, we consider only local variations greater than a low
threshold value TH. This thresholding procedure allows discarding
insignificant local variations. Our searching procedure can be expressed as
follows:

AL|>TH and |AF | >TH @)
Al;-Al; <0 3)
j—i-W|<e )

where i and j are the position of two successive local variations in a line of
an image, with i< j and W represents the width of the road line on an
image projection and & allows a tolerance.

If there are more than one solution we retain only the solution for which
the positions of the two successive local variations are close to the middle of
the line of the image. Indeed, the goal of the road line following is to keep
the projection of the road line in the middle of the image.

4.2 Road Line Detection

Once the base of the line is detected, the next step is to detect the whole
line in the whole image. At this stage, we suppose that base road line
detection is applied successfully to at least two lines of the bottom of the
first frame. The line detection starts from the left points composing the base
image road line. Let P, and P, be the last successive points belonging to the
base image road line. Let P, the next point to determine. For a fast and
reliable detection, the considered searching space we consider is composed
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by the seven points {Qi}i 1 ¢ belonging to the top half discrete circle
defined by P, as a center (cf. Figure 4-4).

(3]

Figure 4-4. Road line detection.

The searching of the point P, is based on the maximization of the local
variation of the gray level intensity. First, from the points {Q;}i= ¢, We keep
only those respecting the direction constraint:

u-v>0 (%)

where i =(P, —P) and v=(Q,-P,,). We sclect then, from the

remaining points, the one with the maximum local variation of the gray level
intensity. This selected point is hence Py.,.

4.3 Road Line Tracking

Road line tracking consists of determining the points of the road line in
the current frame (t+1) from the points of the road line in the previous frame
(t). Let Pyy(t) be a point of the road line in the previous frame. Let Q’;y (t) an
horizontal local neighbor of the point P,,(t), defined as follows:

ot (0)={P., /x-k<x'<x+k) 6)

www.Technicalbookspdf.com
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where k is a positive constant, chosen according to the vehicle dynamic. This
neighbor is used to detect a point of the road line in the current frame. This
point corresponds to the maximum local variation of the gray level intensity
in Q (t) Figure 4-5 shows the result of the road line tracking procedure. It
is worth noting that the proposed road line detection and tracking is adapted
successfully to analyze dashed road lines.
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Figure 4-5. Image road line tracking.

Subject to conditions of the environment, the tracking procedure may
miss some points in the current frame. If the number of detected points is
under a given threshold, we apply again the detection road line procedure in
the whole image representing the current frame. When the number of
detected points is insufficient to get a good detection, the car stops unless
another guidance system takes place.

4.4 Vehicle Road Line Following

Vehicle road line following is based on the image road line tracking. It
consists of keeping the projection of the road line in the middle of the
acquired images. Because of the non-visible area in front of the vehicle due
to camera position (cf. Figure 4-6), a simple following procedure fails by
creating a shift between the vehicle and the road line. This situation occurs
when the road line presents curves. As a consequence, the procedure will be
ineffective because the road line will disappear from the images.

To overcome this problem, the approach we propose is based on the
recording of the vehicle’s trajectory at regular distance interval. The vehicle
road line following is performed thanks to a fuzzy logic system, which
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estimates the direction of the vehicle’s wheels from the vehicle’s speed and
the current shift between the vehicle and the road line. Figure 4-7 shows the
fuzzy input and output for which the fuzzy rules are illustrated in Table 4-1.
To solve the fuzzy system, we use the Min/Max inference and the center of

gravity for the defuzzification step.
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Figure 4-6. Non-visible area.
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Figure 4-7. Fuzzy input and output.
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Table 4-1. Fuzzy Associative Matrix (FAM).

AND | Null Low Medium Max
Null | Null Low Hard Max
Slow | Null Low Hard Hard
Medium | Null | Very Low | Medium | Medium
Fast | Null | VeryLow [ Low Low

3. LANDMARKS RECOGNITION

In order to get some information from the vehicle surrounding as relative
position of the vehicle, we have developed a landmarks recognition
technique. We use P-similar landmarks [12], which have particular shape
allowing real-time recognition (cf. Figure 4-8). Furthermore, they are easy
and economical to install in vehicles.
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Figure 4-8. P-similar landmark.
5.1 P-Similar Landmarks Generation and Detection

A P-similar function fis defined as [13]:

{f:‘R*—)iR

(7
Fpeloi,vx>0, f(x)= f(p-x)
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In our application, we use square P-similar landmarks, which are generated
by square P-similar functions S, defined as follows:

vx>0,5,(x)=[ 2+ (log, (x))-10g, (x) ) ®)

To detect a square P-similar landmark, we compute for a pixel, defined
by its position (x,y) in the image, the following quantity:

m(x)==+ T et o)) ©)

w & |I(x+j,y)—l(x+p'j,y)|

where [ is the gray-level intensity function and w is the width of the
window processing. The quantity m, (x) takes three possible values: 1, -1 or
0. When m y (x):l, a square P-similar landmark is detected, when
m, (x): ~1, a square 4/ p -similar landmark is detected, when m, (x): 0, no
P-similar landmark is detected. Note that P-similar and +/p -similar are
equivalent: P-similar can be used to detect far P-similar landmarks, whereas
\7; -similar can be used to detect close P-similar landmarks.

5.2 Barcode for Landmarks Identification

Barcodes are used to identify the P-similar landmarks (cf. Figure 4-8).
The barcode is composed of 11 bits. 3 bits are necessary for the encoding
identification: the "Begin Bit" indicates the beginning of the code, the "End
Bit" indicates the end of the code and the "Overflow Bit". The useful
information of the barcode is encoded within the 8 remaining bits, where a
black bit is set to 1 and a white bit is set to 0. With this barcode we can code
2% = 256 different landmarks. If more codes are necessary, we have just to
add more bits within the barcode.

6. CONCLUSION

In this study, we have presented an artificial-vision based environment
perception system for autonomous navigation of vehicles in urban areas. The
proposed system ensures obstacle detection using stereo vision, road line
following by image, road line tracking and artificial landmarks recognition.
The techniques under study have been integrated and tested using an
experimental fully automated vehicle. Our current research work is focused
on fusion of information from multi-sensor signals to improve the perception
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techniques using passive and active technologies. We are working also on
global localization by combining visual geographical data and scene analysis
information. Our approach consists of comparing real images, representing
the environment of the vehicle, with images generated in real-time by a
Geographical Information System (GIS).
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1.

This chapter presents an analysis of multimedia streaming in an inter-vehicle
network based on 802.11b wireless devices. In such a scenario, characterized
by strong link availability variations, we investigate the performance of an
adaptive packet scheduling policy that adapts the inter-packet transmission
interval to the channel conditions. Network simulations are used to evaluate
the effects of varying the transmission time scale from zero, when the
connection is not available, to as fast as possible when the channel is available
and reliable. Results show that the proposed approach ensures high quality
multimedia streaming among the nodes of the inter-vehicle network by heavily
reducing the percentage of lost packets with only a limited increase in the
delay and jitter.

Ad-hoc wireless networks; audio and video streaming; inter-vehicle.

INTRODUCTION

IEEE 802.11 Wireless LAN (WLAN) products have become widely used
because of their simple set-up and moderate cost. Potential uses of such
equipment range from WLAN hot spots to direct connectivity of devices in
ad-hoc mode.

Ad-hoc networks are a key factor in the evolution of wireless
communications enabling data exchange between wireless hosts in absence
of a centralized fixed infrastructure. In an inter-vehicle scenario, for
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instance, vehicles can operate as a pure ad-hoc network in which each
individual vehicle broadcasts data to other vehicles.

Due to the relative novelty of the application, some effort have been
devoted to study and simulate 802.11 inter-vehicle transmissions'?, and, to
the best of our knowledge, exploitation of inter-vehicle 802.11
communications for real-time multimedia services received even less
attention. In Bucciol’ the performance of video communications has been
evaluated while driving two cars equipped with 802.11b standard devices in
urban and highway scenarios. The experiments show that each scenario
presents peculiar characteristics in terms of average link availability and
SNR which can be exploited to develop more efficient inter-vehicle
applications. The strong link availability variations experienced in the
highway scenario suggest, in fact, that a variable time-scale transmission
policy may be investigated for multimedia streaming to mitigate the effect of
frequent disconnection between the mobile stations.

Streaming implementations developed and tuned for wired connections
or wireless environments with limited mobility are usually designed to cope
only with limited variations in network latency and bandwidth®. Before
starting the playout, a pre-roll delay is then used to fill the receiver buffer.
Buffering, in fact, reduces system sensitivity to short-term fluctuations in the
data arrival rate by absorbing variation in end-to-end delay. However, if the
rate offered by the channel falls below that of the source, the buffer will
soon underflow. In this case rate adaptive algorithms are used to adapt the
source rate to the current state of the network so as to generate only the
bandwidth that the network is capable of carrying. The assumption is, in
fact, that the distortion introduced by lowering the source coding rate is
smaller than the expectedly larger distortion due to packet losses.

To deal with the fast changing inter-vehicle wireless scenario, where the
connection to other mobile nodes is frequently lost and the streaming flow is
interrupted, in addition to the foregoing techniques, appropriate streaming
algorithms must be implemented so that the receiver has enough data to
continue the playback until the connection is re-established. Then the buffer
needs to be refilled to a level that provides sufficient protection for a
potential subsequent disconnection’.

In this chapter we analyze the performance of a multimedia streaming
adaptive packet scheduling (APS) technique that enables transmission rate
changes by varying the inter-packet transmission interval instead of the size
of multimedia packets. Streaming systems usually transmit frames at fixed
time intervals, that is, with the same rate at which they will be decoded and
presented to the user. In the proposed scheduling algorithm for multimedia
streaming the packet scheduler is instead able to change its instantaneous
transmission rate from zero (i.e., the transmission pauses) when the link is
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not available, to as faster than real-time as the channel bandwidth allows (to
refill the receiver buffer to the right size). The original playback rate,
however, is not changed, and remains constant.

Most of the research work performed on the idea of changing the packet
transmission schedule has been previously focused on end-to-end congestion
control’, or bandwidth smoothing for VBR video’. The effects on the
quality for inelastic multimedia traffic®, especially with regards to its delay
and jitter constraints for real-time playback, still remain to be investigated.

End-to-end congestion control techniques are mainly based on two TCP-
friendly rate control mechanisms: the rate adaptation protocol (RAP)’ and
the TCP friendly rate control (TFRC)'™"". Both these algorithms control the
network status at the receiver and provide the sender with feedback
information in order to adapt the output rate of the source to the channel
available bandwidth.

The adaptive packet scheduling algorithm presented in this chapter,
although based on TFRC for the evaluation of the available bandwidth, relies
instead on the variation of the packet sending rate and not of the source rate
for matching the network status. The effectiveness of this choice has been
previously demonstrated in Masala'’, where the scenario was however
limited to considering video streaming over wired Internet connections.
Here we consider a wireless scenario where actual measurements from inter-
vehicle transmissions are used to drive network simulations that analyze the
performance of the adaptive packet scheduling approach in presence of high
channel loss rates.

This chapter is organized as follows. Section 2 presents the adaptive
packet scheduling policy and its application to the vehicular scenario.
Network simulation setup and results are described in Section 3. Finally
conclusions are drawn in Section 4.

2. ADAPTIVE PACKET SCHEDULING

Streaming of real-time multimedia heavily depends on timing constraints.
Audio data, for example, must be played out continuously, so, if the data
does not arrive in time to the client, the playout process must pause, with
annoying effects for the human listener.

Before transmission over packet networks the compressed multimedia
signal is divided into frames, with the property that all the data belonging to
a single frame is played back at the same time during the decoding process.
Each frame may be encapsulated in one or more packets that are then
transmitted and stored at the receiver before decoding. All the frames must
be received before their presentation time in order to decode the data without
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errors. Since the Internet introduces time-varying delays, a buffer is usually
employed at the receiver to provide continuous playout, while at the sender
frames are generally transmitted on the network with the same rate at which
they will be decoded and presented to the user.
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Figure 5-1. Experimental packet loss rate measured transmitting UDP packets between two
vehicles on a highway. Values are averaged on a six-second window.

In the inter-vehicle scenario considered in this work, a typical problem is
the possible outage of the network connection between vehicles. Such
channel outages may occur while the vehicles cross areas characterized by
severe fading conditions or when vehicles are at a distance close to the limit
of their wireless antenna coverage area. This is a critical issue when dealing
with streaming services, which may experience long (several seconds)
interruption with highly negative impairments on the multimedia quality at
the decoder. For instance, Figure 5-1 illustrates the packet loss rate
experienced in a highway scenario, as measured in transmission experiments
performed during the activity reported in Bucciol’.

We argue that, rather than increasing the size of the playout buffer to
allow additional caching and pre-fetching of multimedia data, an adaptive
technique is better suited to reduce the impact of channel degradation on the
perceived quality. Instead of transmitting the multimedia frames always at
the same rate, our adaptive packet scheduling technique is based on the
concept of varying the transmission rate according to the instantaneous
network conditions, while the original playback rate remains constant.
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Figure 5-2. Block diagram of the adaptive packet scheduling transmission system.

Figure 5-2 depicts the block diagram of a video transmission system
using the adaptive scheduling approach. The pacing of the packets is
determined by the scheduler in order to achieve the rate imposed by the
time-scale selection algorithm. The channel state monitor determines the
instantaneous channel state. Then the status information is sent back to the
time-scale selection algorithm which modifies the sending rate according to
the estimate of the channel capacity. Additionally the buffer monitor may
take into account the decoder buffer status and inform the scheduling
algorithm with an estimate of the buffering delay experienced by the data
before playout.

Because of the feedback loop between the source and the receiver the
presented technique offers two advantages with respect to fixed scheduling
transmission of multimedia frames. First, when a link outage occurs or
when the channel is extremely bad, the number of dropped packets is
considerably lower. In fact, the receiver feedback, that informs the source of
the current channel loss rate, enables the sender to reduce the sending rate
and so the number of packet transmitted during high error rate periods (if
feedback reports are lost, the sender automatically cuts the rate in half after a
given timeout expires). Second, the transmitting station may use the same
feedback indication to increase the sending rate to match the available
network bandwidth when the loss rate is low, thus enabling fast refill of the
playout buffer. Both rate variations are obtained by varying the inter-packet
gap, IPG,,, which is linked to the transmission rate, R,, and to the packet size,
s, as follows:
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TFRC is used to control the maximum bit rate which can be used by the
source to achieve TCP friendly behavior. The protocol is based on the
following equation

R= - ?)

RTT‘/%P- +tRT0{3‘/3?pJp(l+32p2)

which provides the output rate, as a function of the round-trip time, RTT, the
loss rate, p, the packet size, s, and the timeout interval used to reveal losses,
trTO.

In addition, monitoring the instantaneous conditions of the receiver-side
playout buffer allows the sender to realize when the bandwidth is not
sufficient for the actual multimedia stream, i.e., a buffer underrun is likely to
occur, so it can reduce the coding rate for the amount of time necessary to
overcome the temporary channel degradation. This mechanism allows to
combine the adaptive scheduling mechanism with the well known rate-
adaptive approach.

3. NETWORK SIMULATIONS

The inter-vehicle scenario has been studied by means of simulations
performed with the NS-2 network simulator (version 2.27)" for an 802.11b
wireless LAN at 11 Mbps. Simulations aim at evaluating the adaptive
packet scheduling algorithm in a context with heavy network load and with
long periods of unstable connection as measured during actual experiments
driving on a highway’. As an example of a multimedia communication, we
have used a stereo MPEG-1 Layer III CBR stream at 96 kb/s per channel
that achieves CD quality playback in an error free scenario.
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Figure 5-3. Throughput measured at the sender and at the receiver for the fixed scheduling
algorithm.
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Figure 5-4. Throughput measured at the sender and at the receiver for the adaptive scheduling
algorithm.

Results reported here summarize the observations made with various
testing scenarios. All experiments have been carried out using a simple
topology which consists of a single receiver node and a set of senders. Two
nodes were instructed to send the same audio stream but with two different
policies: the fixed packet scheduling (FPS) approach, in which packets are
regularly spaced in time, and the adaptive packet scheduling (APS) approach
in which packets are more apart from each other when the channel is bad and
more closely set in time when the channel is good. The APS implementation
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is based on TFRC. TFRC, in fact, can vary its sending rate in response to
network congestion and its sending data rate is calculated using the TCP
throughput equation. Additional interfering traffic is modeled by four nodes
sending constant bit rate UDP traffic at 2.3 Mb/s in packets of 1500 bytes.

The channel behavior experienced during the actual vehicular
measurements has been reproduced by means of a uniform packet error
model with time varying error rate corresponding to the values shown in
Figure 5-1. A number of time periods with heavy loss rate lasting several
seconds are present in the experimental trace. The loss trace may exceed
50% of lost packets when the link availability between the transmitting and
receiving vehicles is extremely bad. Important concemns in the evaluation of
the adaptive policy are both its responsiveness to changes in network
conditions and its ability to drop the packet sending rate in periods of high
error rates to reduce the number of discarded packets. In particular, in the
case of inelastic audio streaming, also the effect of delaying the transmission
of time-sensitive data must be assessed because that practice can easily
cause buffer underflows at the receiver. In the following we will present
simulation results on the throughput, packet loss rate, and playout buffer
fullness to validate the proposed scheduling policy with respect to the
aforementioned constraints.

In Figures 5-3 and 5-4 we plot the throughput of the audio transmission
as measured at both the source and the sink nodes. The key insight here is
that in the APS case the number of packets sent through the network is
clearly influenced by the various network conditions, i.e., the channel loss
rate. The APS algorithm reduces the transmission rate by varying the inter-
packet gap (IPG) around the 60th, 180th, and 230th second thus reducing the
number of packet sent when they have a very high probability to be
corrupted. On the other hand we can clearly note that the throughput
increases well above the average bitrate of 192 kb/s just after those time
periods when the sender takes advantage of the error-free connection to refill
the receiver playout buffer. In the fixed scheduling case, instead, the
sending rate is constant and always equal to 192 kb/s. We appreciate only
sporadic spikes in the rate of the received data because of the varying
percentage of dropped packets and of the flushing of networks buffers when
the channel moves from a bad state to a good state.

More importantly, with the proposed algorithm the packet loss rate
(PLR) drops significantly from 3.54% to 0.5%, a reduction by a factor of
seven. This means that over the 300 second trace used for the simulations,
the two techniques lost 10.5 and 1.48 seconds of audio respectively. Figure
5-5 shows the cumulative sum of the audio samples lost throughout the
simulation. We observe that especially during very noisy channel conditions
(i.e., when the wireless connection is not reliable), the fixed scheduling
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technique loses far more packets than the adaptive algorithm. This can be
explained by the sensitivity of the proposed transmission protocol that reacts
to changes in network conditions and almost stops delivering packets when
the feedback from the client warns of the bad channel behavior. In this case
the rate adaptation algorithm is not reacting to a congestion event but to a
link failure, so it would be worthless to instruct the sender to change the
source rate, instead the benefit comes from reducing the sending rate in

terms of transmitted packets per second.
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Figure 5-5. Cumulative sum of missing audio seconds during the playout caused by packet
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The playout buffer at the client allows the sender to vary the actual rate
of the transmitted data. However, the buffer can accommodate only a certain
amount of delay variation depending on its dimension and on the initial pre-
buffering period. If this value is overrun, it cannot be guaranteed that the
streaming can be continued without interruptions. Hence, it is important to
check that the APS algorithm does not have a detrimental effect on the
playout buffer. The buffer occupation in the client is shown in Fig. 5-6. In
this case an initial pre-buffering period of ten seconds is chosen. The buffer
fullness depends on the channel error rate and on the packet delay, so both
the transmission scheduling algorithms are affected by the problem of buffer
depletion. But, while the fixed scheduling algorithms mainly suffers from
the number of lost packets (because its transmission rate is constant), the
APS algorithm experiences a reduction of the buffer size also because it
delays the transmission of multimedia packets when the channel is bad. The
two algorithms, however, present almost the same behavior proving that, if
the APS algorithm is able to appropriately adapt the IPG to the channel
conditions, not only the PLR is reduced, but also the playout continuity is
not damaged by the effect of postponing the transmission of the audio
packets with respect to the fixed transmission policy.

4. CONCLUSION

We have investigated the performance of an adaptive packet scheduling
algorithm for multimedia streaming in an inter-vehicle network consisting of
802.11b wireless devices. The proposed technique can adapt to the
streaming rate by varying the inter-packet transmission interval as a function
of the estimated link availability and bandwidth. Network simulation
results, based on the network traces collected in our experiments, show that
this mechanism is particularly good at reducing the packet loss rate and at
providing continuous streaming to an inter-vehicle user with only a limited
increase in the packet delay and jitter compared to widely deployed fixed
transmission policies.
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Abstract: The growth in wireless communication and mobile devices has supported the
development of distributed speech recognition (DSR) technology. During the
last decade this has led to the establishment of ETSI-DSR standards and an
increased interest in research aimed at systems exploiting DSR. So far,
however, DSR-based systems executing on mobile devices are only in their
infancy. One of the reasons is the lack of easy-to-use software development
packages. This chapter presents a prototype version of a configurable DSR
system for the development of speech enabled applications on mobile devices.

The system is implemented on the basis of the ETSI-DSR advanced front-end
and the SPHINX IV recognizer. A dedicated protocol is defined for the
communication between the DSR client and the recognition server supporting
simultaneous access from a number of clients. This makes it possible for
different clients to create and configure recognition tasks on the basis of a set
of predefined recognition modes.

Key words:  distributed speech recognition, noise robustness, application programming
interface, fixed-point optimization

1. INTRODUCTION

It is expected that the growth in wireless communication and mobile
devices will enable ubiquitous access to a large pool of information
resources and services. To make such development successful there is a
demand to include ASR as a key component into the user interface. Present
mobile devices only have limited memory and CPU capacities which pose
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several challenges to ASR. As a result most ASR systems today executing
on mobile devices only support low-complexity recognition tasks such as
simple name dialling.

The resource-limitation can be partly alleviated by adopting a client-
server based DSR architecture' as shown in Figure 6-1. In the client, speech
signal is recorded and features are extracted from the signal. After the vector
quantisation (VQ) and channel coding, the features are transmitted to the
server side through the network. In the server, the time-consuming
recognition decoding is conducted on the basis of the decoded features. With
such architecture the resource limited client becomes independent of the
recognition tasks and therefore enables the implementation of complex
recognition tasks - e.g. large vocabulary continuous speech recognition.

= Speech Recognition:
Signal Results
B3 ; E i
:Client :Server
Feature Extraction | Speec.h
: Recognisor
ﬂFeatures TrFealures
VQ & Channel ; VQ & Channel
Coder Decoder

Figure 6-1. The DSR architecture.

Another challenge in deploying speech recognition in mobile devices is
the continually changing acoustic and network environment. On the one
hand, the speech signal is often corrupted by both the additive and
convolutional noise in the acoustic environment resulting in the degradation
of the recognitin performance. The deployment of noise-robust signal
processing techniques is generally required and normally leads to high
computational complexity. The introduction of noise robustness techniques
in the DSR architecture may be achieved in the client e.g. by feature
enhancement. At the server side, this can be accomplished e.g. by
compensating acoustic models or modified decoding strategies. On the other
hand, the changing of the network environment may also deteriorate the
ASR performance by introducing the transmission errors. Error concealment
techniques need to be adopted in the server side to mitigate this effect.

For more than a decade research in the DSR area has led to the
establishment of a number of ETSI-DSR standards. The first standard® for
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the cepstral features was published in the year 2000 with the aim of
handling the degradation of ASR over mobile channels caused by both lossy
speech coding and transmission errors and enabling interoperability over
mobile networks. Currently, one of the most well known standards — the
ETSI-DSR advanced front-end (AFE)’ — further includes the client-side and
server-side techngiues providing the DSR system with excellent capabilities
for the noise-robustness and error concealment. However, even given these
DSR standards, it is infrequent to find real-life DSR implementations
executing in standard mobile devices, thus manifesting a barrier for applying
the DSR technology in speech driven applications.

This chapter presents a configurable DSR system that has recently been
developed at Aalborg University. The AFE is integrated as part of the client
and the SPHINX IV* is employed as the back-end recognizer. The AFE as
used in the system is modified by optimising some time consuming parts of
the FFT algorithm. The system is able to support flexible communication to
a number of independent user devices each with different requirements to
the complexity of the recognition task (e.g. different vocabularies,
grammars, etc).

This chapter gives a detailed introduction to this system including its
architecture, design considerations and evaluation results. The remainder of
this chapter is organised as follows. Section 2 presents the system
architecture; section 3 describes a number of considerations for system
design and implementation and the system evaluation results are provided in
section 4. A case study for a real system is introduced in section 5, and the
conclusions are given in section 6.

2. SYSTEM ARCHITECTURE

2.1 System Architecture

As illustrated in Figure 6-2, an embedded Recorder in the client simply
collects speech signals using a pre-defined sampling rate. The optimised
AFE client-side module’ enhances input speech data and generates voice
activity detection (VAD) information which together with the set of cepstral
features are encoded sequentially and packed into speech packages for
network transmission.

At the server side the received speech packages are processed by the AFE
server-side module. Firstly - on the detection of transmission errors - error
concealment is conducted for feature reconstruction. Secondly, the error-
corrected speech packages are decoded into a set of cepstral features and
VAD information. Subsequently, the cepstral features are processed by the
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SPHINX speech recognizer. The recognizer presents its result (either the
best or N-best results) at the utterance end — detected by the VAD
information - and transmits back to the Result Listener of the client. To
increase system usability and flexibility, three typical recognition modes are
represented, namely: Isolated word recognition, Grammar based recognition
and Large vocabulary recognition. Each is defined by a set of prototype files
at the server side. The choice is done at system initialisation, and specific
settings can be changed at any time. The setting may be different across a
group of end-users.

Client

Application

. &L...
| DSR Client AP

Recorder
Command
Processor

K———=— Client Pan

Result
i| Listener

Optimised AFE
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.............................................. s

Figure 6-2. The system architecture.

A Command Processor is implemented at both the client and server side
to support the interchange of configuration commands. Potential commands
include control commands to start or stop recognition, choice of recognition
mode, commands providing feedback information from the server to a client
(e.g. success or failure of any user request), etc.
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2.2 Data Streams and Network Load

In the current implementation, two network connections are established
for each client accessing the system. The first is the data channel for
transmitting speech packages and recognition results, and the second is the
control channel for the transmission of control commands. Both connections
are socket-based arrangements.

During the recogniti