LNCS 4478

Joan Marti José Miguel Benedi
Ana Maria Mendon¢a Joan Serrat (Eds.)

Pattern Recognition
and Image Analysis

Third Iberian Conference, IbPRIA 2007
Girona, Spain, June 2007
Proceedings, Part I

@ Springer




Lecture Notes in Computer Science

Commenced Publication in 1973
Founding and Former Series Editors:
Gerhard Goos, Juris Hartmanis, and Jan van Leeuwen

Editorial Board

David Hutchison
Lancaster University, UK

Takeo Kanade

Carnegie Mellon University, Pittsburgh, PA, USA
Josef Kittler

University of Surrey, Guildford, UK

Jon M. Kleinberg
Cornell University, Ithaca, NY, USA

Friedemann Mattern
ETH Zurich, Switzerland

John C. Mitchell
Stanford University, CA, USA

Moni Naor
Weizmann Institute of Science, Rehovot, Israel

Oscar Nierstrasz

University of Bern, Switzerland
C. Pandu Rangan

Indian Institute of Technology, Madras, India
Bernhard Steffen

University of Dortmund, Germany
Madhu Sudan

Massachusetts Institute of Technology, MA, USA
Demetri Terzopoulos

University of California, Los Angeles, CA, USA
Doug Tygar

University of California, Berkeley, CA, USA
Moshe Y. Vardi

Rice University, Houston, TX, USA
Gerhard Weikum

Max-Planck Institute of Computer Science, Saarbruecken, Germany

4478



Joan Marti José Miguel Benedi
Ana Maria Mendonca Joan Serrat (Eds.)

Pattern Recognition
and Image Analysis

Third Iberian Conference, IbPRIA 2007
Girona, Spain, June 6-8, 2007
Proceedings, Part II

@ Springer



Volume Editors

Joan Mart{

University of Girona

Campus Montilivi, s/n., 17071 Girona, Spain
E-mail: joanm@eia.udg.es

José Miguel Benedi

Polytechnical University of Valencia
Camino de Vera, s/n., 46022 Valencia, Spain
E-mail: jbenedi @dsic.upv.es

Ana Maria Mendonga

University of Porto

Rua Dr. Roberto Frias, s/n, 4200-465 Porto, Portugal
E-mail: amendon@fe.up.pt

Joan Serrat

Centre de Visi6 per Computador-UAB

Campus UAB, 08193 Belaterra, (Cerdanyola), Barcelona, Spain
E-mail: joan.serrat@cvc.uab.es

Library of Congress Control Number: 2007927717

CR Subject Classification (1998): 1.4, 1.5, 1.7, 1.2.7,1.2.10

LNCS Sublibrary: SL 6 — Image Processing, Computer Vision, Pattern Recognition,
and Graphics

ISSN 0302-9743
ISBN-10 3-540-72848-1 Springer Berlin Heidelberg New York
ISBN-13 978-3-540-72848-1 Springer Berlin Heidelberg New York

This work is subject to copyright. All rights are reserved, whether the whole or part of the material is
concerned, specifically the rights of translation, reprinting, re-use of illustrations, recitation, broadcasting,
reproduction on microfilms or in any other way, and storage in data banks. Duplication of this publication
or parts thereof is permitted only under the provisions of the German Copyright Law of September 9, 1965,
in its current version, and permission for use must always be obtained from Springer. Violations are liable
to prosecution under the German Copyright Law.

Springer is a part of Springer Science+Business Media
springer.com

© Springer-Verlag Berlin Heidelberg 2007
Printed in Germany

Typesetting: Camera-ready by author, data conversion by Scientific Publishing Services, Chennai, India
Printed on acid-free paper SPIN: 12070374 06/3180 543210



Preface

We welcome you to the 3rd Iberian Conference on Pattern Recognition and Image
Analysis (IbPRIA 2007), jointly promoted by AERFAI (Asociacién Espatiola
de Reconocimiento de Formas y Anélisis de Imdgenes) and APRP (Associcao
Portuguesa de Reconhecimento de Padrdes). This year, IbPRIA was held in
Girona, Spain, June 6-8, 2007, and was hosted by the Institute of Informatics
and Applications of the University of Girona. It followed the two successful
previous editions hosted by the Universitat de les Illes Balears (2003) and the
Institute for Systems and Robotics and the Geo-systems Center of the Instituto
Superior Técnico (2005).

A record number of 328 full paper submissions from 27 countries were re-
ceived. Each of these submissions was reviewed in a blind process by two re-
viewers. The review assignments were determined by the four General Chairs,
and the final decisions were made after the Chairs meeting in Girona, giving an
overall acceptance rate of 47.5%. Because of the limited size of the conference,
we regret that some worthy papers were probably rejected.

In keeping with the IbPRIA tradition of having a single track of oral presen-
tations, the number of oral papers remained in line with the previous IbPRIA
editions, with a total of 48 papers. The number of poster papers was settled to
108.

We were also very honored to have as invited speakers such internationally
recognized researchers as Chris Willians from the University of Edinburgh, UK,
Michal Irani from The Weizmann Institute of Science, Israel and Andrew Davison
from Imperial College London, UK.

For the first time, some relevant related events were scheduled in parallel to
the IbPRIA main conference according to the Call for Tutorials and Workshops:
Antonio Torralba from MIT, USA and Aleix Martinez from Ohio State Uni-
versity, USA taught relevant tutorials about object recognition and Statistical
Pattern Recognition, respectively, while the “Supervised and Unsupervised En-
semble Methods and Their Applications” workshop and the first edition of the
“Spanish Workshop on Biometrics” were successfully developed.

We would like to thank all the authors for submitting their papers and thus
making these proceedings possible. We address special thanks to the members of
the Program Committee and the additional reviewers for their great work which
contributed to the high quality of these proceedings.

We are also grateful to the Local Organizing Committee for their substantial
contribution of time and effort.



VI Preface

Finally, our thanks go to TAPR for support in sponsoring the Best Paper
Prize at IbPRIA 2007.
The next edition of IbPRIA will be held in Portugal in 2009.

June 2007 Joan Marti
Ana Maria Mendonga

José Miguel Benedi

Joan Serrat
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Robust Automatic Speech Recognition Using
PD-MEEMLIN

Igmar Hernandez', Paola Garcia', Juan Nolazco!, Luis Buera?,
and Eduardo Lleida?

! Computer Science Department, Tecnolgico de Monterrey,
Campus Monterrey, México
2 Communications Technology Group (GTC), I3A, University of Zaragoza, Spain
{A00778595,paola.garcia, jnolazco, }@itesm.mx, {lbuera,lleida}@unizar.es

Abstract. This work presents a robust normalization technique by
cascading a speech enhancement method followed by a feature vector
normalization algorithm. To provide speech enhancement the Spectral
Subtraction (SS) algorithm is used; this method reduces the effect of ad-
ditive noise by performing a subtraction of the noise spectrum estimate
over the complete speech spectrum. On the other hand, an empirical fea-
ture vector normalization technique known as PD-MEMLIN (Phoneme-
Dependent Multi-Enviroment Models based LInear Normalization) has
also shown to be effective. PD-MEMLIN models clean and noisy spaces
employing Gaussian Mixture Models (GMMs), and estimates a set of
linear compensation transformations to be used to clean the signal. The
proper integration of both approaches is studied and the final design, PD-
MEEMLIN (Phoneme-Dependent Multi-Enviroment Enhanced Models
based LInear Normalization), confirms and improves the effectiveness of
both approaches. The results obtained show that in very high degraded
speech PD-MEEMLIN outperforms the SS by a range between 11.4% and
34.5%, and for PD-MEMLIN by a range between 11.7% and 24.84%. Fur-
themore, in moderate SNR, i.e. 15 or 20 dB, PD-MEEMLIN is as good
as PD-MEMLIN and SS techniques.

1 Introduction

The robust speech recognition field plays a key rule in real environment appli-
cations. Noise can degrade speech signals causing nocive effects in Automatic
Speech Recognition (ASR) tasks. Even though there have been great advances
in the area, robustness still remains an issue. Noticing this problem, several tech-
niques have been developed over the years, for instance the Spectral Subtraction
algorithm (SS) [IJ; and in the last decade, SPLICE (State Based Piecewise Lin-
ear Compensation for Enviroments) [2], PMC (Parallel Model Combination) [3],
RATZ (multivariate Gaussian based cepstral normalization) [4] and RASTA (the
RelAtive SpecTrAl Technique) [5]. The research that followed this evolution was
to make a proper combination of algorithms in order to reduce the noise ef-
fects. For example, a good example is described in [G], where the core scheme is
composed of a Continuous SS (CSS) and PMC.
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Persuing the same idea, a combination of the speech enhanced signal (repre-
sented by the SS method) and a feature vector normalization technique
(PD-MEMLIN [7]) are presented in this work to improve the recognition accu-
racy of the speech recognition system in highly degraded environments [8/9]. The
first technique was selected because of its implementation simplicity and good
performance. The second one is an empirical vector normalization technique that
has been compared against some other algorithms [§] and has obtained impor-
tant improvements.

The organization of the paper is as follows. In Section 2, a brief overview of
the SS and PD-MEMLIN. Section 3 details the new method PD-MEEMLIN. In
Section 4, the experimental results are presented. Finally, the conclusions are
shown in Section 5.

2 Spectral Subtraction and PD-MEMLIN

In order to evaluate the proposed integration, an ASR system is employed. In
general, a pre-processing stage of the speech waveform is always desirable. The
speech signal is divided into overlaped short windows, from which a set of coeffi-
cients, usually Mel Frequency Cepstral Coefficients (MFCCs)[10], are computed.
The MFCCs are feeded to the training algorithm that calculates the acoustic
models. The acoustic models used in this research are the Hidden Markov Mod-
els (HMMs), which are widely used to model statistically the behaviour of the
phonetic events in speech [10]. The HMMs employ a sequence of hidden states
which characterises how a random process (speech in this case) evolves in time.
Although the states are not observable, a sequence of realizations from these
states can always be obtained. Associated to each state there is a probability
density function, normally a mixture of Gaussians. The criteria used to train
the HMMs is the Maximum Likelihood, thus, the training process becomes an
optimization problem that can be solved iteratively with the Baum and Welch
algorithm.

2.1 Spectral Subtraction

The Spectral Subtraction (SS) algorithm is a simple and known speech enhance-
ment technique. This research is based on the SS algorithm expressed in [9]. Tt
has the property that it does not requiere the use of an explicit voice activity
detector, as general SS algorithms does. The algorithm is based on the existance
of peaks and valleys in a short noisy speech time subband power estimate [9].
The peaks correspond to the speech activity and the valleys are used to obtain
an estimate of the subband noise power. So, a reliable noise estimation is ob-
tained using a large enough window that can pemit the detection of any peak of
speech activity.

As shown in Figure[T], this algorithm performs a modification of the short time
spectral magnitude of the noisy speech signal during the process of enhancement.
Hence, the output signal can be considered close to the speech clean signal when
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Fig. 1. Diagram of the Basic SS Method Used

synthesized. The appropriate computation of the spectral magnitude is obtained
with the noise power estimate and the SS algorithm. Let, y(i) = z(i)+n(7), where
y(i) is the noisy speech signal, (i) is the clean speech signal, n(i) is the noise
signal and 4 denotes the time index, x(7) and n(i) are statistically independent.
Figure [0 depicts the spectral analysis in which the frames in the time do-
main data are windowed and converted to frequency domain using the Discrete
Fourier Transform (DFT) filter bank with Wp g subbands and with a decima-
tion/interpolation ratio named R [9]. After the computation of the noise power
estimation and the spectral weightening, the enhanced signal can be transformed
back to the time domain using the Inverse Discrete Fourier Transform (IDFT).
For the subtraction algorithm it is necessary to estimate the subband noise
power P, () k) and the short time signal power |Y (A, k)|2, where A is the deci-
mated time index and k are the frequency bins of the DFT. A first order recursive
network is used to obtain a short time signal power as shown in Equation [II

VLR =9+ [Y(A =1L B2+ (1 =)+ [V (X ). (1)

Afterwards, the subtraction algorithm is accomplished using an oversubtrac-
tion factor osub(\, k) and a spectral flooring constant (subf) [I2]. The osub(A, k)
factor is needed to eliminate the musical noise, and it is calculated as a function
of the subband Signal to Noise Ratio SNR, (A, k), A and k (for a high SNR and
high frequencies less osub factor is required, for low SNR and low frequencies the
osub is less). The subf constant helps the resultant spectral components from
going below a minimum level. It is expressed as a fraction of the original noise
power spectrum. The final relation of the spectral subtraction between subf and
osub is defined by Equation 2

5 _ subf x Po (A k) if [Y (A k)|« QN k) < /subf x P,(\ k)
(X k)] = { \}//()\, k)| * Q(\, k) otherwise 4 2)

where Q(\ k) = (1 — \/osub(/\, B) ).
The missing element, P, (A, k), is computed using the short subband signal

power Py, (A, k) in a representation based on smoothed periodograms, as denoted
by Py(\ k) = ExPy(A\—1,k)+(1—&)x|Y (X, k)|? where £ represents the smoothing
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constant to obtain the periodograms. Then, P, (), k) is calculated as a weighted
minimum of P, (A, k) in a window of D subband samples. Hence,

P, (A k) = omin - Ppin(\ k), (3)

where P (A k) denotes the estimated minimum power and omin is a bias
compensation factor. The data window D is divided into W windows of length
M, allowing to update the minimum every M samples without time consuming.
This noise estimator combined with the spectral subtraction has the ability
to preserve weak speech sounds. If a short time subband power is observed,
the valleys correspond to the noisy speech signal and are used to estimate the
subband noise power.

The last element to be calculated is the SNRy (), k) in Equation @] that con-
trols the oversubtraction factor osub(\, k).

Py(X\ k) —min(P, (X k), Py(A, k)))

NR,(\ k) =101 4
SN () = 1010g fige (@
Up to this stage osub(\, k) and subf can be selected and the spectral substraction

algorithm can be computed.

2.2 PD-MEMLIN

PD-MEMLIN is an empirical feature vector normalization technique which uses
stereo data in order to estimate the different compensation linear transforma-
tions in a previous training process. The clean feature space is modelled as a
mixture of Gaussians for each phoneme. The noisy space is split in several ba-
sic acoustic environments and each environment is modelled as a mixture of
Gaussians for each phoneme. The transformations are estimated for all basic
environments between a clean phoneme Gaussian and a noisy Gaussian of the
same phoneme.

PD-MEMLIN approximations. Clean feature vectors, z, are modelled using
a GMM for each phoneme, ph

ppn() =Y pla|st")p(sE"), ®)

[
sh

p(a|sh) = N(@; pgn, Zpn), (6)

where ppn, X pn, and p(sPh) are the mean vector, the diagonal covariance ma-
trix, and the a priori probability associated with the clean model Gaussian s2”
of the ph phoneme.

Noisy space is split into several basic environments, e, and the noisy feature
vectors, y, are modeled as a GMM for each basic environment and phoneme

Pepn(y) = Y p(ylssPMp(s5™"), (7)

e,ph
Sy
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(y|8 vph) N(y; ILLSZ‘ph’ Esg,ph,)’ (8)

where s;ph denotes the corresponding Gaussian of the noisy model for the e
basic environment and the ph phoneme; fhgeph s 3, cphs and p(s ’ph) are the mean
vector, the diagonal covariance matrix, and the a priori probability associated
with s‘;’ph.

Finally, clean feature vectors can be approximated as a linear function, f,
of the noisy feature vector for each time frame ¢ which depends on the basic
environments, the phonemes and the clean and noisy model Gaussians: = ~
f(y, sPh, sz’ph) = Yt =Tk ewn, where r_pn seorh is the bias vector transformation
between noisy and clean feature vectors for each pair of Gaussians, s? and Sy eph,

PD-MEMLIN enhancement. With those approximations, PD-MEMLIN
transforms the Minimum Mean Square Error (MMSE) estimation expression,
&y = Elx|y], into

i‘t =Yt _ZZ Z Z ngh’S;,php(e|yt)p(ph|yt, 6)p($;|yt, eaph)p(8§h|yt7 euphv S;)v

e ph Sz,ph S;h
(9)

where p(ely;) is the a posteriori probability of the basic environment; p(ph|y:, e) is
the a posteriori probability of the phoneme, given the noisy feature vector and the
environment; p(sg? "y, e, ph) is the a posteriori probability of the noisy model
Gaussian, sy’ph7 given the feature vector, y;, the basic environment, e, and the
phoneme, ph. To estimate those terms: p(e|y:), p(phl|y:, e) and p(s ’ph‘yn e, ph),
[@) and (8) are applied as described in [§]. Finally, the cross- probablhty model,

p(sPPy;, e, ph, s ’ph), which is the probability of the clean model Gaussian, sP*,
given the feature vector, ¥, the basic environment, e, the phoneme, ph, and the
noisy model Gaussian, sz’ph, and the bias vector transformation, Tgph gophs ATC
estimated in a training phase using stereo data for each basic environment and
phoneme [].

3 PD-MEEMLIN

By combinig both techniques, PD-MEEMLIN arises as an empirical feature
vector normalization which estimates different linear transformations as PD-
MEMLIN, with the special property that a new enhanced space is obtained by
applying SS to the noisy speech signal. Furthermore, this first-stage enhance-
ment produces that the noisy space gets closer to the clean one, making the gap
smaller among them. Figure [2] shows PD-MEEMLIN architecture.

Next, the architecture modules are explained:

— The SS-enhancement of the noisy speech signal is performed, |X (), k)],
P,(\ k) and SN Ry (A, k) are calculated.

— Given the clean speech signal and the enhanced noisy speech signal, the clean
and noisy-enhanced GMMs are obtained.
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Fig. 2. PD-MEEMLIN Architecture

— In the testing stage, the noisy speech signal is also SS-enhanced and then
normalized using PD-MEEMLIN.
— These normalized coefficients are forwarded to the decoder.

4 Experimental Results

All the experiments were performed employing the AURORA2 database [13],
clean and noisy data based on TIDigits. Three types of noises were selected:
Subway, Babble and Car from AURORA2, that go from -5dB to 20dB SNR. For
every SNR the SS parameters osub and subf needs to be configured. The param-
eter osub takes values from 0.4 to 4.6 (0.4 for 20dB, 0.7 for 15dB, 1.3 for 10dB,
2.21 for 5dB, 4.6 for 0dB and 4.6 for -5dB) and subf values 0.03 or 0.04 (all SNR
levels except 5dB optimised for 0.04). The phonetic acoustic models employed
by PD-MEEMLIN are obtained from 22 phonemes and 1 silence. The models
set is represented by a mixture of 32 Gaussians each. Besides, two new sets of
each noise were used, PD-MEEMLIN needs one to estimate the enhanced-noisy
model, and onother to obtain the normalized coefficients. The feature vectors
for the recognition process are built by 12 normalized MFCCs followed by the
energy coefficient, its time-derative A and the time-acceleration AA. For the
training stage of the ASR system, the acoustic models of 22 phonemes and the
silence consist on a three-state HMMs with a mixture of 8 Gaussians per state.
The combined techniques show that for low noise conditions i.e. SN R=10, 15
or 20 dB, the difference between the original noisy space and the one approxi-
mated to the clean is similar. However, when the SNR is lower (-5dB or 0dB)
the SS improves the performance of PD-MEMLIN. Comparing the combination
of SS with PD-MEMLIN against the case where no techniques are applied, a
significant improvement is shown. The results described before are presented in
Tables 0l 2 and Bl The Tables show ”Sent” that means complete utterances
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Table 1. Comparative Table for the ASR working with Subway Noise

Subway ASR ASR+SS ASR+PD-MEMLIN ASR+PD-MEEMLIN
SNR Sent % Word % Sent % Word % Sent % Word % Sent % Word %
-5dB 3.40 21.57 10.09 34.22 11.29 37.09 13.29 47.95
0dB 9.09 29.05 20.18 53.71 27.07 61.88 30.87 69.71
5dB 17.58 40.45 32.17 70.00 48.15 80.38 51.65 83.40
10dB 33.07 65.47 50.95 83.23 65.83 90.58 70.13 91.86
15dB 54.45 84.60 64.84 90.02 78.92 94.98 78.22 94.40
20dB 72.83 93.40 76.52 94.56 85.91 97.14 86.71 97.30

Table 2. Comparative Table for the ASR working with Babble Noise

Babble ASR ASR+SS ASR+PD-MEMLIN ASR+PD-MEEMLIN
SNR Sent % Word % Sent % Word % Sent % Word % Sent % Word %
-5dB 4.60 23.08 7.59 29.78 8.49 29.54 6.69 37.79

0dB 11.29 30.41 15.98 44.49 23.48 55.72 20.08 59.50
5dB 20.58 44.23 30.37 65.11 48.75 80.55 49.25 83.70

10dB  40.86 72.85 50.25 80.93 74.93 94.20 69.33 91.48
15dB  69.03 90.54 69.93 90.56 84.12 96.86 81.32 95.54
20dB  82.42 96.17 83.52 95.84 88.91 98.09 88.01 97.98

Table 3. Comparative Table for the ASR working with Car Noise

Car ASR ASR+SS ASR+PD-MEMLIN ASR+PD-MEEMLIN
SNR Sent % Word % Sent % Word % Sent % Word % Sent % Word %
-5dB  3.10 20.18 10.49 28.87 6.79 25.90 13.89 44.31

0dB  8.09 26.18 18.58 46.70 23.58 52.67 35.16 70.47
5dB  14.99 35.34 31.47 66.50 51.95 82.34 58.64 86.30
10dB  28.77 58.13 54.25 82.72 70.83 92.15 70.93 91.90
15dB  57.84 84.04 68.03 90.51 82.02 96.16 81.42 95.86
20dB  78.32 94.61 81.42 95.30 87.01 97.44 87.81 97.77

percentage correctly recognised, and ”Word” indicates the words percentage cor-
rectly recognised. The gap between the clean and the noisy model, for the very
high degraded speech, had been shortened due to the advantages of both tech-
niques. When PD-MEEMLIN is employed the performance is between 11.7%
and 24.84% better than PD-MEMLIN, and between 11.4% and 34.5% better
than SS.

5 Conclusions

In this work a robust normalization technique, PD-MEEMLIN, has been pre-
sented by cascading a speech enhancement method (SS) followed by a feature
vector normalization algorithm (PD-MEMLIN). The results of PD-MEEMLIN
show a better performance than SS and PD-MEMLIN for a very high degraded
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speech. This improvement is made by the enhancement of the noisy models
employed by PD-MEMLIN, which are close to the original clean model.
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Abstract. An essential functionality for advanced driver assistance sys-
tems (ADAS) is road segmentation, which directly supports ADAS ap-
plications like road departure warning and is an invaluable background
segmentation stage for other functionalities as vehicle detection. Unfor-
tunately, road segmentation is far from being trivial since the road is
in an outdoor scenario imaged from a mobile platform. For instance,
shadows are a relevant problem for segmentation. The usual approaches
are ad hoc mechanisms, applied after an initial segmentation step, that
try to recover road patches not included as segmented road for being in
shadow. In this paper we argue that by using a different feature space to
perform the segmentation we can minimize the problem of shadows from
the very beginning. Rather than the usual segmentation in a color space
we propose segmentation in a shadowless image which is computable in
real-time using a color camera. The paper presents comparative results
for both asphalted and non—asphalted roads, showing the benefits of the
proposal in presence of shadows and vehicles.

1 Introduction

Advanced driver assistance systems (ADAS) arise as a contribution to traffic
safety, a major social issue in modern countries. The functionalities required to
build such systems can be addressed by computer vision techniques, which have
many advantages over using active sensors (e.g. radar, lidar). Some of them are:
higher resolution, richness of features (color, texture), low cost, easy aesthetic
integration, non—intrusive nature, low power consumption, and besides, some
functionalities can only be addressed by interpreting visual information. A rele-
vant functionality is road segmentation which supports ADAS applications like
road departure warning. Moreover, it is an invaluable background segmentation
stage for other functionalities as vehicle and pedestrian detection, since knowing
the road surface considerably reduces the image region to search for such objects,
thus, allowing real-time and reducing false detections.

Our interest is real-time segmentation of road surfaces, both non—asphalted
and asphalted, using a single forward facing color camera placed at the wind-
shield of a vehicle. However, road segmentation is far from being trivial since the

J. Mart{ et al. (Eds.): IbPRIA 2007, Part I1I, LNCS 4478, pp. 9-{IG] 2007.
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Fig. 1. Roads with shadows

road is in an outdoor scenario imaged from a mobile platform. Hence, we deal
with a continuously changing background, the presence of different vehicles of un-
known movement, different road shapes with worn—out asphalt (or not asphalted
at all), and different illumination conditions. For instance, a particularly rele-
vant problem is the presence of shadows (Fig. [[). The usual approaches found
in the literature are ad hoc mechanisms applied after an initial segmentation
step (e.g. [1I213]). These mechanisms try to recover road patches not included as
segmented road for being in shadow. In this paper we argue that by using a dif-
ferent feature space to perform the segmentation we can minimize the problem of
shadows from the very beginning. Rather than the usual segmentation in a color
space, we propose segmentation in a shadowless image, which is computable in
real-time using a color camera. In particular, we use the grey—scale illuminant
invariant image introduced in [], Z from now on.

In Sect. 2l we summarize the formulation of Z. Moreover, we also show that
automatic shutter, needed outdoors to avoid global over/under—exposure, fits
well in such formulation. In order to illustrate the usefulness of Z, in Sect. [3 we
propose a segmentation algorithm based on standard region growing applied to
Z. We remark that we do not recover a shadow—free color image from the orig-
inal, which would result in too large processing time for the road segmentation
problem. Section [ presents comparative road segmentation results in presence
of shadows and vehicles, both in asphalted and non—asphalted roads, confirming
the validity of our hypothesis. Finally, conclusions are drawn in Sect.

2 Illuminant Invariant Image

Image formation models are defined in terms of the interaction between the
spectral power distribution of illumination, surface reflectance and spectral sen-
sitivity of the imaging sensors. Finlayson et al. [4] show that under the assump-
tions of Planckian illumination, Lambertian surfaces and having three different
narrow band sensors, it is possible to obtain a shadow—free color image. We are
not interested in such image since it requires very large processing time to be
recovered. We focus on an illuminant invariant image (Z) that is obtained at the
first stage of the shadow—free color image recovering process. We briefly expose
here the idea behind Z and refer to [4] for details.
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Fig. 2. Ideal log-log chromaticity plot. A Lambertian surface patch of a given chro-
maticity under a Planckian illumination is represented by a point. By changing the
color temperature of the Planckian illuminator we obtain a straight line associated to
the patch. Lambertian surface patches of different chromaticity have different associ-
ated lines. All these lines form a family of parallel lines, namely Wy. Let £y be a line
perpendicular to ¥y and 6 the angle between £y and the horizontal axis. Then, by pro-
jection, we have a one—to—one correspondence between points in £y and straight lines of
Yy, so that ¢y preserves the differences regarding chromaticity but removes differences
due to illumination changes assuming Planckian radiators.

Let us denote by R, G, B the usual color channels and assume a normalizing
channel (or combination of channels), e.g. without losing generality let us choose
G as such normalizing channel. Then, under the assumptions regarding the sen-
sors, the surfaces and the illuminators, if we perform a plot of r = log(R/G)
vs. b = log(B/G) for a set of surfaces of different chromaticity under different
illuminants, we would obtain a result similar to the one in Fig. 2l This means
that we obtain an axis, £y, where a surface under different illuminations is rep-
resented by the same point, while moving along ¢y implies to change the surface
chromaticity. In other words, £y can be seen as a grey—level axis where each grey
level corresponds to a surface chromaticity, independently of the surface illu-
mination. Therefore, we obtain an illuminant invariant image, Z(p), by taking
each pixel p = (z,y) of the original color image, Irap(p) = (R(p), G(p), B(p)),
computing p’ = (r(p), b(p)) and projecting p’ onto ¢y according to 6 (a camera
dependent constant angle). The reason for Z being shadow—free is, roughly, that
non—shadow surface areas are illuminated by both direct sunlight and skylight
(a sort of scattered ambient light), while areas in the umbra are only illuminated
by skylight. Since both, skylight alone and with sunlight addition, can be consid-
ered Planckian illuminations [5], areas of the same chromaticity ideally project
onto the same point in £y, no matter if the areas are in shadow or not.

Given this result, the first question is whether the working assumptions are
realistic or not. In fact, Finlayson et al. [4] show examples where, despite the
departures from the assumptions that are found in practice, the obtained re-
sults are quite good. We will see in Sect. @] that this holds in our case, i.e., the
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combination of our camera, the daylight illuminant and the surface we are
interested in (the road) fits pretty well the Z theory.

A detail to point out is that our acquisition system was operating in auto-
matic shutter mode: i.e., inside predefined ranges, the shutter changes to avoid
both global overexposure and underexposure. However, provided we are us-
ing sensors with linear response and the same shutter for the three channels,
we can model the shutter action as a multiplicative constant s, i.e., we have
slras = (sR,sG,sB) and, therefore, the channel normalization removes the
constant (e.g. sR/sG = R/G).

In addition, we expect the illumination invariant image to reduce not only
differences due to shadow but also differences due to asphalt degradation since,
at the resolution we work, they are pretty analogous to just intensity changes.
Note that the whole intensity axis is equivalent to a single chromaticity, i.e., all
the patches of the last row of the Macbeth color checker in Fig. 2l (N;) project
to the same point of £y.

3 Road Segmentation

With the aim of evaluating the suitability of the illuminant invariant image we
have devised a relatively simple segmentation method based on region growing
[6], sketched in Fig. Bl This is, we do not claim that the proposed segmentation
is the best, but one of the most simplest that can be expected to work in our
problem. We emphasize that our aim is to show the suitability of Z for road
segmentation and we think that providing good results can be a proof of it, even
using such simple segmentation approach.

The region growing uses a very simple aggregation criterium: if p = (z,y)
is a pixel already classified as of the road, any other pixel p,, = (z,,y,) of its
8—connected neighborhood is classified as road one if

diss(p, Pn) < tagg (1)

where diss(p,pn) is the dissimilarity metric for the aggregation and .4y a
threshold that fixes the maximum dissimilarity to consider two connected pixels
as of the same region. To prove the usefulness of Z we use the simplest dissimi-
larity based on grey levels, i.e.,

dissz(p,Pn) = |Z(P) — Z(Pn)| - (2)

Of course, region growing needs initialization, i.e., the so—called seeds. Cur-
rently, such seeds are taken from fixed positions at the bottom region of the
image (Fig. B, i.e., we assume that such region is part of the road. In fact, the
lowest row of the image corresponds to a distance of about 4 meters away from
the vehicle, thus, it is a reasonable assumption most of the time (other proposals
require to see the full road free at the start up of the system, e.g. [I]).

In order to compute the angle 6 corresponding to our camera, we have fol-
lowed two approaches. One is the proposal in [7], based on acquiring images of
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Original Image Chromaticity

b,

I, =projection (0.r,.b,)

| Final segmentation Region growing segmentation | .

Mathematical morphology | Region growing (1, seds)

| {closing with nxm JSE and hole filling)

Fig. 3. Proposed algorithm. In all our experiments we have fixed values for the algo-
rithm parameters: o = 0.5 for Gaussian smoothing (Gaussian kernel, g, discretized
in a 3 x 3 window for convolution ’+’); 8 = 38°; tagq = 0,007 and seven seeds placed
at the squares pointed out in the region growing result; structuring element (SE) of
n X m = 5 x 3. Notice that we apply some mathematical morphology just to fill in
some small gaps and thin grooves.

the Macbeth color checker under different day time illuminations and using the
(r,b)-plot to obtain 6. The other approach consists in taking a few road images
with shadows and use them as positive examples to find 6 providing the best
shadow—free images for all the examples. The values of # obtained from the two
calibration methods basically give rise to the same segmentation results. We have
taken 6 from the example—based calibration because it provides slightly better
segmentations. Besides, although not proposed in the original formulation of Z,
before computing it we regularize the input image Irzp by a small amount of
Gaussian smoothing (the same for each color channel).

4 Results

In this section we present comparative results based on the region growing al-
gorithm introduced in Sect. [ for three different feature spaces: intensity image
(I; also called luminance or brightness); hue-saturation—intensity (H.SI) color
space; and the illuminant invariant image (7).
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The intensity image is included in the comparison just to see what can we
expect from a monocular monochrome system. Since it is a grey level image, its
corresponding dissimilarity measure is defined analogously to Eq. @), i.e.:

diss (P, Pn) = [I(P) — I(Pn)] - (3)

The H ST space is chosen because it is one of the most accepted color spaces for
segmentation purposes [§]. The reason is that by having separated chrominance
(H & S) and intensity (I) such space allows reasoning in a closer way to human
perception than others. For instance, it is possible to define a psychologically
meaningful distance between colors as the cylindrical metric proposed in [8] for
multimedia applications, and used in [I] for segmenting non—asphalted roads.
Such metric gives rise to the following dissimilarity measure for H ST space:

— Case achromatic pizels: use only the definition of diss; given in Eq. (@)).
— Case chromatic pizels:

diSSHST (P7 pn) = \/diSS%IS (pa pn) + diSS%(p, pn) 5 (4)

taking the definition of diss; from Eq. ([B]), and given

dissgs(p,Pn) \/52 )+ S2(pn) + S(p)S(pn)cosy
bein _ dissH(papn) if diSSH(Pan) < 180°
& ~ 1 360° — dissg(p,pn) otherwise ,

for dissy(p,pn) = [H(p) — H(pn)| ,

where the different criterion regarding chromaticity is used to take into account
the fact that hue value (H) is meaningless when the intensity (I) is very low or
very high, or when the saturation (5) is very low. For such cases only intensity
is taken into account for aggregation. We use the proposal in [8[I] to define the
frontier of meaningful hue, i.e., p is an achromatic pixel if either I(p) > 0.91,,., or
I(p) < 0.11,,., or S(p) < 0.15,.., where I, and S,,., represent the maximum
intensity and saturation values, respectively.

In summary, to compute Eq. (Il) we use Eq. (@) for Z with threshold t,44,7, Eq.
@) for I with threshold tq44 7, and Eq. @) for HST with thresholds tqgg,cn (chro-
matic case) and tqgg.acn (achromatic case). Figure @ shows the results obtained
for examples of both asphalted and non—asphalted roads. We have manually set
the tagg,7, tagg,r, and tagg ch,lagg,ach Parameters to obtain the best results for
each feature space, but such values are not changed from image to image, i.e.,
all the frames of our sequences have been processed with them fixed.

These results suggest that Z is a more suitable feature space for road seg-
mentation than the others. Road surface is well recovered most of the times,
with the segmentation stopping at road limits and vehicle:-El, even with a simple

! Other on going experiments, not included here for space restrictions, also show that
segmentation is quite stable regarding the chosen aggregation threshold as well as
the number and position of seeds, much more stable than both I and HSI.
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(b) B (d)

Fig. 4. From left to right columns: (a) original 640 x 480 color image with the seven
used seeds marked in white; (b) segmentation using I with taqg¢,7 = 0,008; (c) segmen-
tation using Z with tegez = 0,003; (d) segmentation using HST with tegq9,cn = 0,08,
and tagg,ach = 0,008. The white pixels over the original image correspond to the seg-
mentation results. The top four rows correspond to asphalted roads and the rest to
non—asphalted areas of a parking.

segmentation method. Now, such segmentation can be augmented with road
shape models like in [9T0] with the aim of estimating the not seen road in case
of many vehicles in the scene. As a result, road limits and road curvature ob-
tained will be useful for applications as road departure warning. The processing
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time required in non—optimized MatLab code to compute Z is about 125ms and
700ms for the whole segmentation process. We expect it to reach real-time when
written in C++ code.

5 Conclusions

We have addressed road segmentation by using a shadow—free image (7). In
order to illustrate the suitability of Z for such task we have devised a very
simple segmentation method based on region growing. By using this method we
have provided comparative results for asphalted and non—asphalted roads which
suggest that 7 makes the segmentation process easier in comparison to other
popular feature space found in road segmentation algorithms, namely the HST.
In addition, the process can run in real-time. In fact, since the computation of 7
only depends on a precalculated parameter, i.e., the camera characteristic angle
0, it is possible that a camera supplier would provide such angle after calibration
(analogously to calibration parameters provided with stereo rigs).

Acknowledgments. This work was supported by the Spanish Ministry of
Education and Science under project TRA2004-06702/AUT.
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Abstract. Recent stereo cameras provide reliable 3D reconstructions.
These are useful for selecting ground-plane points, register them and
building mosaics of cluttered ground planes. In this paper we propose
a 2D Iterated Closest Point (ICP) registration method, based on the
distance transform, combined with a fine-tuning-registration step using
directly the image data. Experiments with real data show that ICP is
robust to 3D reconstruction differences due to motion and the fine tuning
step minimizes the effect of the uncertainty in the 3D reconstructions.

1 Introduction

In this paper we approach the problem of building mosaics, i.e. image montages,
of cluttered ground planes, using stereo vision on-board of a wheeled mobile
robot. Mosaics are useful for the navigation of robots and for building human-
robot interfaces. One clear advantage of mosaics is the simple representation of
robot localization and motion: they are simply 2D rigid transformations.

Many advances have been made recently in vision based navigation. Flexi-
ble (and precise) tracking and reconstruction of visual features, using particle
filters, allowed real time Simultaneous Localization and Map Building (SLAM)
[1]. The introduction of scale-invariant visual features brought more robustness
and allowed very inexpensive navigation solutions [2J3]. Despite being effective,
these navigation modalities lack building dense scene representations convenient
for intuitive human-robot interfaces. Recent commercial stereo cameras came
to help by giving locally dense 3D scene reconstructions. Iterative methods for
matching points and estimation their rigid motion, allow registering the local
reconstructions and obtaining global scene representations. The Iterated Closest
Point (ICP) [M] is one such method that we explore in this work.

The ICP basic algorithm has been extended in a number of ways. Examples of
improvements are robustifying the algorithm to the influence of features lacking
correspondences or using weighted metrics to trade-off distance and feature simi-
larity [5]. More recent improvements target real time implementations, matching
shapes with defects or mixing probabilistic matching metrics with saturations
to minimize the effect of outliers [6I7I8]. In our case, the wheeled mobile robots
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motion on the ground plane allows searching for 2D, instead of 3D, registra-
tions. Hence we follow a 2D ICP methodology, but we take a computer vision
approach, namely registering clouds of points using the distance transform [9].

Stereo cameras allow selecting ground-plane points, registering them and then
building the ground plane mosaic. Stereo reconstruction is therefore an advan-
tage, however some specific issues arise about its use. For example, the discrete
nature of the imaging process, and the variable imaging of objects and occlusions
due to robot motion, imply uncertainties on the 3D reconstruction. Hence, the
registration of 3D data propagates also some intrinsic uncertainty. The selection
of ground-plane data, is convenient for complexity reduction, however a question
of the sparsity of data arises. In our work we investigate robust methodologies
to deal with these issues, and in particular we investigate whether resorting to
the raw image data can help minimizing error propagation.

The paper is structured as follows: Sec.2 details the mosaicking problem and
introduces our approach to solve it; Sec.3 shows how we build the orthographic
views of the ground plane; Sec.4 details the optimization functionals associated
to mosaic construction; Sec.5 is the results section; Finally in Sec.6 we draw
some conclusions and guidelines for future work.

2 Problem Description

The main objective of our work is mosaicking (mapping) the ground plane con-
sidering that it can be cluttered with objects such as furniture. The sensor is a
static trinocular-stereo camera mounted on a wheeled mobile robot. The stereo
camera gives 3D clouds of points in the camera coordinate system, i.e. a mobile
frame changed by the robot motion. See Fig. [l

The ground plane constraint implies that the relationships between camera
coordinate systems are 2D rigid motions. As in general the camera is not aligned
with the floor, i.e. the camera coordinate system does not have two axis parallel
to the ground plane, the relationships do not clearly show their 2D nature. In
order to make clear the 2D nature of the problem, we define a new coordinate
system aligned with the ground plane (three user-selected well-separated ground
points are sufficient for this purpose).

2
T
{cam,) —L» {cam,}

P P
{img,} {img,}
H

2H1
{bev,) —> {bev,}

Fig. 1. Mosaicking ground planes: Stereo camera, Image and BEV coordinate systems
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Commercial stereo cameras give dense reconstructions. For example, for each
image feature, such as a corner or an edge point, there are usually about 20 to 30
reconstructed 3D points (the exact number depend on the size of the correlation
windows). Considering standard registration methods as Iterated Closest Point
(ICP, []), the large clouds of 3D points imply large computational costs. Hence,
we choose to work with a subset of the data, namely by selecting just points of
the ground plane. The 2D clouds of points can therefore be registered with a 2D
ICP method.

Noting that each 3D cloud of points results from stereo images registration,
the process of registering consecutive clouds of points has some error propagated
from the cloud reconstruction. In order to minimize the error propagation, we
add a fine tuning image-based registration process after the initial registration
by a 2D ICP method. The image-based registration is a 2D rigid transformation
in Bird’s Eye Views (BEV), i.e. orthographic images of the ground plane. BEV
images can be obtained also knowing some ground points and the projection
geometry. To maintain consistent units system, despite having metric values in
the 3D clouds of points, we choose to process both the 2D ICP and the image
registration in the pixel metric system, i.e. the same as the raw data.

In summary our approach encompasses two main steps: (i) selection of ground
points and 2D ICP, (ii) BEV image registration. Despite the 2D methodology
notice that the 3D data is a principal component. The 3D sensor allows select-
ing the ground plane data, which is useful not only for using a faster 2D ICP
method but mainly for registering the ground plane images without considering
the distracting (biasing) non-ground regions.

3 Obtaining Bird’s Eye Views (BEV)

The motion of the robot implies a motion of the trinocular camera which we
denote as 2T}. The indexes 1 and 2 indicate two consecutive times, and tag also
the coordinate systems at the different times, e.g. the camera frames {cam, } and
{cams}. The image plane defines new coordinate systems, {img;} and {imgs},
and the BEV defines another ones, {bev:} and {bevs}. See Fig. [l

The projection matrix, P relating {cam;} and {img;} is given by the camera
manufacturer or by a standard calibration procedure [I0]. In this section we are
mainly concerned with obtaining the homography, H relating the image plane
with the BEV.

The BEV dewarping, H is defined by back-projecting to the ground plane
four image points (appendix A details the back-projection matrix, P*). The
four image points are chosen so to comprehend most of the field of view imaging
the ground plane. The region close to the horizon line is discarded due to poor
resolution. Scaling is chosen such that it preserves the largest resolution available,
i.e. no image-data loss due to sub sampling.

Is interesting to note that the knowledge of the 3D camera-motion, 27} directly
gives the BEV 2D rigid transformation, 2H; (see Fig. [):

Hy = H.P?T,.P*.H* (1)
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The inverse transformation, i.e. obtaining 27; from 2H, is also possible since
the motion is constrained to the ground plane: a 2D frame is transformed using
2H,, and the missing dimension can be recoved e.g. by the relationship of the
cross products of the vectors of the frame. In other words, estimating the camera
motion in the camera frame is equivalent to estimating motion in the BEV frame.

4 Mosaic Construction

The input data for mosaic creation consists of BEV images, I; and [;;1, and
clouds of ground-points projected in the BEV coordinate system, {[u v}tjji} and
{[u v]{,,;}- In this frame, the camera motion is a 2D rigid translation, ?Hj,
which can be represented by three parameters p = [du év 60]. We want to find
w1 such that the clouds of points match as close as possible:

' = arg,min ¥ ||[u v]fy; ; — Rot(86).[u o]}, — [6u 60" (2)

7

The correspondence between points of the clouds, i.e. finding the index j match-
ing i, is based on the nearest neighbor rule, as with ICP. However in our case the
matching is implemented using a distance transform. Using a distance transform
allows matching 2D shapes as a 2D lookup-table reading of nearest neighbors
and distances to them, instead of a combinatorial search between the clouds of
points [9]. In order to smooth the cost functional and deal with the small shape
differences (e.g. locally regular patterns generated by dense stereo reconstruc-
tion) we read interpolated-distance-values from the distance transform, and in
order to deal with large differences (e.g. clouds leaving the field of view) we place
a saturation on the distance transform (constant distances imply no influence in
the optimization process).

Given the first estimation of the 2D motion and the knowledge of ground
points, we can now fine tune the registration using ground plane image data:

pt = arg, minZ | i+1(Rot(66).[u ’U]Zi + [6u 6v)T) — Ii([u U]Zi)HQ (3)

Despite the fine tuning nature of this process, there is still possible to have
regions of one image that got out of the field of view in the next image. The
non-matched pixels get comparison values given by the closest matchings in
an initial stage. These values are updated in the optimization process only if
true matchings become possible, i.e. a new hypothetical 2D rigid motion be-
tween BEV images can bring to visibility unmatched points. This allows further
smoothing the optimization process for points near the border of the field of
view.

Finally, given the 2D rigid motion, the mosaic composition is just an accu-
mulation of images. A growing 2D image buffer is defined such as to hold image
points of the ground plane along the robot traveled path.
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5 Experimental Results

In our experiments we use the Point Grey’s Digiclops trinocular camera (Fig.2h).
This stereo camera encompasses three 640 x 480 color cameras arranged in an
L-shape form (top-left, bottom-left and bottom-right), with 10 cm baselines. The
robot carrying the camera follows a circular path with a 9.4 meters perimeter.
215 stereo images are acquired along the path.

Figure Pl illustrates the dewarping to BEV images and the registration of the
dewarped images. The BEV images are 1568 x 855. One meter measured in the
ground plane is equivalent to 318 pixels the BEV (this calibration information
derives directly from the stereo-camera calibration). The registration is illus-
trated by super-imposing consecutive BEV images after applying to the first

D#ﬂl.

(a) Trinocular (b) Reference camera (c) Reference camera
camera. time t. time t + 1.

n\ I\. '
B "‘1 *

(d) Dewarping (e) Superposition (f) Distance

BEYV of (b). without registration. transform of (c).

(g9) Superposition (h) Cost functionals vs perturbation 60
after registration. (costs normalized to [0,1], 60 in [—10°,10°]).

Fig. 2. BEV dewarping and registration. (a) Stereo camera. (b) and (¢) show recon-
structed ground-points (blue-points) in the reference camera of the stereo setup. (d)
BEV dewarping of (b). (e) superposition of BEVs without registration (notice the blur).
(f) distance transform of the ground points seen in (c). (g) correct superposition of all
ground points after registration. (h) comparison of the cost functionals by perturbing
660 about the minimizing point: registration using Eq[21 has a larger convergence region
(dots plot) but the image-based registration, Eq[3lis more precise (circles plot).
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(b) Ground points used (¢) Mosaic with all imaging
for registration (landmarks) data superimposed

Fig. 3. View of the working area (a), mosaic of the ground points chosen as landmarks
while registering the sequence of BEV images (b) and a mosaic with all the visual
information superimposed (c).

image the estimated 2D rigid motion. Notice in particular in Fig. Bk the sig-
nificant shape differences of the clouds of points as compared to Fig. Bb, and
in Fig. B the graceful degradation of the superposition for points progressively
more distant to the ground plane. Fig. Bf shows the distance transform used
for matching ground-points. The matching is performed repeatedly in Eq[2 in
order to obtain the optimal registration shown in Fig. Ble. The existence of local-
clusters of points, instead of isolated points, motivates a wider-convergence but
less precise registration which can be improved resorting to image data (Eq3)
as shown in figure Fig. 2h.

The mosaicking of BEVs shows clearly the precision of the registration process.
In particular shows that the image-based registration improves significantly the
2D motion estimation. After one complete circle described by the robot, the 2D
ICP registration gives about 2.7 meters localization error (28% error over path
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length) which is improved to about 0.23 meters (2.3% error over path length)
when using image-based registration. This allows obtaining a mosaic closing
almost perfectly a circular path (see Fig.[Bk). Notice that only the ground points
are registered in the mosaic, and thus all other points should exhibit artifacts
due to parallax.

6 Conclusions

In this paper we proposed a method for creating mosaics of cluttered ground
planes. Current stereo cameras provide 3D information and allow selecting
ground points reliably. 3D data has been shown to be convenient as it allows se-
lecting ground points, that can be registered and then used for building mosaics
of cluttered ground planes.

The input of the mosaicking process consists mainly of many points forming
local sparse clouds. This implied using robust registration methods designed for
clouds instead of well separated features. We proposed using computer vision
techniques such as distance transform to compare shapes and image correlation
for fine tuning the registration. Results shown that the distance transform copes
well with the sparse nature of the clouds. The saturation of the distance trans-
form is useful for coping with the outliers. 3D reconstructed clouds were found
to be useful for an initial registration, but fine tuning required resorting to the
original image data.

Future work - The proposed mosaicking method will be used for benchmark-
ing other registration methods based on the same input data (monocular or
stereo vision). Combining reconstructed 3D information, accounting for vari-
able local-densities of features and including color information, guaranteeing at
the same time good convergence properties, is still a research topic within ICP
registration.

As noted in the introduction, we plan to use the mosaics for navigation. The
pairwise registration of the 2D ground features, acquired at consecutive time
stamps, still suffers the error accumulation problem typical of odometry. How-
ever, from the point of view of keeping the robot localised, the image pairwise
registration is enough, as the robot can always navigate on the mosaic and roll-
back to its starting location by local registration over the mosaic.
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A Back-Projection to the Ground Plane

Consider the projection equation in homogeneous coordinates m ~ PM =
[A b]M, where M = [z y z 1]T is a generic 3D point, m = [u v 1]7 is the
image point projection of M and the sign = denotes equality up to a scale factor
[T1]. We have that the camera projection center is C = —A~'b and the 3D direc-
tion associated to m (point at infinity) is D = A~'m. Thus the back-projection
comes M = [C;1]+a[D;0] = [A~!(am —b); 1] where « is a scaling factor setting
the distance from the 3D point to the camera center and ”;” denotes vertical
stacking of vectors [12].

Representing the ground plane by a normal vector, n and a distance to the
coordinate system origin, d, the factor « in the back-projection equation can be
computed by enforcing M{;.n = d. The back-projection equation can now be
arranged to a single 4 x 3 matrix, P* converting an image point m to a 3D point
M on the ground plane:

M~ P*'m =

(d+bTA"Tn)A~! —Alb} [ Is }m. @

nT A1 0 001
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Abstract. Lines are particularly important features for different tasks
such as calibration, structure from motion, 3D reconstruction in com-
puter vision. However, line detection in catadioptric images is not trivial
because the projection of a 3D line is a conic eventually degenerated.
If the sensor is calibrated, it has been already demonstrated that each
conic can be described by two parameters. In this way, some methods
based on the adaptation of conventional line detection methods have
been proposed. However, most of these methods suffer from the same
disadvantages than in the perspective case (computing time, accuracy,
robustness, ...). In this paper, we then propose a new method for line
detection in central catadioptric image comparable to the polygonal ap-
proximation approach. With this method, only two points of a chain
allows to extract with a very high accuracy a catadioptric line. More-
over, this algorithm is particularly fast and is applicable in realtime. We
also present experimental results with some quantitative and qualitative
evaluations in order to show the quality of the results and the perspec-
tives of this method.

1 Introduction

Catadioptric vision sensors (associations of a camera with a mirror) are now
broadly used in many applications such as robot navigation, 3D scene recon-
struction or video surveillance [I]. Their large field of view is indubitably the
major reason of this success. Baker and Nayer classified these sensors in two
respective categories [2]. First, sensors with a single viewpoint, named central
catadioptric sensors are made of parabolic mirror associated to orthographic
camera and hyperbolic, elliptic and plane mirrors with perspective camera. The
second category with different viewpoints has geometric properties less signifi-
cant and is made of the other possibilities of association between mirrors and
cameras. In this paper, we are only interested in central sensors which permit
a geometrically correct reconstruction of the perspective image from the orig-
inal catadioptric image. However, their employment presents some drawbacks
because of the deformations induced by the mirror. For example, some very
useful classical treatments in perspective image processing can be no more per-
formed on catadioptric images because they are inadequate. One of these major
treatments deals with line extraction. Thus, while in the perspective case line
detection is perfectly known and efficiently solved, with catadioptric images the

J. Mart{ et al. (Eds.): IbPRIA 2007, Part I1I, LNCS 4478, pp. 25-[32 2007.
© Springer-Verlag Berlin Heidelberg 2007



26 J.C. Bazin, C. Demonceaux, and P. Vasseur

| - . — \ d
\ . / 3 -
\ \ / V4 \ AN
Unitary sphere . \_ 4 N © Greatcircle
\ A A o
e 9, - e o, 7
~ - -

(a) (b)

Fig. 1. (a) Image formation model. Example of projection via the unitary sphere for
a 3D point. (b) Projection of a 3D line via the unitary sphere into the catadioptric
image plane.

problem is absolutely not trivial. Indeed, the projection of any 3D real line is
a conic eventually degenerate. Thus, in the case of an uncalibrated sensor, it is
necessary to estimate five parameters for each line while only two parameters
are sufficient for a calibrated sensor. If we consider the projection of a 3D point
by the way of the unitary sphere (fig. [1(a)|) as proposed in [3] [] [5] with the
formalism defined in [3] [4], we can define oriented projective ray P; passing by
3D point z,, and the center of the sphere. This ray intersects the surface of the
sphere in zs. We then consider oriented projective ray P, passing by x, and a
point situated on the z-axis between the center of the sphere and the north pole.
This point is at distance £ from the center of the sphere and depends only on the
mirror geometric characteristics. P, intersects plane at infinity in point x;. Fi-
nally, homography H defined between the plane at infinity and the catadioptric
image plane projects point x; into point z.. H includes intrinsic parameters of
the camera, possible rotations between the sphere frame and the camera frame,
and finally the parameters of the mirror. According to this model, we can de-
velop the projection of a 3D line into the catadioptric image plane (fig. [1(b)]).
We consider plane IIr which contains the real 3D line and the center of the
sphere. This plane intersects the sphere and then defines a great circle onto its
surface. The set of oriented projective rays passing by the points of the great
circle and point Os define then a cone which intersects plane at infinity into
conic (. Finally, homography H transforms C; into conic C. in the catadioptric
image plane. In plane at infinity, we know that the equation of conic C; is equal
to:
np(1—€%) —n2e®  nany(l1—¢€°) nen.
Ci=| mnany(1-€") ny(l—¢*)—ni& nyn. (1
NNz NyNz ’I’Lz
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with (ng,ny,n,)T the vector which describes the normal to plane P, which
contains the 3D line. We obtain the equation of conic C. in image plane thanks
to the following relation:

Cc.,=HTc,H™! 2)

Finally, a pixel z. = (v v 1)T belongs to the conic C, if the equality 27 C.x, =
0 is verified.

In this paper, we propose a new method for calibrated catadioptric line de-
tection which permits a very fast, robust and accurate detection. The proposed
approach consists in roughly estimating the possible catadioptric lines in the
image and in verifying if each possible line is a real catadioptric line. The rest
of the paper is organized as follows. Section II is devoted to the related works
which deal with catadioptric line detection in calibrated and uncalibrated cases.
In section III, we present a complete description of the algorithm. Section IV is
devoted to experimental results with quantitative and qualitative evaluations.
We finally conclude in section V on different perspectives.

2 Related Works

The methods of catadioptric line detection and estimation can be divided in three
categories. The first class deals with methods applicable as well in the calibrated
case as in the uncalibrated case and includes the algorithms of conic fitting
[6]. The second category concerns calibrated sensors and most of the proposed
techniques in this category are based on adaptation of Hough transform [7] [§]
[9]. Methods for uncalibrated sensors form the third category. These methods
use particular geometric constraints of catadioptric sensors and are generally
dedicated to paracatadioptric sensors [I0] [IT]. In the rest of this section, we
only develop the two first categories because the third is not enough general and
concerns only paracatadioptric cameras.

Conic fitting algorithms determine the curve that best fits the data points
according to a certain distance metric [6]. In [I0], the authors present a com-
parison of the normal least squares (LMS), approximate mean square (AMS),
Fitzgibbon and Fisher (FF) [12], gradient weighted least square fitting (GRAD)
and orthogonal distances (ORTHO) methods for the specific problem of para-
catadioptric line detection. Their conclusions are that GRAD and ORTHO are
the most robust to noise and that all methods perform poorly when the ampli-
tude of the occlusion is above 240°. Since most of the catadioptric lines have an
amplitude less than 45°, it appears clearly that these methods are unsuitable
for general central catadioptric line detection and estimation. Moreover, these
methods suppose that the pixels from the edges have been already classified into
chains representing the different possible catadioptric lines.

In the calibrated case, homography H and parameter £ are known. In this way,
a 3D line is determined thanks to a vector (ng, n,,n,)?. This vector represents
the normal of the great circle on the unitary sphere obtained by the intersec-
tion of the plane which contains the center of the sphere and the 3D real line
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(fig. (). A 3D real line can be also represented by two angles ¢ and 6 which
respectively are the elevation angle and the azimuth angle of the normal vector.
Each catadioptric line is then represented by only two parameters and a simple
adaptation of the Hough transform can solved the problem. This is this kind of
approach which is proposed in [§] and [7]. The mean difference between these
methods deals with the space in which the treatments are performed. In [7], the
image is projected on the unitary sphere and the 3D coordinates of the pixels are
then used while in [8], they apply the algorithm directly in the image. Although
these two approaches present interesting results, it is worth noting that they
present the classic defects of the Hough transform such as the best sampling
step for ¢ and 6 for example. In order to avoid these drawbacks, we can note
that if two pixels of a catadioptric line are known, it is then possible to compute
the normal of the great circle and then to obtain the corresponding values of ¢
and 6. In [9], the authors propose a randomized Hough transform which selects
randomly two points in the image of edges in order to compute the ¢ and 6
angles. These angles are then used in an accumulator for the detection of the
most confident catadioptric lines.

3 Central Catadioptric Line Detection Algorithm

Our line detection algorithm for central catadioptric sensor consists first in ap-
plying a Canny edge detector (Fig. Then, we proceed to an edge chaining
which consists in extracting connected pixels from edges in order to form lists
with a length superior or equal to a threshold (NbPixels) (Fig . To detect
the lines in the scene consists then in verifying if these chains are the projections
of 3D lines. In this way, we apply a split and merge algorithm of the chains.
First, an adaptation of the polygonal approximation of the classical perspective
case is proposed in order to find which chains or parts of chains are catadiop-
tric projections of lines. This process is performed thanks to a division criterion
which cuts the chains at a particular position if the chain is not verified as a
catadioptric line. Next, we use a fusion criterion in order to group the different
chains in the image which represents the same central catadioptric lines. These
both criteria are discussed in the following of the paper.

3.1 Division Criterion

Consider the two endpoints of a chain of N pixels with coordinates P, =
(X1,Y1,71) and P, = (X2, Ya, Z3) on the unitary sphere S2. These points define
a single central catadioptric line in the image and then a great circle C on the
sphere (cf fig(L(a)(b)). This circle results from the intersection of the unitary
sphere and a plane which contains the sphere origin 0; and whose a normal
vector is W = Ol—P{ X 01—132) = (Ng, Ny, n.)T. Then, the equation of C is:

NgX +nyY +n.Z =0
(X,Y,Z) € 52
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We consider that a point on the sphere with coordinates (X;,Y;, Z;) of the chain
belongs to the great circle if the distance between this point and the plane defined
by the great circle is less than a threshold:

|nz X + nyY; + n.Z;| < DivThreshold.

This chain is then considered as a central catadioptric line if at least 95% of its
points belong to the great circle.

In the opposite case, we cut the chain into two sub-chains at the point
(X;,Y;, Z;) which maximizes the following error |[(X;,Y;, Z;). ||, i = 1---n
(the furthest point from the plane).

This division step stops when the chain is considered as a central catadioptric
line or when the length of the sub-chains is less than the threshold (NbPixels).
At the end of this step, we then obtain the whole set of central catadioptric
lines in the image. However this method may generate a multi-detection of the
same lines. In order to compensate this drawback, we then propose to merge the
similar catadioptric lines.

3.2 Fusion Criterion

Let define two catadioptric lines d; and dy detected with the previous method.
These lines respectively characterized by 717 and 723 define two planes in the 3D
space passing through the origin of the unitary sphere, ITy = {U = (X,Y, Z) €
R3, 71.U =0} and Il = {U = (X,Y,Z) € R3, W2.U = 0} . We consider that
these detected catadioptric lines are similar if they define the same 3D plane,
that is to say if:

1 —|71. 2| < FusThreshold.

In this case, the two catadioptric lines are merged into a single line. The cata-
dioptric line equation is then updated from the pixels of the chains which belong
to di and dp as follows. Let note respectively M = (X}, Y}, Z1);=1..n, and
M? = (X2, Y? Z2)i=1...N,, the pixels of catadioptric line d; (resp. da). Let M,
the matrix of dimension (N7 + Na) X 3,

Xt vt zi

X.l Y.l Zl
M = Ny "Ny Ny ,

X2 v? 72

X3, Y&, Z%,

The normal vector @ = (ng, ny, n.)T of the great circle associated to the cata-
dioptric line is then solution of:

M7 =(0,---,0)T. (3)

The solution of ([@B]) is obtained from the SVD of matrix M [13].
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4 Experimentations

We have tested our central catadioptric line detector on different kinds of om-
nidirectional images. We first propose some results with synthesis images for
which we perfectly know the line equations in order to show the accuracy of the
approach. Then, some results on real images are also proposed. In the whole
set of experimentations except in one indicated case, the different thresholds are
fixed as follows : NbPixels =100, DivThreshold = 0.0005, FusThreshold = 1°.

(a) (b)

Fig. 2. (a) Original image, (b) Detected catadioptric lines

4.1 Synthesis Images

We have generated two synthesis images for which we perfectly know the cali-
bration parameters and line equations. The first image contains five catadioptric
lines (fig . The five lines are obviously easily detected (fig . However,
results show a very high accuracy of the catadioptric line estimation. Indeed,
contrary to Hough based methods which require a sampling of the search space
and for which the accuracy depends on this sampling, in the proposed method
the catadioptric line estimation is performed analytically. Thus, let note H? the

3 x 3 matrix of the conic associated to a catadioptric line ¢ (¢ =1---5) and HZ,

(a) (b) ()

Fig. 3. (a) Original image, (b) Red catadioptric lines correspond to detected catadiop-
tric lines, (c) False catadioptric lines whan the length NbPixel is too low
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the estimation of this matrix from the proposed method. For the five catadioptric
lines of the first image Fig the mean error:
[HE/HL(3,3) — HI/H3,3)| _ s
Z (LAl -

The second synthesis image is composed of eight catadioptric lines and two
'false’ catadioptric lines (ﬁg. Results show that the eight catadioptric lines
are correctly detected Les résultats montrent bien que les 8 droites sont cor-
rectement détectées while the two ellipses which are ‘false’ catadioptric lines are
not detected (ﬁg. Nevertheless, if the minimal length NbPixel decreases (in
this example, NbPixel=50), we can note that some parts of these ellipses may
correspond to catadioptric lines (fig .

4.2 Real Catadioptric Images

We present here result for a real catadioptric image. In this case, sensor has
been calibrated with the method described in [4]. This image (fig is a
paracatadioptric image issued from the calibration toolbox proposed by Barreto
[]. In figure we present the result of Canny edge detector and consecu-
tively the detected chains of pixels extracted for the catadioptric line verification
(ﬁg. Figure shows the catadioptric line detection before the fusion step

Fig. 4. (a) Original image, (b) Canny edge detector result, (¢) Extracted chains, (d)
Catadioptric line detection results after division step, (e) Catadioptric line detection
results after fusion step, (f) Detailed view of final results
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while figure [4(¢)] presents the final result after the fusion step. In figure we
propose a more detailed view of a part of the image in order to show the accu-
racy of the results. Finally, from a computational time point of view, the method
takes near 3 seconds with Matlab. A real time implementation constitutes the
next perspective of this work.

5 Conclusion

In this paper, we deal with the problem of line detection in central catadioptric
images. Our method is valid for calibrated sensor and is comparable to the polyg-
onal approximation algorithm. Indeed, it consists in looking for pixels in chains
of edges which correspond to catadioptric lines thanks to an analytic approach
contrary to previous methods based on Hough transform which depends on the
sampling of the search space. Moreover, we then obtain a very fast algorithm
which could be implemented for real time applications.
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Abstract. This work presents a content-based image retrieval system
of general purpose that deals with cluttered scenes containing a given
query object. The system is flexible enough to handle with a single im-
age of an object despite its rotation, translation and scale variations. The
image content is divided in parts that are described with a combination
of features based on geometrical and color properties. The idea behind
the feature combination is to benefit from a fuzzy similarity computation
that provides robustness and tolerance to the retrieval process. The fea-
tures can be independently computed and the image parts can be easily
indexed by using a table structure on every feature value. Finally a pro-
cess inspired in the alignment strategies is used to check the coherence
of the object parts found in a scene. Our work presents a system of easy
implementation that uses an open set of features and can suit a wide
variety of applications.

1 Introduction

The goal of Content-Based Image Retrieval (CBIR) is to find all images in a
given database that contain certain visual features specified by the user. When
these features refer not to the whole image but a subpart, we deal with a problem
known as Similarity-Based Object Retrieval (SBOR). Some authors consider two
main approaches on the SBOR problem: data-independent and data-dependent
[3]. In the data-independent approach images are coarsely divided into rectangu-
lar regions where a searched object is mean to be found. Images are indexed from
the feature vectors that had been computed using the whole information of the
image regions. This fact represents the main advantage on the data-independent
systems because classical strategies of CBIR can then be applied to character-
ize the image from its parts [I] [2]. Otherwise, they involve the hard restriction
of dealing with query objects that must fit a rectangular piece of the scene [4]
[5]. To overcome this limitation data-dependent approaches deal directly with
the particular content of each image. The strategy consists in detecting a set

* This work has been partially supported by the grant UABSCH2006-02.
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of invariants from which to decompose the image content in a set of regions.
Then, local descriptions of these regions are extracted and represented by fea-
ture vectors. Two of the most popular approaches on detecting image invariants
are the use of the Harris corner detector and the use of the DoG (Difference of
Gaussians) operator. Data-dependent strategies are based on the evidence that
a query object is likely to be found in a scene if the feature vectors that describe
its parts can be matched in the scene. Even though this criterion represents a
useful filter in the retrieval solution, it is not robust enough when the target
object constitutes a small portion of the whole scene. To avoid the incorporation
of false positives in the query result the system has to check the structural coher-
ence of the object parts found in a scene. This testing process can be performed
with techniques as diverse as Hough-like voting strategies [8] or correspondence
algorithms such as RANSAC [7]

We present a SBOR system of general purpose that given the image of an
object is able to retrieve those cluttered database images that likely contain an
instance of this object. The retrieval strategy is based on a data-dependent ap-
proach to be flexible enough to handle with a single instance of an object despite
its rotation, translation and scale variations. Finally a process inspired in the
alignment strategies is used to check the spatial disposition of the object parts.
The main contribution of our work is centered in the selection and treatment of
the image descriptors. The selection of the image descriptors has to be under-
stood as a compromise between the discriminant power for the content indexing
and the tolerance in the similarity matching. Some authors [9] discriminate be-
tween the descriptors based on the signal image information [8] and those based
on the geometrical properties [6]. In one hand, signal-based descriptors stand
out to be very precise and discriminant and, in the other hand, geometrically-
based ones provide a suitable encoding of the object structure. Consequently, we
propose to use a combination of simple features of both groups instead of using
a sophisticated description compacted in a single feature. This way, the feature
combination allows a fuzzy computation of the similarity values and provides
robustness and tolerance to the retrieval process.

In the next section of this paper we describe the region extraction process
and we give a general view of the database features organization. In section Bl we
present the two main stages of the object detection strategy: the local matching
and the global matching. Section [ contains some results and finally, in the
section Bl we expose the conclusions of this work.

2 Information Modelling

Our retrieval system consists in a data-dependent approach where the image
parts are obtained from the polygonal approximation of the contour information.
Let us name I an image and v a vector belonging to its polygonal approximation.
Every vector has associated an influence area from which the image content is
decomposed in parts. These parts are denoted p and are characterized by a set of
independent features F'. Thus, a set of tables, one for each feature type, provides
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an easy system to store and index the image parts. Let us denote T* the table
structure that stores the image information for a certain feature type F*. The
lines of a table are referred to the values comprised in its feature range and the
columns are referred to the image parts. A table describes the image content
using binary information: a cell T%(x,y) is set to 1 if the image part p, has the
value y for the feature F*. Figure @ exemplifies the extraction of the image parts
and feature storage structure.

We distinguish between two kind of features used by our system: the local fea-
tures F, and the global features Fg. The local features allow to obtain an inde-
pendent description of the image parts. Otherwise, the global features are used to
establish the relations between these parts and describe their translation, rotation
and scale with respect to the whole image. We use a total amount of 14 features dis-
tributed in 4 global features and 10 local features (6 based on the signal information
and 4 based on the geometric properties). Figure[llshows them graphically.

In the next section we expose how the features are used in the retrieval process:
the local features identify the presence of the image parts and the global ones
assure their structural coherence.
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Fig. 1. Image features F = {F*} a) Local features based on the geometric properties
of the vectors belonging to the influence area b) Local features based on the signal
values sampled on the left and right side along the vector ¢) Global features

3 Retrieval Process

The retrieval process is divided in two main stages: the retrieval of the query
object parts and the analysis of their structural distribution.
3.1 Object Part Identification

Let us name pM a part of the query object and pf a part of a scene. To eval-
uate the similarity between these two image parts we formulate a query on the
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database information for each value of the local features Fy,. Let us name FiM ok
the value of the feature k belonging to the query object part pM. Instead of
retrieving only the scene parts that match exactly the value FZ-M’]C we use a sim-
ilarity function F'S that deals with a wider range of solutions. The similarity
computation consists in a ramp function that evaluates de difference of the fea-
ture values respect to a given tolerance ¢*. The result varies in the range of 0 to

1 where 1 means maximum similarity.

{0 if d > ek

k M,k E.ky _
FS(e", Fi7 7 Fi7) = 1— % otherwise

z J

Mk _ Bk
where d = |F"" — F;”

The matching between a part of a query object and a part of a scene is
evaluated by the mean of the similarity values for all the local features LFS%’E.

Then, the matching of p in the whole scene is denoted ILFSZ-M’E and it is
obtained by the maximum similarity of all the possible comparisons.
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Fig. 2. The figure shows the vectorization of an object image and an image part exam-
ple (shaded region) belonging to one of its vectors. A binary table contains the feature
information of the scene image. An example shows the similarity results F'S for every
scene vector respect to the object value ) (where k=9 for the feature | Hue R— HuelL)|).
We represent in black the scene vectors with maximum similarity.
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Figure Bl shows an example of similarity computation F'S for a single feature
Fj,. Moreover, Figure [J illustrates the combination values ILF'S between the
signal features and the geometric ones.

Some retrieval systems select those database images that present the high-
est accumulation of the local part identification similarities ILF'S. This single
criterion does not check the coherence of the spatial arrangement of the object
parts. Thus, a large amount of false positives can be introduced in the retrieval
solution. To solve this problem, our proposal introduces a final phase where the
global structure is tested for the local matching pairs with highest score.

3.2 Checking of the Structural Arrangement of the Object Parts

Given a vector of the model object image vé” and a vector of the scene image
vF we can define an alignment of both image contents by computing the affine
geometric transformations to map v}’ on v in the orientation O (the same or
opposite). These geometric transforms can consist in changes of scale, rotation,
and translation. As we have introduced in the section 2 the features that describe
the image content in relation to the whole image aspect are identified as global
features Fg. This way, the alignment transformations only affect to the global

features of the query object.
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Fig. 3. a) Similarity values I LF'S of the object parts (black means maximum similarity)
using signal-based features b) using geometrical features c) using both feature groups
d) Vectors representing the best matching solution, maximum IGF'S value, for both
feature groups. Notice the collaboration between the signal based-based features that
match the cars by their color and the geometrical-based ones that match them by
shape.
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Let us name F’ the modified global feature values of the query object ac-
cording to a given vector alignment. The object similitude is computed using
the same strategy as the local one but adding a hard restriction to the global
feature values. To preserve the spatial disposition of the object parts is neces-
sary the similarity of all the features values to be accomplished. The following
function, GF'S, describes the calculus of the similarity between an object part
p" and a scene part p¥ given a fixed alignment.

GFS}0

. s k k
om0y = min{ LES P PS(F, F/ME Ry

Vk € Fg

Then the similarity between the query object and the scene image correspond
to the best result provided by the function IGF'S on the checked alignments.

ME M,E
IGFS(qu) = max{GFSi7j7(qmo)}

| LFS}F > Thr, Viep), Vjep¥

The computed value is used in the retrieval process to rank the solutions of
given query. The example of the FigureBld) shows the object detection solution
as the scene vectors with maximum IGF'S value.

4 Results

We have tested the system with 72 images belonging to two databases. The first
database consists in a set of 40 images of invoices that can be identified by 4
different logos. The other database is conformed of 32 scenes where 4 objects

Chject Images Retrieved Scenes
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Fig. 4. Query examples on the selected objects. Every retrieved image has its position
(P) and retrieval value (V).
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can be found. For every query image we have computed the rate of database
images that contain the searched object and that have been retrieved in the first
n positions (being n the total amount of database images where the query object
can be found). The obtained results for both tests are 92% of success.

We have observed that the variations that mainly affect to the retrieval mea-
sure IGF'S are caused by illumination changes and viewpoint distortions. Nev-
ertheless the success on the object location is maintained due to the feature
combination and the effect of the query tolerance ranges. Figure @l illustrates the
results with two examples.

5 Conclusions

We have developed a SBOR system that deals with a combination of independent
image features that provides a fuzzy value on the similarity comparison of the
image parts. A future research line of our work is centered in the development
of a process that initially analyzes the query image and adapts the similarity
tolerances according to the most characteristic features of the query object. The
system has proved to be robust against effects such as noise, shades, slightly
modifications of the viewpoint and partial occlusions. We have tested the system
with two databases of scanned documents and images of objects taken in real
environments obtaining promising results.
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Abstract. The recognition of emotional information is a key step toward giving
computers the ability to interact more naturally and intelligently with people. This
paper presents a completely automated real-time system for facial expression’s
recognition based on facial features’ tracking and a simple emotional classification
method. Facial features’ tracking uses a standard webcam and requires no specific
illumination or background conditions. Emotional classification is based on the
variation of certain distances and angles from the neutral face and manages the six
basic universal emotions of Ekman. The system has been integrated in a 3D engine
for managing virtual characters, allowing the exploration of new forms of natural
interaction.

Keywords: real-time features tracking, emotional classification, natural interfaces.

1 Introduction

Human computer intelligent interaction is an emerging field aimed at providing
natural ways for humans to use computers as aids. It is argued that for a computer to
be able to interact with humans it needs to have the communication skills of humans.
One of these skills is the ability to understand the emotional state of the person, and
the most expressive way humans display emotions is through facial expressions.
Nevertheless, to develop a system that interprets facial expressions is difficult. Two
kinds of problems have to be solved: facial expression feature extraction and facial
expression classification. Related to feature extraction, and thinking in interface
applications, the system must be low-cost with real-time, precise and robust feedback.
Of course, no special lighting or static background conditions can be required. The
face can be assumed to be always visible, however, difficulties can arise from in-
plane (tilted head, upside down) and out-of-plane (frontal view, side view) rotations
of the head, facial hair, glasses, lighting variations and cluttered background [1].
Besides, when using standard USB web cams, the provided CMOS image resolution
has to be taken in account. Different approaches have been used for non invasive
face/head-based interfaces, mainly for the control of the head’s position analyzing
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facial cues such as color distributions [2], head motion [3] or, recently, by means of
facial features’ tracking [4,5]. From the extracted facial features, emotional
classification has to be performed. Three different classification methods are usually
used for expression recognition: patterns, neuronal networks or rules [6]. Most of
them follow the emotional classification of Ekman [7] that describes six universal
basic emotions: joy, sadness, surprise, fear, disgust and anger.

The aim of this work is to show how a non-invasive robust face tracking system
can feed an effective emotional classifier to build a facial expression recognition
system that can be of great interest in developing new multimodal user interfaces. As
it will be shown, the system developed has been successfully integrated in a
character-based interface, allowing the exploration of new forms of affective
interaction.

2 Real-Time Facial Feature Tracking

The computer vision algorithm is divided into two steps: initialization and tracking.
The initialization step is responsible of learning the user’s facial characteristics such
as its skin color, its dimensions and the best face features to track. This process is
totally automatic and it can also be used for system’s recovering when a severe error
occurs, adding the robustness necessary so that it can be used in a human-computer
interface.

First of all, the algorithm automatically detects the user’s face by means of a real-
time face detection algorithm [8]. The face will not be considered as found until the
user sits steady for a few frames and the face is detected in the image within those
frames. A good detection of the features is very important for an effective performance
of the whole system and the user must start the process with the so called neutral face:
the mouth is closed and the gaze is directed perpendicular to the screen plane, the eyes
are open and the eyelids are tangent to the iris. Then, it is possible to define the initial
user’s face region to start the search of the user’s facial features. Based on
anthropometrical measurements, the face region can be divided into three sections:
eyes and eyebrows, nose, and mouth region. In the nose region, we look for those
points that can be easily tracked, that is, those whose derivative energy perpendicular
to the prominent direction is above a threshold [9]. This algorithm theoretically selects
the nose corners or the nostrils. However, the ambient lighting can cause the selection
of points that are not placed over the desired positions; this fact is clearly visible in
Fig. 1 (a). Ideally, the desired selected features should be at both sides of the nose and
should observe certain symmetrical conditions. Therefore, an enhancement and a re-
selection of the features found is carried out taking into account symmetrical
constraints. Fig. 1 (b) shows the selected features when symmetry respect to the
vertical axis is considered. This reselection process achieves the best features to track
and contributes to the tracking robustness. Fig. 1 (c) illustrates the final point
considered, that is, the mean point of all the final selected features; due to the
reselection of points it will be centered on the face.

Finally, in order to learn the user’s skin color and complete the initialization step,
the pixels inside the face region are used as a learning set of color samples to find the
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parameters of a Gaussian model in 3D RGB density using standard maximum
likelihood methods.

The aim of the tracking step is to control the position of the face in order to detect
and constraint the search region of the 10 face features used in the expression
recognition stage. The detected and enhanced features of the initialization step are
tracked by using the spatial intensity gradient information of the images in order to
find the best image registration [10]. As it was mentioned before, for each frame the
mean of all nose features is computed and it is defined as the face tracking point for
that frame. The tracking algorithm is robust for handling rotation, scaling and
shearing, so that the user can move in a more unrestricted way.

(a) (b)

Fig. 1. (a) Automatic face detection and initial set of features. (b) Best feature selection using
symmetrical constraints. (c) Mean of all features: face tracking point.

The face tracking point is used to constrain the image region to process and the
color probability distribution, both computed in the initialization step, is used to
calculate the probability of a face pixel being skin so that “skin mask™ of the user’s
face can be created. Using this mask the system can detect, as a result of their non-
skin-color property, the user’s eyebrows, eyes and mouth bounding boxes and due to
their position related to the face tracking point, the system can label the zones. One
problem can appear if the user has got his eyes a little bit sunk, then due to the
shadow in the eyelid, most probably the eyebrow and eye will be found as a single
blob. In that case, we divide this bounding box assuming that the eyebrow has been
detected together with the eye. Finally, from the bounding boxes positions, 10 face
features are extracted. These 10 feature points of the face will later allow us to
analyze the evolution of the face parameters (distances and angles) used for
expression recognition. Fig. 2 shows the correspondence between these points and the
ones defined by the MPEG-4 standard.

3 C(lassification of Emotions

3.1 General Method Description

Our classification method works with the emotional classification of Ekman and it is
based on the work of Hammal et al [11]. They have implemented a facial
classification method for static images. The originality of their work consisted, on the
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Fig. 2. Facial feature points extracted and used for expression recognition according to the
MPEG-4 standard (left). Characteristic distances used in our method (right).

one hand, in the supposition that all the necessary information for the recognition of
expressions is contained in the deformation of certain characteristics of the eyes,
mouth and eyebrows and, on the other hand, in the use of the Belief Theory to make
the classification. Our method studies the variation of a certain number of face
parameters (basically distances and angles between some feature points of the face)
with respect to the neutral expression. The characteristic points, shown in section 2,
are used to calculate the five distances also shown in Fig. 2. All the distances are
normalized with respect to the distance between the eyes, which is a distance
independent of the expression. In addition to the five distances our system works with
additional information about the mouth shape (from the four feature points two angles
and the width/height relationship is extracted).

The objective of our method is to assign a score to each emotion, according to the
state acquired by each one of the parameters in the image. The emotion (or emotions
in case of draw) chosen will be the one that obtains a greater score.

Each parameters can take three different states for each of the emotions: C*, C and
S. State C* means that the value of the parameters has increased with respect to the
neutral one; state C that its value has diminished with respect to the neutral one; and
the state S that its value has not varied with respect to the neutral one. First, we build
a descriptive table of emotions, according to the state of the parameters, like the one
of the Table 1 (left). From this table, a set of logical rules tables can be built for each
parameter (right), in which a score is assigned to each state for each emotion,
depending on the degree in which this state of the parameter is characteristic of the
emotion. Once the tables are defined, the implementation of the identification
algorithm is simple. When a parameter takes a specific state, it is enough to select the
vector of emotions (formed by the scores assigned to this state for each emotion)
corresponding to this state. If we repeat the procedure for each parameter, we will
obtain a matrix of as many rows as parameters we study and 6 columns,
corresponding to the 6 emotions. The sum of the scores present in each column of the
matrix gives the total score obtained by each emotion. If the final score does not
surpass a certain threshold, the emotion is classified as “neutral”.
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Compared to the method of Hammal, ours is computationally simple. The
combinatory explosion and the number of calculations to make are considerably
reduced, allowing us to work with more information (more parameters) of the face and
to evaluate the six universal emotions, and not only four of them, as Hammal does.

Table 1. Proposed table of one parameters’ states for each emotion (left) and logical rules table
for that parameter

Pi Pi El E2 E3 E4 ES E6
Joy C- joy | surprise | disgust | anger |sadness| fear
Surprise | C+ C+ 0 3 0 2 0 1
Disgust C- C- 1 0 2 0 2 0
Anger C+ S 0 0 0 0 0 1
Sadness | C-
Fear S/C+

3.2 Tuning the Method: The FG-NET Database

In order to define the emotions in terms of the parameters states, as well as to find the
thresholds that determine if a parameter is in a state or another, it is necessary to work
with a wide database. In this work we have used the facial expressions and emotions
database FG-NET of the University of Munich [12] that provides images of 19
different people showing the 6 universal emotions from Ekman plus the neutral one.
From these data, we have built a descriptive table of the emotions according to the
value of the states (Table 2).

Table 2. Proposed table of the states for the parameters used by the classification method.
Some features do not provide any information of interest for certain emotions (squares in gray)
and in these cases they are not considered.

D, D, D; D, Ds | Ang1 | Ang2 |WH
Joy c- | sic C+ C+ C- C+ | Ss/cHC-| sic-
Surprise | S/c+ | s/ic+ | sic- | o+ | s+ C- c+ | C-
Disgust | C- c- |sicric-| sic+ | sic- |sicic-| sic+ | sic-
Anger | C- C- sic- | sic- |sicHc-|  c+ c- | c+
Sadness | C- S S/C- S S/IC+ [S/c+iC-| sic- [sic+
Fear | S/C+ [S/C+iC-| C- c+ | sic+ C- c+ | C-

3.3 Validation

Once the states that characterize each emotion and the value of the thresholds are
established, the algorithm has been tested on the 399 images of the database. In the
evaluation of results, the recognition is marked as “good” if the decision is coherent
with the one taken by a human being. To do this, we have made surveys to 30 different
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people to classify the expressions shown in the most ambiguous images. Related to
classification success, it is interesting to realize that human mechanisms for face
detection are very robust, but this is not the case of those for face expressions
interpretation. According to Bassili [13], a trained observer can correctly classify faces
showing emotions with an average of 87%. The obtained results are shown in Table 3.
The method has also been tested with other databases different from the one used for
the threshold establishment, in order to confirm the good performance of the system.

Table 3. Classification rates of Hammal [11] (second column) and of our method with five
distances (second column) and plus the information about the mouth shape (third column)

% SUCCESS| % SUCCESS
EMOTION| HAMMAL FIVE M (?)UST%CSCI-{E :PE
METHOD DISTANCES
Joy 87.26 36.84 100
Surprise 84.44 57.89 63.16
Disgust 51.20 84.21 100
Anger not recognized 73.68 89.47
Sadness | not recognized 68.42 94.74
Fear not recognized 78.95 89.47
Neutral 88 100 100

3.4 Temporal Information: Analysing Video Sequences

After having tuned and validated the classification system with the static images, the
use of the automatic feature extraction has enabled us to track video sequences of
user’s captured by a webcam. Psychological investigations argue that the timing of
the facial expressions is a critical factor in the interpretation of expressions. In order
to give temporary consistency to the system, a temporary window that contains the
emotion detected by the system in each one of the 9 previous frames is created. A
variation in the emotional state of the user is detected if in this window the same
emotion is repeated at least 6 times and is different from the detected in the last
emotional change.

The parameters corresponding to the neutral face are obtained calculating the
average of the first frames of the video sequence, in which the user is supposed to be
in the neutral state. For the rest of the frames, a classification takes place following
the method explained in the previous sections.

4 Application: New Input Data for Natural Interfaces

To demonstrate the potential of our emotional tracking system, we have added it to
Maxine [14], a general engine for real-time management of virtual scenarios and
characters developed by the group. Maxine is a tool that has been created with the aim
of making it easy the use of character-based interfaces in different application
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domains. The general vision is that if a user’s emotion could be recognized by
computer, human interaction would become more natural, enjoyable and productive.
The system presented here has been configured as a new multimodal input to the
system. The system recognizes the emotion of the user and responds in an engaging
way. The features extraction program captures each facial frame and extracts the 10
feature points which are sent to the emotion classifier. When an emotional change is
detected, the output of the 7-emotion classifier constitutes an emotion code which is
sent to Maxine’s character. For the moment, the virtual character’s face just mimics
the emotional state of the user (Fig. 3), accommodating his/her facial animation and
speech.

Fig. 3. Examples of the integrated real-time application: detection of surprise, joy, sadness,
anger. For each example, images captured by the webcam, small images showing automatic
features’ tracking and synthesized facial expressions are shown. The animated character mimics
the facial expression of the user.

5 Conclusions and Future Work

We have presented a simple and effective system for the real-time recognition of
facial expressions. In opposition to other systems that rely on the use of wearable
detectors, the system developed in non-invasive and is based on the use of a simple
low cost webcam. The automatic features extraction program allows the introduction
of dynamic information in the classification system, making it possible the study of
the time evolution of the evaluated parameters, and the classification of user’s
emotions from live video.

To test its usefulness and real-time operation, the system has been added to the
Maxine system, an engine developed by the group for managing 3D virtual scenarios
and characters to enrich user interaction in different application domains. For the
moment, and as a first step, the emotional information has been used to accommodate
facial animation and speech of the virtual character to the emotional state of the user.
More sophisticated adaptive behaviour is now being explored. As it has been pointed
out, recognition of emotional information is a key step toward giving computers the
ability to interact more naturally and intelligently with people.
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Abstract. The automatic transcription of broadcast news and meetings
involves the segmentation, identification and tracking of speaker turns
during each session, which is known as speaker diarization. This paper
presents a simple but effective approach to a slightly different task, called
speaker tracking, also involving audio segmentation and speaker identi-
fication, but with a subset of known speakers, which allows to estimate
speaker models and to perform identification on a segment-by-segment
basis. The proposed algorithm segments the audio signal in a fully unsu-
pervised way, by locating the most likely change points from an purely
acoustic point of view. Then the available speaker data are used to esti-
mate single-Gaussian acoustic models. Finally, speaker models are used
to classify the audio segments by choosing the most likely speaker or, al-
ternatively, the Other category, if none of the speakers is likely enough.
Despite its simplicity, the proposed approach yielded the best perfor-
mance in the speaker tracking challenge organized in November 2006 by
the Spanish Network on Speech Technology.

1 Introduction

The automatic transcription of broadcast news and meetings involves the seg-
mentation, identification and tracking of speaker turns during each session, which
is known as speaker diarization [I][2]. This task involves the segmentation of the
input signal into speaker turns, advertising, music, noise and whatever other con-
tent is included in the audio file. Then, speech segments corresponding to the
same speaker are clustered together and tagged with the same label. Non-speech
segments are all tagged with the special label Other.

To measure the speaker diarization error, first the system and reference seg-
mentations are aligned. Then, among those labels assigned by the system to any
given speaker, that appearing most times is taken as the system choice and con-
sidered equivalent to the reference label. Finally, the speaker diarization error
is computed as the fraction of time speakers are correctly identified. Consider
the example shown in Figure [II where not only segmentation errors but also
clustering errors are illustrated. Note, for instance, that the last segment is er-
roneously assigned to a third speaker. After the alignment is done, the label s01
is considered equivalent to mm and the label s02 equivalent to ft. Finally, it is
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reference ‘ ‘ ‘ ‘ ‘ |

system | ! ! | | |
s01 s02 s01 s02 s03

Fig. 1. An example of speaker diarization. The system provides a sequence of segments
with blind speaker labels. After aligning the system and reference segmentations, label
equivalences are set. Finally, the speaker identification error is computed as the fraction
of time speakers are erroneously identified (shaded regions).

found that speakers have been erroneously identified during 10 seconds out of 25
(the shaded regions in Figure [l), which means a 40% speaker diarization error.
A slightly different task, called speaker tracking, is posed when speaker data
are available a priori, because speaker models can be estimated and used to seg-
ment and label the audio file. Like speaker diarization, speaker tracking involves
audio segmentation and speaker identification, but this latter is performed in a
supervised way. In other words, the objective is to detect target speakers in a
continuous audio stream. Clustering is not needed because each segment can be
independently scored against speaker models and classified accordingly. Consider
the example shown in Figure Pl It is close to that of Figure [Il except for the
fact that the system does not provide blind labels, but labels of known speakers.
The alignment does not determine which is the most likely mapping between
reference labels and system labels. The speaker identification error is computed
in a straightforward way, as the fraction of time system labels do not match
reference labels. In the example of Figure [2] speakers are erroneosuly identified
during 15 seconds out of 25, which means a 60% speaker identification error.
In this paper a simple approach is presented for speaker tracking in broadcast
news. The segmentation step is done in a fully unsupervised way, by locating
the most likely change points in the acoustic signal. Segmentation is completely

reference ‘ ‘ ‘ ‘ ‘ |

system \ | | | | |
| ap | ft | ap | ft | mm |

Fig. 2. An example of speaker tracking. The system provides a sequence of segments
with labels of known speakers. The speaker identification error is computed as the
fraction of time speakers are erroneously identified (shaded regions).
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decoupled from identification and does not use speaker data. It only takes into
account changes in spectral statistics. Speaker identification is done by comput-
ing the score of each segment with regard to speaker models, which are trained
beforehand starting from labelled speaker data. Each segment is assigned the
label of the most likely speaker or, alternatively, the label Other, if none of the
speakers is likely enough. Note that broadcast news include music, noise, adver-
stising, etc. and that only a subset of the speakers is known a priori. So, under
the category Other should fall not only non-speech segments, but also speech
segments corresponding to unknown speakers.

This paper is organized as follows: in the next two sections, the audio segmen-
tation and speaker identification algorithms are explained in detail; in section [
the experimental setup is described, including the speech database, the au-
dio processing and the tuning experiments; results are shown and discussed in
section B} finally, section [0] gives conclusions and tracks for future work.

2 Audio Segmentation

Audio segmentation, also known as acoustic change detection, consists of explor-
ing an audio file to find acoustically homogeneous segments, or, in other words,
detecting any change of speaker, background or channel conditions. It is a pat-
tern recognition problem, since it strives to find the most likely categorization of
a sequence of acoustic observations, yielding the boundaries between segments
as a by-product. Audio segmentation becomes useful as a preprocessing step in
order to transcribe the speech content in broadcast news and meetings, because
regions of different nature can be handled in a different way.

There are two basic approaches to this problem: (1) model-based segmentation
[3], which estimates different acoustic models for a closed set of acoustic classes
(e.g. noise, music, speech, etc.) and classifies the audio stream by finding the
most likely sequence of models; and (2) metric-based segmentation [4] [5][6], which
defines some metric to compare the spectral stastistics at both sides of successive
points of the audio signal, and hypothesizes those boundaries whose metric values
exceed a given threshold. The first approach requires the availability of enough
training data to estimate the models of acoustic classes and does not generalize
to unseen conditions. The second approach, also known as blind (unsupervised)
segmentation, does not suffer from these limitations, but its performance depends
highly on the metric and the threshold. Various metrics have been proposed in
the literature. The most cited are the Generalized Likelihood Ratio (GLR) [7]
and the Bayesian Information Criterion (BIC) [4].

Recently, the so called crossed-BIC (XBIC) [§] was introduced, improving the
performance of BIC and reducing its computational cost. In this work, a kind
of mormalized XBIC is applied, a cross-likelihood metric which resembles the
Rabiner distance [9] for the case of two multivariate Gaussians estimated from
the same number of samples.

Consider two segments of speech, X and Y, of the same length, and the
corresponding sequences of spectral feature vectors, = x1,...,zy and y =
Y1i,--.,yn. Assuming that the acoustic vectors are statistically independent and
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that can be modelled by a multivariate Gaussian distribution, we estimate the
models A\, = N(O; piz, ) and Ay = N(O; py, X)) and define the dissimilarity
measure between X and Y as follows:

d(X,Y) = —log <

P(m/\y)P(y|/\x)) (1)

Pa|X) PylAy)

where P(z|\) = Hfil N(z;;p, X)) is the likelihood of the acoustic sequence z
given the model A. In other words, if X and Y are acoustically close, their
respective models will be quite close too, which means that d(X,Y") ~ 0. On the
other hand, the more X and Y differ, the greater d(X,Y") will become.

The audio segmentation algorithm considers a sliding window W of N acoustic
vectors and computes the likelihood of change at the center of that window,
then moves the window n vectors ahead and repeats the process until the end
of the vector sequence. To compute the likelihood of change, each window is
divided in two halfs, W, and W,., then a Gaussian distribution (with diagonal
covariance matrix) is estimated for each half and finally the cross-likelihood ratio
(Eq. ) is computed and stored as likelihood of change. This yields a sequence
of cross-likelihood ratios which must be post-processed to get the hypothesized
segment boundaries. This involves applying a threshold 7 and forcing a minimum
segment size 6. In practice, a boundary ¢ is validated when its cross-likelihood
ratio exceeds 7 and there is no candidate boundary with greater ratio in the
interval [t — é,t + 6]. An example of audio segmentation is shown in Figure Bl

W’U?E'“\[ \‘b

Fig. 3. An example of audio segmentation. Vertical lines represent actual boundaries,
either between two speaker turns, or between a speaker turn and non-speech con-
tent. The local maxima marked with ‘X’ represent the boundaries hypothesized by the
system.
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3 Speaker Identification

Once the segmentation is done, each segment must be given a speaker label or,
alternatively, the special label Other when no speaker is likely enough. Assum-
ing that a certain amount of training data is available for L target speakers,
speaker models can be estimated beforehand. In this work, speaker models are
multivariate Gaussian distributions: A; = N(O; p;, X;), for ¢« = 1,..., L. This
is just a special case of the GMM classifiers routinely used for speaker identifi-
cation [I0]. To classify any given segment X, firstly the segment model is esti-
mated (again as a Gaussian distribution with diagonal covariance matrix) Ax =
N(O; ux,0%), starting from the sequence of acoustic vectors = z1,...,2N.
Note that P(z|Ax) > P(z|\;) Vi. The label [(X) is given according to the
following rule:

k=arg max P(X|\) if L log (Ilj((;l;;))) > e

1,...L
UX) = (2)
Other otherwise

where € is a heuristically fixed margin which determines a threshold in the aver-
age log-likelihood ratio over which the most likely speaker k is validated as the
best choice. Alternatively, if the likelihood ratio of the most likely speaker does
not exceed ¢, the label Other is assigned to X.

4 Experimental Setup

4.1 The Speech Database

There was a short-term motivation for this work in the challenge for speaker
tracking in broadcast news proposed in July 2006 by the Spanish Network on
Speech Technologies (RTH). In fact, the experiments reported here are those
carried out for that challenge, under the conditions set by the RTH [I1]. The
database consisted of audio tracks taken from radio broadcasts in Spanish, in-
cluding many speakers, music, movie excerpts, advertising, overlaps, etc. Train-
ing data were available for 5 target speakers, consisting of 5 short utterances per
speaker, 4 of them distorted with echo and reverberation. The training material
for each speaker had an average length of 12.8 seconds (64 seconds all together).
The test corpus consisted of 20 long tracks, with an average length of nearly
4 minutes (around 77 minutes all together). One of the training tracks, includ-
ing material from only two of the target speakers, was also used for developing
purposes (tuning the segmentation and identification algorithms).

4.2 Audio Processing

Radio broadcasts were all sampled at 16 kHz and stored in PCM format using
16 bits per sample. The audio was analysed in frames of 25 milliseconds (400
samples) at intervals of 10 milliseconds. A Hamming window was applied and
a 512-point FFT computed. The FFT amplitudes were then averaged in 24
overlapped triangular filters, with central frequencies and bandwidths defined
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according to the Mel scale. A Discrete Cosine Transform was finally applied
to the logarithm of the filter amplitudes, obtaining 12 Mel-Frequency Cepstral
Coefficients (MFCC). The choice of MFCC is based on the fact that historically
there have been no features specifically designed for audio segmentation, and
the MFCC are the most commonly used parameters for speaker identification.

4.3 Tuning Experiments

The tuning phase consisted on running various experiments to adjust the pa-
rameters of the audio segmentation and speaker identification algorithms. As
noted above, one of the audio files included in the test set, as well as the cor-
responding reference labels (set by human experts), were available to make the
adjustments. Parameters were set to get the best match between system labels
and reference labels (see Table[Il). However, some considerations were taken into
account beforehand, which we summarize in the following lines.

The size of the sliding window (V) should balance the performance of the
segmentation algorithm for short and long segments. If N was too short, the
estimation of spectral properties would focus on instantaneous events but would
be less robust. If NV was too long, the estimations would be robust but less sen-
sitive to instantaneous events, and therefore very short turns would be missed.
The window step (n) should be as small as possible to allow maximum resolu-
tion. However, this would increase the computational cost of the approach. The
threshold for the likelihood of change (7) should balance false alarms and miss-
ings. If 7 was too low, many false boundaries would be detected; inversely, if 7
was too high, some actual boundaries would be missed. However, since our objec-
tive was not an accurate segmentation but the identification of target speakers,
over-segmentation did not pose a problem as long as the segments were all as-
signed the right speaker label. So, 7 could be skewed to low values. The minimum
segment size (§) allowed to choose the most likely segment boundary in any given
interval of size 26. If 6 was too high, short segments might be missed, so it should
be as small as possible, as long as it fulfils the task of avoiding noisy boundaries
around an actual boundary. Finally, the threshold for the speaker identification
likelihood (€) should balance the false alarms (segments erroneously assigned
to a known speaker) and missings (segments produced by known speakers and
erroneously tagged as Other).

Table 1. Tuned settings for the audio segmentation and speaker identification param-
eters: size of the sliding window (IV), window step (n), threshold for the likelihood
of change (7), minimum segment size (§) and threshold for the speaker identification
likelihood (e)

Audio Speaker
segmentation identification
Parameter N n T 6 €
Tuned 400 10 6

-1.1
setting (4 seconds) (0.1 seconds) 1200 (0.6 seconds)
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5 Results

To measure the performance of the proposed approach, it was used the NIST
evaluation software for speaker diarization included in the Spring 2006 Rich
Transcription Meeting Recognition Evaluation Plan [I2]. This software takes
the system labels as if they were blind, applying the label mapping function
that minimizes the speaker diarization error, as shown in Figure [l But what
we produce are not blind but informed labels, and the speaker identification
error must be measured by comparing the system and reference labels on a
frame-by-frame basis, as shown in Figure 2l To accomplish that, a little change
was introduced in the NIST software, so that the score is computed as the time
system labels match reference labels divided by the total audio time. Our system
yields a 17.25% speaker identification error, which is slightly better than that
yielded by a more complex and computationally expensive system competing
with ours.

Our score is comparable to other results reported in the literature [13], and
is specially relevant due to the following issues:

— All the acoustic models are single Gaussians, which can hardly model the
spectral variability of speakers and segments, but at the same time provide
robust estimates (even when not many training data are available) and allow
real-time operation of the speaker tracking system.

— Audio segmentation and speaker identification are independent modules, but
further improvements might be obtained by using speaker information at the
segmentation phase.

— Speaker models are estimated from a few utterances taken from radio broad-
casts, many of them (80%) intentionally distorted.

— The system parameters are tuned almost blindly, using only one of the 20
audio files in the test set. More robust tuning may be accomplished if more
development data were available. In particular, a 16.26% speaker identifi-
cation error has been obtained by tuning the parameters over the 20 audio
files of the test set.

6 Conclusion

A simple approach to speaker tracking in broadcast news is presented in this
paper. The audio is segmented in a fully unsupervised way, by locating the most
likely change points in the acoustic signal. Speaker identification is done by
computing the score of each segment with regard to speaker models, which are
trained beforehand starting from labelled speaker data. All the acoustic models
are single Gaussians, which provide robust estimations even when few training
data are available, and allow real-time operation. The proposed system yields
a 17.25% speaker identification error, which is comparable to other results re-
ported in the literature. Current work includes applying this system to a bigger
database and extending its capabilities to perform speaker diarization in broad-
cast news and meetings.
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Abstract. This paper introduces a technique for region-based pose tracking with-
out the need to explicitly compute contours. We assume a surface model of a rigid
object and at least one calibrated camera view. The goal is to find the pose pa-
rameters that optimally fit the model surface to the contour of the object seen in
the image. In contrast to conventional contour-based techniques, which acquire
the contour to be extracted explicitly from the image, our approach optimizes an
energy directly defined on the pose parameters. We show experimental results for
rather challenging scenes observed with a monocular and a stereo camera system.

1 Introduction

The task to pursuit the 3-D position and orientation of a known 3-D object model from a
2-D image data stream is called 2-D-3-D pose tracking [8]]. The need for pose tracking
occurs in several applications, e.g. self localization and object grasping in robotics,
or camera calibration. Particularly in scenes with cluttered backgrounds, noise, partial
occlusions, or changing illumination, pose tracking is still a challenging problem even
after more than 25 years of research [10].

A lot of different approaches to pose tracking have been considered [[7I12]. In [6],
an iterative algorithm for real-time pose tracking of articulated objects, which is based
on edge detection, has been proposed. Often points [1]] or lines [2]] are used for feature
matching, but other features such as vertices, t-junctions, cusps, three-tangent junctions,
limb and edge injections, and curvature L-junctions have also been considered [9].

Another way to approach pose estimation is to match a surface model of the object
to be tracked to the object region in the images. Thereby, the computation of this region
yields a typical segmentation problem. It has been proposed to optimize a coupled for-
mulation of both problems and to solve simultaneously for the contours and the pose
parameters via graph cuts [3] or via iterative approaches [4]]. Although the coupled es-
timation of contours and pose parameters is beneficial compared to the uncoupled case,
segmentation results can be inaccurate, as seen in Figure[T}

* We acknowledge funding by the German Research Foundation under the projects We 2602/5-1
and SO 320/4-2, and the Max-Planck Center for Visual Computing and Communication.

J. Martf et al. (Eds.): IbPRIA 2007, Part II, LNCS 4478, pp. 56-1631 2007.
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Fig. 1. Problems often occurring in variational segmentation algorithms: (a) An inaccurate seg-
mentation. Note the split up into multiple connected components. (b) An error due to oversmooth-
ing and another kind of undesired topological change.

In this paper, we build upon the method in [4] including its statistical representation
of regions. However, instead of estimating 2-D segmentation and 3-D pose parameters
separately we directly estimate 3-D pose parameters by minimizing the projection error
in the respective 2-D images. Consequently, we can estimate segmentations which are
by construction consistent with the 3-D pose. Moreover, the estimation of an infinite-
dimensional level set function is replaced by the optimization of a small number of pose
parameters. This results in a drastic speed-up and near real-time performance.

In the next section, we will briefly review pose estimation from 2-D-3-D point corre-
spondences. We will then explain our approach in Section 3, followed by experimental
results in Section 4. Section 5 concludes with a summary.

2 Pose Estimation from 2-D-3-D Point Correspondences

This section introduces basic concepts and notation and briefly describes the point-
based pose estimation algorithm used in our approach [13]. Given some 3-D points x;
on the object, which are visible as 2-D points g; in an image, the algorithm seeks a rigid
body motion £ such that each point x; is on the line passing through ¢; and the camera
origin. Section3lshows how such point correspondences are obtained with our method.

2.1 Rigid Motion and Twists

A rigid body motion in 3-D can be represented as m(x) := Rx+¢, where t € R? is
a translation vector and R € SO(3) is a rotation matrix with SO(3) := {R € R3*3:
det(R) = 1}. By means of homogeneous coordinates, we can write m as a matrix M:

R t
m((x1,5x2,x3)") = M(xy,%2,x3,1)" = (03X3 3;1)» ()
1x3

The set of all matrices of this kind is called the Lie group SE(3). To every Lie group
there is an associated Lie algebra. Its underlying vector space is the tangent space of the
Lie group evaluated at the origin. The Lie algebra associated with the Lie group SO(3)
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is s0(3) := {A € R¥3|AT = —A}, whereas the Lie algebra corresponding to SE(3) is
se(3):={(v,w)|v€R3 € s0(3)}. Since elements of se(3) can be converted to SE(3)
and vice versa, we can represent a rigid motion as element of se(3). Such an element is
called rwist. This is advantageous since a twist has only six parameters while an element
of SE(3) has twelve. Both have six degrees of freedom, though.

Elements of so(3) and se(3) can be written both as vectors ® = (@, @, ®3), & =
(1,0, 03, V1, V2, Vv3) and as matrices:

0 —@3 R (b v
O=| o3 0 —wo | €s0(3), &= <O O) € se(3) . (2)
— o 0 3x1

A twist & € se(3) can be converted to an element of the Lie group M € SE(3) by the

exponential function exp(&) = M. This exponential can be computed efficiently with
the Rodriguez formula. For further details we refer to [11]].

2.2 Pose Estimation with 2-D-3-D Point Correspondences

Let (g,x) be a 2-D-3-D point correspondence, i.e. x € R* is a point in homogeneous
coordinates on the 3-D silhouette of the object and g € R? is its position in the image.
Furthermore, let L = (n,m) be the Pliicker line through ¢ and the respective camera
origin. The distance of any point a to the line L given in Pliicker form can be computed
by using the cross product: ||a x n—m||,i.e., a € L if and only if ||a x n —m|| = 0.

A

Our goal is to find a twist & such that the transformed points exp(& )x; are close to the

A

k A
corresponding lines L;. Linearizing the exponential function exp(§) = X7 i! ~I+¢&
(where I is the identity matrix), we like to minimize with respect to &:

5 (o0 (€)s),., <=l =] (1)), <

where the function -3, : R* — R3 removes the last entry, which is 1. Evaluation yields
three linear equations of rank two for each correspondence (¢;, ;). Thus, to solve for the
6 twist parameters, we need at least three correspondences for a unique solution. Usu-
ally, there are far more point correspondences and one obtains a least squares problem,
which can be solved efficiently with the Householder algorithm. Since the twist & only
corresponds to the pose change it is rather “small”. Thus, linearizing the exponential
function does not create large errors. Moreover, we iterate this minimization process.

2
— min, (3)

3 Region-Based Model Fitting

Existing contour-based pose estimation algorithms expect an explicit contour to estab-
lish correspondences between contour points and points on the model surface. This
involves a matching of the projected surface and the contour. Our idea is to avoid ex-
plicit computations of contours and the contour matching. Instead, we seek to adapt
the pose parameters in such a way that the projections of the surface optimally split all
images into the object and the background region. For simplicity, we will describe this
setting for a single camera, but the concept is trivially extended to multiple views.
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Fig. 2. From left to right: (a) Input image. The puncher is to be tracked. (b) Projection of the
model in an inaccurate pose onto the image (magnified). The two marked points are the points
referenced to in Section[3.2](c) The 2-D contour of the projection (magnified). The arrows show
into which directions these points should move in our algorithm.

3.1 Energy Model

Like in a segmentation task, we seek an optimal partitioning of the image domain €.
This can be expressed as minimization of the energy function

E@E) =~ [ (P(E.)logp -+ (1~ P(E.q))logp2)dg @

where the function P(&,q) € (R® x  + {0,1}) is 1 if and only if the surface of the
3-D model with pose & projects to the point g in the image plane. P splits the image
domain into two parts, in each of which different feature distributions are expected.
These distributions are modeled by probability density functions p; and p».

Note the similarity of () to variational segmentation methods [4]. The important dif-
ference is that the partitioning is not represented by a contour, i.e. a function, but by only
six parameters. Moreover, there is no constraint on the length of the boundary in ().

The probability densities are modeled by local Gaussian distributions [4] of the color
in CIELAB color space, and texture in the texture feature space proposed in [3]]. Since
there is only a limited amount of data available to estimate the density functions, we
consider the separate feature channels to be independent. Thus, the total probability
density function is the product of the single channel densities.

The densities are adapted when the estimated pose has changed. Given the projection
of the model, and hence a partitioning of the image into object and background region,
p1 and p, can be computed from the local mean and variance in these regions.

3.2 Minimization

We minimize @) by computing force vectors along the contour implicitly given by the
projected surface. These force vectors indicate the direction to which the projection of
the model should move to minimize E (& ). Using the framework from Section2] we can
transfer this force to the 3-D points and estimate the corresponding rigid body motion.
To this end, we create 2-D-3-D point correspondences (g;,x;) by projecting silhou-
ette points x;, given the current pose &, to the image plane where they yield ¢;. If the
function value p;(g;) is greater than p,(g;), it is likely that g; belongs to the interior of
the object region. Thus, ¢; will be shifted in inward normal direction to a new point ¢/.
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For each frame:

Extrapolate new pose from previous poses and compute image features
— Project 3D objet model onto image plane
— Generate prob. density functions for inside/outside the proj. model (Section 3.1)
— Adapt 2D-3D point correspondences (q;,% ) to (q; ,X;) (Section 3.2)
— Construct projection rays from (q; ,x;)
— Generate and solve system of equations to get a new pose (Section 2.2)

Fig. 3. Summary of the region-based pose tracking algorithm

Vice versa, points g; where the inequality p;(g;) < p2(g;) holds will be shifted in out-
ward normal direction. The normal direction is given by VP approximated with Sobel
operators. The length [ := ||¢' — gq|| of the shift vector is a parameter. More advanced
methods how to choose [ - including scaling by |log p; — log p|, i.e. performing a
gradient decent on E - have been tested but results were worse for our sequences.

This concept is illustrated in Figure 2l Figure[Pb shows a white puncher, onto which
the surface model has been projected. Figure 2k depicts the boundary between the inte-
rior and exterior of the projected model. Most of the points in the interior are white. So
is the point marked by the right circle. Thus, it better fits to the statistical model of the
object region than to the background and is moved away from the object. Vice-versa, the
marked cyan point on the left side is moved inwards as it better fits to the background.

We iterate this process. At some point, the pose changes induced by the force vec-
tors mutually cancel out. We stop iterating when the average pose change after up to
three iterations is smaller than a given threshold. Before changing frames in an image
sequence, we predict the object’s pose in the new frame by linearly extrapolating the
results from the two previous frames. Figure 3] shows an overview of the algorithm.

4 Experiments

Figure[shows two frames of a monocular sequence, in which a wooden toy giraffe has
been tracked with our method. The estimated pose fits well to the object in the image.

Figure 3 depicts tracking results of a stereo sequence. First, a wooden beam moves
between the cameras and the static object. Then the tea box is picked up and rotated
several times. In the most challenging part of this sequence, the tea box is rotated around
two different axis simultaneously while the bottom of the box reflects the background
and moving specular highlights are visible. Nevertheless, our algorithm can track the
tea box accurately over all 395 frames of this sequence.

For this sequence, an average of 12.03 iterations were necessary to reach the re-
quested threshold (0.1mm for translation, 0.001 for rotations), with a maximum of 72
iterations. Approximately 28.75 minutes of processor time were needed on an Intel Pen-
tium 4 with 3.2GHz (= 12 frames per minute), about 86% of which was used for prepro-
cessing (loading the images, computing texture features, etc.) while the rest was spent in
the iteration steps. The parameters (i.e. the threshold and /) have been optimized to yield
good poses. Faster but less accurate computations are possible, as explained below.
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Fig. 4. From left to right: Input image, estimated pose and extracted contour for two frames of
a color sequence with a wooden giraffe. Top: Frame 52. Bottom: Frame 68. The surface model
consists of a single closed point grid. Thus, it is possible to look through the projected pose. Note
that this is irrelevant for contour-based pose estimation, where only silhouette points are needed.

Fig. 5. Pose results for a tea box. Each block shows the computed pose (blue) and the contour
(yellow) in the two views. The scene contains partial occlusions (frame 97, top left), the tea box
is turned upside down (frame 230, top right), there are specular reflections (frame 269, bottom
left) and the box is turned around different axes simultaneously (frame 277, bottom right).
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Fig. 6. Left: Time needed for preprocessing (straight green line) and the total time used per
frame (red line) for the stereo image sequence shown in Figure 3] Middle: Changes in the three
translation parameters in millimeters for the first 160 frames of this sequence. Right: Changes of
the three Euler angles for the same frames, in degrees.

Fig.7. Two views from a stereo image sequence in which a teapot has been tracked. Estimated
contours and poses are shown in yellow.

Figure 6] shows the time used by our program per frame. It can be seen that our
algorithm is faster in “easy” situations, e.g. when nothing has moved. This figure also
shows the changes in the translation and rotation parameters for the first 160 frames.
Since tea box and camera are static in these frames no changes should occur. Our results
have a standard deviation of about 1.79 degrees and 0.83mm.

When tracking objects that are clearly separated from the background (e.g. the
puncher in Figure ), features from the texture space can be neglected and the local
Gaussian model can be replaced by a global model. These changes noticeably decrease
the runtime of our algorithm. For example, the teapot shown in Figure [7] has been
tracked in a stereo sequence with more than one frame per second. Ignoring texture
information, the tea box sequence shown in Figure [Slcan be tracked (with slightly less
accurate results) in less than 4 minutes (=~ 104 frames per minute). This indicates that
real-time processing with a region-based approach is feasible.

5 Summary

We have presented an pose tracking algorithm from 2-D regional information which
does not require a separate segmentation step. The implicit partitioning of the image by
the projected object model is used for computing region statistics, which drive an evolu-
tion directly in the pose parameters. The algorithm can deal with illumination changes,
cluttered background, partial occlusions, specular highlights and arbitrary rigid 3-D
models. Experiments show that the results compare well to methods based on explicit
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contour representations. However, our approach is considerably faster and close to real-
time performance.
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Abstract. Active Contours are a widely used Pattern Recognition technique.
Classical Active Contours are curves evolutionate by minimizing an energy
function. However, they can detect only one object within an image with
several objects, and the solution is highly dependent on parameters in its formu-
lation. A solution can be found in Geodesic Active Contours (GAC). We have
developed a version of this technique and improved some aspects to apply on
real and practical cases. The algorithm has been tested with both synthetic and
real images.

1 Introduction

Techniques known as Deformable Models introduce interesting image segmentation
methods. Active Contours, being one of these models, work with evolutive curves that
depend on image features. The goal is to detect objects in an image [5, 2, 15].

The classical modeling of Active Contours achieves object recognition by means
of the minimization of the energy function value at all curve points, which reach a
position where the gradient is maximum (where the image energy is minimum) [5].
These models provide solutions with some degree of strength; however, they also
yield noteworthy drawbacks. Some of them are the detection of just one object within
the image, resistance to topological changes in the curve, or parametric dependence.

Aiming to cope with previous difficulties, an alternative is provided by our
research, based on Active Contours. This model has evolved over time according to
intrinsic geometric characteristics of the image itself. This technique is called Geo-
desic Active Contours (GAC) [4], due to the fact that its mathematical model is
related to the calculation of geodesic minimal distance curves (very similar to level
curves in topographic maps) in a Riemann’s space [6].

GAC can detect several objects separately or join in only one, thereby allowing the
simultaneous detection of several objects within the same image. In addition, they are
non-parametric models (their formulation is independent of external parameters to the
image). Also, stable borders are detected when image gradients vary highly in differ-
ent areas or even when they have discontinuities, cuts or gaps. Their formulation
allows topological changes in the curve (the Active Contour).
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© Springer-Verlag Berlin Heidelberg 2007



Testing Geodesic Active Contours 65

2 Data Set

The current experiment is based on a data set of synthetic images and on a second
group with real images. More than one hundred synthetic images have been designed
for testing the validation of the GAC technique. Another image group (third in the
study) includes several objects as synthetic items and real objects. Figure 1 shows
some examples of the four types of images on our database.

un \ e

A X L

a) c) d)

Fig. 1. Some examples of our test image database: a) Synthetic image; b) Real color image;
¢) A group of synthetic objects in the image; d) A group of real objects in the image

3 Methodology

GAC are geometric models whose curvature is based on Active Contour evolution.
These algorithms apply Level Set methods both to allow automatic topological
changes in the curve and to surround several objects simultaneously.

3.1 What Is a Riemannian Space?

It is an extension of a curved space with any number of dimensions. This kind of
space does not comply with the basic theorems of classic geometry (parallel lines do
not keep the same distance between them, the sum of angles in a triangle does not
equal 180° etc.). Riemann proved that the basic properties of a curved space are
exclusively determined by its formula to measure distances. The choice of the way to
measure this distance is equivalent to the definition of the Riemannian space [6].

3.2 Level Set Methods and PDEs

Partial Differential Equations (PDEs), on which Level Set methods are based, are
used in GACs to describe the movement of a boundary. The goal is to track the evolu-
tion of the boundary, and these methods provide powerful techniques to perform this
tracking. These methods are introduced in 1987 [9, 10]. The Level Set equation given
by Osher and Sethian [8, 12] is used to describe their evolution over time.

3.3 From Classical Methodology to Geodesic Active Contours

Deformable Models (Active Contours, or Snakes), are curves that evolutionate
according to the influence of internal and external forces [3]. These forces are defined
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in such a manner that the snake can detect the image objects of interest. Classical
Active Contours are defined by an energy function. By minimizing this energy
function, the contour converges, and the solution is reached.

E=[[E, () +E, . (v(s)] ds =
(1)
= [ E. 05D + BO)E V() + F()E,, (0(5))] dis

E;, is the internal energy of the contour. It consists of continuity energy (Eco,) plus
curvature energy (Ecuy). Eimege Tepresents the proper energy of the image, which
greatly varies from one image to another.

o, B and 7y are values that can be chosen to control the influence of the three terms
[7, 10]. For example, a large value of y means that the energy image is more signifi-
cant than the rest. When a discontinuity occurs at a point, o is zero. P is zero at certain
corners of the image (null curvature energy).

Caselles et al. [4] consider a particular case of classical Active Contours, for which
the rigidity coefficient [ is set to zero. This selection allows us to derive the relation-
ship between these energy based Active Contours and geometric curve evolution
contours. Maupertius’ and Fermat’s principles are applied to show that a geodesic
curve is equivalent to a local minimal distance path between given points. In order to
achieve object detection, these authors embed the geodesic curve flow equation into
the Level Set formulation.

3.4 Geodesic Flows with Level Sets: Derivation and Boundary Detection

Caselles et al. [4] rely their formulation on the fact that the curvature equals the di-
vergence of the normal vector on each point of the contour. The authors compute the
Euler-Lagrange differential equation in the minimization problem via the steepest-
descent method to deform the initial curve towards a local minimum [13]. This for-
mulation can then be interpreted geometrically and applied to the image segmentation
enabled by GAC, thus achieving the general model (equation 2).

d : v
871: = Vudl\{g(l)vuJ +cVe(I)V 2

[Va

where u is the Level Set function; c is a constant; / represents the color intensity level
of the input image (previously processed with a smoothing filter); and g(I) is the
boundary detector function that leads the curve to stop where the gradient values are
maximum.

4 Adaptation and Improvement of Methodology

The GAC general formula is always the same [1, 8, 12]. What makes some implemen-
tations to work better than others is the way of calculating each component separately
(e.g., different smoothing filters, boundary detector functions based on the gradient,
the speed function, the curvature treatment, etc.).
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4.1 Drawbacks of the Basic Geodesic Formulation

Major GAC advantages have been discussed; however this methodology implies
some noteworthy drawbacks:

e The initial contour has a natural high tendency to contract. The contour only
expands when there are points placed in the exterior of the object. For this reason,
the Active Contour searching area also tends to decrease over time.

e The so-called “rubber band” effect tends to occur; whenever there may be parts
of the objects in the image which present noticeable hollows or concavities, the
contour tends to place straight lines over them and to stop the algorithm.

e The algorithm evolves too slowly.

4.2 Improving Geodesic Active Contours

Some solutions can be proposed, given the previous drawbacks:

A positive curvature value corresponds to convex areas, and a negative value to
concave ones. Adding or subtracting small quantities (f) to the curvature value, we
achieve to avoid the so-called “rubber band” effect. The solution stays stable with
values of f from -0.5 to +0.5. We call f “expanding force” when positive and “con-
tracting force” when negative. By using f, we achieve that when the algorithm can
decide towards where to move the Active Contour, f remains ignored. But when the
algorithm would decide to stop, f will make the Active Contour slightly evolutionate
towards the direction of its sign. In equation 3,

du .| Vu
o Vulg(1 d’{w} +f |+cVe(DHV 3)

frepresents the curvature increase or decrease (expanding or contracting force). Some
examples of the results obtained using f can be found in Figure 2.

Regarding the slowness of the algorithm, a solution consists of the increase in the
size of the step (At). This growth represents the maximum color intensity change al-
lowed for each pixel in the current Level Set. We obtain the best results combining
the size of the step with the use of f.

Figure 2 shows the most general case in which it is necessary to apply f with a cer-
tain sign and, afterwards (and just in order to increase the stability of the solution)
apply again f with the opposite sign, given that when the Active Contour has reached
the objects edges, fis never strong enough to take it out of there.

In order to get a stable numerical implementation, we compute dt as shown in
equation 4,

velocity

Jt= i
1+Emax(Vg(I)) “)



68 A. Caro et al.

where velocity can take values from +0.5 to +0.9 and max(Vg(J)) is the maximum
gradient value obtained from the boundary detector function.

a) C) e)

b) d) )

Fig. 2. Energy images from the synthetic image database: a) Collapsed contour; b) With an
expanding force; ¢) Deteriorating the contour; d) With contracting and expanding forces; e)
Rubber band; f) With a contracting force

Another improvement is the reduction of the GAC searching area or portion of
the original image in which the initial contour is enclosed (figure 3). If the con-
tour decreases, different parts of the image will not need be examined outside the
initial searching area. If the opposite occurs, the searching area will expand as
needed.

5

a) b)

Fig. 3. Energy image: a) Original image; b) The algorithm searching area

Figure 4 shows an example of the coincidence percentage implementation. It con-
sists of the regular (every ten iterations, for example) comparison between the actual
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contour and these same pixels in the image that represents the gradient values com-
puted by the boundary detector function g(I). As we are working with pixel values
inthe range 0...255, a gradient value < 125 corresponds to a probable object contour.
If the actual Active Contour is placed on pixels whose corresponding gradient image
value is less than 125, we can compute a percentage of coincidence to take into
account in order to know how is the algorithm evolutionating.

Fig. 4. An application with a coincidence percentage: a) Initial contour; b) 75% of coincidence;
¢) Gradient image

Some other minor modifications to take into account are:

= The limitation of the iteration number by the user. The advantage of his
improvement is the saving of time.

= The possibility to stop the algorithm depending on the coincidence percentage.
For instance, we can control if the coincidence percentage starts to decrease
and stop the algorithm before it get worse.

= The application of the algorithm to different color bands of the image sepa-
rately. In general, we obtain more accurate contours when we process the
image in the band of the color predominant in the image background.

= The implementation of different gradient functions. Sobel and Alvarez-
Mazorra gradient functions produce good results.

= The application of different smoothing filters. Gaussian filters provide the best
results.

5 Results

The evaluation of our algorithm has been performed by measuring three parameters:
Recall, Precision, and Fallout [14]. The major improvements are related to the con-
tour accuracy. Figure 5 shows different individual synthetic images processed with
the GAC basic formula and the same images processed with the improved one.
Precision, Recall and Fallout of the resulting contours are also shown in both cases
(Table 1).
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Fig. 5. Accuracy of the GAC basic formula and the improved one: a) The original contour of
four example images. b) The final GAC with the basic formula. ¢) The final contour with the
improved GAC. d) The final contour, in detail.

Table 1. Precision, Recall and Fallout percentages for each final GAC

Images 1b 2b 3b 4b Ic 2c 3c 4c
Precision  81.23 67.80 22.19 22.00  100.00 96.73 9349  94.03

Recall 99.99  100.00 99.90 9994  99.99 100.00 9990  0.22

Fallout 7.74 14.61 10.86  26.99 0.00 1.04 0.22 0.48

6 Conclusions

As observed, Precision and Fallout are the two main parameters being improved.
Accuracy is reached optimally according to our proposal. One other advantage has
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do with the accessibility and display of useful information during

contour evolution. In this line of work, we have been able to apply and adapt the
GAC technique by customizing it according to our specific needs. It can thus be
found that results can be reached in a more effective manner when this technique is
personalized.
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Abstract. There is strong need for research in transcoding technologies to
enable smooth displacement from MPEG-2 to H.264/AVC since H.264/AVC
has been standardized as international standard. In this paper, a novel rate
control algorithm for MPEG-2 to H.264/AVC transcoding, which adopting a
new block activity measurement, is proposed. Specifically, the standard
deviation of the residual error is introduced into the quadratic rate distortion
(R-D) model adopted in JVT-GO12 instead of the mean of absolute difference
(MAD) to measure macroblock (MB) complexity. Meanwhile, based on the fact
that the mean square of AC coefficients in an 8x8 DCT block is equal to the
variance of an 8x8 block before DCT, we derive a close-form formulation to
calculate the variance of a residual MB using the DCT coefficients rather the
pixel values. Obviously, this rate control method can be used for MPEG-2 to
H.264/AVC transcoder in both pixel domain and transform domain.
Experiments show that our proposed algorithm can meet the target bit-rate
accurately and achieves a better performance than the JVT-G012.

1 Introduction

H.264/AVC is the latest international video coding standard, developed and
standardized collaboratively by ISO/IEC and ITU-T as International Standard 14496-
10 (MPEG-4 part 10) Advanced Video Coding (AVC) or as Recommendation H.264
[1]. H.264/AVC achieves high coding efficiency by adopting a variety of state-of-the-
art tools and is expected to replace the existing standards such as H.263 and MPEG-
1/2/4. Given its outstanding coding efficiency, H.264/AVC is expected to have a wide
range of applications, including mobile broadcasting and storage. However, MPEG-2
video has been widely used in many existing systems, such as digital TV, DVD, and
HDTYV applications etc. To solve the standard incompatibility problems for Universal
Multimedia Access (UMA) [2], there is a big demand for converting video in the
MPEG-2 format to the one in H.264/AVC format.

Several issues on rate control for H.264/AVC transcoding have been addressed
recently in [3]-[S]. An algorithm of adopting the rate control model TMS5 in MPEG-2
to compute the values of quantization parameters (QP) for I and B frames based on
the side information from the pre-coded MPEG-2 video is presented in [3]. In [4], a
fast macroblock (MB) mode decision approach has been proposed to reduce the

J. Marti et al. (Eds.): IbPRIA 2007, Part II, LNCS 4478, pp. 72 2007.
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complexity of Rate Distortion Optimization (RDO) and an improved rate control
method depending on statistics of input MPEG-2, which is effective in transcoding
the input steams into low bit rate streams, has been proposed. In [5], an idea that we
should reuse information extracted from the input MPEG-2 video stream as efficiently
as possible is proposed. The experiment results demonstrate that the proposed rate
control algorithm is very efficient. However, all of the aforementioned works mainly
focus on the MPEG-2 to H.264/AVC transcoder in pixel domain and can not be used
in the transform domain simultaneously. Recently, transcoding MPEG-2 into
H.264/AVC in transform domain has been an actively studied topic in academia and
industry community. In [6], an efficient method has been proposed to convert DCT
coefficients to H.264/AVC integer transform coefficients completely in the transform
domain. A transform domain MPEG-2 to H.264/AVC intra video transcoder is
proposed in [7] and the proposed transcoder is equivalent to the conventional one in
pixel domain in terms of functionality and achieves complexity saving more than
20%. Specially, a comprehensive solution to transcode MPEG-2 into H.264/AVC in
transform domain is proposed in [8]. To perform the rate control for transform
domain MPEG-2 to H.264 transcoding, we propose a novel rate control algorithm
which can be used in both pixel domain and transform domain. To our best
knowledge, no works in this respect has been reported before in this literature.

The rest of the paper is organized as follows. In Section 2 we propose a new
quadratic rate distortion (R-D) model. In Section 3 we present a way to calculate the
variance of MB using only the DCT coefficients. Section 4 describes our proposed
rate control method for MPEG-2 to H.264 transcoding in summary. Experimental
results will be presented in Section 5, and conclusion is shown in Section 6.

2 New Rate Distortion Model

According to the rate control algorithm based on the R-D theory, the quantization step
size of a MB is selected according to its activity, which is usually measured by
variance, mean of absolute differences (MAD), sum of absolute differences (SAD),
etc. H.264/AVC rate control proposal JVT-GO12 adopts the MAD as the MB activity
[9]. At the same time, the R-D model adopted in JVT-GO12 is the well known
quadratic R-D model, which is shown in equation (1).

MAD? MAD

T (1)

T -H =c¢

1

Where ¢, and ¢, are the model parameter.

Replacing MAD with standard deviation to measure the MB activity, we can get a
new R-D model. The new R-D model is formulated in the equation as follows:

2

Tt o )

T -H =c, op

Where O represents the standard deviation of the residue error.
In order to improve the accuracy of the new R-D model, we verify this new R-D
model in the context of encoding system. That is, we first implement the new R-D
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model in the H.264 encoder of the H.264/AVC reference software JM 8.2 [10]. Then,
we compare the encoding results with the one using JVT-GO012. Sequences with
different amounts of motion and spatial details are used in our experiments. Due to
the limit of pages, only the results of six sequences are provided there and the results
of other sequences are similar. As shown in Fig. 1(a) and Fig. 1(b), we can see that
that using standard deviation in quadratic R-D model can obtain the same or better
coding efficiency compared to using MAD, which prove the accuracy of our proposed
new R-D model.
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Fig. 1. (a) The PSNR (dB) of Mother (CIF) obtained by quadratic R-D model using MAD and
standard deviation. (b) R-D curves of six different sequences with quadratic R-D model using
MAD and standard deviation.

3 Variance Calculation in Transform Domain

Due to the reconstruction of picture in pixel domain is not needed in the context of
transform domain transcoder, the MAD of residue error can not be achieved in the
process of transcoding. So, the R-D model in equation (1) can not be used in
transform domain transcoder. In the following, we derive a close-form formulation to
calculate the variance of a MB only using the DCT coefficients. So, we can use that
the R-D model in equation (2) in transform domain and pixel domain transcoder
simultaneously.

In what follows, we describe the process of how to calculate the variance of a MB
in transform domain. The 8x8 two dimension Discrete Cosine Transform (DCT) [6] is
given by

F(u,V)=lC(M)C(V)iif(x,Y)cos[(2x;-6l)u”}os{(2y-1'-61)‘}”} 3)
Where u, v, x,y =0, 1, 2, ...... , 7, C(u),C(v):\/l/_Z, u,v=0.
C(u),C(v)=1, u,v=other

For an 8x8 DCT block, we define AC? as the mean square of AC coefficients in
DCT, which is showed in equation (4).
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7

A= S5 o) @

u=0 v=0

Where F (0,0) is the DC coefficient of this 8x8 DCT block.
According to the Parseval's theorem [11], we have:
7

27] 70F2(u,v)=27327)f2(x,y) 5)

u=0 v= x=0 y=0

Furthermore, let f( X, y) be the mean pixel value of an 8x8 block before DCT,

then F(0,0)=8xf(x,y)-

As described in [12], we can compute AC 2 as follows.

AC? :&t_s(ii Fz(u,v)—Fz(0,0)j

=&i—g[ééfz(x,y)—(SXf(x’y))zJ ©
1 77 ) B E—)
ZSXS;;]‘ (x.y)-f (x.y)
1| L2 —\2 2
:gxg§§(f(x’y)‘f(x’Y)) i

Where ¢ is the variance of an 8x8 block before DCT.
The above equations show that the mean pixel value and the variance of an 8x8
block can be computed directly using its corresponding DCT coefficients. That is:

f (X’Y):F(O’O% (7)

c’ = AC *

It is well known that in typically block-based video coding standard, the block size
used for transform is corresponded to the dimension of the transform. Such as in
MPEG-2, 8x8 block is used for transform corresponding to 8x8 DCT and Inverse
DCT operations. However, the basic unit of rate control in video encoder is 16x16
MB usually. We need to deduce an approach to compute the variance of a 16x16 MB
using the DCT coefficients of 8x8 blocks. Because that only the DCT coefficients of
8x8 DCT transform exist in MPEG-2 video stream.

Let b., f,(x,y)and o7, i =1,2,3,4 denote the four 8x8 blocks of a 16x16

MB, the mean values and the variances of the four 8x8 blocks, respectively. From
aforementioned conclusion, we have:

T )= F,(0,0)
7 Q \) 2{ ©
o =AC;

Fig. 2 shows the demonstration of a MB containing four 8x8 blocks.
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Fig. 2. Four 8x8 blocks in a MB

Let f,,. (x,y) and o AZ/,B denote the mean value and the variance of a MB,

respectively. Firstly, we can compute f, ix, yi and O'fm in pixel domain as
follows.

Fur G e 2 G)

fjfj(f (5:3) = T (227)) )
TN

F2(09)= fum (6 3)

16x

Secondly, we can use f; (x y)and o'l , i =1,2,3,4to compute o'MB as follows:

15 15

f B “16x16 sz
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Substituting equation (8), equation (10) and equation (11) into (9), we have:
o2 :i(rcﬁrcgrc@rc;)

+ {F21(0.0)+ F22(0.0)+ F?3(0.0)+ F4(0,0) (12)

1
16x16
~(F(00)+ F,(00)+ £(00)+ F,(00))/2)'}
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Where the AC ? and F,(0,0),i=12,3.4 denote mean square of AC coefficients in
DCT and the DC coefficients of the four 8x8 blocks, respectively.

4 Rate Control Algorithm

From equation (12), we can say that the variance of MB can be calculated directly
using the DCT coefficients of 8x8 blocks in the case of transform domain
transcoding. Combing the R-D model in equation (2), we propose a novel rate control
for transform domain MPEG-2 to H.264 transcoder. Because of that most parts of our
proposed algorithm inherits JVT-G012, we only present the different part there. The
full procedure can refer to [13] for details.

Step 1: Using the equation (12) to calculate MPEG-2 MB activity.

Step 2: To solve the well known chicken-and-egg problem in the context of transcod-
ing, the final standard deviation for current MB is adjusted with that gotten in Step 1
as follows:

o =aX O-mpeg—Z + (1 - a)x o-pred (13)

final
Where &, is the standard deviation obtained from the incoming MPEG-2 DCT

coefficients using the equation (12), and the o is the one predicted with the linear

pred
model using the actual standard deviation of encoded MB in the same spatial position
of the previous frame. The constant & serves as weighting factor and its typical value
is 0.5 in our experiments.

Step 3: Adopting the new R-D model in equation (2) to calculate the QP.

5 Experimental Results

Our proposed rate control method is implemented in our MPEG-2 to H.264 transcoder
to verify its performance. Our MPEG-2 to H.264 transcoder utilizes a decoder
provided by the MPEG Software Simulation Group [14] to decode the incoming
MPEG-2 test video streams into images in pixel domain and cascades an encoder
based on the reference software H.264/AVC JM 8.2 (hereafter referred to as the JM
8.2) [10] to compress the images into H.264 format bit stream with the same coding
structure and resolution. In our experiments, for each test sequence, the first 150
frames are firstly encoded to MPEG-2 streams at bit-rate of 1 or 2 Mbps and a frame
rate of 30 fps with the structure of group of picture (GOP) as the first frame is I frame
and 14 P frames are followed (i.e., IPP...... PPP).

The average peak signal-to-noise ratio (PSNR) and the actual bit-rate obtained
for transcoding the pre-coded Dancer and Kiel sequences to six different target bit-
rates are show in Table 1. The results show that the proposed method can provide a
better performance than JVT-GO012 in terms of both average PSNR and achieved
bit-rate.
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Table 1. PSNR and actual bit-rate botained for the Dancer and Kiel sequences at six different
target bit-rates

Dancer Kiel
Target Mymf;rt%%‘ésed JVT-GO12 Mynll’ert‘;lpoi’fed JVT-GO12
bit-rate
(kbps) | Actal | pop | Actual | pgp | Acal e | Actual o pegp
bit-rate (dB) bit-rate (dB) bit-rate (dB) bit-rate (dB)
(kbps) (kbps) (kbps) (kbps)

256 256.67 35.38 256.69 35.36 256.69 24.82 256.57 24.81
384 385.03 37.08 385.03 37.05 385.85 25.79 384.79 25.79
512 512.95 38.15 513.08 38.12 513.25 26.48 513.23 26.47
640 640.86 38.92 641.04 38.90 641.59 26.82 641.75 26.82
768 769.39 39.42 769.00 3941 769.78 27.35 770.07 27.34
1024 1024.87 40.05 1025.22 40.04 1025.60 28.00 1025.89 | 28.00

Fig. 3 (a) shows the frame-to-frame PSNR results of the Dancer sequence obtained
by the proposed and JVT-G012 rate control methods. No surprisingly, the fluctuation
of PSNR obtained by the proposed method is less than that of the JVT-G012 method.

42 T T 6 T

& IVT-G012
— Proposed method |

PSNR (d8)
Nuraber of bits

36 - WT-GO12 4 4
— Proposed method 15

% 1 1 1 1 n
1] a0 Frame Numbar 100 180 0 50 Frame Number 100 150

&

Fig. 3. (a) The PSNR (dB) of the Dancer sequence obtained by the proposed method and JVT-
G012 methods. (b) The number of actual coding bits obtained by using the QP determined by
the proposed method and JVT-G012.

Fig. 3 (b) shows the distribution of the number of bits over the entire sequence
when the FOREMAN sequence was transcoded at the target bit-rate 768 Kbps by
using the proposed rate control method and JVT-GO12. It can be seen that the
fluctuation of bits of the transcoded video obtained by the proposed method is a little
better than that of JVT-GO12.

6 Conclusion

In this paper, a new rate control algorithm, which adopting standard deviation as MB
activity measurement is presented. The variance can be directly calculated in
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transform domain makes it suitable for the transform domain transcoder where the
MAD of residue error can not obtained. The experimental results show the accuracy
of the model and the effectiveness of the proposed rate control algorithm. So we can
say that this algorithm will be popularized in DCT based video transcoding. In the
further, we will focus on improving the efficiency of our method by reusing the
motion information in MPEG-2 inputting bit-stream.
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3-D Motion Estimation for Positioning from 2-D
Acoustic Video Imagery

H. Sekkati and S. Negahdaripour

University of Miami, FL, USA

Abstract. We address the problem of estimating 3-D motion from acoustic im-
ages acquired by high-frequency 2-D imaging sonars deployed in underwater.
Utilizing a planar approximation to scene surfaces, two-view homography is the
basis of a nonlinear optimization method for estimating the motion parameters.
There is no scale factor ambiguity, unlike the case of monocular motion vision
for optical images. Experiments with real images demonstrate the potential in a
range of applications, including target-based positioning in search and inspection
operations.

1 Introduction

Autonomous navigation is a critical capability in the deployment of submersible plat-
forms for a range of applications in underwater [112]]. Utilizing various navigational
sensors, e.g., INS and velocity doppler, current generation of autonomous underwater
vehicles (AUV) can carry out certain tasks, such as sea floor imaging and mapping, in
long-duration operations, say from a few hours to over a day. In particular, the main
bottleneck in length of the operation is power that is provided by onboard batteries.

A certain class of underwater operations, such as search and inspection, rely more
heavily on target-based positioning, that is, the ability to establish position relative to a
target of interest, to station keep, etc. Extensive worldwide research over the last decade
and half have concentrated on the use of optical cameras for target-based positioning
and local navigation, resulting in the realization of machine vision-based technologies
by various research groups [Q12IT6IT7T9I21123123]. Unfortunately, optical cameras are
constrained by limited visibility range, and in particular become totally ineffective in
turbid waters.

In recent years, 2-D high-frequency acoustic cameras — e.g., 1.1/1.8MHz Dual-
Frequancy IDentification SONar (DIDSON)and 450/900KHz BlueViewl] — have be-
come commercially available. These cameras provide video imagery with high enough
details that allows visual target recognition by human operators. Unlike traditional
acoustic imaging systems operating in 10’s to low 100’s KHz with ranges as far as
several kilometers, these high-frequency 2-D imaging sonars have a range of no more
than 10’s of meters, which is more than adequate for many search and inspection mis-
sions that they are targeted for [3]. While useful when deployed by human operators or
divers, more extended utility comes from the development of computer vision methods
that provide 3-D interpretation of the sonar imagery.

! Trademarks of Sound Metrics and BlueView Technologies, respectively [413].

J. Marti et al. (Eds.): IbPRIA 2007, Part II, LNCS 4478, pp. 80{88] 2007.
(© Springer-Verlag Berlin Heidelberg 2007
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Recent work has explored the application of homography-based registration methods
for the construction of acoustic photo-mosaics as a target mapping product [11/7]]. In [6]], a
novel paradigm in 3-D reconstruction based on the deployment of an acoustic and optical
cameras in stereo configuration has been proposed. In [8]], we have proposed various
3-D reconstruction algorithms, comparing their performances with traditional binocular
stereo imaging through computer simulations. This paper deals with the realization of
critical target-based 3-D positioning capability based on recovery of 3-D motion from a
monocular sonar video imaging system. Unlike optical cameras that utilize the epipolar
geometry of optical rays from two or more views, 3-D interpretation of 2-D sonar video
involves the exploitation of range and azimuth information of target features in multiple
views. Utilizing the mathematical models of sonar projection, we give the equations of
correspondences for sonar images, and present an algorithm for 3-D motion estimation.
Performance of the algorithm is tested through experiments with 2 real data sets, in order
to demonstrate the potential in automatic 3-D motion interpretation from acoustic video.

2 Preliminaries

2.1 Projection Model

In the sonar-based Cartesian system, a 3-D scene point is represented by P=(X,Y, Z).
Spherical coordinates (R,0,¢)7 — R is range, and 6 and ¢ denote azimuth and eleva-
tion angles — is a more suitable coordinate system in analyzing sonar video, since a 2-D
sonar image /(R, 0) represents acoustic reflections from 3-D points at ranges R (within
a down-range window [Rin : Riuax]) and azimuth direction 6 (within cross-range filed
of view [—6, : 9,,E). While the elevation angle ¢ is typically unknown, it is constrained
by the vertical width of each transmitted beam; see fig. [[l Relationship between the
Cartesian and spherical coordinates is useful in analyzing the sonar data:

X cos ¢ sin O R \/X21+ y2+272
P=|Y | =%( cospcoso |,[ 6 | = [ tan (X/Y) ) (1)
- 1 z
z sin¢ [0} tan ( ¥ +Y2>

2.2 Preprocessing

Sonar data, in contrast to optical images, are corrupted by a much higher noise level. To
improve performance of 3-D interpretation algorithms, some preprocssing is necessary
to remove noise, and account for non-uniform insonification. Also, the noisy nature of
sonar images often prohibits the application of gradient-based optical flow methods for
image registration and motion estimation, favoring the use of feature-based methods.
While it is desired to develop feature detection and matching methods that are specifi-
cally suited to the physical and geometrical characteristics of sonar imaging, this work
employs traditional methods based on Harris corner detector and Lucas-Kanade track-
ing algorithms [13/18124].

29,~15 [deg] for DIDSON, and 6, ~ 25 [deg] for BlueView sonar.
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Azimuth
Direction

Pulse
Fig. 1. Sonar beams have a relatively narrow width in the elevation direction, 14 [deg] for a
DIDSON. Insonifying at small grazing angles provides a larger scene surface coverage.

Certain sonar systems, e.g., DIDSON, do image forming by scene insonification at
different times to minimize cross talk between neighboring receivers. More precisely,
scan lines in the azimuth direction are filled by returns from several fields (in analogy
to interlaced video). Therefore, some beam realignment becomes necessary in order to
rectify an image. DIDSON software provides the capability to exploit navigation data
for sonar motion estimation and beam realignment. In practice, the motion information
may be derived directly from temporal correlation across successive raw frames.

2.3 Sonar Homography Model

We assume a stationary target viewed by a mobile sensor platform. This assumption is
not a serious limitation in many applications, e.g., search and inspection, since we are
often interested in the relative motion between the target and sensor platform for target-
based positioning. The relative rigid body motion may be represented by a
3-D translation vector t and a 3-parameter rotation vector @ or 3x3 rotation matrix
R. Accordingly, coordinates P and P’ of a 3-D scene point in sensor coordinate systems
at two views are related by:

P =RP+t

The general 3-D reconstruction problem involved determining the scene structure — say
the 3-D positions of features on the scene surfaces — and the relative motion {R,t} of
the sonar between the two views based on the projections into the two views. Here,
we are primarily concerned about the recover of the sonar motion. This establishes the
epipolar geometry of the two views, and once can readily reconstruct each 3-D feature
from its two projections (triangulation in the context of sonar projections).

Given the operation range of high-resolution sonars, as far as 10’s of meters, increas-
ing target distance enables imaging a larger potion of the scene in each view. This is
desirable from the point that existing 2-D imaging sonars have a relatively small cross-
range field of view (roughly 30 [deg] for DIDSON and 50 [deg] for BlueView). While
this comes at the expense of lower spatial resolution of the scene targets, coverage-
vs-resolution tradeoff is application dependent issue. Generally speaking, reasonable
resolution can still be achieved at lower ranges of say 2-5 [m]. At such distances, one
can typically identify scene features that approximately lie on a plane. Alternatively, we
may target identifying and utilization those features that roughly lie on a single plane,
given by the equation n-P = 1, where n = [ny,ny,n;]" is the scaled normal vector de-
rived from the plane equation Z = Z, + {,X + (Y.
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For features lying on the plane with normal n, the rigid body motion model takes the
form

P = (R+tn)P=QP (2)

Constructing a rectangular x;ys sonar image from (xs,ys) = R(cosO,sin0), it can be
readily shown that [[7]]

oqi oqi2 Bqis
p'=Hp; H=|agp ogn Bgs 3)
0 0 1

where g;; denotes i-j element of Q, o = CC(?:(;),, B =R CS(I)ZZ;,, and p = [x;,ys,1]7 and
p’ = [x,,¥.,1]T denote correspondences in two views. While this suggests an affine ho-
mography at first glance, the dependency on elevation angles ¢ and ¢’ of each feature
relative to the two sonar views suggests a more complicated homography. Matrix Q
in @) is the up-to-scale homography that describes the transformation between the two
optical views of the plane, and can be decomposed in closed-form to compute the under-
lying motion {R,t} and surface normal n up to the well-known scale-factor ambiguity
of motion vision [26/27]. In contrast, the homography H of two acoustic views is a com-
plex trigonometric function of the surface normal, and a closed-form decomposition to
motion and surface normal has not been derived. In section[3.I] we propose a recursive
method based on MLE formulation.

3 3-D Motion Estimation

A general analogy with classical motion vision of two optical views can be established
by noting that the elevation angle ¢ can be expressed in terms of the surface normal, and
two coordinate measurements {R, 0 }. More precisely, we can first express the surface
equation in the form

(nysin@ +nycos @) cos ¢ +n sing = 1/R 4)

enabling us to solve for the elevation angle ¢ in terms of the surface normal:

-1
¢ =—y+sin"' (5)
<.K\/(n,(sine +nycos0)? +n2
where )
v =tan-! (nxsm9+nycose> ©)
L

It trivially follows that the homography in (3}, while a complex nonlinear constraint,
can be expressed in terms of the 9 motion and surface parameters.

A distinct difference with traditional two-frame motion problem is the fact that no
scale factor ambiguity exists with two sonar views. In other words, projections into



84 H. Sekkati and S. Negahdaripour

two views of a small number of features allows us to determine the unknown motion
and plane parameters. Simple count reveals that a minimum of 5 points is necessary,
providing us with 10 constraints in terms of 9 unknowns. If the motion is modeled by
pure translation, a minimum of 3 points is necessary for a solution.

While such issues as ambiguous configurations, number of possible solutions, etc.,
are intriguing theoretical problems that also provide insight into solution degeneracies,
we are interested with devising a motion estimating method, here.

3.1 Minimization Problem

Various minimization problems can be formulated based on the Mahalanobis distance
between the measurements and reprojected points, say vectors p’ = (x,y,,1) and p’ =
Hp. A symmetric formulation incorporates both distance measures ||p’ —Hp|| and ||p —

H-'p'|| ([14):

ER,Tm)=Y (p — )" Z " (px — )+ 2, (P — D) =" (pk — B ©)
k k

where X = E[(px — Pr) (P — Px)” ] and =" = E[(p}, — ;) (p; — B})"]. Note abuse of no-
tation, here: We are only concerned with the first two components of p and p’. The
rotation matrix R can be parameterized by a sequence of 3 rotations of the form R, (o,)
about the 3 axes of the coordinate system; R, (a,) denotes rotation by angle ¢, about
axis u. This allows to minimize the function in (@) with respect to (o, t,n), where
o = (o, 0y, ). Without loss of generality, further simplification can be made by as-
suming independency among noises in the components of various image measurements,
allowing us to write X (and X’) as a diagonal matrix with elements (0, 0y).

(e —2)% | k= F)? o« @ —¥)* | 0 —Y)?
&R, T,n)= + + + (8)
2 g g g
This nonlinear optimization problem has been solved by applying the Levenberg-
Marquardt algorithm.

4 Experiments

Results from two experiments with real image sequences are presented to assess the
application of the proposed 3-D motion estimation method for sonar imagery. We have
applied standard feature detection and matching method commonly applied for optical
images [28129].

The first experiment deals with 10 frames of a video, where sonar moves approxi-
mately laterally relative to the hull surface of a ship. The first two frames are shown in
fig.[2l(a). In the left, detected features in the first view have been superimposed (yellow
crosses). The right image is the second view with initial matches (yellow crosses) and
the reprojections based on the estimated motion and surface parameters (red crosses);
see Eq. (). Only the inlier matches with a reprojection error of less than 2 [pix] have
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(a) (b)

Fig.2. Experiment 1 — (a) First two views from a sequence of 10 images with initial matches
(yellow crosses) and reprojected inliers (red crosses) based on the estimated motion and surface
parameters. (b) Estimated sonar trajectory.

been shown; see below. As the motion is dominantly translational, a translation motion
model has been applied in estimating the 6 motion and surface parameters. The trajec-
tory between frames 1 to 10 is shown in figure 2(b). The first frame is wrapped on the
bottom surface utilizing the estimated normal vector for rendering. In the absence of
ground truth, reprojection errors provide one measure of accuracy, as given in fig.[3(a).
These errors are not unreasonable, considering that compared to typical high-resolution
optical image: 1) Sonar images are much noisier; 2) Sonar features are rather sparse, of-
ten less by 1-2 orders of magnitude; 3) Features are typically localized within a smaller
region from the entire field of view. Furthermore, these results have been derived for a
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Fig. 3. Experiment 1 — (a) Histogram of absolute reprojection errors for 9 consecutive pairs in the
10-frame sequence, and the estimated surface normal vector as a 3-D point for each of these 9
consecutive pairs. see text for details.



86 H. Sekkati and S. Negahdaripour

Fig. 4. Experiment 2 — (a) two images of a 3-D target with initial matches (yellow crosses) and
reprojected features (red crosses) based on the estimated motion and surface parameters

rather small baseline, average translation of about 10 [cm], with respect to the average
target distance of 2 [m]. As another measure, we have plotted in (b) the estimated sur-
face normals over the entire sequence as 3-D points. These form a relatively compact
cluster, suggesting that we have computed the ship hull surface orientation in the sonar
coordinate system with reasonable accuracy.

In another experiment, we have tested the sensitivity of the proposed method to the
planarity assumption. The data has been collected in an indoor pool by moving a 3-D
target, an AUV towing cradle, across the sonar field of view; see fig. @l The motion
estimation has been applied to these two target views. Here, the images have been su-
perimposed with the original matches, and the reprojections in the second view. For
the most part, the results show insensitivity of the motion estimation algorithm to the
simplified planar surface model.

5 Summary and Conclusion

The paradigm of 3-D interpretation from visual cues in distinct 2-D views has been
applied to high-resolution 2-D sonar video for underwater applications. More specifi-
cally, we have addressed the recovery of 3-D motion which is critical for target-based
positioning in underwater search and inspection, among many other applications. In
contrast to traditional optical images where measurements comprise projections from
optical rays, 2-D sonar provides measurements ranges and azimuth angles of target fea-
tures. We have given the homography between pairs of images recorded from different
viewpoints. Unlike monocular optical video, there is no scale-factor ambiguity in the
estimation of 3-D parameters from sonar sequences. The 3-D motion estimation has
been formulated as a nonlinear optimization problem, solved by the application of the
Levenberg-Marquardt algorithm. Results of experiments with 2 real data sets verify the
promise in the application of proposed methodology.
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Abstract. We present a new geometry compression algorithm for manifold 3D
meshes based on octree coding. For a given mesh, regular volume grids are
built with an adaptive octree. For each grid point, a binary sign, which indicates
inside or outside of the mesh, is generated based on the distance to the mesh. In
each leaf cell having a vertex, a least square fitting plane is created for a
localized geometry range with signs. Finally, quantized geometry information is
locally encoded. We demonstrate that the octree with signs can be used to
predict the vertex positions. As a result, the proposed method generates
competitive bitrates compared to the current state-of-art progressive geometry
coder. Our method also shows better rate-distortion performance during
decompression or transmission with improved smoothness.

1 Introduction

3D mesh has been a robust medium for various applications such as animation, virtual
reality, game, scientific visualization, and medical imaging. Thanks to those various
applications, mesh compression also has been an active area of research in order to
reduce storage space and transmission time for last 10 years. Most compression
techniques published[1-4] focus on connectivity compression with single compression
rate. Recently, some progressive techniques using space-partitioning schemes(called
geometry-driven) are presented with improved compression rates[5, 6]. Compared
with the single-rate methods, the progressive compression techniques have
advantages during decoding or transmission process because the meshes are decoded
and appear in a progressive way so that users can interact with those decoded meshes
even during the process.

Meshes typically consist of geometry information, connectivity information, and
extra attributes such as colors or textures. Since the geometry information takes the
most part of compressed data(up to 90%), it is still required to reduce the bitrates for
geometry coding.
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Previous geometry compression techniques usually adopt global coordinate
system. On the contrary, our scheme introduces local coordinate systems built on the
least square fitting planes to improve predictability for geometry information.

Our prediction technique provides with better rate-distortion performance during
transmission or decompression as shown in Fig. 3. Though we did not implement
connectivity coding yet, the final geometry results are compared based on the Dual
Contouring polygonization method[7] to ensure the same connectivity structures. As
shown in Table 1, our new octree compression method generates better geometry
compression rates in the final level(generally level 12) than the kd-tree based
method[6], being competitive to the current state-of-art method[5].

2 Previous Work

In early progressive compression researches, progressivity in mesh compression is
implemented naturally based on the edge decimation or the mesh simplification
techniques[8]. Because those methods code connectivity changes progressively, they
are called connectivity-driven. After that, a kd-tree-based method[6] and an octree-
based method[5] are proposed with better compression rates. Because those two
methods code mesh information by partitioning space (with kd-tree and octree,
respectively), they are called geometry-driven. Since the compression performances
reported for the geometry-driven techniques are better than those of connectivity
driven ones in general, we focus on the geometry-driven approach.

In [5], octree is coded with number of non-empty child nodes and their
combinations (tuples). Also sophisticated pseudo probability models are applied to
enhance compression rates. For each subdivision, subdivision priorities are
determined according to the probability models. As a result, a sequence of symbols
with low entropy is created. In a similar way, the connectivity is coded based on other
pseudo probability models. While the kd-tree-based method[6] does not use
connectivity information in compressing geometry, the octree-based method[5]
utilizes the connectivity information to improve compression rates further. However,
both the two methods produce stair-like appearances in the intermediate meshes
during decoding process. In our proposed method, those artifacts are eliminated for
the same compression rates (Fig. 2). In other words, removal of those artifacts means
better distortion rates. Therefore, our method provides with better rate-distortion
performance, i.e., lower distortion in the intermediate meshes during decoding as
shown in Fig. 1 and 2. Our method is inspired by the isosurface compression techni-
que by Lee et al. [9]. Volume data are transformed to binary signs, i.e. inside or
outside of the isosurface. Octree is also binarized based on the number of child nodes
that one parent node has. [9] applies a simple context-modeling with signs. In this
study, some of the techniques used in [9] are applied to compress sign information.

3 Proposed Progressive Geometry Compression

Our geometry coding is a two-pass algorithm; during the 1% pass, a localized range for
quantization is calculated; in the 2™ pass, localized range for each vertex is quantized.
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The first pass also consists of two parts: compression of octree with binarized volume
data and localized prediction. The pseudo code for our progressive geometry
encoding is as follows:

For a given mesh,

1. Build an adaptive octree.
2. Classify each grid point of the octree as inside or outside of the mesh.
3. Encode the octree with binarized volume data progressively (2™ pass only).
4. For each leaf cell having a vertex,
4-1. Build a localized coordinates on the least-square fitting plane(Fig 1).
4-2. Quantize and generate symbols to encode(2™ pass only).

Geometry decoding begins with restoring the adaptive octree along with volume
data level by level. In intermediate levels, predicted vertex positions in localized
coordinate systems are used and no explicit geometry decoding is required. Only at
the leaf node having a vertex of the mesh, explicit full geometry decoding is
processed.

3.1 Adaptive Octree and Binarized Volume Data

For a given manifold mesh, an adaptive octree is constructed based on the nearest
bounding box of the mesh in the first step. The nearest bounding box is regularly
subdivided until every leaf node has only one vertex. One bit information is measured
at each grid point of the octree to classify whether it is inside or outside of the
mesh(sign information or binarized volume data). Once the adaptive octree and
binarized volume data are created, they are encoded from the root node to the leaf
nodes in the breath-first traversal order. The octree is perfectly encoded with 3
symbols, namely, STOP, GO, and ONE_VERT. During the encoding process, the
encoder generates STOP symbols for leaf nodes without vertices, GO symbols for
internal nodes, and ONE_VERT symbols for leaf nodes with only one vertex.

Those generated symbols are coded with an arithmetic coder [10]. To find
appropriate context, several context models have been tested. The best results are
achieved by applying octree level and number of inside signs at the node. This context
is determined from the observation that 1) the nodes at lower levels (i.e. closer to the
leaf nodes) tend to have ONE_VERT and 2) the octree symbol at any node tends to be
STOP when the eight corner signs of the node are all empty (outside) or all non-
empty (inside). In the example of figure 1(leff), the generated code sequence is
ONE_VERT-STOP-GO-GO according to the fixed space indices (numbers shown in
the nodes).

3.2 New Geometry Prediction Method

When the octree coding process is finished, the vertex positions are not yet fully
described. However, at this step, each vertex should be confined within a specific leaf
node where the size and location are already revealed in the previous step. This
means, in the viewpoint of the decoder, the uncertainty for the vertex position has



92 T. Park, H. Lee, and C.-h. Kim

Subdivision 3 4 A I‘,_;
12 |5 (ne '
! o »

Octree Subdivision Coding Geometry Prediction in Leaf Nodes

Fig. 1. Left — When an octree node is to be subdivided, this subdivision produces code
sequence. In this example, the darker grey child nodes have more than one vertex, the lighter
grey node has only one vertex, and the white node has no vertices. The numbers shown in the
nodes are fixed indices. Right - Least square fitting plane in a leaf node for geometry
prediction. The square shown is the leaf node; the three hollow dots at the corners are empty
signs and the other black dot is non-empty sign; the hollow dot in the gray circle means mesh
vertex; the connected thin lines are the mesh edges; the dotted gray line indicates the least
square plane. The bigger circle zooms out the local coordinates configured.

decreased to a certain extent. To get more specified information, the vertex positions
are further refined using a prediction method based on the sign and neighbor
connectivity information.

We note that the sign information represents the contour of the mesh model. Based
on this observation, we can guess an approximate surface normal vector from the
position where the sign information changes. With this, we setup a local coordinate
system whose z axis is configured to be approximately close to the surface normal
vector. Other components of the local coordinates are setup by calculating a least
square fitting plane for the leaf node (See the right column of figure 1). The origin of
the local coordinates is set to be the predicted position and the error between the
prediction and the actual vertex position is transformed into the local coordinates for
each leaf node. [9] predicts the vertex positions, which are generated by the Dual
Contouring method[7] in a similar fashion. However, it only calculates the local z
coordinate component based on the mentioned technique. In [9], the vertex positions
are generated to visualize the isosurface models so that the positions within the leaf
nodes are quite regular. As a result, [9] does not need to predict vertex positions in
local x and y directions and the origin of the local coordinates(i.e. the predicted
position) is just set to be the barycenter position of the least square fitting plane.

Unlike the case in [9], the vertex positions of general meshes are rather randomly
distributed within each leaf nodes. To improve the prediction in general meshes, we
utilize the neighbor information; the predicted positions in the x and y directions are
guessed by averaging the barycenter origins of neighbor connected vertex positions.
This approach is based on the observation that the neighbor edges of one vertex tend
to have similar lengths. This method seems similar to the parallelogram prediction
method [3] but our approach is more comprehensive in that [3] uses only one triangle
information for prediction, neglecting other neighbor connectivity information. Fig. 4
illustrates the proposed prediction scheme.

After all vertex positions have been transformed into the local coordinates, a
spanning range is defined with the maximum and minimum values of x, y, and z.
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This spanning range is quantized and arithmetic-coded in X, y, and z coordinates
respectively. In arithmetic-coding the quantized positions, sign information is also
used as context to further improve compression rate.

3.3 Smoothing Intermediate Meshes

Most previous progressive compression methods based on space partitioning produce
stairs-like intermediate meshes in decoding process as shown in the left columns of
Fig. 2. The reason is that no smoothing information is available during the transmis-
sion so that the vertex positions are set to centroids of the leaf nodes. Unlike this, our
method utilizes the sign information to produce better appearances in the intermediate
meshes. Though the connectivity coding scheme is still under progress, we find that
the sign information itself also works fine as an intermediate visualization tool. Since
the sign information represents the contour of meshes, the intermediate meshes can be
produced using the Dual Contouring connectivity information which is generated
purely with the sign information. Also, the intermediate vertex positions can be set to
be closer to the surface, which means better distortion rates for the intermediate
meshes.

4 Result

Fig. 2 and 3 demonstrate better rate-distortion performance by our method for
intermediate meshes during mesh transmission. For comparison purpose, both use the
Dual Contouring [7] connectivity information for the intermediate meshes and the
final level models use uncompressed connectivity information. As shown, our method
produces smoother appearance and less distortion for intermediate meshes.

Fig. 4 illustrates the improvement in quantum number distribution achieved by our
method in the quantum compression process explained in section 3.2. The X
coordinates of the graphs represent the symbols required to cover the spanning range,
and the Y coordinates indicate the number of symbols. The scales of Y coordinates in
each column are set to be identical for comparison. From these graphs, we conclude
that the proposed method generates excellent distributions for better compression
rates (i.e. lower entropy). Table 1 compares the compression rates with recently
reported results. The results are measured when distortion rates are set to be
equivalent to those of [3] for 12 bit quantization (for fandisk model, 10 bits). The
results are quite competitive considering our scheme produces better intermediate
distortion rates than the listed two methods. We adopt “binarized octree” which
requires only one bit for each octree node. Contouring information is captured by sign
data generated by building the BSP tree during the encoding process, which consumes
the largest part of total encoding time. The process for encoding takes around one
minute for the test meshes in Intel Duo2Core 1.83 GHz, RAM 1GB machine. Because
the decoding process does not need the BSP tree, the decoding process is O(n) where
n is the number of octree nodes.
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horse fandisk

feline head

Fig. 2. For each model, left columns - stair-case looking surfaces for intermediate meshes
decoded in the previous methods [5,6]; right columns - enhanced smooth surfaces in the
proposed method
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Fig. 4. Geometry symbol distributions for the horse model. Upper row - Distributions aligned
with the global coordinates. Middle row - Distributions based on [9] without predictions for x
and y coordinates. Lower row - Distributions based on the proposed method. The proposed

method improves the entropy.

Table 1.

Kd-tree based[11] Octree based[5] Proposed method
Model name

Geo Con Geo Con Geo Sign
horse 16.4 3.9 13.7 2.9 13.3 2.5
fandisk 12.1 2.9 10.7 2.6 10.8 1.0
feline 154 - 13.1 3.6 13.3 2.8
tore high 16.9 - 8.9 2.9 12.0 2.5
Head - - - - 14.0 2.3
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5 Conclusion and Future Work

In this paper, we show that the sign information can be applied to improve 1) the
octree compression, 2) the quantum symbol compression, and 3) the intermediate
distortion rate with smoother appearance.

Our next goal is to complete the connectivity coding based on the sign information.
Experiment shows that the difference between actual connectivity information and the
Dual Contouring connectivity information is not huge so that we expect the sign
information also can provide an excellent connectivity coding scheme.

Acknowledgments. This work was supported by grant No. R01-2005-000-10120-
0 from Korea Science and Engineering Foundation in Ministry of Science &
Technology.
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Abstract. This paper introduces a general methodology for detecting
and reducing the errors in a handwriting recognition task. The method-
ology is based on confidence modeling and its main difference is the use
of two parallel classifiers for error assessment. The experimental bench-
mark associated with this approach is described as well as exhaustive
results are provided for two real world recognizers on a large database.

1 Introduction

Handwriting recognition is still an unsolved problem for totally unconstrained
input, as the state-of-the-art recognition rates (from 50% to 80%) show [I]. For
many applications, more robust recognition is required.

Some methods exist for making recognizers robust. Classifier combination [2]
is an example. The rationale is to increase the recognition rate by using more
than one classifier, in such a configuration that the errors that one single classifier
would made are compensated by the others. This approach has been employed
for many years but usually more than two or three classifiers are required.

A newly formulated approach is confidence modeling. It stands for all the
methodologies that are carried out once the classification is done and a confi-
dence value estimate for correct classification exists. An exhaustive formalization
and survey can be read in [3]. One type of confidence modeling is what is known
under recognition verification. Its aim is to try to predict classification failures to
increase the robustness of classifiers. Contrary to classifier combination, recog-
nition verification does not increase the recognition rate but at least reduces the
number of errors and suggests an alternative treatment of the rejected samples.

We propose a general methodology for detection of classification errors in
handwriting recognition. The main difference with respect to the state-of-the-
art in confidence modeling is that it makes use of two parallel classifiers. In other
words, we import the idea of classifier combination into recognition verification.

In section 2] confidence modeling and its application to rejection are reviewed.
In section Bl the proposed methodology is described with exactitude. In section 4
possible configurations are presented. In section [ the performed experiments
are described and their results commented. Conclusions and future work are
discussed in section [6

J. Mart{ et al. (Eds.): IbPRIA 2007, Part II, LNCS 4478, pp. 97-[I04] 2007.
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2 Confidence Modeling

In a confidence modeling framework, one starts from the following assumptions.
For each sample of handwritten text the output of a classifier is a ranked set
of labels {lz}ficl called candidates, corresponding to the recognition guesses.
Each candidate has an associated confidence score C;, interpreted as the amount
of trust that the classifier gives to that candidate. In a confidence modeling
framework, the internal architecture of the classifier is not of interest. In other
words, they behave as black boxes.

One recent, popular use of confidence modeling is recognition verification [4],
often referred to as rejection strategies. They are applied when the recognition
rate is insufficient and it is of great value at least to predict an error in the output.

In its most general version, outputs with an associated confidence measure
below a threshold are labeled as rejected. This does not increase the recognition
rate; however, it reduces the number of classification mistakes and therefore
suggests an alternative treatment of these samples. A scheme of such a system

is presented in Fig.

CLASSIFIER 1 [9edision R O>-accent
decisi
CLASSIFIER cosin Yamm final decision no decision final decision

reject

no decision @ dedision )RQ accept
(a) (b)

Fig. 1. Schemes of an ordinary rejection strategy (a) and the proposed combination-
based rejection strategy (b)

One can study the fraction of still non-detected errors and the detected errors
for different threshold values. This fractions are known as error and rejection
rates and their concurrent plot is called error-reject characteristic. From this
measure, one can select the threshold that leads to the desired error rate for a
given affordable rejection rate. The typical form of the error-reject characteristic
is depicted as a solid line in Fig.

How to assign a confidence measure to each output is one of the decisive
steps. Several proposals for rejection measures can be read in [5]. In this kind of
works, most measurements highly depend on the underlying algorithm, usually
involving some posterior probability from the employed model. In [I] a rejection
strategy for discarding suspicious words in sentence candidates is used. Arlandis
et al. [6] assume there are two causes for rejecting samples- doubt and outliers-
and associate a different confidence measurement to each cause. In [7] multiple
classifiers are used to compute a measure for rejecting samples.

On the contrary, the approach proposed in this paper uses measures that
can be computed for any classifier, thus resulting in a general methodology for
recognition verification.
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3 Methodology Using Two Classifiers

We modified the “classical” recognition verification approach explained in section
2 by using two classifiers in parallel. For each classifier, we apply a threshold to
label rejected samples. But the objective is not to minimize the error rate of each
classifier. Instead, we want to minimize the error rate of a subsequent classifier
combination where only the non-rejected samples from each classifier participate.
Our idea is represented in Fig.

The first significant difference appears when interpreting the error-reject
curves. With two degrees of freedom, the error-reject points obtained when
varying both thresholds do not lie on a curve. Instead, they are spread over
the error-rejection space. This situation is depicted in Fig.
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Fig. 2. Typical error-reject characteristic obtained by an ordinary rejection strategy
(dotted line) and the proposed rejection strategy (single points). The border where the
best single points lie is plotted (dashed line).

Given such a cloud of points in the error-rejection space, we are only interested
in those for which there is no other point with less rejection and less error
rate. They do stay on a line, which we have called “Best point border” (BPB).
Formally, BPB is defined as

(r,e) € BPB < ({(ri,e)|ri <rje; <e}=0), (1)

where (r,e) represents a point of the error-reject characteristic. From now the
realizations of the explained 2-classifier recognition verification scheme will be
characterized by their BPB.
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4 Combination Methods and Rejection Measures

An implementation of the previous idea requires the specification of a particu-
lar combination method and a particular rejection strategy. The ensemble of a
combination method and a rejection measure will be called configuration from
now on. The performance of different configurations can be tested and compared
with respect to each other, and also with respect to the error-reject curves of
single classifiers.

To generalize the methodology, we will employ combination methods that do
not depend on the internal classifier design. Majority Votinﬂ [2] and Borda count
[8] are chosen for this purpose. For review of other combination methods please
refer to [9].

In contrast to the referred works on rejection strategies, where there is knowl-
edge about the underlying classifiers available, when using black-box classifiers
there is a limitation in the information we can obtain from them. Therefore the
measures proposed for rejection are simple:

— Confidence score: The value directly given by the classifier.

— Probability: A rough probability estimate is obtained by normalizing the
confidences of each candidate so that their sum is 1. The probability of
candidate i to be correct can be then expressed as:

chvzl Cr .

— First candidate bias (FCB): The difference between the confidence score of
the first candidate and the mean confidence score of all candidates. Expressed
as

2)

Di

N
1
FCB=0C; — N;Cb (3)

Higher values of this measure indicate reliable top candidates while lower
values show up for doubtful ones.

With each of the two combination methods and each of the rejection measures
proposed, we obtain six different configurations that will be tested in experi-
ments.

We additionally introduce another rejection strategy that makes use of two
parallel classifiers which is a variation of the one represented in Fig. In
this new approach, samples are first processed with one classifier. The non-
rejected samples go directly to the output and the rejected samples undergo a
Borda count combination involving the first classifier and a second classifier.
This situation is depicted in Fig.

! In the majority voting scheme, each classifier assigns one vote to the output label. If
the sample is rejected, no vote is given. Hence in practice, for two classifiers majority
voting chooses the output from the non-rejected classifier (or from a default classifier
if there is a tie).
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Fig. 3. The cascading Borda rejection approach

This scheme is very suitable for being used with rejection measures such as
the FCB. A high value of FCB stands for confident candidates and these are
directly sent to the output. A low value of FCB can mean that maybe the
first candidate is not the correct one. The subsequent Borda count combination
stands for resolving the doubt by comparing with the candidate list of another
classifier, like “a second opinion”.

5 Experiments

The proposed rejection scheme is applied for improving the results of two com-
mercial handwritten text classifiers on unconstrained handwritten words. The
classifiers will be called M and V from now on.

Experiments are conducted on public and self-acquired datasets. On the one
hand, the methodology is tested for the most populated datasets of the UNIPEN
[10] database (category 6: isolated words). These datasets are cee, cec, hpp2, lex0,
nic and sta0 and contain, respectively, a number of 4880, 3977, 5383, 5660, 6813
and 13907. On the other hand, the own dataset (CVC) consists of 1878 samples
from a 43-word lexicon acquired by more than 40 writers. Samples were obtained
with a digital pen and Anoto paper system. Examples are plotted in Fig. @

For each of the rejection measures proposed in section [3 we test ordinary
rejection strategies. Recall the consideration about majority voting of section [l
We compare the resulting error-reject curves with the best point borders (BPB)

Fig. 4. Rendered samples from the CVC on-line database corresponding to the words
“lemon” and “pineapple”, respectively
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Fig. 5. Error-reject plot for different rejection strategies on the dataset collected at the
CVC(left) and on the nic dataset of the UNIPEN database (right)

obtained by different configurations of our proposed rejection strategy. Borda
count methods use N =5 and in cascade Borda the first classifier is V.

Some of these results for the CVC and nic dataset are plotted in Fig. [B]
showing: the curves for the best classical rejection strategy for M and V, the
BPB of the proposed rejection strategy leading to best results and the BPB of
another configuration for comparison.

In all experiments the error rate is taken as the fraction of words incorrectly
recognized from all the words processed, ignoring the letter case, since there are
cases where both cannot be distinguished out of a sentence context (e.g. “Same”
and “same”).

In the CVC dataset the best configuration of our scheme (cascade Borda
with FCB) presents error-reject points far below the error-reject points of the
classical rejection strategies. It proves the effectiveness of using the FCB measure
for discarding doubtful samples and the posterior Borda count combination to
resolve this doubt. In the UNIPEN datasets we are also able to outperform the
classical rejection strategies at least for rejection values under about 40%. This
is sufficient as rejections of 40% are too high for most applications. For the M



Rejection Strategies Involving Classifier Combination 103

classifier few error-reject points are available because it only gives three different
confidence values indicating strong, intermediate or poor guesses.

For appreciating the results of every configuration in all datasets, we have
built Table [[I It shows, for every configuration, the error rate improvement of
each configuration with respect to using the best classifier alone. This point is
obtained by considering that recognition, error and rejection rate sum 1.

Table 1. Error rates (in %) achievable by the different configurations of our scheme for
the same recognition rate of the best classifier working stand-alone. This recognition
value is indicated in the last column (in %). In bold, the lowest error rate achieved for
each dataset. A dash indicates that the corresponding error rate was not achievable by
the configuration.

Datasets — CVC cec cee hpp2 lex0 nic sta0
Best classifier A\ M M M M M M
Error rate of best classifier 17.15 9.88 21.40 23.76 9.47 21.25 12.89
Voting (Confidence) 13.63 9.88 21.40 23.76 5.74 -10.29
Voting (Probability) 17.41 9.88 21.40 23.76 6.80 -11.32
Voting (FCB) 1150 - - - 5.62 -11.27

Borda Count (Confidence) 12.89 8.5521.05 22.24 5.44 19.86 9.33
Borda Count (Probability) 17.41 8.55 21.25 22.96 6.68 19.90 10.43
Borda Count (FCB) 10.92 8.50 -21.90 5.49 18.96 10.39
Cascade Borda (Confidence) 4.762 8.16 21.40 23.76 7.69 - 971
CascadeBorda (Probability) 17.41 8.22 20.72 23.17 7.67 19.87 -
Cascade Borda (FCB) 2.38 8.22 - - 779 - 9.87
Recognition rate 75.40 90.12 78.60 76.24 90.53 T78.75 87.11

For the CVC dataset the best configuration (cascade Borda with FCB) is able
to sink the error rate from 17.15% to 2.38%. This good result may be due to the
small size of the CVC dataset and its lexicon. For the UNIPEN database, the
best result is obtained for the lex0 dataset where the error can be lowered from
9.47% to 5.44%. Error rate differences from 0.35% to 3.56% are achieved in the
other datasets.

6 Conclusions and Future Work

A recognition verification methodology to detect errors in a handwriting recog-
nition task using two classifiers has been proposed. The experiments show that
the use of a second classifier allows reducing the error rate with respect to the
first one, and without a loss in recognition rate. The generality of the method
has been assessed by working with commercial classifiers, which from our point
of view are black boxes.

The methodology could be extended to work with more classifiers if results
should be further improved. However, the success using only two classifiers makes
it useful as a fast and resource-cheap solution.
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An interesting further work would be trying to identify the rejected samples
as doubts or outliers, as other authors do. This semantic information would
allow a more precise post-processing of the rejected samples. We are working in
embedding this idea into the proposed cascade Borda rejection approach.

References

1. Zimmermann, M., Bertolami, R., Bunke, H.: Rejection strategies for off-line hand-
written sentence recognition. In: Proceedings of the 17th international conference
on pattern recognition (ICPR’04), pp. 550-553 (2004)

2. Kittler, J., Hatef, M., Duin, R.P., Matas, J.: On combining classifiers. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence 20, 226-239 (1998)

3. Pitrelli, J.F., Subrahmonia, J., Perrone, M.P.: Confidence modeling for handwrit-
ing recognition: algorithms and applications. International Journal on Document
Analysis and Recognition 8(1), 35-46 (2006)

4. Pitrelli, J., Perrone, M.: Confidence modelling for verification post-processing for
handwriting recognition. In: Proceedings of the Eighth International Workshop on
Frontiers in Handwriting Recognition (IWFHR’02), p. 30 (2002)

5. Brakensiek, A., Rottland, J., Rigoll, G.: Confidence measures for an address read-
ing system. In: Proceedings of the seventh international conference on document
analysis and recognition (ICDAR’03), p. 294 (2003)

6. Arlandis, J., Perez-Cortes, J., Cano, J.: Rejection strategies and confidence mea-
sures for a k-NN classifier in an OCR task. In: Proceedings of the 16th International
Conference on Pattern Recognition, pp. 576-579 (2002)

7. Aksela, M., Laaksonen, J., Oja, E., Kangas, J.: Rejection methods for an adap-
tive commitee classifier. In: Proceedings of the Sixth International Conference on
Document Analysis and Recognition (ICDAR’01), pp. 982-986 (2001)

8. Gader, P.D., Mohamed, M.A., Keller, J.M.: Fusion of handwritten word classifiers.
Pattern Recognition Letters 17, 577-584 (1996)

9. Rahman, A.F.R., Fairhurst, M.C.: Introducing new multiple expert decision com-
bination topologies: A case study using recognition of handwritten characters. In:
Proceedings of the 4th International Conference on Document Analysis and Recog-
nition (ICDAR’97), p. 886 (1997)

10. Guyon, I., Schomaker, L., Plamondon, R., Liberman, M., Janet, S.M.: Unipen
project of on-line data exchange and recognizer benchmarks. In: Proceedings of
the 12th International Conference on Pattern Recognition (ICPR’94), pp. 29-33
(1994)



Summarizing Image/Surface Registration for
6DOF Robot/Camera Pose Estimation

Elisabet Batlle, Carles Matabosch, and Joaquim Salvi

Institut d’Informatica i Aplicacions, University of Girona
Campus Montilivi, 17071 Girona, Spain

Abstract. In recent years, 6 Degrees Of Freedom (DOF) Pose Esti-
mation and 3D Mapping is becoming more important not only in the
robotics community for applications such as robot navigation but also in
computer vision for the registration of large surfaces such as buildings
and statues. In both situations, the robot/camera position and orien-
tation must be estimated in order to be used for further alignment of
the 3D map/surface. Although the techniques differ slightly depending
on the application, both communities tend to solve similar problems by
means of different approaches. This article is a guide for any scientist
interested in the field since the surveyed techniques have been compared
pointing out their pros and cons and their potential applications.

1 Introduction

Thus far, robot navigation has been focused on 2D mapping in flat terrains and
usually restricted to indoor structured scenarios [34]. Recently, the need to ex-
plore complex and unstructured environments has increased [27]. The complexity
of this sort of environments requires 6DOF movement due to the unevenness of
natural terrains. Besides, the growing interest in 3D modeling of large objects
such as buildings and statues has forced the scientific community to face new
challenges with the aim of reducing the propagation error present in registra-
tion [33]. In both situations, the robot/camera pose is estimated in order to be
used in a further alignment of the 3D map/surface. Although the techniques dif-
fer slightly depending on the application, both communities tend to solve similar
problems by means of different approaches [T11] [31].

In general, a good estimation of the initial position is always required in-
dependently of the approach or technique used. Hence, section [ provides a
classification of the most important methods used to obtain a coarse pose es-
timation, including inertial navigation, visual odometry and surface-to-surface
matching, among others. Then, pair-wise registration approaches such as the
Iterative Closest Point are used to refine the alignment between two clouds of
points, see section Bl Finally, any error accumulated between correlated views is
minimized by means of cycles and overlapping regions common among the ac-
quired views. Hence, section [l discusses a new classification of these techniques
including analytic methods such as bundle adjustment and the well known ICP
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Table 1. Coarse one-to-one pose estimation techniques. R: Restricted (some DOF are
constrained in a limited range); TOF: Time-of-flight; LT: Laser Triangulation; DLP:
Digital Light Projector.

Technique author DOF  sensor scene
Niichter, 2004 [27] 6 TOF  outdoor
mechanical sensors Folkesson, 2003 [II] 6R TOF outdoor

devices Pulli, 1999 [31] 6 LT object

mechanisms Bernardini, 2002 [2] 6 LT object

Huang, 1989 [18] 6  monocular indoor

Image Feature to point Shang, 1998 6  binocular indoor

Coarse to Davison, 2003 6  monocular indoor
one-to-one image Point to feature Lowe, 1999 [23] 6  binocular indoor
pose Chen, 1998 [6] 6 DLP object
estimation Johnson, 1999 [20! 6 DLP object
b Computer Point to Carmichael, 1999 [5] 6 DLP object
vision Surface feature Chua, 1997 [8] 6 database object

to Huber, 2003 6 LT object
surface Nister, 2004 [28] 6  monocular outdoor
Feature Stamos, 2003 [33] 6 TOF  outdoor

to point Wyngaerd, 2003 [38] 6 DLP object

Triebel, 2005 6R TOF  outdoor

multi-view approach, and statistical methods such as Simultaneous Localization
And Mapping (SLAM), among others. These techniques are compared and dis-
cussed analyzing their pros and cons and potential applications. The article ends
with conclusions.

2 Coarse One-to-One Pose Estimation

The initial position is always required independently of the approach or tech-
nique used. The initial pose can be obtained using two well-known approaches:
1) Initial pose estimation by mechanical devices and 2) Initial Pose estimation
by computer vision. The first technique is based on benefiting by using some sort
of device: a) sensors, such as odometers, compasses or inertial systems [I1]; or
b) mechanisms, such as rotating tables, robot arms or conveyors [31] [2]. When
sensors or mechanical devices can not be used or when their measure is rough
or inaccurate, an estimation of the initial position by means of computer vi-
sion may be a good choice. Therefore, the second technique is based on directly
analyzing the visual images (given by cameras) or the surface views (given by
scanners) looking for correspondences which are used to solve the alignment and
consequently the pose. Although in this paper the final registration concerns 3D
objects, the initial pose estimation can be achieved using both 2D or 3D views.
Therefore, two main groups of pose estimation techniques using computer vi-
sion are proposed: a) Image-to-image correspondences and b) Surface-to-surface
correspondences. Image-to-image techniques are based on 2D image-to-image
matching using both discrete and differential epipolar constraint dealing with
2D images directly acquired by a stereo-head [I8] or a moving camera [9]. Note
that in the calibrated case the 3D is computed by triangulation. Besides, in
uncalibrated systems the motion up to a scale factor is estimated by solving
the well-known Kruppa equations computing a perspective reconstruction. The
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Table 2. Fine one-to-one pose estimation techniques. R: Restricted (some DOF are
constrained in a limited range); TOF: Time-of-flight; LT: Laser Triangulation; DLP:
Digital Light Projector.

Technique author DOF sensor scene
Besl, 1992 [3] [§} LT outdoor

Greenspan, 2001 [I14] 6 DLP object

Fine Point to Jost, 2002 [21] 6 database object
one-to-one point Guidi, 2004 6 DLP object
pose Triebel, 2005 6R TOF outdoor
estimation Trucco, 1999 [37] synthetic data object
(Pair-wise) Chen, 1991 [7] DLP object

Point to  Gagnon, 1994 [I3]
plane Park, 2003

monocular object

6
6
6
6 database object

Euclidean reconstruction is obtained by taking any metric measure from the
scene that allows the determination of the scale factor, usually a distance be-
tween two 3D features [9]. On the other hand surface-to-surface techniques deal
with 3D features or clouds of points acquired by any 3D acquisition technique
such as stereo [28], laser triangulation or time-of-flight lasers [33], among others.
Here, the main difference is in the way of selecting the matching points.

All these methods process the 2D /3D points of the given images/surfaces to
extract significant points which are used in the matching process. Hence, the
techniques are classified according to: a) feature-to-point approach when the
significant points are only those that satisfy a given feature [17] [33]; and b)
point-to-feature approach when an arbitrary group of points are characterized
obtaining a set of features that differ one to another depending on point neigh-
borhood [23] [§] [5].

In summary, although coarse pose estimation methods based on mechanical
devices provide good results in flat terrains, a combination of both mechanical
and computer vision methods is usually required in the presence of rough and
unstructured environments. Techniques based on the discrete epipolar geometry
have been widely studied and nowadays robust solutions are available even in
6DOF. Besides, the differential movement estimators are quite sensitive to noise.
Hence, these methods are, in general, adapted to the application constraining the
number of DOF with the aim of reducing the error in the estimation. Therefore,
surface-to-surface alignment is more adequate for complex 3D scenarios, but
then we have to avoid symmetries in the views to obtain accurate registrations.

3 Fine One-to-One Pose Estimation

Once an initial 3D pose is estimated by any coarse registration technique, an iter-
ative minimization should be applied to obtain a refined pose and hence a better
alignment between both views. Herein, the methods are classified according to
the minimization function, which is usually the distance between corresponding
points (point-to-point) or the distance between points and their correspond-
ing plane (point-to-plane). For instance, Point-to-point alignment, such as the
Iterative Closest Point (ICP) [3], focus on finding the distance between point
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correspondences. ICP is the most common point-to-point fine registration
method and the results provided by authors are good [I4] [36]. However, the
method can not cope with non-overlapping regions because outliers are barely
removed. In addition, this method usually presents problems of convergence,
many iterations are required and, in some cases, the algorithm converges to
local minima. The algorithm proposed by Chen [7] (Point-to-plane) is an alter-
native to ICP. Given a point in the first image, the intersection of the normal
vector at this point with the second surface determines a second point in which
the tangent plane is computed. The distance between this plane and the initial
point is the function to minimize. Despite the difficulty of determining the cross
point between a line and a plane in a cloud of points, some techniques such as
the fast variant of ICP proposed by Park [29] and the method of Gagnon [I3]
are presented to speed this process up. Compared to ICP, this method is more
robust to local minima and, in general, better results are obtained. Moreover,
the method is less influenced by the presence of non-overlapping regions and
usually requires less iterations compared to ICP.

4 Cycle Minimization

One-to-one alignment of views in a sequence causes a drift that is propagated
throughout the sequence. Hence, some techniques have been proposed to reduce
the propagating error benefiting from the existence of cycles and re-visited re-
gions and considering the uncertainty in the alignment. This sort of techniques
is classified into analytic and statistic, as shown in Table 3 and explained in the
following paragraphs.

Analytic minimization: In order to minimize the propagating error, some au-
thors have improved their algorithms by adding a final step that aligns all the
acquired views at the same time. These approaches spread one-to-one pair-wise
registration errors throughout the sequence of views. Early approaches proposed
the aggregation of subsequent views in a single metaview, which is progressively
enlarged each time another view is registered [7]. Here, the main constraint is
the lack of flexibility to re-register views already merged in the metaview. Some
modifications of metaview approach have been presented to improve the effi-
ciency of the algorithm [3I] [27]. A different multi-view approach proposes a
multi-view registration technique based on the graph theory: views are associ-
ated to nodes and transformations to edges. Authors consider all views as a
whole and align all them simultaneously [19] [32]. Analytic methods based on
the metaview approaches present good results when initial guesses are accurate
and the surface to be registered does not have a large scale. Otherwise, the
method suffers a large propagation error producing drift and misalignments and
its greedy approach usually falls in local minima. The use of methods based on
graphs has the advantage of minimizing the error in all the views simultaneously
but they usually require a previous pairwise registration step, which accuracy
can be determinant in the global minimization process. Besides, closing the loop
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Fig. 1. Multi-view registration of multiple 3D views of a ceramic frog out in our lab

strategies provide trustworthy constraints for error minimization but require a
huge amount of memory and usually involve a high computational cost.

Statistic minimization: The same problem of registering 3D views in a sequence
has been also faced by means of a probabilistic approach (statistic techniques), es-
pecially in mobile robot navigation. The technique receives the name of Simulta-
neous Localization and Mapping (SLAM) since both the pose and the structure of
the environment are estimated simultaneously. The main difference compared to
analytic multi-view is that the uncertainty in the measure is not neglected. Hence,
two main groups of techniques have been considered depending on the way of rep-
resenting such uncertainty: a) Gaussian filters and b) non-parametric filters. Both
Kalman Filter (KF) for linear systems and Extended Kalman Filter (EKF) for
non-linear systems are undoubtedly the most well-known Gaussian filters. Both
consist in two main steps: a) Prediction, which estimates the current state by using
the temporal information of previous states; and b) Update, which uses the current
information provided by robot on-board sensors to refine prediction. Whenever
a landmark is observed by the on-board sensors of the robot, the system deter-
mines whether it has been already registered and updates the filter. Hence, when
part of the scene is revisited, all the gathered information from past observations
is used by the system to reduce the uncertainty in the whole mapping, strategy
known as closing the loop. Besides, mobile robot localization and mapping has also
been tackled by using non-parametric filters such as histogram filter or particle fil-
ter. The main advantage compared to Gaussian filters is the possibility of dealing
with multimodal data distribution, so that multiple values (particles) are used to
represent the belief [35] [9]. Nevertheless, note that Gaussian filters have a poly-
nomic computational cost whereas the computational cost of a non-parametric
filter may be exponential. In the presence of large environments in which tons of
data are gathered, Gaussian filters state vectors increase considerably leading to
inefficiency in terms of computational cost. Similar problems appear using non-
parametric filters such as the particle filter. Hence, some authors have proposed
different techniques to cope with computational cost and memory size [16] [22].
This drawback can be solved by using methods based on building submaps [4]
which present more robustness against uncertainty compared to methods based
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Table 3. Cycle minimization techniques. R: Restricted (some DOF are constrained
in a limited range); TOF: Time-of-flight; LT: Laser Triangulation; DLP: Digital Light
Projector.

Technique author DOF  sensor scene
Bergevin, 1996 [I] 6 monocular object
Iterative Huber, 2003 6 LT object
Analytic lineal Pulli, 1999 [31] 6 LT object
(Multiview) Sharp, 2004 [32] 6 DLP indoor
Niichter, 2004 [27] 6 TOF  outdoor
Cycle robust Masuda, 2001 [25] 6 LT object
minimization Pollefeys, 2000 6  monocular outdoor
Guivant, 2000 [L6] 6 TOF outdoor
Martinelli,2005 [24] 6R TOF indoor
Gaussian Liu, 2003 6R TOF  outdoor
Statistic Bosse, 2003 [] 6 TOF  outdoor
Estrada, 2003 6R TOF  outdoor
Davison, 2003 6 monocular indoor

Non Parametric Montemerlo, 2002 6R TOF  outdoor

on a unique global map. Some methods impose global restrictions for global map
joining, providing accurate solutions in the presence of short loops [12]. However,
loop consistency constraints used in methods such as Hierarchical SLAM [I0] can
be essential in order handle larger loops and prevent inconsistency and misalign-
ments in the final map.

In summary analytic methods are the most common in high-resolution ob-
ject reconstruction by means of multi-view registration techniques. Although
multi-view registration methods have demonstrated to provide accurate solu-
tions, misalignments can appear in the presence of featureless environments,
symmetries and smooth objects. Besides, statistical methods are the most used
in 3D mapping in mobile robot navigation. The advantage of statistical methods
is in their performance in the presence of less reliable sensors, complex environ-
ments and unstructured scenes with few features and landmarks. However, they
are not recommended for handling tons of data since the manipulation of large
state vectors derives to an inefficient computation.

5 Conclusion

This paper presents a state of the art of the most representative techniques for
6DOF pose estimation and 3D registration of large objects and maps. The most
referenced articles over the last few decades have been discussed analyzing their
pros and cons and potential applications.

The article is intended to be a guide for any researcher interested in the
field. To the best of our knowledge, this article is the first that compares the
techniques present in both robotics and computer vision communities, providing
new classification criteria, discussing the existing techniques, and pointing out
their pros and cons and potential applications.
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Abstract. The challenge of interest point detectors is to find, in an un-
supervised way, keypoints easy to extract and at the same time robust to
image transformations. In this paper, we present a novel set of saliency
features that takes into account the region inhomogeneity in terms of
intensity and shape. The region complexity is estimated at real-time by
means of the entropy of the grey-level information. On the other hand,
shape information is obtained by measuring the entropy of normalized
orientations. The normalization step is a key point in this process. We
compare the novel complex salient regions with the state-of-the-art key-
point detectors. The new set of interest points shows robustness to a wide
set of transformations and high repeatability. Besides, we show the tem-
poral robustness of the novel salient regions in two real video sequences.

1 Introduction

Visual saliency [1] is a broad term that refers to the idea that certain parts
of a scene are pre-attentively distinctive and create some form of immediate
significant visual arousal within the early stages of the Human Vision System.
The term ‘salient feature’ has previously been used by many other researchers
[2][T]. Although definitions vary, intuitively, saliency corresponds to the ‘rarity’
of a feature [2]. In the framework of keypoint detectors, special attention has
been paid to biologically inspired landmarks. One of the main models for early
vision in humans, attributed to Neisser [6], is that it consists of pre-attentive and
attentive stages. In the pre-attentive stage, ‘pop-out’ features are only detected.
These are the salient local regions of the image which present some form of
spatial discontinuity. In the attentive stages, relationships between these features
are found, and grouping takes place in order to model object classes.

Region detectors have been used in several applications: baseline matching for
stereo pairs, image retrieval from large databases, object retrieval in video, shot
location, and object categorization [9][8], to mention just a few. One of the most
well-known keypoint detector is the Harris detector [3]. The method is based
on searching for edges at different scales to detect interest image points. Several
variants and application based on the Harris point detector have been used in
the literature, such as Harris-Laplacian [5], Affine variants [3], DoG [E], etc. In
[11], the authors proposed a novel region detector based on the stability of the
parts of the image. Nevertheless, the homogeneity of the detected regions makes
the description of the parts ambiguous when considered in object recognition

J. Marti et al. (Eds.): IbPRIA 2007, Part II, LNCS 4478, pp. 113[121] 2007.
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frameworks. Schmid and Mohr [3] proposed the use of corners as interest points
in image retrieval. They compared different corner detectors and showed that
the best results were provided by the Harris corner detector [5]. Kadir et al. [I]
estimate the entropy of the grey levels of a region to measure its magnitude
and scale of saliency. The detected regions are shown to be highly discriminable,
avoiding the exponential temporal cost of analyzing dictionaries when used in
object recognition models, as in [I2]. Nevertheless, using the grey level informa-
tion, one can obtain regions with different complexity and with the same entropy
values. In [I0], a method for introducing the cornerness of the Harris detector
in the method of [I] is proposed. Nevertheless, the robustness of the method is
directly dependent on the cornerness performance.

In this paper, we propose a model that allows to detect the most relevant
image features based on their saliency complexity. We use the entropy measure
based on the color or grey level information and shape complexity (defined by
means of a novel normalized pseudo-histogram of orientations) to categorize the
saliency levels. This new Complex Salient Regions can be related to the pre-
attentive stage of the HVS. In this sense, they are biologically inspired since it
is known that some neural circuits are specialized or sensitive to a restrictive
set of visual shapes, as edge, contour and motion detectors as others related
to color and spatial frequencies [7]. Although orientations have been previously
used in the literature with very few success[I], our approach defines a normalized
procedure that makes this measure very relevant and robust.

The paper is organized as follows: chapter 2l explains our Complex Salient
Regions, section 3 shows experimental results, and section 4 concludes the paper.

2 Complex Salient Regions

In [I], Kadir et al. introduce the grey-level saliency regions. The key principle is
that salient image regions exhibit unpredictability in their local attributes and
over spatial scale. This section is divided in two parts: firstly, we describe the
background formulation, inspired in [I]. And, secondly, we introduce the new
metrics to estimate the saliency complexity.

2.1 Detection of Salient Regions

The framework to detect the position and scale of the saliency regions uses a
saliency estimation (defined by the Shannon entropy) at different scales of a given
point. In this way, we obtain a function of the entropy in the space of scales. We con-
sider significant saliency regions those that correspond to maxima of that function,
where the maxim entropy value is used to estimate the complex salient magnitude.
Now we define the notation and description of the stages of the process.

Let Hp be the entropy of a given descriptor D, S, the space of significant
scales, and Wp the relevance factor (weight). In the continuous case, the saliency
measure yp, a function of scale s and position x, are defined as:

1D (Sp, @) = Wp(Sp, ) Hp(Sp, ) (1)
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for each point x and the set of scales S, at which entropy peaks are obtained.
Then, the saliency is determined by weighting the entropy at those scales by Wp.
The entropy Hp is defined as Hp(s,z) = — [ p(I,s,x)logy p(I, s, z)dI, where
p(I, s, x) is the probability density of the intensity I as a function of scale s and
position z. In the discrete case, for a region R, of n pixels, the Shannon entropy
is defined as

Z Pp r,(i)log2Pp,r, (i) (2)

where Pp g, (i) is the probability of descriptor D taking the value 7 in the local
region R, for n grey levels. The set of scales S), is defined by the maxima of the

function Hp in the space of scales S, = {s: 8HD(S 2 =0, o HaE;(S @) < 0}

These equations are illustrated by the detected local maxima in fig. [l In the
figure, a point x is evaluated in the space of scales, obtaining two local maxima.
These peaks of the entropy estimation correspond to the representative scales
for the analyzed image point.

Seaie

Fig. 1. Local maxima of function Hp in the scale space S

The relevance of each position of the saliency at its representative scales is
defined by the inter-scale saliency measure Wp(s,z) = s J_ 9 Hp(s,z).

Considering each scale s of .S}, and the pixel z, we estimate Wp in the discrete
case as,

Wp(s,z) = S|HD(8 —1,2) — Hp(s,z)| —2k |Hp(s+1,2) — Hp(s, )| 3

where s € [1, ..., 5], for S the total number of scales. Using the previous weighting
factor, we assume that the significant salient regions correspond to that locations
with high distortion in terms of the Shannon entropy and its peak magnitude.

2.2 Traditional Grey-Level and Orientation Saliency

Kadir et al. [T] used the grey-level entropy to define the saliency complexity of a
given region. However, this approach falls short in front of clear cases of different
complexities. In fig. [2 one can observe different regions with the same amount of
pixels for each grey level and different visual complexity. Note that the approach
proposed by [I] gives the same entropy value for all of them.

A natural and well founded measure to solve this pathology is the use of comple-
mentary orientation information. In the same work [I], Kadir et al. considered the



116 S. Escalera, O. Pujol, and P. Radeva

&8

Fig. 2. Regions of different complexity with the same grey level entropy

use of orientations with very limited and inconclusive results. The use of orienta-
tions as a measure of complexity involves several problems. In order to exemplify
those problems, suppose that we have the regions (a) and (b) of fig.[Bl Both regions
have the same pdf (fig.Blc)), although contain different number of significant ori-
entations with the same proportion (histograms of fig.Bl(d) and (e)).

~ .
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|

/
|

\

~ . N i
(a) (b) (c) (d) (e)

Fig. 3. (a)(b) Two circular regions with the same content at different resolutions. (c)
Coincident pdf for the regions (a) and (b). (d) Orientations histogram for (a), and (e)
orientations histogram for (b).

To solve the commented problems, we propose a design of the normalized
orientation.

2.3 Normalized Orientation Entropy Measure

The normalized orientation entropy measure is based on computing the entropy
using a pseudo-histogram of orientations. The usual way to estimate the his-
togram of orientations of a region is to use a range from 0 to 27 radians. However,
a very important information related to the orientation is omitted, the lack of
orientation, referred from now on as ‘non-orientation’. Our proposed orientation
metric consists of computing the saliency including this non-orientations in the
modified orientation pdf.

Considering the k£ < K most significant orientations using an experimental
threshold, where K is the total orientation magnitudes from a given region, we
compute the histogram ho. The normalization bin is then added as ho(n+1) =
K — k. In this way, the modified orientation pdf for the histogram ho is obtained
by means of:

ho (i)

+1 ,
22;1 ho(j)
In order to obtain the orientation entropy value, we consider the first n values

of the normalized histogram. Note that the n 4 1 position is not included in the
entropy evaluation since its goal is to normalize the first n positions, as shown

in eq. ).

PDFy(i) = Vil n+1] (4)
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2.4 Combining the Saliency

In our particular case, the grey-level histogram is combined with the pseudo-
histogram of orientations. In this way, once estimated the two corresponding
pdf, we apply equations (), @), and @B to each one, and the final measure
combination is obtained by means of the simple addition] v = va + Yo, where
~ve and 7o are estimated by equation () for the grey and orientation saliency,
and ~ is the result, where the final significant saliency positions, magnitudes
(level of complexity), and scales are defined. This new saliency measure gives a
high complexity value when the region contains different grey levels information
(non-homogeneous region), and the shape complexity is high (high number of
gradient magnitudes at multiple orientations). The complexity order to detect
the salient regions is O(dl), where d is the number of image pixels, and [ is the
number of scales searched for each pixel.

3 Results

We compare the presented CSR with the Harris-Laplacian, Hessian-Laplacian,
and the grey-level saliency in terms of repeatability and false alarm rate. The
parameters used for the region detectors are the default parameters given by
the authors [TT][T][3]. The number of regions obtained by each method strongly
depends on the image type since each one responds to different type of features.
Nevertheless, we use the 20% maximum responses of each detector to analyze
the robustness of the most significant salient regions.

Fig. 4. Caltech database samples used to test the keypoint detectors

In order to validate our results, we selected the samples of fig. @l from the public
Caltech repository database. In this set of samples, we applied a set of transfor-
mations: rotation (10 degrees per step up to 100), white noise addition (0.1 of the
variance per step up to 1.0), scale changes (15% per step up to 150), and affine
distortions (5 pixels x-axis distortion per step up to 50). The mean results for the
repeatability and false alarm ratios are shown in fig. Bl We consider the repeata-
bility defined as the percentage of the initial detected regions that is maintained

! 'We have experimentally observed that this simple combination obtains the most
relevant results in comparison with other kinds of combinations.
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(a)

Fig. 7. (a)(b) Samples, (¢) Smoothed oriented CSR matches, (d) Zoomed right region

in the space of transformations, and the false alarm rate as the percentage of de-
tected regions that do not have a correspondence in the initial image. Observing
the figures, one can see that the CSR regions obtain better performance in terms of
repeatability, obtaining the highest percentage of intersected regions for all types
of image distortions. For the case of false alarm rate, the CSR and the Hessian
Laplace methods are the best, obtaining similar results.

The next experiment is to apply the CSR regions to video sequences to show
its temporal robustness. We have used the video images from the Ladybug2
spherical digital camera from Point Grey Research group [I3]. The car system
has six cameras that enable the system to collect video from more than 75%
of the full sphere [I3]. Besides, we have tested road video sequences from the
Geovan Mobile Mapping process from the Institut Cartografic de Catalunya [14].
For both experiments we have analyzed 100 frames, using the SIFT descriptor
[4] to describe the regions. The matching is done by similar regions descriptors
in a neighborhood of the detected CSRs. The smoothed oriented maps from
CSR matchings are shown in fig. [i and fig. [1l Fig. [Bl(a) shows the oriented map
in the first analyzed frame of [I3]. Fig. [B((b) focuses on the right region of (a).
One can see that the matched complex regions correspond to singularities in the
video sequence and approximates roughly the video movement. From the road
experiment of fig. [0, where appear cars and traffic signs (fig. [Bl(a) and (b)), the
oriented map is shown in fig. Blc), where the amplified right region shown in
fig. BY(d) shows the correct temporal behavior of the road video sequences.
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4 Conclusion

We have presented a novel set of salient features, the Complex Salient Regions
(CSR). These features are based on complex image regions estimated at real-time
using an entropy measure. The presented CSR analyzes the complexity of the re-
gions using the grey-level, and orientations information. We introduced a novel
procedure to consider the anisotropic features of image pixels that makes the
image orientations useful and highly discriminable in object recognition frame-
works. One can use the complexity criteria to adjust the detector requirements
in a compromise between robustness and computational time. The novel set of
features is highly invariant to a great variety of image transformations, and leads
to a better repeatability and lower false alarm rate than the state-of-the-art key-
point detectors. These novel salient regions show robust temporal behavior on
real video sequences, and can be potentially applied to real-time matching and
image retrieval problems (less than 1 second in 800x 640 medium resolution im-
ages), avoiding the exponential number of features and time complexity of the
exhaustive methods.
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Abstract. Piecewise-linear methods accomplish the registration by di-
viding the images in corresponding triangular patches, which are indi-
vidually mapped through affine transformations. For this process to be
successful, every pair of corresponding patches must lie on projections
of a 3D plane surface; otherwise, the registration may generate undesir-
able artifacts, such as broken lines, which diminish the registration qual-
ity. This paper presents a new technique for improving the registration
consistency by automatically refining the topology of the corresponding
triangular meshes used by this method. Our approach iteratively modi-
fies the connectivity of the meshes by swapping edges. For detecting the
edges to be swapped, we analyze the local registration consistency before
and after applying the action, employing for that the mutual information
(MT), a metric for registration consistency significantly more robust than
other well-known metrics such as normalized cross correlation (NCC') or
sum of square differences (SSD). The proposed method has been suc-
cessfully tested with different sets of test images, both synthetic and
real.

1 Introduction

Image registration is the process of overlapping two images of the same scene
acquired on different dates, from differences point of views and/or using differ-
ent sensors. In this process, one image remains fixed (fized image) whereas the
other (moving image) is spatially transformed until fitting with the first one. Im-
age registration is a crucial step in many image analysis applications like image
fusion, change detection, 3D scene reconstruction, etc. Traditionally, the regis-
tration process is dealt with in two stages. In the first one, the positions of a
set of pairs of corresponding points (so-called correspondences) are identified in
the images, and in the second stage, this set of correspondence pairs is exploited
to robustly estimate a mapping function which is then used to transform all
the pixels of the moving image onto the fixed one (some kind of interpolation is
required in this step).

Different mapping functions have been reported in the literature for image reg-
istration, such as polynomial, radial basis, piecewise (linear or cubic), splines,
etc. [T]. For registering images of polyhedral scenes (typical in indoor and ur-
ban environments), piecewise-linear functions are especially suitable, since they

J. Mart{ et al. (Eds.): IbPRIA 2007, Part 11, LNCS 4478, pp. 122-[T29] 2007.
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divide the images into triangles which are individually registered through linear
transformations that preserve the topology of the triangular mesh [2]. Of par-
ticular significance is the case where the perspective deformation of the images
can be simplified by an affine transformation, since a triangle in the moving
image must perfectly overlap onto the fixed one provided that it comes from the
projection of a planar patch of the scene [3].

Given a set of corresponding point pairs in the images, isomorphic triangular
meshes are typically generated onto them by using the Delaunay’s triangulation
method [4], which produces triangles of balanced size and shape, but which does
not guarantee that the created topology is the best possible one for registering
the images through a piecewise-linear method. For that purpose, it is clear that
we should minimize the number of triangles covering on projections of different
planar 3D patches, that is, those whose vertices are projections of 3D points of
different planar patches (see fig.[l). This is the aim of this work: to improve the
accuracy of piecewise-linear image registration by only applying edge swapping
modifications to the mesh. This process can be seen as an optimization proce-
dure that modifies the mesh connectivity, that is, without varying the number
of vertices neither their coordinates. It is remarkable also that, the resulting
optimized mesh is in compliance with the 3D scene structure up to the level
that the mesh geometrical realization allows. To our knowledge, this is a novel
approach for the image registration problem, since previous methods reported
in the literature focus on optimization/simplification of 3D triangular meshes,
requiring a complete knowledge of the scene geometry derived, for example, from
a laser range finder [5][6] or calibrated images [7][g].

Registered image

‘B

Mesh in
compliance with
the polyhedron
faces

Mesh NOT in
compliance with
the polyhedron
faces

- B

Fig. 1. For a piecewise-linear registration process to be successful, the triangles must
be projections of one single polyhedral face of the scene as in (a), otherwise broken
lines are produced and the registration of that triangle shows a clear inconsistency (b)

A key aspect in the proposed optimization method is that of determining
when an edge swapping operation is necessary. Our solution consists of checking
the local registration consistency of the two triangles involved (those that share
the analyzed edge) before and after performing the swap. In this process, no
threshold needs to be considered. Another novelty of this work is the usage
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of the mutual information (M) as a measurement of registration consistency
[9] which, unlike other well-known metrics such as normalized cross correlation
(NCC) or sum of square differences (S5D), is less sensitive to changes in lighting
conditions or noise. The overall registration method has been successfully tested
with a broad variety of test images (both synthetic and real) acquired under
different lighting conditions and viewpoints.

The remainder of this paper is organized as follows. Section 2] contains sev-
eral assumptions and definitions, as well as, the formulation used in subsequent
sections. In section [B we describe our method, the inconsistency estimation
function and the optimization process. In section [, we present and discuss some
experimental results. Finally, some conclusions and future work are outlined.

2 Assumptions and Definitions

In this work we assume that the 3D-to-2D camera projection can be modelled
by a paraperspective transformation which basically means that parallel lines
in space keep their parallelism in the image. This simplification is assumable
in most computer vision setups and leads to a great reduction in complexity
in many vision problems [I0]. For image registration, this assumption implies
that 3 correspondences (instead of the 4 correspondences required for its gen-
eral form) suffice to estimate the affinity which transfers points from one image
patch to another [3]. In other words, if a pair of corresponding faces are projec-
tions of a plane surface, the geometric transformation which maps the pixels of
one to another is an affinity. Thus, after performing the mapping, both image
patches should perfectly match; otherwise, the faces are not projections of a
planar surface.

Next, we introduce the notation employed in this work as well as some useful
definitions.

Simplicial complex
Vertices: {1}, {2}, {3}
Edges: {1.2},{2,3}, {3,1}
Facet: {1,2,3}

Fig. 2. Example of mesh representation: a mesh consisting of one face

A mesh is a piecewise-linear surface, consisting of triangular faces put together
along their edges. Formally, a mesh is a pair M = (K, V'), where K is a structure,
called simplicial complex [I1], which determines the connectivity of the vertices,
edges and faces (its topological realization), and V = {v;|i = 1,...,m}, v;eR? is
a set of vertex positions which defines the shape of the mesh in %2 (its geometrical
realization) [6] (see fig. ). To refer to any point within the mesh, we employ the
notation p € ¢y (s), where s C K, thus, we use p € ¢y (t) to refer to one point
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within a triangular face t = {i,j,k} € K; p € ¢v(q) to refer to one point within a
quadrilateral of M consisting of two adjacent triangles ¢ = [{1, j, k}, {3, j,}] € K,
and so on.

In addition to the above general definition, we introduce the following ones,
of interest for describing our method in the next section:

— An edge {i,j}€K is external or boundary if it is a subset of only one face,
and internal or shared otherwise.

— An edge {i,j}€K is 3D-compatible if it lies on a projection of a 3D plane
surface, and 3D-incompatible otherwise.

— Given a set of point correspondences {(v;,v})|i = 1,...,n}, v;€V and v,eV’
identified in two images, two isomorphic triangular meshes M = (K, V) and
M’ = (K,V’), and a simplicial complex sCK, we define the piecewise-linear
function f which geometrically maps a point p€gy (s) to another p'Egy (s)

as follows:
fi(p) if peov(t)

P'="Fous ()= (1)

fm (p) if p € Pv (tm)
where t; = {j,k,l} € s; f; is an affinity estimated from the geometrical
realization of the vertices of ¢; in both meshes, namely the point pairs (vj, 03)7
(v, v},), and (v;,v]); and m is the number of triangular faces.

Notice that once the transformation has been applied ¢y (s) = ¢y (s),
that is, the corresponding faces of both meshes must perfectly overlap.

3 Description of the Proposed Method

The method presented in this paper is aimed to improve the accuracy of
piecewise-linear registration, especially when applied to images of polyhedral
scenes. For this purpose, we iteratively modify the connectivity of the triangular
meshes by swapping 3D-incompatible edges (see fig. B(a)). To detect such edges
our algorithm checks, before and after applying the swap, the registration con-
sistency of the two triangles that share the analyzed edge: the edge is swapped
if that operation leads to a registration improvement. Notice that this proce-
dure only modifies the mesh connectivity, since the number of vertices and their
coordinates remain without modification.

Edge swapping Patch reversal
i i i i
| |
k k
N | > |
gqc K q cK 7 ] -
) ! k K £7""" Invalid action!
a) b)

Fig. 3. The topological action of swapping an edge when a) all preconditions are verified
and b) the action produces a patch reversal
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The employed metric for measuring the registration consistency is the mutual
information (MT) [12]. From a statistical viewpoint, the MI measures the sta-
tistical dependency or information redundancy of two random variables. Unlike
other consistency measures such as the sum of square differences (SSD) or the
normalized cross correlation (NCC') which assume a priori functional relation-
ship between both image patches, the MI postulates a statistical relationship
which can be estimated from the joint entropy. The advantage of this metric is
that it is more robust to image changes caused by different lighting conditions,
observation angles, noise, etc. [I3]. Mathematically, the MI of two image patches
A and B can be written as follows:

MI(A,B) = Z Z Pa g (i,7)log (p}:x?zj)gl(jéj()j)) .

where P(i), Pp(j) and P4 p(i,j) are the probability functions estimated from
the intensity joint histogram of A and B (ha, g), that is:

Py (i) =3 has (i, j)/N,
P (j) = S ha s (i, 5)/N, and
Pap(i,j) =222 hap(i,5)/N

K3
being N is the number of pixels.

We take advantage of the robustness of the MI for effectively detecting 3D-
incompatible edges. Thus, given two images I and I’ to register and their cor-
responding meshes defined as M = (K, V) and M’ = (K, V"), we determine the
3D-compatibility of an edge {4, j}€K by measuring the improvement in consis-
tency, before and after being swapped, through the following expression:

w ({is7) = MI(T() T (o)) = MI(10), I (Fopy @)) )

where r = ¢y (q) = év(G) are the pixels contained in ¢y (q) or ¢y (§), being
q = [{i,j,k},{i,5,1}] and ¢ = [{L, k,j},{l, k,i}] the two adjacent faces, before
and after the swapping, respectively. Thus, I(r) represents the patch of the fixed
image defined by ¢, and I'(f 5, () (7)) and I'(f 4, () (7)) the transformations of its
moving counter parts according to the two possible topological configurations.

An edge is considered for swapping only if w > 0, otherwise, the topological
realization of the meshes remains without modification. Also, before evaluating
the 3D-compatibility of any edge {3, j} €K, the edge should be checked to verify
the following preconditions: 1) the edge {i,j} is internal, 2) the resultant edge
{k,1}¢ K, and 3) the action does not produce a patch reversal in K (see fig.B(b)).
It is important to notice that, in this process, [B]) is used only for comparison,
so no threshold needs to be applied in this procedure.

The overall optimization process is formulated as a greedy search [14], which
starts with the two images I and I’ to register, and the initial corresponding tri-
angular meshes M and M’ resulting of triangulating (by means of the Delaunay’s
method) a set of point pairs identified in both images. The process finishes when
the topological realization can not be longer improved by the greedy algorithm.
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4 Experimental Tests

In this section we show some experimental results which illustrate the perfor-
mance of our approach. Most of the images considered in our experiments be-
longs to the ALOI library [15], which includes images of 1000 objects acquired
under different viewpoints and lighting conditions. We have also evaluated our
implementation with scenes more complex, where several different objects are
put together.

Fig. @ graphically illustrates the process described in section Bl when applied
to two image pairs of polyhedral scenes. This figure shows the isomorphic meshes
automatically generated from sets of corresponding points previously identified
in each of the image pairs (see fig. B{a)), and the optimized ones once the re-
finements have been accomplished (see fig. El(b)). With the aim of showing the
benefits of using the MI, we have repeated the experiments twice: firstly, em-
ploying (B]), and secondly, replacing the MI by the NCC. The results of these
experiments are summarized in table [l They reveal the advantage of the MI
against NCC' for driving the optimization process, concretely: an improvement
in the accuracy of the piecewise-linear registration process (see also fig. Hc))
and a reduction in the computational time.

Initial mesh on the fixed image  Initial mesh on the moving image

Final mesh on the fixed image Global consistency

14
r
&

0.44

0.43

Mutual information (MI)

0 5 10 15 20 25 30 35 40
Number of actions

0.295

Mutual information (1)
°

oS o

o 2 ¢

288

0.275
0.27

0 5 10 15 20 25 30 35 40 45 50
Number of actions

a) b) c)

Fig.4. (a) Real images of polyhedron scenes and their corresponding Delaunay tri-
angular meshes. (b) Optimized triangular meshes provided by our method. Observe
how the process swaps edges which go from one plane surface of the scene to another.
(c) Overall registration consistency during the optimization process. The flat intervals
mean that the actions performed there do not lead to significant improvements, though
they carry out suitable topological changes that are exploited in subsequent iterations,
as shown in the evolution of the curves.

Finally, with the purpose of showing that the optimization process ends up
with meshes in compliance with the 3D scene structure (obviously, limited by
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Table 1. Experiment results

M1 NCC
Scene (# of edges) Correctness' (%) CPU time?(sec.) Correctness CPU time
Cube (275) 100 23.89 98.88 29.39
Stacked boxes (140) 99.28 18.56 93.23 21.34

the initial set of corresponding points), in figure B, we have re-projected them
into 3D space employing the factorization algorithm for affine reconstruction
proposed in [3] (pag. 437). It can be clearly observed the undesirable artifacts
which appear when the mesh contains 3D-incompatible edges.

Fig. 5. 3D scene reconstructions generated from two meshes: (a) the initial mesh and
(b) the refined one. In plots (a) we can observe some artifacts in those places where
edges not in compliance with the 3D scene exist. These artifacts disappear when all
edges are conveniently swapped, as showed in plots (b).

5 Conclusions and Future Work

In this paper we have proposed a new technique for automatically optimizing
the triangular mesh employed by piecewise-linear registration process in order
to improve the registration consistency. To achieve that, we iteratively modify
the connectivity of both meshes through edge swapping actions. The function
employed for evaluating the edge to be swapped is based on the MI, which
is significantly more robust than other well-known metric such as NCC since
it is less sensitive to changes in lighting conditions or noise. The optimization
procedure is formulated as a greedy search which finishes when all mesh edges

! Percentage of 3D-compatible edges, which are not boundary edges.
2 We have employed Matlab on a Pentium 4 HT 2.6GHz for implementing the tests.
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have been swapped. The proposed method has been successfully tested with
different sets of test images acquired under different conditions (from different
angles and lighting conditions) and sensors.

In spite of the achieved results, we have detected mesh configurations where
the registration consistency can not be improved. Such configurations occur when
the vertices of the mesh are not well-localized (i.e. in the central part of the
faces). In these cases, additional actions should be considered, for example, edge
splitting. Unlike edge swapping, it involves changes in both, the topological and
geometrical realizations of the meshes, making the optimization process signifi-
cantly more complex and time demanding, and generating new challenges such
as, where the new vertices should be located or what is the best way of splitting
an edge. This is one of our concerns for future work.
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Abstract. We present two new clustering algorithms for medical image
segmentation based on the multimodal image registration and the infor-
mation bottleneck method. In these algorithms, the histogram bins of two
registered multimodal 3D-images are clustered by minimizing the loss of
mutual information between them. Thus, the clustering of histogram bins
is driven by the preservation of the shared information between the im-
ages, extracting from each image the structures that are more relevant
to the other one. In the first algorithm, we segment only one image at a
time, while in the second both images are simultaneously segmented. Ex-
periments show the good behavior of the presented algorithms, especially
the simultaneous clustering.

1 Introduction

Medical image segmentation plays a crucial role in clinical practice, mainly for
diagnosis and disease treatment. It consists in subdividing an image into its con-
stituent parts, a significant step towards image understanding [1]. Registration is
also a fundamental task in a medical scenario since it allows to combine different
image models in a single one in order to enhance data interpretation. In [2] the
influence of intensity clustering on mutual information based image registration
is studied. On the contrary, the main purpose of this paper is analyze how the
segmentation process can benefit from image registration. With this aim, we
introduce two clustering algorithms for image segmentation based on the regis-
tration of the images to be segmented. These algorithms apply the information
bottleneck method [34], which compresses a variable X with minimal loss of
mutual information with respect to another variable Y.

Given two registered 3D-images, our algorithms work by merging neighbor
histogram bins driven by the minimization of the loss of mutual information
between the two images. The first algorithm segments just one image at a time,
while the second segments both simultaneously. These algorithms provide us with
a completely automatic global segmentation method. The intuition behind them
is to segment an image A by extracting the structures that are most relevant for
another image B, i.e., the segmentation of A attempts to preserve the maximum
dependence with B. Thus, image B controls the segmentation of A and viceversa.
Our techniques have been tested on several MR-CT datasets, which have been
previously registered using the normalized mutual information [5]. The obtained
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results show the good behaviour of both segmentation algorithms, especially the
simultaneous clustering. This approach can be considered as a first step towards
multimodal image visualization.

This paper is organized as follows. In Section 2, some information-theoretic
definitions and the information bottleneck method are presented. In Section 3,
two new registration-based segmentation algorithms are introduced. In Section
4, experimental results show the suitability of the presented algorithms. Finally,
our conclusions are given in Section 5.

2 Information Theoretic Tools

We review some basic concepts of information theory [6], the information bot-
tleneck method [34], and the application of mutual information to image regis-

tration [78].

Entropy. The Shannon entropy H(X) of a discrete random variable X with
values in the set X = {x1,22,...,2,} is defined as H(X) = — Y7, p;logpi,
where n = |X|, p; = Pr[X = x;]. The logarithms are taken in base 2 and
therefore entropy is expressed in bits.

Mutual information. Given two discrete random variables, X and Y, with
values in X = {x1,...,2,} and Y = {y1,...,ym}, respectively, the mutual
information (MI) between X and Y is defined as

IEREED 9 ) W
idj

i=1 j=1

where n = |X|, m = |Y|, p; = Pr[X = ;] and ¢; = Pr[Y = y;] are the marginal
probabilities, and p;; = Pr[X = z;,Y = y;] is the joint probability. MI is a
measure of the shared information between X and Y [6]. A fundamental property
of MI is the data processing inequality which can be expressed in the following
way: if X — Y — Z is a Markov chain, i.e., p(z,y, 2) = p(z)p(y|z)p(z|y), then

I(X,)Y)>1(X,2). (2)

This result demonstrates that no processing of Y can increase the information
that Y contains about X [6].

Jensen-Shannon divergence. A convex function on the interval [a, b], fulfils
that Z;L:l Alf(l“z) — f(Z:L:l /\2.731) Z 0 s where 0 S A S 1, Z?:l )\1 = 1, and
x; € [a, b]. For a concave function, the inequality is reversed. If f is substituted by
the Shannon entropy, which is a concave function, we obtain the Jensen-Shannon
inequality [9):

JS(ITy,..., I1,) = H(Y mill;) = Y wH(IL;) >0, (3)
i=1 i=1
where JS(I14,...,II,) is the Jensen-Shanon divergence of probability distribu-

tions IIy,Ils, ..., I, with prior probabilities or weights my,mo, ..., m,, fulfill-
ing i ; m = 1. The Jensen-Shannon divergence is identical to I(X,Y) when



132 A. Bardera et al.

{m;} is the marginal probability distribution {p;} of X and {II;} are the rows
{p(Y'|i)} of the conditional probability matrix of the information channel, i.e.,
p(Y|i) = {p1ji, P2fis - - - » Pmli }-

Information bottleneck method. The objective of the information bottleneck
method, introduced by Tishby et al. [3], is to extract a compact representation of
the variable X, denoted by X , with minimal loss of MI with respect to another
variable Y, i.e., X preserves as much information as possible about the relevant
variable Y. Soft [3] and hard [4] partitions of X can be adopted. In the first
case, every cluster x € X can be assigned to every cluster T € X with some
conditional probability p(Z|z) (soft clustering). In the second case, every cluster
x € X is assigned to only one cluster & € X (hard clustering). Our approach is
based on this case, also called agglomerative information bottleneck method [4].

MI-based image registration. Successful image registration methods are
based on the maximization of mutual information between two images [7S].
The registration of two images can be represented by an information channel
X — Y, where the random variables X and Y represent the images. Their
marginal probability distributions, {p;} and {¢;}, and the joint probability dis-
tribution, {p;;}, are obtained by simple normalization of the marginal and joint
intensity histograms of the overlapping areas of both images [7]. The registration
method based on the maximization of MI [78] is based on the conjecture that the
correct registration corresponds to the maximum MI between the overlapping
areas of the two images. Later, Studholme et al. [5] proposed a normalization of
mutual information defined by

I(X,Y)

NMI(X,Y) = HX. V)’

(4)
where H(X,Y) is the joint entropy. NMI is more robust than MI, due to its
greater independence of the overlap area.

3 Clustering Algorithms

In this section, two clustering algorithms based on the registration of images
A and B are introduced. First, we present a greedy hierarchical clustering algo-
rithm [4] that clusters the histogram bins of image A by preserving the maximum
MI between A and B. Second, we present a similar algorithm which simultane-
ously clusters the two images.

3.1 One-Sided Clustering Algorithm

In a preprocessing step, images A and B are registered, establishing a discrete
information channel X — Y, where X and Y denote, respectively, the histograms
of A and B. From the data processing inequality (2]), we know that any clustering
over X (for instance, merging neighbour histogram bins x; and x;11), denoted
by X, will reduce I(X,Y). Thus, I(X,Y) < I(X,Y).
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At the initial stage of our algorithm, only one intensity value is assigned to
each cluster T (or bin) of X. Then, the algorithm proceeds greedily by merging
two neighbour clusters so that the loss of MI be minimum. This procedure merges
the two clusters which are more similar from the perspective of B. Note the
constraint that only neighbour bins or clusters can be merged. The cardinality
| X| of X goes from |X| to 1.

The efficiency of this algorithm can be greatly improved if the reduction of
MI due to the merging of clusters z; and Z;+1 [] is computed by

61z = (p(@i) + p(@i+1)) JSP(YZ:), p(Y|Zit1)), (5)

where JS(p(Y'|Z;), p(Y|Zi+1)) is the Jensen-Shannon divergence @) and p(Y'|Z;)
denotes the row ¢ of the conditional probability matrix of the information chan-
nel. The evaluation of 61 for each pair of clusters is done in O(|Y'|) operations
and, at each iteration of the algorithm, it is only necessary to compute the
61; of the new cluster with its two corresponding neighbors [4]. All the other
precomputed 6/ ¢ remain unchanged.

Similarly to [10], clustering can be stopped using several criteria: a fixed num-
ber of clusters, a given ratio M IR = I()/(\'7 Y)/I(X,Y) or a variation 61 ; greater
than a given e. The MIR ratio can be considered as a quality measure of the clus-
tering. In the next section, we analyze the behavior of the normalized mutual
information, NMI = I(X,Y)/H(X,Y), which provides us with an efficiency
coefficient [11] of the segmentation process, and —6I¢/I(X,Y), which indicates
the relative loss of information of a given clustering [3].

3.2 Co-clustering Algorithm

It is of interest now to consider a simultaneous clustering of images A and B.
Unlike the algorithm presented by Dhillon [12] for word-document clustering,
which alternatively clusters the variables X and }77 our algorithm (see Fig. [I])
chooses at each step the best merging of one of the two images, i.e., the one
that entails a minimum reduction of MI. The similarity between the two images
is being symmetrically exploited. Thus, each clustering step benefits from the
progressive simplification of the images. One of the main advantages of this
algorithm is the great reduction of sparseness and noise of the joint probability
matrix. As we will see in the next section, the simultaneous merging over the
images A and B obtain better results than with the one-sided algorithm.

From the data processing inequality @l), I(X,Y) is a decreasing function
with respect to the reduction of the total number of clusters |X| + [Y|. Thus,
I(X,Y) < I(X,Y). Like the one-sided algorithm, the stopping criterion can be
given by a predefined number of bins, a given ratio MIR = I(X, }A/)/I(X7 Y)
or a variation 613 (or 6Iy ) greater than a given e. Similarly to the above one-
sided algorithm, the reduction of MI can be computed from the Jensen-Shannon
divergence (@). But in the co-clustering algorithm, for each clustering of X (or
}7), it is necessary to recompute all the 6y (or 6/¢). Figure [Il shows the co-
clustering algorithm where the stopping criterion is given by the total number
of clusters.
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Input
Join probability distribution: p(z,y)
Number of clusters: m € {1..|X| + |Y|}
Ouput
A partition of (X,Y’) into m clusters
Computat/:'&ox/l\
Let (X,Y) «— (X,Y)
Vi € {1..|X| = 1}.615 (i) < (p(Z:) + p(Ti+1)) IS (p(Y|Z:), p(Y]Zit1))
Vi e {1.[Y[ = 1}.615(5) < (p(¥5) + p(Uj+1)) S (p(XY;), p(XYj41))
while |)?| + |}A/| > m do
k < min; ; ((5[&(1'),(51?(]'))
if k indexes X then associate (Z,2) to ()?, i/\') else associate (Z, Z) to ()7, )?)
Let zy < merge(zk, Zk+1)
Let Z «— (Z — {zk, zr1}) U{20}
Update 61z corresponding to zy and its neighbours

Update all 613

end while

Fig. 1. Co-clustering algorithm

4 Results and Discussion

To evaluate the performance of the proposed algorithms, the results of two dif-
ferent patients from the Vanderbilt database are shown. Both datasets are com-
posed of MR and CT image modalities. The resolution of the MR and CT is
256 x 256 x 26 and 512 x 512 x 28, respectively. For each patient, MR and CT
images have been registered using the NM I measure [5].

In Fig. 2l we show the results obtained with the one-sided and co-clustering
algorithms applied on the CT (Fig. (ii.a)) and MR (Fig. 2(¢ii.a)) original im-
ages of the first dataset. Columns (b-d) show the segmented images with 2, 4,
and 6 clusters, respectively. The results obtained with the one-sided algorithm
applied on the CT and MR images are shown in Fig. [(i.b-d) and Fig. Rl(iv.b-d),
respectively. The results obtained with the co-clustering algorithm are shown for
the CT image in Fig. 2ii.b-d) and for the MR in Fig. 2(iii.b-d).

If we compare the original unsegmented images with the resulting segmented
images, the following is observed. First, we can see that the best results are
idence that hidden structures of the image are more precisely recovered. Com-
pare, for instance, the images for an equal number of clusters of Fig. 2l(i.c) and
Fig. 2l(éi.c). This better behaviour can be explained because in the co-clustering
case we make use of all bidirectional information obtained with the progressive
simplification of both images. Second, for both algorithms, results appear much
better segmenting the CT images than the MR ones. This is due to the fact that
the segmentation of the CT images benefits a lot from the precise information
contained in the MR histogram.
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(iv.D) (iv.c) (iv.d)

Fig. 2. (a) Original dataset images. (b,c¢,d) Images segmented using 2, 4, and 6 bins, re-

with the co-clustering algorithm.

Results of the application of the co-clustering algorithm on the second dataset
are illustrated in Fig.[3l MR and CT images, corresponding to two different slices,
are shown with 3, 4 and 5 clusters. Observe the quality of the resulting images,
where anatomical structures are progressively segmented. For instance, in the
MR case with 5 clusters, we observe the correct separation of gray matter, white
matter, cerebro spinal fluid, skin and background.

Fig.@(a) and Fig. Ml ¢), corresponding to the dataset of Fig. 2] plot the M IR
vs the number of clusters for the one-sided and co-clustering algorithms, respec-
tively. We can clearly observe the high quality of the resulting images with a low
number of clusters. If the number of clusters decreases below a critical value,
MI falls dramatically. On the contrary, to the left of this critical value, MI does
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Fig.3. MR (first row) and CT (second row) original images and their segmentations
using the co-clustering algorithm with 3, 4 and 5 bins, respectively
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Fig.4. (a) MIR and (b) NMI vs the number of clusters obtained with the one-sided
algorithm applied on CT (solid line) and MR (dashed line) images of Fig. 2l (¢) MIR
and (d) NMI vs the number of clusters obtained with the co-clustering algorithm.

not increase significantly with the number of clusters. This critical point can be
detected by the stopping criterion given by the variation of MI (see Sec. 3).

On Fig.[(b) and Fig.ll(d), the efficiency coefficient N M I against the number
of clusters for the one-sided and co-clustering algorithms is plotted, respectively.
Notice that the efficiency is maximum when the number of bins is low. Compar-
ing both plots, we can see that, while the one-sided algorithm always increases
monotonically, in the co-clustering there are fluctuations. This is due to the
different decreasing rate of MI and joint-entropy for the co-clustering algorithm.
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5 Conclusion

In this paper, we have presented a new image segmentation approach based on
the registration of the images and the information bottleneck method. Two algo-
rithms have been presented and analyzed. The first one is a one-sided algorithm
which clusters the neighbor bins of only one image based on the minimization
of the loss of mutual information between the two images. The second one is a
co-clustering algorithm which chooses at each step the best clustering of one of
the two images by minimizing the loss of mutual information. Experiments have
shown the good behaviour of the presented algorithms. However, it has been
shown that the co-clustering algorithm performs better than the one-sided one.
In our future work, we will develop a multimodal data visualization framework
based on the proposed algorithms.
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Abstract. This paper proposes a new method for simplifying a 2d shape
boundary based on its phase congruence and the optimisation of a func-
tion criterion. The phase congruence is a dimensionless feature that
stands out boundary salient structures over different scales allowing a
hierarchical fast optimisation process over the detected structures. The
proposed method has been compared with other two well-known methods
using an objective measure of the quality of the generated approxima-
tion. The experimental results have shown that the the proposed method
is superior in performance to those reviewed in our study.

1 Introduction

A very interesting subject in contour matching is contour simplification that pre-
serves the original characteristics of shape features. This simplification process
can be described as the partition of a contour into meaningful parts [3]. Contour
partition can be divided into two generic phases. The first phase determines
the segmentation points along the contour, while the second phase represents
each segment in terms of instances of a predefined geometric primitive. Since
the simplest and most commonly adopted primitives are straight segment lines,
the output of such a process is a polygonal approximation of the original con-
tour. The segmentation points of the original contour that define the polygonal
approximation are commonly called Dominant Points.

Dominant points detection is an important research area in contour approxi-
mation methods. Many algorithms are used to detect dominant points. These
methods can be classified into three categories [B]:

— Methods which search for dominant points using some significant measure
other than curvature from the original contour scale or from a multi-scale/
multi-resolution contour representation.

— Methods which evaluate the curvature by transforming the contour to the
Gaussian scale space.

— Methods which search for dominant points by directly estimating the curva-
ture in the original picture space.

J. Mart{ et al. (Eds.): IbPRIA 2007, Part 11, LNCS 4478, pp. 138-[I45] 2007.
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In this paper a new boundary simplification method using a polygonal approx-
imation of the contour is proposed. The vertexes of the approximation will be
dominant points of the contour. The dominant points are an optimum sub-set,
regarding a criterion function to be maximised using a scale-hierarchical optimi-
sation process over the all maxima phase congruence points of the contour. The
criterion function provides the best trade-off between minimum distortion and
minimum number of dominant points that define the approximation.

In SectionPlthe phase congruence feature is described. The proposed method for
dominant points detection and the procedure to obtain the sub-set of them, which
define the best polygonal approximation, are shown in SectionBl In Section @l the
result of a comparative study with a representative number of proposed methods
are shown. Lastly, the main conclusions are summarised in Section[Bl

2 Phase Congruence Feature

The information provided by the local phase of a signal serves as the basis of
our method for two reasons:

— The phase is a dimensionless quantity that allows invariant characteristics
to be developed.
— The phase of a signal has been shown to be crucial in shape perception [I1].

The Local Energy Model was initially proposed by Morrone et al. [T0/9]. This
model explains the perception of signal features and postulates that these fea-
tures are perceived at points where the Fourier components are maximally in
phase. This model has been developed in subsequent studies [SIT2ITHI7] to detect
borders in digital images.

Given a point C(t) of a signal, the phase congruence at this point can be
obtained from the Fourier series expansion of the signal as follows [9]:

5 Ay cos(0n() — 6(0)
PO =g e > A ’ .
N

where A,, and ¢, (t) represent the amplitude and the local phase of the n-th
Fourier term respectively. The value ¢(t) that maximises PC(t) is the amplitude
weighted mean local phase of all the Fourier terms at the point being considered.
Calculating the phase consistency using () is an awkward task. Venkatesh
et al. [I5] propose an easier alternative to obtain the phase congruence which
consists of looking for local maxima in the Local Energy function E(t) since

E(t) =PC(t) Y Ay, (2)
N

that is to say, E(t) is directly proportional to the phase congruence. Therefore
the local maxima of local energy are correspondent with the local maxima of
phase congruence.
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The Local Energy of a unidimensional signal can be obtained as

= V/F2(t) + H2(t (3)

where F(t) is the zero DC version of the original signal and H(t) is its Hilbert
transform.

An initial approach to calculate the Local Energy could be to use the Fourier
transform of the signal. However, this approach has two main drawbacks:

— The importance of a signal feature is compared to the complete signal (great
scale) without taking into account the signal feature’s importance regarding
its most immediate environment (small scale).

— The number of congruent terms at a point is not taken into account. The
larger the number of congruent terms at a signal point, the more outstanding
the signal feature will be.

One way to address these problems is to use a multi-scale analysis of the local
phase. Kovesi [7] proposes to use banks of even/odd filters to obtain the local
energy of a signal with spatially localised frequency.

2.1 Calculation of the Phase Congruence Using Wavelets

The wavelet analysis of a signal allows spatially localised frequency information
to be obtained in a very precise way. The wavelet analysis uses a filters bank that
is created from re-scalings of a wave shape. Each scaling is designed to analyse a
given range of signal frequencies. In order to preserve phase information, lineal
phase filters should be used, that is to say, quadrature filters.

Let M : {(Mg,M2)}, n={0,1,..., N} the bank of quadrature filters where
n represents the scale parameter and N is the number of analysed scales. The
phase congruence of a signal C'(t) can be obtained from () and @) where

en(t) = C(t) * My, on(t) = C(t) x My, (4)
F(t) = en(t), (5)

N
H(t) = Zon(t) and (6)

ZA Z\/en 24 on(t)? (7)

Here * represents the digital convolution operation.

As stated above, a signal feature will be more important if it is present in
a larger number of analysed scales. To make these points stand out, Kovesi
proposes weighting the term that approximates the local energy by means of the
following sigmoid function:

1
Wi(t) = 1+ e10(0.4=s(t)) ’ (®)
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where s(t) is a measure of the the range of congruent frequencies at a point ¢ of
the signal and is defined as:

L[ S
SO= N At ¢ | )

Where N is the number of analysed scales, Apax is the maximum filter bank

response obtained and € is a small quantity used to avoid division by zero.
Hence, a first alternative to obtain the phase congruence using wavelet analysis

of the local phase is:

W (t)E(t)

2 An(t) +e’

N

where E(t) and )\ Ay (t) are obtained from (&, 6 and [1).
One of the drawbacks to compute the phase consistency by means of (I0)

is that E(t) is proportional to the cosine of the phase angle deviation ¢,,(t)

from the overall scales mean phase angle ¢(t). The cosine function is not very

sensitive to small variations, for example cos(25°) ~ 0.9. This implies that a

poor localisation of the signal features can be provided by the phase congruence

measure PC;. To improve localisation, Kovesi proposes using a measure of the

deviation from the phase angle which is more sensitive to small variations:

PCy(t) = (10)

AD(t) = cos (¢n(t) — ¢(1)) — |sin (dn(t) — 6(1))] | (11)
providing a second approach to calculate the phase congruence:
W(t) > A (t) Ad(t)
PCy(t) = ZNAn (1) +c (12)
N

Equation (I2)) can be calculated from the quadrature filter responses. For each
scale n, the filter response can be considered as a vector (e,(t),0,(t)) whose
magnitude is 4,,(t). The unitary vector that provides the direction of the overall
mean phase angle is given by:

- 1

@000 = o PO, (13)

where F(t) and H (t) are calculated as (B) and ().

2.2 Filters Bank Design

Given that lineal phase filters should be used to preserve the phase information
of the analysed signal, even/odd filters will be used. This restriction avoids to
use orthogonal filters, that is to say, the perfect reconstruction of the signal will
not be possible.
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In this work LogGabor filters have been used because they present some ad-
vantages [4] over traditional Gabor filters. By definition, they do not have a DC
component and a bandwidth of up to three octaves is allowed, thus making a
better spatial localisation possible.

The definition of the LogGabor filter in a lineal frequency scale is:

where w§ = wminmkl represents the central frequency of the filter in the scale
s, m is a scale factor among the successive wavelets and o defines the filter’s
bandwidth (o = 0.75 ~ 1 octave while o = 0.55 ~ 2 octaves).

3 Proposed Method

A contour will be a sequence of points in R? and defined as a finite and non-empty
ordered set of coordinates pairs C(t) = {(Cy(t),Cy(t))}, with ¢t = {1,2,..., N}
and N > 2.

A polygonal approximation V on C'is an increasing sequence of indexes spec-
ifying which points of C' are the vertexes of V.

The proposed method has two stages:

— The first stage consists of detecting the dominant points of the contour C'
which correspond to local extrema of the phase congruence, symmetry and
asymmetry features obtained from C,(t) and Cy(?).

— The second stage consists of looking for a polygonal approximation V* of
C whose vertexes are a sub-set of the dominant points obtained in the first
stage and which provides the best trade-off between minimum distortion and
smaller number of points.

3.1 Detection of the Dominant Points of the Contour

A multi-scale analysis of the phase congruence, symmetry and asymmetry fea-
tures associated to the signals Cy(t) and Cy(t) is performed as specified in
Section Therefore, for each contour point the features obtained will be
{PCa(Cx(t)), PC2(Cy(1))}-

A contour point will be a dominant point if it is a local maximum in at
least one of the features above described, and for at least one interval of the
contour points centred in it (called support region) with size r = 2i + 1, i =
{1,2,...,[(N — 1)/2]}, where |z| represents the largest integer ¢, ¢ < x. Let
V% C C be the set of dominant points defined in this way for a given value of 1.
Notice that Vit c V.
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3.2 Search for the Optimum Sub-set of Dominant Points

A procedure is proposed for finding the polygonal approach V* of C' whose
vertexes are a sub-group of the dominant points of the contour (defined above)
that provides the best trade-off between minimum distortion and smaller number
of points.

Carmona et al. [2] have recently shown that this can be obtained by means of
an optimisation procedure (minimisation) using the following expression as the
objective function E2 = ¢2/CR?, where e? = 3" €?, ¢, is the normal distance
of a point ¢ to the approximation and CR = N/|V*|. The €2 factor measures the
distortion due to the approximation, while the CR factor measures the obtained
compression rate. Here | | means the number of elements of a set.

A sub-optimum hierarchical search method is designed to optimise the E2
criterion. The aim of this method is to add dominant points to the approximation
by giving higher priority to the dominant points defined in a larger support region
since these points are present in a larger number of analysed scales. A dominant
point will be added to the approximation if it minimises the E2 criterion.

Algorithm

Let s the greatest integer such that 1 <s < [V, ] and |[V*] > 1.
V*— Vs,
FORi — (s —1),...,1, DO
Q—{Vi-v~}
exit « false
REPEAT
v* — arg rrélg {E2(V* + {v})}.

IF E2(V* + {v*}) < E2(V*) THEN

Q+—Q—{v}
ELSE
exit < true.
END-IF
UNTIL exit.

END-FOR

4 Performance Evaluation

A experiment has been designed to evaluate the performance of the method
proposed in this work compared with other two methods. The selected methods
are due to Garrido et al. [6] that uses a multi-scale approach for computing the
contour curvature, and Arrebola et al. [I] that uses a multi-resolution pyramid
for representing the contour’s chain-code.
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Several measures to evaluate the quality of a polygonal approximation to a
contour have been proposed. In this work, the Merit measure developed by Rosin
[14] was used because we consider it to be the most impartial measure. The Merit
measure is a geometric mean between two values: Fidelity and Efficiency. Fidelity
measures the distortion caused by the generated approximation relative to the
distortion obtained by the optimum approximation with the same number of
points. Efficiency measures the obtained compression rate relative to the com-
pression rate of the optimum approximation that causes the same distortion.
To obtain the optimum approximations, the dynamic programming method of
optimisation developed by Pérez et al. [13] has been used.

We have used four classic contours shown in Figure[Il This contours are used
a lot in the literature on contour approximation.

=P L)

Leaf Chromosome Infinity Semicircle

Fig. 1. Contours used in the comparative study

Table[l shows the results obtained by the compared methods for each contour
and the average Merit value obtained. From the data shown in this table, it can
be concluded that the quality of the approximation provided by our method,
regarding the Merit measure, is significantly better than the provided by the
other two compared methods.

Table 1. Comparison of the results obtained by the proposed method and other meth-
ods using the Merit measure

Method Chrom. Leaf Semic. Inf. Average
Garrido et al. 38.74 66.66 47.57 62.70 53.8
Arrebola et al.  45.44 46.93 19.64 4559  39.4
Proposed 85.74 70.05 59.38 56.27  67.97

5 Conclusion

This work has shown how phase congruence can be used to detect dominant
points of a contour. The phase congruence extracted from a multi-scale analysis
of the contour is used by the proposed novel method to find the polygonal
approximation that optimises the objective function E2 (Carmona et al. [2]).
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Our method was compared to other two well-known proposals (Garrido et al.

[6] and Arrebola et al. [1]) to generate a contour approximation. The objective
Merit measure proposed by Rosin [I4] has been used to measure the performance
provided by each method. The comparative study has shown, regarding the Merit
measure, the performance provided by our method is significantly better than
the provided by the other compared methods.

6

Future Work

We are interested in extending our method to address the noise effect to make
a robust method. Other research line will be to study how an affine transform
affects to the dominant point detection algorithm.
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Abstract. In this paper we propose a Bayesian filter for the Kadir Scale
Saliency Detector. Such filter is addressed to deal with the main bottle-
neck of the Kadir detector, which is the scale space search for all pixels in
the image. Given some statistical knowledge about images considered, we
show that it is possible to discard some points before applying the Kadir
detector by using Information Theory and Bayesian Analysis, increasing
efficiency with low error. Our method is based on the intuitive idea that
homogeneous (not salient) image regions at high scales probably will be
also homogeneous at lower scales of scale space.

1 Introduction

Low-level vision in general, and affine feature extraction in particular, is a ba-
sic step in many computer vision tasks. Reliability and efficiency of these tasks
strongly depend on the quality of extracted features. Thus, interest point de-
tection remains as an important topic in computer vision research, resulting in
a wide variety of different approaches being proposed and improved during last
years. Recent surveys [I] declare that in the domain of state of the art detectors
there does not exist any detector that outperforms the other ones for all scene
types and all type of transformations. In fact, feature extractors are complemen-
tary: they extract regions with different properties.

Kadir-Brady scale saliency filter [2] is widely used [3][4] due to its invariance to
planar rotation, scaling, intensity shift and translation. However, its application
usually introduces a computational bottleneck, due to the fact that computation
must be performed for each image pixel at each scale. Reducing such overload
is an interesting objective, since it can help to improve computational efficiency
of vision tasks relying on this kind of low level vision algorithms.

In this paper we are focused on optimizing Kadir scale saliency detector from
a Bayesian perspective, which has been successfully applied to edge detection
[5]. This approach is quite interesting but assumes a learning step preceding
filter application. Consequently, environmental (categorical) statistics must be
available. Such analysis has been recently applied to compare the effectiveness
of different detectors [6], but here we consider how to get statistics and exploit
Information Theory measures for reducing the search through scale space, which

J. Mart{ et al. (Eds.): IbPRIA 2007, Part 11, LNCS 4478, pp. 146-[I53] 2007.
© Springer-Verlag Berlin Heidelberg 2007
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is the bottleneck of the Kadir algorithm. We propose a training step where a
log-likelihood threshold from saliency at highest scale for an image category set
is computed. This threshold can then be used to discard pixels from an image
belonging to the same image category, in order to discard not interesting points,
that is, pixels that probably will not be part of the most salient features of that
image. Experimental results show promising results on how efficiency can be
notably improved having low error.

This paper is organized as follows: section 2 summarizes the Kadir scale
saliency detection process. Formal basis of our method is explained in section 3;
Section 4 describes our approach to improve the performance of the Kadir scale
saliency detector. In section 5 several experimental results are shown. Finally, in
section 6, we present our conclusions and future work.

2 Kadir Scale Saliency Detector

Visual saliency may be defined as a measure of local complexity or unpredictabil-
ity [2]. Salient features are distinctive, due to this local unpredictability, and have
proved useful in the context of image registration. Using Shannon entropy, Gilles
formulated local saliency in terms of local intensity histograms [7]. Given a point
x, a local neighbourhood R,, and a descriptor D that takes values {dy,...,d,}
(e.g. in an 8 bit grey level image D would range from 0 to 255), local entropy is
defined as:

Hpr, ==Y Ppr,(di)log, Pp g, (d;) (1)

where Pp g, (d;) is the probability of descriptor D taking the value d; in the
local region R,.

However, this approach may be improved in many ways. The main drawback
is that scale (|R,| in the latter equation) is a pre-selected parameter, so this
model is only proper for images that contain features existing over a small range
of scales. In order to solve this problem and others, Kadir and Brady proposed
their scale-saliency algorithm [2], extending saliency to work through scale space
as well as through feature space; their approach is based on detecting salient
features that exist over a narrow range of scales. This method can be summarized
as follows: for each pixel z, local entropy Hp (Eq. 2) is calculated for each scale
s between Symin and Smqq; the scales S, (Eq. 3) at which the entropy is a local
maximum (is peaked) are chosen, and then the entropy is weighted (Wp, Eq.
4) at such scales by some measure of the self-dissimilarity in scale-space of the
feature. The algorithm yields a sparse three dimensional array of scalar values
Yp (Eq. 5), containing weighted local entropies for all pixels at those scales where
entropy is peaked.

I’ID(S7 33) = — Z Pysz log, Py s (2)
deD

Sy ={s:Hp(s—1,2) < Hp(s,z) > Hp(s + 1,2)} (3)
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2

S
WD(S, $) = 925 — 1 Z ‘Pd,s,:v - Pd,sfl,a: (4)
deD

Yp(sp,x) = Hp(sp, ©)Wp(sp, x) (®)

The main constraint of this approach is that scale is isotropic. This isotropic
requirement may be relaxed [§], but the dimensionality of the salient space
increases and, as a consequence, the computational cost is higher, and it is
not admissible for real-time applications (e.g. robotics). Anyway, although only
isotropic salient features are detected, the algorithm is still slow: entropy must
be calculated for every pixel at every scale.

3 Chernoff Information and Optimal Filtering

Our method is based on the intuitive idea that image regions that are homoge-
neous (not salient) at higher scales will probably be also homogeneous at lower
scales. As a consequence, an entropy threshold could be learnt from a set of
images belonging to a same environment or category. All these images have sim-
ilar intensity distributions and textures, so entropy values of the most salient
features will be approximately in the same range. Following supervised learn-
ing, the range of entropy values of the most salient features from a training
set of images is obtained, and then a likelihood threshold value T is calculated
through statistical analysis. This learnt threshold can then be used with the rest
of the images from the same environment or category, with low detection and
localization error.

The proper identification of such threshold given a set of images involves the
learning of the distribution probabilities P(flon) and P(0|of f) for the entropy
value 6 at s;,q. of a point conditioned on wether this point is one of the most
salient features (on) or not (off) [5]. As can be seen in the example of Fig.[I] the
most salient features have the closest entropies to H,,q.. Other points that are
not part of the most salient features can also have high entropy values, but as
entropy value decreases, the probability that a point having that entropy value
becomes part of the most salient features also decreases.

A preliminary process to extract a threshold could be to choose the minimum
0 value with P(flon) > 0. In this case, all points from an image belonging
to the same image class having h/Hq, < 6 could be filtered before applying
the complete Kadir process, as explained above. However, we propose a more
precise method to extract a valid threshold that allows filtering more image
points knowing how the error will increase, by means of Chernoff Information
and Kullback-Leibler divergence. This additional computation takes place offline
during learning and does not affect final performance.

Chernoff Information [J] gives a measure of the easiness to discriminate be-
tween two probability distributions. As can be seen in the experimental results
section, a low Chernoff Information value between P(6]on) and P(f]of f) means
that these probability distributions are similar and, consequently, it is difficult
to find an adequate threshold [5]. The closer P(flon) and P(floff) are, the
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Fig. 1. Example of P(0|on) (solid line) and P(0|of f) (dashed line) distributions for
the same image. The vertical axis labels the probability density and the horizontal
axis labels H::w , being h the entropy value for a given pixel and H,,q, the maximum
entropy value for any pixel, both at ;... Most salient features will have entropy values

closest t0 Hpqz. At the right, the corresponding ROC curve.

higher error rate the extracted threshold produces. Thus, this measure must be
obtained during learning in order to know whether our image classes are homo-
geneous enough for applying our filtering method. If any image class results in
a too low Chernoff Information value, then splitting this image class into more
homogeneous classes will be needed. The Chernoff Information C(p, ¢) between
two probability distributions p and ¢ is defined as follows:

J
Clp.q) = — min log(}_p*(y;)a" () (6)
SN

where {y; : j = 1,..., J} are the variables for which the distributions are defined
(in this case, the probability values of each relative threshold between 0 and 1).

For a given 0 = h/H.., the log-likelihood ratio log(P(6on)/P(8lof f))
is zero when P(0lon) = P(0loff). Positive values correspond to entropy of
the most salient features displayed at the end of Kadir algorithm. Therefore,
log-likelihood ratio is used in our approach to filter points before Kadir al-
gorithm. A threshold T is chosen for each image category, so all points from
images belonging to that category with log(P(flon)/P(0loff)) < T can be
discarded.

Kullback-Leibler divergence D(pl|q) = Z}I:1 p(y;)log(p(y;)/q(y;)) or relative
entropy, as Chernoff Information, estimates the dissimilarity between two distri-
butions [9]. The range of valid values of threshold T for an image class is given

by [10]:
DBy |Pon) < T < D(Porl|Pogy) )

Selecting the minimum 7" value from this range results in a conservative filter
that provides a correct trade-off between low error rate and high efficiency. This



150 P. Suau and F. Escolano

efficiency can increase selecting higher values of T'. But, in this latter case, error
rate will also increase depending of the Chernoff Information between P(6|on)
and P(flof f) [5]. Furthermore, Chernoff Information and Kullback-Leibler di-
vergence between P(flon) and P(f|off) are related: if Chernoff value is low,
probability distributions are similar and it is difficult to extract a threshold to
split points into interesting and not interesting categories; as a consequence, the
value of T" must be selected from a narrower range.

4 Bayesian Filtering for the Kadir Detector

Assuming that the input images are divided into classes or categories, a threshold
for each image category can be learnt from a set of training images belonging to
that image class:

1. Calculate P(6|on) and P(flof f) probability distributions from all points in
the set of training images.

2. Evaluate Chernoff Information between these two probability distributions.

If C(P(flon), P(Alof f)) is too lowl], split the image class into new subclasses

and repeat the learning process for each of them.

Calculate Kullback-Leibler divergences D(Pyf¢||Popn) and D(Ppy||Poyy).

4. Select a threshold from the range —D(Ppsy||Pon) < T < D(Pop||Posy)-

©w

Then, learned thresholds can be used to discard points, that probably are not
part of final displayed most salient features, of the images belonging to the same
classes before applying Kadir algorithm, decreasing computation time with low
erTor.

1. Calculate the local relative entropy 6, = If D: at scale s,,4. for each pixel

x, where H,,q, is the maximum entropy value for any pixel at S;qz-

2. X ={x|log If((eiﬂloofnf)) > T}, where T is the learnt threshold for the class the
input image belongs to.

3. Apply Kadir algorithm only to pixels z € X.

5 Experiments and Discussion

In order to test our algorithm a test set obtained from the Visual Geometry
Group was used: the VGG databasdd. This test set is composed of several im-
age categories (planes, faces, cars, and so on) with different number of images,
and also different sizes. In this case, we used the original partition of image
classes, although subsequent experiments showed that Chernoff Information was
too low for some of them. This fact means that these classes are not homo-
geneous enough, and learning algorithm would improve its accuracy by sub-
dividing them. In all cases a 10% of the images from each image category was

! In this paper we don’t address the point of selecting an optimal threshold for image
class partition.
2 http://www.robots.ox.ac.uk/~vgg/
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randomly selected for learning the corresponding threshold, and the rest for test-
ing. The range of scales was between s,,;, = 5 and $;,4, = 20. Initially, only
the 50 most salient features were displayed. Input images were scaled before the
process. As a result, all images had a maximum width or height of 320 pixels.

Table 1. Results for the Visual Geometry Group database

Test set Chernoff T % Points % Time €
airplanes side 0.415 -4.98 30.79% 42.12% 0.0943
0 60,11% 72.61% 2.9271

background 0.208 -2.33  15.89%  24.00% 0.6438
0 43.91%  54.39% 5.0290
bottles 0.184 -2.80 9.50% 20.50% 0.4447
0 23.56%  35.47% 1.9482
camel 0.138  -2.06 10.06%  20.94% 0.2556
0 40.10%  52.43% 4.2110
cars brad 0.236  -2.63 24.84%  36.57% 0.4293

0 48.26% 61.14% 3.4547
cars brad bg 0.327  -3.24  22.90%  34.06% 0.2091
0 57.18% 70.02% 4.1999
faces 0.278 -3.37  25.31% 37.21% 0.9057
0 54.76% 67.92% 8.3791
google things 0.160 -2.15  14.58%  25.48% 0.7444
0 40.49% 52.81% 5.7128

guitars 0.252  -3.11  15.34%  26.35% 0.2339
0 37.94%  50.11% 2.3745
houses 0.218 -2.62 16.09%  27.16% 0.2511
0 44.51%  56.88% 3.4209
leaves 0.470  -6.08  29.43%  41.44% 0.8699

0 46.60% 59.28% 3.0674
motorbikes side 0.181 -2.34  15.63% 27.64% 0.2947
0 38.62% 51.64% 3.7305

Table [l shows results for the latter test set. For each image class, two different
thresholds were used; a very conservative one corresponding to the minimum value
of T'in the range —D(P,¢f||Pon) < T < D(Pop||P,yf), and an average threshold
T = 0 [10]. The % Points column shows the mean amount of points discarded
for each image before Kadir feature extraction, and % Time column indicates the
mean saved time comparing the filtered Kadir algorithm to the not filtered original
method. Finally, Mean error column shows the mean localization error rate for each
image category. This error is calculated using the following equation:

€ =

1 n dAZ,.BZ +dBi7Ai .
Dy MBI gy = Sl —ul ®)

i=1 zeX

where n is the number of images of the test set, A; represents the clustered
most salient regions [2] obtained from original Kadir algorithm for image i, B;
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Fig. 2. Examples of filtering for three images from different image categories (air-
planes side, google things and houses). Red regions represent discarded points. From
left to right: results of the original Kadir algorithm, results using the minimum 7" value
for each image and results using 7' = 0.

represents the clustered most salient regions obtained from our filtered scale
saliency algorithm for image i, being d(X,Y) a Euclidean based measure be-
tween most salient clustered regions belonging to both clustering results. Best
results are obtained when Chernoff Information is high, resulting in more dis-
carded points or a lower mean error value. Although using T' = 0 generally yields
noticeable improved results with low error rate, another threshold T in the valid
range may be used depending on the requirements of the problem. Fig. 2 shows
examples of filtering.

6 Conclusions and Future Work

Kadir scale saliency detector may be slow when extracting multiple size land-
marks from an image, due to the calculation of entropy values for each pixel at
each scale. In order to speed up Kadir algorithm, a simple Bayesian learning
algorithm that yields a threshold for a set of images in order to discard points
when applying Kadir algorithm to images belonging to that category is pro-
posed. Experimental results showed that such approach makes Kadir detector
to extract salient features faster with low error.
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Our present work is addressed to design new filters, in order to discard more

points. Our working hypothesis is that these new filters should be organized in
cascade, so that each filter processes the output from the previous one, testing
not discarded points rather than the whole image. For instance, calculating en-
tropy at S;mq: for the whole image takes too much time, so a faster first filter
could be applied before filtering using the approach described in this section.
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Abstract. In this paper we present a novel method for reducing false
positives in breast mass detection. Our approach is based on using the
Two-Dimensional Principal Component Analysis (2DPCA) algorithm,
recently proposed in the field of face recognition, in order to extract
breast mass image features. In mammography, it is well known that the
breast density measure is highly related to the risk of breast cancer de-
velopment. Hence, we also propose to take advantage of a previous breast
density classification in order to increase the overall breast mass detec-
tion performance. We test our approach using a set of 1792 Rols manually
extracted from the DDSM database. Moreover, we compare our results
with several existing methods. The obtained results demonstrate the va-
lidity of our approach, not only in terms of improving the performance
but being a generalizable, simple, and cost-effective approach.

1 Introduction

Breast cancer is a major health problem in western countries. A study developed
in the United States by the American Cancer Society estimates that between
one in eight and one in twelve women will develop breast cancer during their
lifetime [I]. The most used method to detect breast cancer is mammography,
because it allows the detection of the cancer at early stages, a crucial issue for
a high survival rate [2].

A breast mass is a localized swelling, protuberance, or lump in the breast,
and usually is one of the clearest signs of breast cancer. Recently, several algo-
rithms have been proposed for the automatic detection of masses [3/4]. Most of
these algorithms are based on solving two different steps: firstly, the detection
of regions with high probability of being mass (Regions of Interest, Rols); and
secondly, a validation step to ensure that the detected Rols really depict true
masses. Note the second step, which is the main interest of this paper, deals with
the well-known problem called false positive reduction.

Yang et al. [3], in the framework of face detection and face recognition, have re-
cently proposed the Two-Dimensional Principal Component Analysis algorithm
(2DPCA) with the goal of improving the eigenfaces method [6]. Both approaches
are based on finding (by means of the Karhunen-Loeve transform) the sub-space
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which contains the principal variations of the original face image database. After-
wards, the projection of an unknown face sample into the sub-space provides an ef-
ficient image representation which is used for face classification purposes. As Yang
et al. stated, the use of 2DPCA has important advantages over PCA: firstly, it is
simpler and more straightforward to use for image feature extraction since 2DPCA
is directly based on the image matrix; secondly, it is easier to evaluate the covari-
ance matrix accurately; and thirdly, it is computationally more efficient.

In this work we present a novel method for reducing false positives in breast
mass detection. Our approach is inspired by the 2DPCA algorithm initially pro-
posed for face recognition purposes. While the face recognition framework deals
with a large number of different people, including images of different viewpoints
and illuminant conditions, in the image mass detection we are dealing with
a two-class problem. Note that although several mammographic databases are
available with a large number of cases, from the mass detection point of view,
they only contain two different types of Rols: the ones containing masses and
the ones containing normal tissue. Therefore, the intra class variability is mainly
due to grey-level and texture differences of the breast, and also to the shape and
size of the mass or other structures present in the Rols.

Recent studies have also shown [7] that the sensitivity of most of the mass
detection algorithms is decreasing as the density of the breast increases. There-
fore, it is difficult to achieve the desired constant sensitivity which is required
at a given specificity of these systems. Moreover, the breast density measure is
highly related to the risk of breast cancer development [8]. Hence, taking those
issues into account, one could argue that the knowledge of the breast tissue prior
to the detection could improve the breast mass detection performance. Although
in this paper this classification is manually done by an expert, recent works have
shown the feasibility of using automatic systems for this purpose [9].

The rest of the paper is structured as follows: Section Blintroduces the 2DPCA
algorithm. In Section [B] we describe our proposal of false positive reduction in
breast mass detection, while Section M describes how to introduce the breast
density information into the system. Section Bl shows the obtained results, com-
paring them with the classical PCA approach and also with different existing
methods. Finally, conclusions and further work are discussed in Section [6

2 The 2DPCA Approach

Both eigenfaces and 2DPCA algorithms were initially designed for face recog-
nition purposes, where an unknown face image is assigned to a known person.
These algorithms start with a database of M face images corresponding to [
known individuals, where usually I << M because the database contains a set
of images for each person, including variations on pose and light.

In the original eigenfaces approach each image — of width w and height h —
is represented by a 1D vector xj of length N = w X h which contains all the
grey-level values. Given the database of 1D face images, the Karhunen-Loeve
transform is used in order to find the vectors that best account for the distribu-
tion of face images within the entire image space (the eigenvectors). However,
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the transformation of 2D images to 1D image vectors seems an unnatural trick,
as actually the algorithm is dealing with images. This fact was discussed by
Yang et al. [5] and originated the main motivation for their 2DPCA proposal.
Opposed to conventional PCA, 2DPCA is based on 2D matrices rather than 1D
vectors. Therefore, using 2DPCA the image covariance matrix Gy is defined as:

1 X .
Ge= ., D (A - A)HA; - Ay) (1)

j=1

where A, is the mean image of all training samples. Then, using the Karhunen-
Loeve transform it is possible to obtain the corresponding face space, which is
the subspace defined as:

1, - Xaj = argmax X 2)
XIX;=0, i#j, i,j=1,..d

{{Xl, X4} = argmax | X'G X |
where X is a unitary column vector. The first equation looks for the set of d uni-
tary vectors where the total scatter of the projecting samples is maximized (the
orthonormal eigenvectors of G; corresponding to the first d largest eigenvalues).
On the other hand, the second equation is needed to ensure orthonormality.

With the selected set of eigenvectors is possible to construct a family of feature
vectors for each image. Thus, for an image sample A, the projected feature
vectors (the principal components) Y7, ..., Yy are found by:

YVi=AXF k=1.d (3)

It is important to note that while for PCA each principal component is a
scalar, for 2DPCA each principal component is a vector. It is this set of vectors
for image that is used to construct the feature image (a matrix of size m x d) as
B = [Y3,...Yqy].

In a similar way to the eigenfaces approach, comparing images means to com-
pare the constructed features. As the dimension of the feature space has increased
in one dimension, now the comparison of images is done by comparing matrices:

d
(A1, Ag) =) |V = Y]] (4)
k=1

where ||V} — Y,gH denotes the Euclidean distance between the two principal
components (vectors) V' and Y}

3 Mass Detection Using 2DPCA

The transition from face recognition to mass detection is not an easy task, basi-
cally due to the variance of the grey-level range of the images and the multiple
sizes of the Rols. Note that this size is depending on the detected mass, and
there is a huge range of mass sizes [2].
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Fig. 1. One Rol with clear mass (the brightest region) belonging to each size group.
Note that the relation between the mass lesion and the Rol is maintained.

Grey-level and texture variation of Rols are mainly related to the variation
of the acquisition parameters (exposure time, x-ray energy) of mammograms
obtained at different time intervals and also to the nature of the breast (breast
density, thickness). Assuming a commonly used simplification, these parameters
are considered to affect only the range of the grey-level values of each Rol. Thus,
a solution which takes those variations into account is computed by equalizing
the images. In this sense, a uniform distribution model is used for equalization.

On the other hand, and in contrast with the face recognition framework where
a database of faces of the same size is available, the size of the Rols is not always
the same. In order to deal with this problem of the size, different proposals were
analyzed in [I0]. The authors concluded that better performances were obtained
when the database was clustered in different groups according to their size. Note
that in this situation, the mass sizes variability is reduced for each cluster. Thus,
when a new Rol has to be analyzed, the corresponding cluster in terms of its
size is used. In our work, we also adopt this strategy to solve the problem of
the mass size. Figure [Il shows one image sample belonging to each size group (6
different sizes are considered). Each of those groups is then used to apply the
2DPCA algorithm described in Section [2l Thus, the 2DPCA is used to extract
breast mass image features according to its size.

4 Including Breast Density Information

As described in Section[T] the sensitivity of most of the mass detection algorithms
decreases as the density of the breast increases. In order to take advantage of
such information, we introduce a previous step of breast density classification
with the goal of increasing the overall breast mass detection. This step consists
on a first classification of the database of Rols according to the breast density
parameter. Therefore, we can divide our database of images based on their breast
density. Although recent works [9] have demonstrated that this breast density
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classification task can be done by automatic procedures, we perform this step
manually by means of an expert and following the 4 classes specified in the
BIRADS standard [I1] widely used in radiology.

In order to evaluate the improvement of this step, we will repeat our experi-
ments of mass detection for both situations: the first one in which the original
database of Rols is directly used; and the second one in which the database of
Rols is previously classified according to the breast density.

5 Experimental Results

The evaluation of our experiments is done using a leave-one-out scheme and Re-
ceiver Operating Characteristics (ROC) analysis. In the leave-one-out methodol-
ogy, we are using for each Rol the set of features extracted by 2DPCA approach.
Subsequently, these features are compared with the features obtained with the
model, classifying the Rols according to our two-class problem: Rols depicting
a mass or Rols depicting normal tissue. This procedure is repeated until all the
Rols have been used as a query image. The classifier used, is a combination of
the C4.5 decision tree [I2] and the k-Nearest Neighbour algorithm. This classi-
fier provides a numerical value related to the membership of each class. Thus,
varying the threshold of this membership it is possible to generate the ROC
analysis [13], widely used in the medical field. In such analysis, the graphical
curve represents the true positive rate as a function of the false positives rate.
Moreover, the percentage value under the curve (known as A.) is an indication
for the overall performance of the observer, and is typically used to analyze the
performance of the algorithms.

However, in order to perform a more global evaluation of our results we pro-
pose to compute the Az value for different ratios of number of Rols depicting
masses and number of Rols depicting normal tissue (from ratio 1/1 to ratio
1/6). The idea of analyzing these different ratios is twofold: firstly, to evaluate
the performance of our method on different levels of difficulty; and secondly, to
compare our proposal with existing methods (Section[5.3). It is important to no-
tice that previous works only provide results for specific ratios. Hence, analyzing
all these ratios will enable the comparison with them. On the other hand, and
for showing the improvement of the 2DPCA, we include a previous developed
algorithm directly based on the classical eigenfaces approach (from now on, we
will refer to it as PCA approach).

The algorithm was evaluated using a database of 1792 Rols extracted from
the DDSM mammographic database [I4]. From this set, 256 depicted a true
mass, while the rest 1536 were normal, but suspicious tissue. According to the
size of the lesion, we used six different groups of Rols. In order to evaluate in
more detail our proposal in terms of using 2DPCA and considering breast den-
sity information, we will focus on the experiments with the ratio 1/3 although
we include a plot showing the results of all the ratios. Each group of Rols cor-
responded to the following mass sizes intervals: < 10 mm?2, (10 — 60) mm?,
(60 — 120) mm?2, (120 — 190) mm?2, (190 — 270) mm?, > 270 mm?, and the num-
ber of masses en each interval were respectively, 28, 32, 37, 57, 69, and 33 masses.



False Positive Reduction in Breast Mass Detection 159

1 I PCA ‘ M I PCA
0.9 [_12DPCA 09 [_12DPCA |+
08 M 08
07 07
06 06
Zos Fos
0.4 0.4
03 03
02 02
0.1 0.1
1 112 113 114 15 " o 112 113 114 115 10
Number Rols Masses / Number Normal Rols Number Rols Masses / Number Normal Rols

(a) (b)

Fig. 2. Performance of our approach using the DDSM database. (a) without including
breast density information and (b) considering this information.

5.1 Results Without Considering Breast Density Information

For obtaining the results of this experiment all the Rols of the database were
used, classifying them only according to their size. Figure Bla) shows the mean
Az value obtained using the leave-one-out strategy and varying the ratio between
both kind of Rols. Note the performance of both PCA and 2DPCA approaches
decreases as the ratio of Rols depicting masses decrease. For the PCA approach
we obtained Az = 0.73 for the ratio 1/1 and Az = 0.60 for the ratio 1/6, while
using the 2DPCA approach we obtained Az = 0.92 and Az = 0.81 respectively.
Thus, the 2DPCA approach obtained better performances than the PCA.

The Az values for the ratio 1/3 are detailed in the first row of Table[Il The
overall performance of the system at this relation is 0.70 for PCA and 0.86 for the
2DPCA. Note that both approaches are more suitable for false positive reduction
of larger masses than smaller ones. This is due to the fact that larger masses
have a larger variation in grey-level contrast with respect to their surrounding
tissue than smaller masses, which are usually more subtle, even for an expert.

5.2 Results Considering Breast Density Information

Figure 2Ib) shows the obtained mean Az values considering the breast density
information. We classified the Rols database not only according to the Rols
size, but also to the density of the breast. Using this added knowledge, the
performance of both PCA and 2DPCA approaches increased compared with the
previous experiment. In particular, for the PCA approach we obtained Az = 0.81
for the ratio 1/1 and Az = 0.71 for the ratio 1/6, while for the 2DPCA we
obtained Az = 0.96 and Az = 0.85 respectively.

The last two rows of Table[[lshow the Az values for the ratio 1/3 according to
the size of the mass. Clearly, the overall performance of the approaches increased.
For instance, the mean performance of PCA improved up to 0.75 while the
2DPCA performance was 0.91, obtaining an improvement of 5%.
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Table 1. Az results (ratio 1/3) for the classification of masses according to the Rol
size. Final column shows the mean Az value. S1 to S6 refers to the six Rols sizes, from
small to bigger one.

Az
S1 S2 S3 S4 S5 S6 Mean
Without breast PCA 0.53 0.70 0.70 0.68 0.72 0.83 0.70
information 2DPCA 0.81 0.83 0.87 0.84 0.89 0.93 0.86

With breast PCA 0.70 0.71 0.71 0.72 0.77 0.89  0.75
information 2DPCA  0.88 0.93 0.91 0.92 0.89 092 091

Table 2. Works dealing with mammographic mass false positive reduction, detailing
the number of Rols and the ratio (number of Rols with masses / number of normal
tissue Rols) used. Further, we include the results obtained with the proposed approach
at the same ratio (where BDI means including breast density information).

Az of Other Works Az of Presented approaches
Rols Ratio Az  PCA 2DPCA PCA+BDI 2DPCA+BDI
Sahiner [15] 672 1/3 0.90 0.70 0.86 0.75 0.91
Qian [3] 800 1/3 0.86 0.70 0.86 0.75 0.91
Chang [I6] 600 1/1 0.83 0.73 0.92 0.81 0.96
Tourassi [4] 1465 =2 1/1 0.87 0.73 0.92 0.81 0.96

5.3 Discussion

We include in Tablela comparison of our method with the performance of various
existing methods. Note that our efforts have concentrated on obtaining the same
ratio of masses used in their experiments. However, we want to clarify that not all
methods used the same databases and therefore our aim is only to provide a general
view of the performance of our approach with respect to different strategies. For
instance, the works of Sahiner et al. [I5] and Qian et al. [3], which used a ratio
1/3, obtained Az values of 0.90 and 0.83 respectively. Note that using the 2DPCA
approach with specific density learning, we obtain better performances. Similar
behaviour is observed with the proposals which used a ratio of 1/1.

6 Conclusions and Further Work

In this paper, we have presented a new strategy which is a generic, simple and
cost-effective method for mass segmentation. The strategy consists on training
a classifier with Rols representing masses and normal tissue, but using different
training sets according to the internal breast density category. The classification
algorithm is based on the use of 2DPCA for extracting Rols features.

The performance of the system was evaluated using a leave-one-out method-
ology and ROC analysis, and calculated at different ratios of Rols with masses
and Rols depicting normal tissue. The obtained results demonstrate the validity
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of our proposal. Further work will be focused in expanding the training database
with the aim to detect other kind of mammographic lesions, such as microcalci-
fication