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Preface

The past decade has seen a rapid growth in the demand for biometric-based au-
thentication solutions for a number of applications. With significant advances in
biometric technology and an increase in the number of applications incorporating
biometrics, it is essential that we bring together researchers from academia and
industry as well as practitioners to share ideas, problems and solutions for the
development and successful deployment of state-of-the-art biometric systems.

The International Conference on Biometric Authentication (ICBA 2004) was
the first major gathering in the Asia-Pacific region devoted to facilitating this
interaction. We are pleased that this conference attracted a large number of
high-quality research papers that will benefit the international biometrics re-
search community. After a careful review of 157 submissions, 101 papers were
accepted either as oral (35) or poster (66) presentations. In addition to these tech-
nical presentations, this conference also presented the results and summaries of
three biometric competitions: Fingerprint Verification Competition (FVC 2004),
Face Authentication Competition (FAC 2004), and Signature Verification Com-
petition (SVC 2004). This conference provided a forum for the practitioners
to discuss their practical experiences in applying the state-of-the-art biometric
technologies which will further stimulate research in biometrics.

We are grateful to Jim L. Wayman, Edwin Rood, Raymond Wong, Jonathon
Philips, and Francis Ho for accepting our invitation to give keynote talks at ICBA
2004. In addition, we would like to express our gratitude to all the contributors,
reviewers, program committee and organizing committee members who made
this a very successful conference. We also wish to acknowledge the Croucher
Foundation, the International Association of Pattern Recognition, IEEE Hong
Kong Section, the Hong Kong Polytechnic University, the National Natural Sci-
ence Foundation in China, and Springer-Verlag for sponsoring this conference.
Special thanks are due to Ajay Kumar, Vivien Lau, Jane You, George Baciu,
Yunhong Wang, Jie Zhou, Michael Wong, Jie Guo, Jingqi Yan, Guangming Lu
and Jiannong Cao for their dedication and hard work in various aspects of con-
ference organization.

We hope that the fruitful technical interactions made possible by this con-
ference will benefit your research and development efforts in biometrics.

March 2004 David Zhang
Anil K. Jain
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FVC2004: Third Fingerprint Verification Competition

Dario Maio!, Davide Maltoni!, Raffaele Cappellil,
Jim L. Wayman®, and Anil K. Jain®

! Biometric System Lab - DEIS, University of Bologna,
via Sacchi 3, 47023 Cesena - ITALY
{maio,maltoni, cappelli}@csr.unibo.it
2 Biometric Test Center, College of Engineering, San Jose State University,
San Jose, CA 95192 - USA
JLWayman@aol .com
3 Pattern Recognition and Image Processing Laboratory, Michigan State University,
East Lansing, MI 48824 - USA
jain@cse.msu.edu

Abstract. A new technology evaluation of fingerprint verification algorithms
has been organized following the approach of the previous FVC2000 and
FVC2002 evaluations, with the aim of tracking the quickly evolving state-of-
the-art of fingerprint recognition systems. Three sensors have been used for
data collection, including a solid state sweeping sensor, and two optical sensors
of different characteristics. The competition included a new category dedicated
to [light[] systems, characterized by limited computational and storage re-
sources. This paper summarizes the main activities of the FVC2004 organiza-
tion and provides a first overview of the evaluation. Results will be further
elaborated and officially presented at the International Conference on Biomet-
ric Authentication (Hong Kong) on July 2004.

1 Introduction

FVC2004 is the third international Fingerprint Verification Competition, a tech-
nology evaluation [1] of fingerprint recognition algorithms open to companies, aca-
demic research groups and independent developers. Organization of FVC2004
started in April 2003 and the final evaluations were conducted in January-March
2004 at the University of Bologna, Italy. 67 algorithms were evaluated: each algo-
rithm, provided in the form of a binary executable program compliant with precise
input/output specifications, was tested on four new fingerprint databases, previously
unseen by the participants. This initiative follows FVC2000 [5], [2] and FVC2002
[6], [3], the first two international Fingerprint Verification Competitions, which were
organized by the authors in the years 2000 and 2002 with results presented at the 15
ICPR and the 16™ ICPR, respectively. The first two competitions received great atten-
tion from both academic and commercial organizations. Several research groups
started using FVC2000 and FVC2002 datasets for their experimentations and some
companies, which initially did not participate in the competitions, requested the or-
ganizers to measure their performance against the FVC2000 and/or the FVC2002
benchmark.

D. Zhang and A.K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 1-7, 2004.
© Springer-Verlag Berlin Heidelberg 2004



2 Dario Maio et al.

Table 1. The first two Fingerprint Verification Competitions

FVC2000

FVC2002

Call for participation

November, 1999

October, 2001

Registration deadline

March 1%, 2000

January 10", 2002

Submission deadline

June 1%, 2000

March 1%, 2002

Evaluation period

July—-August, 2000

April-July, 2002

Notes

Anonymous part. not allowed

Anonymous part. allowed

Registered participants

25 (15 withdrew)

48 (19 withdrew)

Algorithms evaluated

11

31

Presentation of the results

15" ICPR
Barcelona, September 2000

16" ICPR
Quebec City, August 2002

(more than 41,000 accesses)

Databases 4 (set A: 100x8, set B: 10x8) 4 (set A: 100x8, set B: 10x8)
DBI1 Optical (KeyTronic) Optical (Identix)

DB2 Capacitive (ST Microelectronics) |Optical (Biometrika)

DB3 Optical (Identicator Technology) |Capacitive (Precise Biometrics)
DB4 Synthetic (SFinGe v2.0) Synthetic (SFinGe v2.51)

DB availability DVD accompanying “Handbook of Fingerprint Recognition™ [1]
Website http://bias.csr.unibo.it/fvc2000 http://bias.csr.unibo.it/fvc2002

(more than 40,000 accesses)

Pentium 11T (450 MHz)
Windows NT
FVC Test suite v1.0

Pentium III (933 MHz)
Windows 2000
FVC Test suite v1.2

HW/SW used for running
the evaluation

Table 1 compares the first two competitions from a general point of view, highlight-
ing the main differences. Beginning with FVC2002, to increase the number of com-
panies and therefore to provide a more complete panorama of the state-of-the-art, the
participants were allowed to participate anonymously. We have continued with this
option in FVC2004.

The rest of this paper describes FVC2004: section 2 explains the organization of
the event, section 3 the collection of the databases, section 4 the test protocol and the
performance indicators measured, and section 5 reports some results; finally section 6
draws some conclusions.

2 FVC2004 Organization

Starting in April 2003 with the creation of the FVC2004 web site [4], we extensively
publicized this event. All companies and research groups in the field known to us
were invited to participate in the contest. All the participants in the past editions were
also informed of the new evaluation. FVC2004 was also announced through mailing
lists and biometric-related magazines. Four new databases were collected using three
commercially available scanners and the synthetic generator SFinGe [1], [7] (see
section 3). A representative subset of each database (sets B, see section 3) was made
available to the participants for algorithm tuning to accommodate the image size and
the variability of the fingerprints in the databases.
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Table 2. Scanners/technologies used for collecting the databases

Technology Image [Resolution
DB1 |Optical Sensor (CrossMatch V300) 640x480 [500 dpi

DB2 |Optical Sensor (Digital Persona U.are.U 4000)  [328%364 |500 dpi

DB3 |Thermal Sweeping Sensor (Atmel FingerChip)  [300x480 |512 dpi

DB4 |Synthetic Generator (SFinGe v3.0) 288%x384 [About 500 dpi

Two different sub-competitions (Open category and [Light[lcategory) were organ-
ized using the same databases. Each participant was allowed to submit one algorithm
in each category. The [light[lcategory is intended for algorithms characterized by low
computing needs, limited memory usage and small template size (see section 4).

By October 15", 2003 (the deadline for registration), we had received 110 registra-
tions, far more than our expectation. All the registered participants received the train-
ing subsets and detailed instructions for algorithm submission. By November 30",
2003 (the deadline for submission) we had received a total of 69 algorithms from 46
participants: since two algorithms were not admitted due to unrecoverable incompati-
bility problems with FVC protocol, the final number of algorithms was 67 (41 com-
peting in the Open category, 26 in the Light category). Once all the executables were
submitted, feedback was sent to the participants by providing them the results of their
algorithms over training subset B (the same data set they had previously been given)
to allow them verify that run-time problems were not occurring on our side (In such
cases, participants were allowed to submit updated versions of their algorithms).

At the time this paper is being written, the evaluation has been concluded and each
participant has been informed of its individual results. Section 5 presents an overview
of the results that will be further elaborated and published on the FVC2004 web site
by April 15. Results presented here in section 5 are in anonymous form, since partici-
pants have until April 13 to decide whether or not to disclose their identities.

3 Database Collection

Four databases constitute the FVC2004 benchmark. Three different scanners and the
SFinGE synthetic generator [1], [7] were used to collect fingerprints (see Table 2).
Fig. 1. shows an image for each database, at the same scale factor.

A total of ninety students (24 years old on the average) enrolled in the Computer
Science degree program at the University of Bologna kindly agreed to act as volun-
teers for providing fingerprints:

¢ volunteers were randomly partitioned into three groups of 30 persons; each group
was associated to a DB and therefore to a different fingerprint scanner;

e cach volunteer was invited to present him/herself at the collection place in three
distinct sessions, with at least two weeks time separating each session;

o forefinger and middle finger of both the hands (four fingers total) of each volun-
teer were acquired by interleaving the acquisition of the different fingers to maxi-
mize differences in finger placement;
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Fig. 1. One fingerprint image from each database, at the same scale factor

e no cfforts were made to control image quality and the sensor platens were not
systematically cleaned,;

e at each session, four impressions were acquired of each of the four fingers of each
volunteer;

e during the second session, individuals were requested to exaggerate skin distor-
tion (impressions 1 and 2) and rotation (3 and 4) of the finger;

e during the third session, fingers were dried (impressions 1 and 2) and moistened
(3 and 4).

At the end of the data collection, we had gathered for each database a total of 120
fingers and 12 impressions per finger (1440 impressions) using 30 volunteers. As in
previous editions, the size of each database to be used in the test was established as
110 fingers, 8 impressions per finger (880 impressions); collecting some additional
data gave us a margin in case of collection/labeling errors.

4 Test Protocol and Performance Evaluation

The protocol defining the format for the submitted algorithms was given in FVC2000
and remained unchanged throughout FVC2002 and FVC2004.

Each participant was required to submit two executable programs in the form of
[win32 console applications[] These executables take the input from command-line
arguments and append the output to a text file. The input includes a database-specific
configuration file. In fact, participants are allowed to submit a distinct configuration
file for each database in order to adjust the algorithm's internal parameters (e.g. ac-
cording to the different sizes of the images). Configuration files are text files or bi-
nary files and their I/O is the responsibility of the participant's code; these files can
also contain pre-computed data to save time during enrollment and matching.

In the Open category, for practical testing reasons, the maximum response time of
the algorithms was limited to 10 seconds for enrollment and 5 seconds for matching.
No other limits were imposed in the Open category.

In the Light category, in order to create a benchmark for algorithms of light archi-
tectures, the following limits were imposed:

e maximum time for enrollment: 0.5 seconds;
e maximum time for matching: 0.3 seconds;
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e maximum template size: 2 KBytes;
e maximum amount of memory allocated: 4 MBytes.

The evaluation (for both categories) was executed under Windows XP Profes-
sional O.S. on AMD Athlon 1600+ (1.41 GHz) PCs.

Each algorithm was tested by performing, for each database, the following match-
ing attempts:

e genuine recognition attempts: the template of each impression was matched
against the remaining impressions of the same finger, but avoiding symmetric
matches (i.e. if the template of impression j was matched against impression &,
template k£ was not matched against impression j);

® impostor recognition attempts: the template of the first impression of each finger
was matched against the first impressions of the remaining fingers, but avoiding
symmetric matches.

Then, for each database:

e a total of 700 enrollments were performed (the enrollment of the last impression
of any finger did not need to be performed);

o if all the enrollments were correctly performed (no enrollment failures), the total
number of genuine and impostor matching attempts was 2800 and 4950, respec-
tively.

For each database and for each algorithm, the following performance indicators were
measured and reported:

genuine and impostor score histograms,

FMR and FNMR graph and ROC graph,

Failure To Enroll Rate and Failure To Match Rate,

Equal Error Rate (EER), FMR100, FMR1000, ZeroFMR and ZeroFNMR,
average match time and average enroll time,

maximum memory allocated for enrollment and for match [New in FVC2004],
average and maximum template size [New in FVC2004].

FMR (False Match Rate) and FNMR (False Non-Match Rate) are often referred as
FAR (False Acceptance Rate) and FRR (False Rejection Rate) respectively, but the
FAR/FRR notation is misleading in some applications. For example, in a welfare
benefits system, which uses fingerprint identification to prevent multiple enrollments
under false identity, the system [falsely acceptsilan applicant if his/her fingerprint is
[falsely not matched[; similarly, a [false matchl]causes a [false rejection[] Conse-
quently, in this paper we use the application neutral terminology [False Match[land
[False Non-Match[ 'rates. ZeroFMR is given as the lowest FNMR at which no False
Matches occur and ZeroFNMR as the lowest FMR at which no False Non-Matches
occur. FMR100 and FMR1000, are the values of FNMR for FMR=1/100 and 1/1000,
respectively. These measures are useful to characterize the accuracy of fingerprint-
based systems, which are often operated far from the EER point using thresholds
which reduce FMR at the cost of higher FNMR. FVC2004 introduces indicators
measuring the amount of memory required by the algorithms and the template size.



6  Dario Maio et al.

U

s LG 102
10% 10 10 107 [CH FMR 0% 0 0 107 07 FMR

Fig. 2. ROC curves on DBI (only top 15 algorithms are shown): Open category (on the left),
Light category (on the right)

These indicators are reported for both the categories, although they are particularly
interesting for the Light category.

5 Results

Due to the lack of space, only a small part of the results are reported here. Fig. 2.
shows ROC graphs on the first database for both Open and Light categories. Tables 3
and 4 give the average results over the four databases.

Table 3. Open category: average results over the four databases, sorted by average EER (top
ten algorithms)
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Pl 207 254 4701 6.21 0.00]  0.00] 008 1.48) 240/ 31.5| 3204] 7752
PO47 210 2.96] 4.6l 6.59] 0.00] 0.00] 2.07] 2.07 1.3 2.8] 5080] 5796
PO71 2301 2.73] 5.10f 10.01 0.00] 0.01 0.35] 0.67 164 31.4[ 5872 G800
P004 245 327 5.63] 7.34] 0.000 0.00] 069 0.71 2.0 3.8 7012 7032
P0O39 2.90( 457 7.44| 32.13| 0.00 0.00 1.01 1.19 3.1 4.2] 4192| 4276

P97 313 449 7.30] 11.85| 0.04] 0.02] 047[ 051 149 28.1) 5564| 57804
P049 324 556 9.25| 12.62] 0.00] 0.00] 034 0.38 0.5 1.2|  2472| 248
P009 331 4.93] 832] 11.63] 0.00f 0.00] 025 024 1.3 2.9] 2828| 2ZBa0)
P13 371 6.07| 876] 11.29] 0.00f 0.00] 045 048 49.2| 93.2] 11936] 12260
P068 4.03| 6.87| 11.08 15.68 0.00] 0.00] 043] 047 7.9 7.9 4468| 4456
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Table 4. Light category: average results over the four databases, sorted by average EER (top
ten algorithms)
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P17 3.69] 4.68] 6.65| 8.75| 0.00{ 0.00f 0.13] 0.13 2 0.6] 1788 1800
P108 3.96] 6.54] 10.64| 13.12] 0.04] 0.05] 0.23] 0.23 1.6 1.6] 1952 1976
P107 | 429 6.02] 891] 1057] 000 0.00] 009 0.17] 11| 12| 2228] 3044
P103 | 433 666] 997 1364 000 000] 0.13] 0.14] 12 20[ 3572] 3668
P097 4.86] 6.96] 10.21] 13.12 0.00] 0.00] 0.19] 0.19 2.0 2.0] 2100{ 2108
P071 | 491 8.11| 11.44] 1616] 025 018 0.9 0.8 12[ 1.7 2552 2424
PO16 5.26] 7.68] 10.46| 1393 0.00f 0.00/ 0.17) 0.19 1.4 2.0 2240] 3004
P06S | 529 9.85] 1522] 20.18] 0.00] 0.00] o.16] 0.18] 2.0[ 20| 3448 3428
P049 5.64| 10.55] 17.13] 24.12] 0.00f 0.00] 0.12] 0.14 0.5 0.9] 1956] 1980

6 Conclusions

The third Fingerprint Verification Competition attracted a very high number of par-
ticipants: 67 algorithms were finally submitted and evaluated. The organization of the

event

and the evaluation of all the algorithms required more resources and time then

expected. Due to time constraints, results presented in this paper are only an initial
overview; detailed results and elaborated statistics will be published by April 15 in
the FVC2004 web site and discussed at ICBA 2004, where FVC2004 results will be
officially presented in a special session together with other technology evaluations on
face and signature recognition.

7 References

[1]

\S}

——_——
AW
ik ot ffit

D. Maltoni, D. Maio, A.K. Jain and S. Prabhakar, Handbook of Fingerprint
Recognition, Springer (New York), 2003

FVC2000 web site: http://bias.csr.unibo.it/fvc2000

FVC2002 web site: http://bias.csr.unibo.it/fvc2002

FVC2004 web site: http://bias.csr.unibo.it/fvc2004

D. Maio, D. Maltoni, R. Cappelli, J.L. Wayman and A.K. Jain, [FVC2000: Fingerprint
Verification Competition”] IEEE Transactions on Pattern Analysis Machine Intelli-
gence, vol.24, no.3, pp.402-412, March 2002

D. Maio, D. Maltoni, R. Cappelli, J.L. Wayman and A.K. Jain, "FVC2002: Second
Fingerprint Verification Competition", in proceedings 16™ International Conference on
Pattern Recognition, Qulbec City, vol.3, pp.811-814, 2002.

R. Cappelli, D. Maio and D. Maltoni, [Synthetic Fingerprint-Database Generation[]
Proc. 16" ICPR, 2002



Face Authentication Competition
on the BANCA Database

Kieron Messer!, Josef Kittler!, Mohammad Sadeghi',
Miroslav Hamouz!, Alexey Kostyn', Sebastien Marcel?,
Samy Bengio?, Fabien Cardinaux?, Conrad Sanderson?,
Norman Poh?, Yann Rodriguez?, Krzysztof Kryszczuk?,

Jacek Czyz3, L. Vandendorpe?, Johnny Ng?,
Humphrey Cheung?, and Billy Tang*

! University of Surrey
Guildford, Surrey, GU2 7XH, UK
2 Dalle Molle Institute for Perceptual Artificial Intelligence
CP 592, rue du Simplon 4, 1920 Martigny, Switzerland
3 Université Catholique de Louvain
Batiment Stevin, Place du Levant 2, 1348 Louvain-la-Neuve, Belgium
4 Titanium Technology Research Centre
10/F, Tianjin Building, 167 Connaught Road West, Hong Kong

Abstract. This paper details the results of a face verification competi-
tion [2] held in conjunction with the First International Conference on
Biometric Authentication. The contest was held on the publically avail-
able BANCA database [1] according to a defined protocol [6]. Six differ-
ent verification algorithms from 4 academic and commercial institutions
submitted results. Also, a standard set of face recognition software from
the internet [3] was used to provide a baseline performance measure.

1 Introduction

Face recognition technology is still developing and many papers on new face
verification and recognition algorithms are being published almost daily. How-
ever, direct comparison of the reported methods can be difficult because tests
are performed on different data with large variations in test and model database
sizes, sensors, viewing conditions, illumination and background. Typically, it is
unclear which methods are the best and for which scenarios they should be used.
The use of common datasets along with evaluation protocols can help alleviate
this problem.

The FERET database has defined a protocol for face identification and face
verification [18]. However, only a development set of images from the database
are released to researchers. The remaining are sequestered by the organisers to
allow independent testing of the algorithms. To date three evaluations have taken
place, the last one in the year 2000 [17].

More recently, two Face Recognition Vendor Tests [4] have been carried out,
the first in 2000 and the second in 2002. The tests are done under supervision

D. Zhang and A.K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 815, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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and have time restrictions placed on how quickly the algorithms should compute
the results. They are aimed more at independently testing the performance of
commercially available systems, however academic institutions are also able to
take part. In the more recent test 10 commercial systems were evaluated.

In the year 2000 a competition on the XM2VTS database using the Lausanne
protocol [15] was organised [14]. As part of AVBPA 2003 a second competition on
exactly the same data and testing protocol was organised [10]. All the data from
the Xm2vts database is available from [5]. We believe that this open approach
increases, in the long term, the number of algorithms that will be tested on the
XM2VTS database. Each research institution is able to assess their algorithmic
performance at any time.

In this paper we detail a competition on a new database known as the
BANCA database [6]. The database was captured under 3 different realistic
and challenging operating scenarios. Several protocols have also been defined
which specifies which data should be used for training and testing. Again this
database is being made available to the research community through [1].

The rest of this paper is organised as follows. In the next section the compe-
tition rules and performance criterion are described. Section 3 gives an overview
of each algorithm which entered the competition and in the following section the
results are detailed. Finally, some conclusions are made.

2 The Competition

All the experiments were carried according to the Matched Controlled (MC) con-
figuration of the BANCA database. In this configuration a high quality camera
was used to capture all the data and the lighting was controlled.

There were two separate parts to the competition.

Part I: Pre-registered: Images were supplied which had already been lo-
calised (by hand) and geometrically normalised. The resulting resolution of
the images were 55x51 pixels, 8-bit grey-scale and contained just face pixels.

Part II: Automatic: Full video resolution colour images as shown in figure
(a) were supplied. All participants had to use an automatic method of lo-
calisation for the at least the test phase of the protocol. Manual localisation
for the training and evaluation phases was allowed.

Part I of the competition allows us to assess the underlying performance of
the core face verification technology as the images had all been localised and
geometrically normalised by the same method. Part II of the competition was
aimed at testing the complete verification system, including the detection and
localisation stage.

To assess the algorithmic performance the Fualse Rejection Rate Pppr and
False Acceptance Rate Pry are typically used. These two measures are directly
related, i.e. decreasing the false rejection rate will increase the number of false
acceptances. The point at which Prr = Pra is known as the EER (Equal Error
Rate).
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For this competition we requested that the entrants submit their results for 3
specific operating conditions which corresponded to 3 different values of the Cost
Ratio R = Cpa/Crpg, namely R = 0.1, R = 1, R = 10. Assuming equal a priori
probabilities of genuine clients and impostor, these situations correspond to 3
quite distinct cases:

R =0.1 — FA is an order of magnitude less
harmful than FR,

R=1 — FA and FR are equally harmful,

R =10 — FA is an order of magnitude more
harmful than FR.

The entrants were asked to submit the Weighted Error Rate (W ER) for the
test data of groups G1 and G2 at the three different values of R. W ER is defined

as:
Prr+ R Pra

WERR) = ——— . 1

() 1+ R (1)

For each group and at each operating point there are in total 390 true client

claims and 520 impostor attacks.

3 Overview of Algorithms

In this section the algorithms that participated in the contest are summarised.
Also, we downloaded a standard set of face recognition software from the in-
ternet [3] to provide a baseline performance measure on this database. Due to
space limitations we have published the results from these experiments at [2].

3.1 Dalle Molle Institute
for Perceptual Artificial Intelligence (IDIAP)

Pseudo-2D HMM (IDIAP - HMM). The system is comprised of two main
parts: an automatic face locator and a local feature probabilistic classifier. To
locate faces, a fast cascade of boosted Haar-like features is applied to the integral
image to detect potential faces [23], followed by post-processing using a Multi-
Layer Perceptron [20] to provide the final localized face. The probabilistic clas-
sifier uses DCTmod2 features [22] and models faces using pseudo-2D Hidden
Markov Models (HMMs) [7]. In DCTmod2 feature extraction, each given face is
analyzed on a block by block basis; from each block a subset of Discrete Cosine
Transform (DCT) coefficients is obtained; coefficients which are most affected by
illumination direction changes are replaced with their respective horizontal and
vertical deltas, computed as differences between coefficients from neighbouring
blocks. For the pseudo-2D HMM topology, we use a top-to-bottom main HMM
with each state being modeled by a left-to-right HMM. To circumvent the prob-
lem of small amount of client training data, parameters for each client model
are obtained via Maximum a Posteriori (MAP) adaptation of a generic face
HMM; the generic face HMM is trained using the Expectation Maximization
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algorithm, using world model training data. A score for a given face is found
by taking the difference between the log-likelihood of the face belonging to the
true client and the log-likelihood of the face belonging to an impostor; a global
threshold (i.e. the same for all clients) is used in making the final verification
decision. As the generic face HMM is deemed to be a good representation of the
general population, it is used as the impostor model.

Fusion (IDIAP - Fusion). The system is composed of an automatic face
locator, three classification subsystems and a fusion stage. The face locator has
two components: a fast cascade of boosted haar-like features is applied to the
integral image to detect potential faces [23], followed by post-processing using
a Multi-Layer Perceptron (MLP) [20]. The first two classification subsystems
are based on local features and generative models (namely, DCTmod?2 features,
Gaussian Mixture Models & pseudo-2D Hidden Markov Models [7]), while the
third subsystem uses Linear Discriminant Analysis based feature extraction (i.e.
holistic features) and a MLP for classification [13]. Finally, the opinions of the
three subsystems are fused using an MLP based approach [19].; a global threshold
(i.e. the same for all clients) is used in making the final verification decision.

3.2 Université Catholique de Louvain (UCL)

Linear Discriminant Analysis (UCL - LDA). The method is based on
classical Linear Discriminant Analysis (LDA) or fisherfaces. The matching score
is computed in the LDA subspace using normalised correlation. A large auxiliary
dataset is used to compute the LDA basis. Note that instead of using original
image I(x,y), we take advantage of face symmetry and use the symmetrised

image [, = (I(.’E,y) + I(—.’E,y))/? [‘()]'

Fusion (UCL - Fusion). The method is based on a combination of two dif-
ferent face experts. The first expert is based on classical Linear Discriminant
Analysis (LDA) or fisherfaces. The matching score is computed in the LDA
subspace using normalised correlation. The second expert uses a SVM classifier
with linear kernel trained directly in the image space. The two expert scores are
conciliated by a fusion module based on a Support Vector Classifier [8].

3.3 Titanium Technology Research Centre

Dynamic Local Feature Analysis (DLFA) is used in this experiment. DLFA is
developed from the concept of LFA. Texture and shape information is combined
using the Local Feature Analysis (LFA) technique to develop a robust face recog-
nition algorithm. The shape information is obtained by using an adaptive edge
detecting method that can reduce the effect of different lighting conditions, while
the texture information provides normalized facial features conveying more de-
tails about the image.
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The approach can be divided into two main steps. The first step is prepro-
cessing. The goal of this step is to reduce noise, transform the input face image
into a binary one by dynamic edge detection and then extract the texture of the
face. The second step employs the local feature analysis to combine both edge
of face shape and the texture [10].

3.4 University of Surrey (UniS)

The input image data is firstly projected into the fisher faces space using the Lin-
ear Discriminant Analysis. The Isotropic Gradient Direction metric [21] is then
used as the scoring function which measures the degree of similarity between the
test image and the claimed identity template. For the first part of the competi-
tion only the intensity image was used to comply with the competition rules. For
part IT of the competition this process was performed in three different colour
spaces namely intensity (I), chroma-g (G/I) and opponent chroma-rg ((R-G)/I)
spaces [11]. The final score is then calculated by averaging the individual channel
scores. The resulting score is finally compared to a pre-set threshold in order to
decide whether the claim is genuine or impostor. We have used the XM2VTS
database for the LDA training, the histogram equalisation for the photometric
normalisation and client specific thresholding method for calculating the thresh-
olds.

4 Results and Discussion

Table 1 shows the results for the pre-registered part of the competition. They
show the W E R for each group at the three operating points specified in section 2.
The last column shows the average W ER across all six test conditions. The
best performing algorithm was UCL-Fusion which achieved an average W ER of
1.95%. Second was IDIAP-Fusion with 2.70%. It is interesting to note that these
two best performing algorithms used intra-modal fusion and are approximately
50% better then the two best single expert systems (i.e. UniS 2.99% and IDIAP-
HMM 3.53%). This seems consistent with other published results [12]. However,
there is a grey area over what constitutes a system using intramodal fusion.
For example, a neural network based system uses hundreds of simple experts to
arrive at a decision.

Table 2 shows the results using automatic registration for at least the veri-
fication stage. This time the best result is IDTAP-HMM with a performance of
3.78%. What is interesting about this result is that there is very little degrada-
tion in performance from the manual case (i.e. 3.53%). The fusion systems which
performed well in part I of the test degrade in performance by a factor 2. The
experts used in these fusion systems have not been so robust to the localisation
errors. What is clear from these results is that accurate localisation is critical
to verification performance and still needs to improve to match the performance
provided by a manual operator.
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Table 1. The Weighted Erro Rates on the two groups at the three different operating
points using the pre-registered images

R=0.1 (WER) | R=1(WER) | R=10 (WER)
Gl | G2 | 61 | G2 | 61 | G2 | A
IDIAP-HMM 752 490 545 064 256 012] 353
IDIAP-Fusion 6.99] 242] 385 176 070 047 270
UCL-LDA 653 1.17] 705 288 1.28] 210 3.50
UCL-Fusion 390 026 432 144] 128 047 1.9
UniS 7.12] 089 558 198 147 0.92] 299
Titanium 412 390 3.04| 3100 197 212 3.04

Table 2. The Weighted Erro Rates on the two groups at the three different operating
points using automatic localisation

R=0.1 (WER) | R=1 (WER) | R=10 (WER)
Gt | G2 | 61 | G2 | a1 | G2 | Av
IDIAP-HMM 78] 376 5.13] 208 117 2.74] 378
IDIAP-Fusion 6.53) 868 753 673 210 140/ 550
UCL-LDA 8.13] 7.1 1058 9.6/ 589 6.12] 7.88
UCL-Fusion 428] 3.64] 913 5.12] 244 180 4.40
UniS 575 300 638 450 1.95] 197 3.93
Titanium 584 5.12] 4.42] 394 3.01] 276 4.8

5 Conclusions

This paper presents a comparison of face verification algorithms on a new pub-
lically available and challenging face database. It was organised in conjunction
with the First International Conference on Biometric Authentication. Six differ-
ent verification algorithms from a variety of academic and commercial institu-
tions entered the competition.
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Abstract. Handwritten signature is the most widely accepted biometric
for identity verification. To facilitate objective evaluation and comparison
of algorithms in the field of automatic handwritten signature verification,
we organized the First International Signature Verification Competition
(SVC2004) recently as a step towards establishing common benchmark
databases and benchmarking rules. For each of the two tasks of the com-
petition, a signature database involving 100 sets of signature data was
created, with 20 genuine signatures and 20 skilled forgeries for each set.
Eventually, 13 teams competed for Task 1 and eight teams competed for
Task 2. When evaluated on data with skilled forgeries, the best team for
Task 1 gives an equal error rate (EER) of 2.84% and that for Task 2 gives
an EER of 2.89%. We believe that SVC2004 has successfully achieved its
goals and the experience gained from SVC2004 will be very useful to
similar activities in the future.

1 Introduction

Handwritten signature verification is the process of confirming the identity of
a user based on the handwritten signature of the user as a form of behavioral
biometrics [1, 2, 3]. Automatic handwritten signature verification is not a new
problem. Many early research attempts were reviewed in the survey papers [4,
5]. The primary advantage that signature verification has over other types of
biometric technologies is that handwritten signature is already the most widely
accepted biometric for identity verification in daily use. The long history of
trust over signature verification means that people are very willing to accept
a signature-based biometric authentication system.

However, there has not been any major international effort that aims at
comparing different signature verification methods systematically. As common
benchmark databases and benchmarking rules are often used by researchers in
such areas as information retrieval and natural language processing, researchers
in biometrics increasingly see the need for such benchmarks for comparative stud-
ies. For example, fingerprint verification competitions (FVC2000 and FVC2002)
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have been organized to attract participants from both academia and industry to
compare their algorithms objectively. As inspired by these efforts, we organized
the First International Signature Verification Competition (SVC2004) recently.

The objective of SVC2004 is to allow researchers and practitioners to com-
pare the performance of different signature verification systems systematically
based on common benchmark databases and benchmarking rules. Since on-line
handwritten signatures collected via a digitizing tablet or some other pen-based
input device can provide very useful dynamic features such as writing speed,
pen orientation and pressure in addition to static shape information, only on-
line handwritten signature verification was included in this competition.

We made it clear to all participants from the very beginning that this event
should not be considered as an official certification exercise, since the databases
used in the competition were only acquired in laboratory rather than real en-
vironments. Moreover, the performance of a system can vary significantly with
how forgeries are provided. Furthermore, handwritten signature databases are
highly language dependent. Nevertheless, it is hoped that through this exercise,
researchers and practitioners could identify areas where possible improvements
to their algorithms could be made.

2 Participants

The Call for Participation announcement was released on 30 April 2003. By
the registration deadline (30 November 2003), 33 teams (27 from academia and
six from industry) had registered for the competition showing their intention
to participate in either one or both tasks of the competition. Of the 33 teams
registered, 16 teams eventually submitted their programs for Task 1 while 13
teams for Task 2 by the submission deadline (31 December 2003). Some teams
participated in both tasks. One team submitted a program that requires a li-
censed software to run it. Eventually this team withdrew. So we ended up having
a total of 15 teams for Task 1 and 12 teams for Task 2. All are academic teams
from nine different countries (Australia, China, France, Germany, Korea, Sin-
gapore, Spain, Turkey, and United States). Table 1 shows all the participating
teams, with nine decided to remain anonymous after the results were announced.
Team 19 submitted three separate programs for each task based on different al-
gorithms. To distinguish between them when reporting the results, we use 19a,
19b and 19c as their Team IDs.

3 Signature Databases

3.1 Database Design

SVC2004 consists of two separate signature verification tasks using two different
signature databases. The signature data for the first task contain coordinate in-
formation only, but the signature data for the second task also contain additional
information including pen orientation and pressure. The first task is suitable for
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Table 1. SVC2004 participating teams

[Team ID] Institution [ Country | Member(s) [Task(s)]
3 [Australia]V. Chandran 1&2
4 anonymous 1&2
6 Sabanci University Turkey [Alisher Kholmatov 1& 2

‘ Berrin Yanikoglu
8 anonymous 2
9 anonymous 1&2
12 anonymous 1
14 anonymous 1& 2
15 anonymous 1
16 anonymous 1
17 anonymous 1&2
18 anonymous 1&2
19 Biometrics Research Laboratory, Spain |Julian Fierrez-Aguilar| 1 & 2
Universidad Politecnica de Madrid Javier Ortega-Garcia
24 Fraunhofer, Institut Sichere Telekooperation|Germany|Miroslav Skrbek 1
26 State University of New York at Buffalo USA [Aihua Xu 1
Sargur N. Srihari
29 |Institut National des Télécommunications France |[Bao Ly Van 2
Sonia Garcia-Salicetti
Bernadette Dorizzi

on-line signature verification on small pen-based input devices such as personal
digital assistants (PDA) and the second task on digitizing tablets.

Each database has 100 sets of signature data. Each set contains 20 genuine
signatures from one signature contributor and 20 skilled forgeries from at least
four other contributors. Unlike physiological biometrics, the use of skilled forg-
eries for evaluation is very crucial to behavioral biometrics such as handwritten
signature. Of the 100 sets of signature data, only the first 40 sets were released
(on 25 October 2003) to participants for developing and evaluating their systems
before submission (by 31 December 2003). While the first 40 sets for the two
tasks are totally different, the other 60 sets (not released to participants) are the
same except that the pen orientation and pressure attributes are missing in the
signature data for Task 1. Although both genuine signatures and skilled forgeries
were made available to participants, user enrollment during system evaluation
accepted only five genuine signatures from each user, although multiple sets of
five genuine signatures each were used in multiple runs. Skilled forgeries were
not used during the enrollment process. They were only used in the matching
process for system performance evaluation. Evaluation of signature verification
performance for each user was only started after all users had been enrolled.
Therefore, participants could make use of genuine signatures from other users
to improve the verification accuracy for a user if they so wished.

3.2 Data Collection

Each data contributor was asked to contribute 20 genuine signatures. For privacy
reasons, the contributors were advised not to use their real signatures in daily
use. Instead, they were suggested to design a new signature and to practice the
writing of it sufficiently so that it remained relatively consistent over different
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signature instances, just like real signatures. Contributors were also reminded
that consistency should not be limited to spatial consistency in the signature
shape but should also include temporal consistency of the dynamic features.

In the first session, each contributor contributed 10 genuine signatures. Con-
tributors were advised to write naturally on the digitizing tablet (WACOM In-
tuos tablet) as if they were enrolling themselves to a real signature verification
system. They were also suggested to practice thoroughly before the actual data
collection started. Moreover, contributors were provided the option of not accept-
ing a signature instance if they were not satisfied with it. In the second session,
which was normally at least one week after the first one, each contributor came
again to contribute another 10 genuine signatures.

The skilled forgeries for each data contributor were provided by at least four
other contributors in the following way. Using a software viewer, a contributor
could see the genuine signatures that he or she tried to forge. The viewer could
replay the writing sequence of the signatures on the computer screen. Contribu-
tors were also advised to practice the skilled forgeries for a few times until they
were confident to proceed to the actual data collection.

The signatures are mostly in either English or Chinese. Although most of
the data contributors are Chinese, many of them actually use English signatures
frequently in daily applications.

3.3 Signature Files

Each signature is stored in a separate text file. The naming convention of the
files is UxSy, where x is the user ID and y is the signature ID. Genuine signatures
correspond to y values from 1 to 20 and skilled forgeries from 21 to 40. However,
random re-numbering was performed during the evaluation process to avoid the
class information from being revealed by the file names.

In each signature file, the signature is represented as a sequence of points.
The first line stores a single integer which is the total number of points in the
signature. Each of the following lines corresponds to one point characterized by
features listed in the following order (the last three features are missing in the
signature files for the first task): z-coordinate, y-coordinate, time stamp, button
status, azimuth, altitude, and pressure.

4 Performance Evaluation

4.1 Testing Protocol

Both tasks used the same code submission scheme. For each task, each team was
required to submit two executable files, one for performing enrollment and the
other for matching. Executable files were for the Windows platform and could
run in command-line mode without any graphical user interface.

The testing protocol is as follows. Each program was evaluated on two sig-
nature databases. The first database, which was released to the participants,
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consists of genuine signatures and skilled forgeries for 40 users. The second
database consists of similar signature data for 60 users. This set was not re-
leased to the participants. For each user from either database, 10 trials were run
based on 10 different random subsets of five genuine signatures each from files
S1-810 for enrollment. After each enrollment trial, the program was evaluated on
10 genuine signatures (811-820), 20 skilled forgeries (521-840), and 20 random
forgeries selected randomly from genuine signatures of 20 other users. Whenever
randomness was involved, the same random sets were used for all teams.

For each signature tested, a program is expected to report a similarity score,
between 0 and 1, which indicates the similarity between the signature and the
corresponding template. The larger the value is, the more likely the signature
tested will be accepted as a genuine signature. Based on these similarity scores,
we computed false rejection rates (FRR) and false acceptance rates (FAR) for dif-
ferent threshold values. Equal error rates (ERR) and Receiver Operating Char-
acteristics (ROC) curves were then obtained separately for skilled forgeries and
random forgeries.

4.2 Results

The programs of some teams encountered problems during the evaluation pro-
cess. In particular, they failed to report similarity scores for some input sig-
natures. For fairness of comparison, EER statistics and ROC curves are not
reported for these programs. Besides reporting the average EER over all users
and all 10 trials for each team, we also report the standard deviation (SD) and
maximum EER values.

Tables 2 and 3 show the EER results for both tasks evaluated on signature
data from 60 users not released to participants. Figures 1 and 2 show the cor-
responding ROC curves for the evaluation with skilled forgeries. The results of
some teams (Teams 3 and 9 for Task 1 and Teams 3, 9 and 29 for Task 2) are not
included in the tables since their programs failed to report similarity scores for
some signatures. For both tasks, Team 6 from the Sabanci University of Turkey
gives the lowest average EER values when tested with skilled forgeries. Due to
page limit, some results are not included in this paper. Readers are referred to
http://wuw.cs.ust.hk/svc2004/results.html for more details.

5 Discussions

We have noticed that the EER values tend to have relatively large variations
as can be seen from the SD values. While behavioral biometrics generally have
larger intra-class variations than physiological biometrics, we speculate that this
is at least partially attributed to the way in which the signature databases were
created for SVC2004. Specifically, the signatures are not the real signatures of
the data contributors. Although they were asked to practice thoroughly before
signature collection, larger variations than expected were still expected.
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Table 2. EER statistics for Task 1 (60 users)

10 genuine signatures + 10 genuine signatures +
Team ID 20 skilled forgeries 20 random forgeries
Average[ SD [Maximum|[Average] SD [Maximum
6 2.84% [5.64%] 30.00% || 2.79% [5.89% | 50.00%
24 4.37% | 6.52% | 25.00% 1.85% |2.97% | 15.00%
26 5.79% [10.30%| 52.63% 5.11% [9.06% | 50.00%

19b 5.88% [9.21% | 50.00% 2.12% |3.29% | 15.00%
19c¢ 6.05% [9.39% | 50.00% 2.13% |3.29% | 15.00%

15 6.22% |9.38% | 50.00% || 2.04% [3.16% | 15.00%
19a 6.88% |9.54% | 50.00% || 2.18% |3.54% | 22.50%
14 8.77% [12.24%| 57.14% 2.93% [5.91% | 40.00%

18 11.81% [12.90%]| 50.00% 4.39% [6.08% | 40.00%
17 11.85% [12.07%]| 70.00% || 3.83% [5.66% | 40.00%
16 13.53% [12.99%]| 70.00% || 3.47% [6.90% | 52.63%
1 16.22% [13.49%] 66.67% || 6.89% [9.20% | 48.57%
12 28.89% [15.95%| 80.00% || 12.47% |10.29%]| 55.00%

Table 3. EER statistics for Task 2 (60 users)

10 genuine signatures + 10 genuine signatures +
Team ID 20 skilled forgeries 20 random forgeries
Average[ SD [Maximum[[Average] SD [Maximum
6 2.89% [5.69%| 30.00% || 2.51% [5.66%| 50.00%

19b 5.01% [9.06% | 50.00% 1.77% [2.92%| 10.00%
19¢ 5.13% [8.98% | 51.00% 1.79% [2.93%]| 10.00%
19a 5.91% [9.42% | 50.00% 1.70% [2.86%]| 10.00%
14 8.02% [10.87%| 54.05% || 5.19% [8.57%| 52.63%
18 11.54% [12.21%]| 50.00% || 4.89% [6.65%| 45.00%
17 12.51% [13.01%| 70.00% || 3.47% [5.53%| 30.00%
4 16.34% [14.00%| 61.90% || 6.17% [9.24%| 50.00%

We have also noticed that the results for Task 1 are generally slightly better
than those of Task 2. This seems to imply that additional dynamic information
including pen orientation and pressure is not useful and can lead to impaired
performance. While conflicting results have been seen in the literature, we believe
this is again due to the way of collecting our signature data, as discussed above.
The invariance of pen orientation and pressure is likely to be less than that of
other dynamic information used for Task 1.

From these findings, we are further convinced that establishing benchmark
databases that faithfully reflect the nature of signature data found in real-world
applications is of great importance to the research community. We hope SVC2004
can facilitate collaborative efforts in establishing such databases before long.

More performance criteria may be considered in the future. While this com-
petition considers only accuracy as measured by EER, it would be useful, partic-
ularly from the application perspective, to include other criteria such as running
time. Moreover, we may also allow a program to reject a signature during the
enrollment and/or testing phase.
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Fig.1. ROC curves for Task 1 (60 users)
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Watch List Face Surveillance
Using Transductive Inference
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Abstract. The open set recognition task, most challenging among the biometric
tasks, operates under the assumption that not all the probes have mates in the
gallery. It requires the availability of a reject option. For face recognition open
set corresponds to the watch list face surveillance task, where the face
recognition engine must detect or reject the probe. The above challenges are
addressed successfully in this paper using transduction, which is a novel form
of inductive learning. Towards that end, we introduce the Open Set TCM-kNN
algorithm, which is based upon algorithmic randomness and transductive
inference. It is successfully validated on the (small) watch list task (80% or
more of the probes lack mates) using FERET datasets. In particular, Open Set
TCM-kNN provides on the average 96% correct detection / rejection and
identification using the PCA and/or Fisherfaces components for face
representation.

1 Introduction

The open set recognition task, most challenging among the biometric tasks, operates
under the assumption that not all the probes have mates in the gallery. The above task,
which has to detect the presence or absence of some biometric within the gallery
while correctly finding the identity for the same biometric, requires the availability of
a reject option. For face recognition open set corresponds to the watch list face
surveillance task, where the face recognition engine must first find out if an
individual probe is, or is not, on the watch list. If the probe is on the watch list, the
face recognition engine must then identify / recognize the individual.

The performance index for correctly detecting and identifying an individual on the
watch list is called the detection and identification/ recognition rate. “Typically, the
watch list task is more difficult than the identification [recognition] or verification
task alone. For the best system [FRVT2002 face recognition engine] using a watch
list of 25 people, the detection and identification rate is 77%. Systems achieve better
performance for a smaller watch list. If the impetus of the watch list application is to
detect and identify [recognize] the “most wanted” individuals, the watch list should be
kept as small as possible” (Phillips et al., 2003). The watch list face surveillance task
is addressed successfully in this paper using fransduction, which is a novel form of
inductive learning (Vapnik, 1998). Towards that end, we introduce a novel approach,
the Open Set TCM-kNN (Transduction Confidence Machine — k& Nearest Neighbor),
which is based upon algorithmic randomness and transductive inference. Open Set
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TCM-KNN is successfully validated on the (small) watch list task (80% or more of the
probes lack mates) using FERET datasets characterized by challenging (varying
illumination and changing facial expression) face images. In particular, Open Set
TCM-KNN provides on the average 96% correct detection / rejection and
identification / recognition using the PCA and/or Fisherfaces components for face
representation.

2 Transduction Confidence Machine (TCM) — KNN

Confidence measures can be based upon universal tests for randomness, or their
approximation. Universal tests for randomness are not computable and hence one has
to approximate the p-values using non-universal tests. We use the p-value
construction in Gammerman et al. (1998) and Proedrou et al. (2001) to define
information quality. Given a sequence of proximities (distances) between the given
training (gallery) set and a probe i, the strangeness of i with putative label y in
relation to the rest of the training set exemplars is defined as:

j=1

The strangeness measure is the ratio of the sum of the k& nearest distances D from
the same class (v) to the sum of the & nearest distances from all other classes (—y).
Based on the strangeness, a valid randomness test (Nouretdinov et al., 2001) defines
the p-value measure of a probe with a possible classification assigned to it as

p=f(a1)+<f(a2)+"'+f(am)+4f(anew) (2)
(m+1)f(0e,,)

where f'is some monotonic non-decreasing function with f0) = 0, e.g., &) = &, m is
the number of training examples, and o, is the strangeness measure of a new test
probe exemplar c,.,, with a possible classification. An alternative definition available
for the p-value is p (Cpew)=#{i: 04 = O}/ (m+1).

Based on strangeness and p-value definitions above, Proedrou et al. (2001) have
proposed that TCM-kNN (Transduction Confidence Machine-k Nearest Neighbor)
serves as a formal transduction inference algorithm. If there are n classes in the
training data, there are n p-values for each probe exemplar. Using the p-value one can
now predict the class membership as the one that yields the largest p-value. This is
defined as the credibility of the assignment made. The associated confidence measure,
which is either the 1st largest p-value or one minus the 2nd largest p-value, indicates
how close the first two assignments are. One can compare the top ranked
assignments, rather than only the first two assignments, and define additional
confidence criteria. Both the credibility and confidence measures allow the face
recognition engine to adapt to existing conditions and act accordingly.

We have used several well-known similarity measures to evaluate their effect
on different face representation (PCA and Fisherfaces). In those similarity measures,
L; defines the city-block distance, L, defines the Euclidean distance. Cosine, Dice,
Overlap and Jaccard measure the relative overlay between two vectors. L;, L, and
cosine can also be weighted by the covariance matrix of training data, which leads to
the Mahalanobis related distances. Our findings indicate that Mahalanobis related
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similarity distances are superior to others when expressive features (driven by PCA)
are used; while overlay related similarity distances are superior when discriminating
features are used. Open Set TCM-kNN, which is an instantiation of TCM-kNN
appropriate for the watch list face surveillance problem, is described in the next
section.

3 Open Set TCM-KNN

The watch list face surveillance problem operates under the open set assumption that
not all the probes have mates in the gallery and it requires a reject option. The
standard Open Set PCA and Fisherfaces classifiers learn the operational threshold
from the intra- and inter-distance (similarity) distribution of each training exemplar.
The statistics of intra-distance distribution set the lower bound of the threshold and
the statistics of inter-distance distribution set the upper bound. As the minimum
distance of the new exemplar to the prototypes of each subject becomes closer to or
larger than the upper bound, the more likely the new testing exemplar will be rejected.
Our experiments have shown that face recognition performance varies according to
the threshold chosen. It is, however, not easy to determine the threshold needed for
rejection even if the lower and upper bound are known. In addition, one needs to
make a strong assumption that the distribution of the similarity distances is similar
across different training and test sets. Those problems are overcome by the Open Set
TCM-kNN classifier and the rationale is explained next.

Given a new exemplar, the p-value vector output from Open Set TCM-kNN
gives the likelihoods that the new exemplar belongs to each subject in the training
data. If some p-value significantly outscores the others, the new exemplar can be
mated to the corresponding subject ID; otherwise, the probe is equally likely to be
mated to each class and it should be rejected due to its ambiguity. If the top ranked
(highest p-values) choices are very close to each other and outscore the other choices,
the top choice should be accepted, i.e., should not be rejected, but its recognition be
questionable due to the ambiguity involved. The ambiguity is measured by the PSR
(peak-side-ratio) value and it determines if the test exemplar should be rejected or not.
The Open Set TCM-kNN algorithm is:

Open Set TCM-kNN Algorithm

Calculate the alpha values for all training exemplars;
for i = 1 to ¢ do
for every training exemplar t classified as i do;
for 7 = 1 to ¢ and j!=1i do
Assume t is classified as j,which should be rejected
Recalculate the alpha values for all the training
exemplars classified as non-j;
Calculate alpha value for t if it is classified as j
Calculate p-value for t if it is classified as j
end for
Calculate the P_, P__ and P, (standard deviation)of
exemplar t's p-values
Calculate the PSR value of t: PSR=(P_- P_)/P ..
end for
end for



26  Fayin Li and Harry Wechsler

Calculate the mean, stdev (standard deviation) for all the
PSR values
Calculate the rejection threshold = mean + 3*stdev
Calculate the distance of the probe s from all training
exemplars
for 1 = 1 to ¢ do
Calculate alpha value for s if it is classified as 1
Calculate p-value for s if it is classified as 1
end for
Calculate the largest p-value max for s
Calculate the mean and stdev of probe p-values without max
Calculate the PSR value for the probe exemplar:
PSR = (max-mean)/stdev
Reject the probe s if its PSR is less than or equal to the
threshold
Otherwise predict the class with the largest p-value
Output as prediction confidence 1st largest p-value or one
minus the 2nd largest p-value
Output as prediction credibility the largest p-value

In the algorithm, the threshold for rejection is learned from the training data set
based on transductive inference. For each training exemplar X its mates are removed
from the training data set, X is now treated as a probe, and Open Set TCM-kNN
outputs the p-values for X. The corresponding PSR value for X is PSR = (P —
Piean) / Psgev- Very low PSR values result for X since it should be rejected because it
lacks any mates. The training exemplars' PSR distribution provides thus a robust
method for deriving the operating threshold.

4 Data Collection and Experimental Results

Fig. 1. Face Images

Our data set is drawn from the FERET database, which has become a de facto
standard for evaluating face recognition technologies (Phillips et al., 1998). The data
set consists of 600 FERET frontal face images corresponding to 200 subjects, which
were acquired under variable illumination and facial expressions. Each subject has
three normalized (zero mean and unit variance) images of size 128 x 128 with 256
gray scale levels. Each column in Fig. 1. corresponds to one subject. The normalized
face images are processed to yield 400 PCA coefficients and 200 Fisherfaces using
FLD (Fisher Linear Discriminant) on the reduced 200 dimensional PCA space.
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TCM-kNN vyields similar performance with kNN on the closed set face recognition
problem except that its output includes confidence and credibility for each decision
made. The best similarity distances for PCA and Fisherfaces representations were
found to be {Mahalanobis + (L;, L, or cosine)} and {cosine, Dice, Jaccard,
(Mahalonobis + cos)}, respectively. Only Mahalanobis + L; and cosine distances,
which yield slightly better performance than the other distances, are used by Open
Set TCM-kNN for the watch list face surveillance experiments reported next.
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Fig. 2. Mean Detection and Identification Rates vs. Overlap Size

Fig. 2 shows the mean detection and recognition rates for PCA and Fisherfaces
components for different overlap percentages (between the gallery [watch list] and the
probe sets) using Mahalanobis + L; and cosine distance, respectively. There are 200
subjects (see Sect. 4), two images are used for training while the third image is
available for testing, the size for both the watch list [gallery] and the probe sets is 100
subjects, and the overlap between the watch list and the probe set varies from 0 to 100
subjects. The detection and recognition rate is the percentage of subjects whose probe
is correctly detected (or rejected) and identified. We report the average results
obtained over 100 randomized runs. The performance goes down, almost linearly, as
the overlap between the watch list and the probe sets increases. One gets overall
better performance when using Fisherfaces components compared to PCA
components; for small overlap, i.e., the small watch list size, which is most relevant,
PCA yields slightly better performance than Fisherfaces. The explanation for the
observed performance is that as both the size of watch list increases it becomes more
difficult to detect and identify individuals on the watch list. This confirms the
FRVT2002 findings (Phillips et al., 2003).

The next experiment uses the Open Set and Open Set TCM-kNN classifiers on
small watch lists, whose size varies from 10 to 40 subjects, and reports the mean
performance (detection and identification) rates obtained over 100 randomized runs.
Let the watch list size be k subjects, each of them having 2 (two) images in the
gallery. Then there are 600 - 2k face images in the probe set, & stands for the number
of subjects on the watch list and 3 x (200 - k) stands for the number of face images
that come from subjects that are not on the watch list.

Table 1 and 2 shows the mean performance of Open Set and Open Set TCM-kNN
algorithms for different watch list sizes. For watch list size k, the accuracy [detection
and identification rate] is (average correct rejection + average correct recognition) /
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(600 - 2k). The numerical results when the number of subjects on the watch list is &
should be interpreted as follows. The average results are better the closer the correct
rejection number is to 3 x (200 — k), the closer the correct recognition number is to
the watch list size and the higher the accuracy is.

Table 1. Mean Performance of Open Set Algorithm

Eigenfaces ({Mah+L, distance} Fisherfaces (Cosine distance)
Watch -
List S;n 76 Average Average Average Average
Correct Correct Accuracy Correct Correct Accuracy
Reject Recognition Reject Recognition
10 546,38 .67 95,18% 550.00 798 96.20%
20 494.08 12.29 90.42% 502.36 1593 02.55%
30 44811 18.98 86.50% 457.83 24.41 89.30%
40 407.78 22,94 82.83% 416,05 3224 86.21%
Table 2. Mean Performance of Open Set TCM-kNN
Eigenfaces (Mah+L, distance} Fisherfaces (Cosine distancc)
Watch
List Size Average Average Average Average
_ Correet | Correct Accuracy | Correct | Correct Accuracy
Reject Recognition Reject Recognition
10 536,62 8.67 94.02% 544.64 8.99 05.45%
20 522.38 16.97 96.31% 52235 17.88 96.47%
30 495,63 25,16 96.44% 493.33 26.76 96.31%
40 467.39 3342 96.31% 464.56 3539 96.14%

The lower and upper bounds for the reject threshold for the Open Set algorithm are
computed from the training set. The average correct rejection and identification
numbers are recorded by varying the threshold from the lower bound to the upper
bound. Since the watch list size is much smaller than the number of the subjects that
should be rejected, the accuracy will be very high even if all the probes are rejected.
Therefore, the average correct reject and recognition numbers as well as the detection
and identification accuracy are needed to evaluate the performance of the algorithm.
As an example, Table 1 shows that only about 60% (PCA) and 80% (Fisherfaces) of
the subjects from the watch list (average correct recognition /watch list size) are
recognized correctly even when the accuracy is high (about 96% for k£ = 10). Table 1
shows the results with the best threshold considering those three factors. As the watch
list size increases, both the average rejection number, further away from 3 x (200 —
k), and the accuracy, drop dramatically.

Table 2 shows the average performance of Open Set TCM-kNN algorithm for
different watch list sizes. PCA is very close to Fisherfaces in overall performance. If
the data in the table is examined carefully, PCA is a little better than Fisherfaces with
the reject option while Fisherfaces is a little better than PCA when the decision of
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identification is made. Open Set TCM-kNN is much better than Open Set algorithm,
when the correct rejection and correct recognition number as well as the accuracy are
taken into account, especially when the watch list size is large. The overall
performance for Open Set TCM-kNN, which keeps almost constant as the watch list
size increases, is thus much more stable than the overall performance displayed by the
Open Set algorithm.

The difference in performance shown by Fig. 2 and Table 2 indicates that the
gallery size is also an important factor affecting algorithm performance. In Fig. 2 the
gallery [watch list] size is always 100 subjects and only the overlap size between the
gallery and probe sets changes, while in Table 2 the gallery size [watch list] varies
according to k.

5 Conclusions

This paper introduced the Open Set TCM-kNN (Transduction Confidence Machine — k&
Nearest Neighbor) for the watch list face surveillance task. Open Set TCM-kNN,
which is based upon algorithmic randomness and transductive inference, has been
successfully validated on the (small) watch list task (80% or more of the probes lack
mates) using FERET datasets characterized by challenging (varying illumination and
changing facial expression) face images. In particular, Open Set TCM-kNN provides
on the average 96% correct detection / rejection and identification accuracy using the
PCA and/or Fisherfaces components for face representation.
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Abstract. The performance of face recognition systems that use two-
dimensional images is dependent on consistent conditions such as lighting,
pose, and facial appearance. We are developing a face recognition system that
uses three-dimensional depth information to make the system more robust to
these arbitrary conditions. We have developed a face matching system that
automatically correlates points in three dimensions between two 2.5D range
images of different views. A hybrid Iterative Closest Point (ICP) scheme is
proposed to integrate two classical ICP algorithms for fine registration of the
two scans. A robust similarity metric is defined for matching purpose. Results
are provided on a preliminary database of 10 subjects (one training image per
subject) containing frontal face images of neutral expression with a testing
database of 63 scans that varied in pose, expression and lighting.

1 Introduction

Automatic human face recognition has gained a lot of attention during the last decade
[1]. A few approaches utilized depth information provided by 2.5D range images [2-
5], but most efforts have been devoted to face recognition from only two-dimensional
(2D) images [1]. Current 2D face recognition systems can achieve good performance
in constrained environments, however, they still encounter difficulties in handling
large variations in pose and illumination [6]. Utilizing 3D information can improve
face recognition performance [6, 7]. Range images captured by 3D sensor [8, 9]
explicitly represent face surface shape information as well as providing registered
color texture images. Face recognition based on range images has been addressed in
different ways [2-4, 10, 11].

b)

Fig. 1. An example for Minolta Vivid 910 facial scan. (a) Texture image; (b) range image, the
more red a point, the closer it is to the sensor; (c) 3D rendering of the face scan

D. Zhang and A K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 30-36, 2004.
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(a) (b) (c) (d)

Fig. 2. Matching a given 2.5D face scan to 2.5D face scans in a database. a) Automatic feature
point detection; b) the genuine scan and an imposter scan in the database with feature points
labeled. c¢) Coarse alignment between the test scan and the gallery scan. d) Fine iterative
registration to find the closest match

In this research 2.5D range images are used for face recognition. A 2.5D image is a
simplified three-dimensional (X, y, z) surface representation that contains at most one
depth (z) value for every point in the (X, y) plane (see Figure 1). A full three-
dimensional model could account for a more robust recognition system, however,
there is an added cost to construct and store the complete 3D face model.

2 Face Alignment and Matching

Our face recognition system is illustrated in Fig. 2.

2.1 Automatic Feature Point Localization and Coarse Alignment

A minimum of three corresponding points is needed in order to calculate the rigid
transformation between two 2.5D scans. Once the three corresponding points are
known, the transformation can be made using a combination of rigid transformation
matrices following the guidelines described by Weinstein [12].

Using the procedure described by Dorai and Jain [13], we determine the local
shape information at each point within the 2.5D image. This shape index at point p is
calculated using the maximum (x;) and minimum (x;) local curvature (see Equation
1). This calculation produces a shape scale between zero and one. A value near one
represents a dome shape and a value close to zero represents a cup or dent shape. A
value in the middle (0.5) represents a saddle point.

LK) e
TR e () M

This shape calculation is independent of the coordinate system and, therefore, is a
potentially useful metric for finding similar points between scans with different poses.
The faces shown in Figure 3(b) are examples of 2.5D face images with the grayscale
representing the shape index at a particular location, a dark point has a shape index
close to zero and a lighter point has a shape index close to one.
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(@) (b) (© (a) (b)

Fig. 3. (a) Texture Image; (b) shape index; (c) shape index after applying 30x10 averaging
mask (compared with (b), the shape index value is inversed for better illustration)

For simplicity, we pick a combination of the inside of an eye, the outside of the eye
and the nose tip, which vary, based on the pose of the range image. Of these, the
easiest point to identify is the inside edge of an eye right next to the bridge of the
nose, because this point (and the area around this point) has a shape index value that
is very close to zero. A simple averaging mask of size 30 x 10 can be used to identify
this area on the shape space (See Fig. 3.(c)). We use the inside edge of the eye as an
anchor in order to identify other feature points within the face image. Some failures in
our system occur when these points are misclassified.

Once the inside eyes are found, other feature points within the face can be located
using a simple model of the relative locations between the points. The outside of the
eye is detected by following the rut (defined by the shape space) that consistently runs
along the bottom of the eye. The mouth tips are found by looking for a valley in the
shape space below the eyes. The mouth tips are not robust features because of the
movement of the mouth. Despite this, the inside eye, outside eye and a mouth point
form a plane that can be used to reliably locate the nose tip which is the farthest point
from the plane formed by these three points.

2.2 Fine Alignment with Hybrid ICP

After coarse alignment the scans are not registered well due to the localization errors
of the feature points. The fine alignment process can be formulated as follows: Given
two partially overlapping sets of 3D points, P and Q, roughly aligned, find the best
(rigid) transformation ¥'to align them so that the the error function £ = Dist( ¥ (P),
Q) is minimized, where the Dis#(.) is the distance metric. Our fine registration process
follows the Iterative Closest Point (ICP) framework [14-16]. With an initial estimate
of the rigid transformation, the algorithm iteratively refines the transform by
alternately choosing corresponding (control) points in two scans and finding the best
rigid transformation that minimizes an error function based on the distance between
them. In Besl and McKay [14], the point-to-point distance is applied and a fast close-
form solution is provided when calculating the transformation matrix during each
iteration. The point-to-plane distance in Chen and Medioni [15] makes the ICP
algorithm less susceptible to local minima than the point-to-point metric [14, 17].
This algorithm shows that if the two meshes are close to each other, the point-to-plane
distance is the best approximation for the true distance between the two surfaces [18].
But calculating the point-to-plane distance takes longer than the point-to-point
distance. We integrate these two classical ICP algorithms [14, 15] in a zigzag running
style, which is called hybrid ICP algorithm. Besl's scheme is used to compute an



Matching 2.5D Scans for Face Recognition 33

estimation of the alignment, followed by Chen's scheme for a refinement. Since the
distance metrics are utilized interactively, it is possible to achieve a better registration
result than each individual. The control points are selected only within the
overlapping area to avoid outliers. A scheme similar to RANSAC [19, 20] is applied.
Each time a number of control points are chosen randomly and ICP is applied based
on the points selected. This procedure of control point selection and applying ICP is
repeated several times. We pick the alignment with the minimum registration error as
the final result.

2.3 Matching

In our experiments, the intensity (color), shape index, along with the 3D Cartesian
coordinates are used for facial scan matching. One way to define the similarity metric
is to combine these attributes into a single feature vector. Each attribute has relatively
independent interpretation so they are treated separately in this matching scheme. The
N control points used in the fine registration stage are represented by p;, i=1,2...N.

e Surface matching. Surface matching in fine registration stage provides the
registration error, which can be used as a matching score between two facial scans.

Ey = 32 DY (p).5) @)

where ¥is the transformation, D(.) represent the point-to-plane distance between
transformed point ¥(p;) and the tangent plane S; at the position of its counterpart
in the other scan surface [15].

e Texture matching. The 2.5D surface registration from two scans also registers the
corresponding color texture maps. Let p; (i=1,2...N) denote the control points in
scan P, and ¢; be the closest counterpart in scan Q after the transformation ¥ is
applied to P. Let I(p;) be the texture intensity at p;. Then the texture vectors of P
and Q are represented as Tp = {/(p;), i=1,2...N} and Tq = {l(q), i=1,2...N},
respectively. The matching score between two registered texture vectors is

calculated as follows, MS, =<T,,T,, > /Q‘TPH . HTQ ), where Tp and T, are the two

texture vectors, < > denotes the dot-product, "” represents the norm of the texture

vector. The MSr is normalized to a range from 0 to 1.

e Shape Index Matching. Each point in the facial scan is associated with a shape
index calculated by Eq. 1. Similar to the texture matching, the matching score
based on the shape index attribute can be defined as,
MS, =<S,,S, > /Q‘SPH . HSQ ), where Sp and Sy are the two shape index vectors of

the control point sets. The MSs is also normalized to range from 0 to 1.

The surface matching distance, the registered texture matching score, and the
registered shape index matching score can be integrated in a cascade mode or in a
combination mode. The range information is more robust than the texture information
under varying pose and lighting conditions. The shape index attribute is subject to
estimation errors due to the discretization of the range data. Therefore, the surface
matching distance is considered as the primary dissimilarity metric. In the cascade
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mode, only the test scan, whose surface matching distance is low enough, will
proceed to the texture and shape index matching stages. In the combination mode, the
texture and shape index matching scores are used to weight the surface matching
distance. The final matching distance is computed as:

MD=E,-(1-MS,)-(1- MS;) 3)

The smaller the MD, the better the matching. The combined matching distance can be
considered as a combination of range and texture evidence by the product rule [21].

3 Experiments

All range images were collected using a Minolta Vivid 910 scanner [9], which uses
structured laser light to record the face scans in less than a second. Each point in a
scan has a texture color (r, b, g) as well as a location in 3-space (X, y, z). This data is
stored in individual (pXq) matrices. Some of the data points are not valid (e.g., points
outside the range of the scanner) so there is also a (pxq) binary flag matrix that is true
for all the valid points in the scan. The range image is of size 480x640 in the fast scan
mode of the Minolta sensor (with a reported depth accuracy of approximately 0.1
mm) and downsampled to 240x320 in our experiment to reduce the computation cost.
The registered color texture image has the same size as the range image. There are 10
subjects in our collected database. The frontal scan with neutral expression for each
subject was used to construct the training database. The test database consists of 63
scans of the same 10 people, which varied in pose (up to left and right 60 degrees
from the frontal view), facial expression and lighting.

In order to properly evaluate the performance of the system, it is tested in two
experimental modes; automatic and manual. In automatic mode, the algorithm selects
the feature points used in coarse registration, where as in the manual mode, the
feature points are labeled by hand. The error between the manually selected feature
points and the automatically selected feature points is 18.12mm with a standard
deviation of 37.58mm. The error is calculated by taking the average distance between
the manual labeled points and the automatically extracted points.

The fine alignment and face recognition system has been tested on both manually
selected feature points and automatically selected feature points. The recognition
accuracy is given in Table 1. Besides the hybrid ICP, two classical ICP algorithms are
presented for comparison. Table 1 provides a detailed accuracy for the hybrid ICP,
which achieves the best performance among three ICP schemes.

One error out of 15 frontal test scans was achieved when comparing frontal 2.5D
face images. This is noteworthy considering that many of the test images had people
with different expressions than the training images (i.e., some were smiling). When
the testing database was extended to include semi-profile images, the error went up
but still maintained a reasonable recognition rate of 5 errors out 63 (92% accuracy).
These results assume that the coarse alignment procedure is correctly done. The
combined total error of the entire automatic system is 10 out of 63 (84% accuracy).
The hybrid ICP scheme is more robust to the localization errors of feature points,
which outperforms the other two classical ICP algorithms on the surface matching
(range image only). The combination of surface, texture and shape index matching
achieves better performance than surface matching based on the range image alone.
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Table 1. Number of rank-one failed tests due to recognition. The combination of range, texture
and shape index matching is computed as Eq. 3. The number of iterations (10,10) represents a
total of 10 iterations for Besl's ICP scheme and 10 iterations for Chen's scheme

Algorithm Number of |[Feature Point |Range Range + Texture +
Iterations |Extraction image only |Shape Index

ICP_hybrid (10, 10) Manual 6 5

ICP_hybrid (10,10)  |Auto 13 10

ICP Chen[15] |20 Manual 10 6

ICP _Chen [15] |20 Auto 16 14

ICP Besl [14] 20 Manual 19 5

ICP Besl [14] 20 Auto 33 15

4 Conclusions and Future Work

We have presented a face recognition system that is more robust to variations in pose
and lighting. This system can match 2.5D scans of arbitrary poses with lighting and
expression variations to a database of neutral expression frontal 2.5D scans. Unlike
the appearance-based method [22], the proposed matching scheme does not need an
extensive training process based on a collected large-scale database.

A Hybrid ICP scheme is proposed to integrate two classical ICP algorithms to
achieve better registration performance. Besides the range image, other attributes,
such as the registered texture and shape index information, are also used to design a
combined metric for the facial scan matching.

This research is an encouraging first step in designing a system that is capable of
recognizing faces with arbitrary pose and illumination. There are a number of
directions that we are planning to consider in our future work. The first will be to
improve the automatic coarse recognition system by incorporating a more complete
model of the human face. We also plan on increasing the training database to include
profile images. This should make a more robust template set and increase the systems
matching capabilities. With a better model we will also consider methods for
matching arbitrary two-dimensional training data.
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Abstract. In membership authentication problem that has a compli-
cated and mixed data distribution, the authentication accuracy obtained
from using one classifier is not sufficient despite its powerful classifi-
cation ability. To overcome this limitation, an support vector machine
(SVM) multiple tree is developed in this paper according to a “divide
and conquer” strategy. It is demonstrated that the proposed method
shows a good membership authentication performance, as well as the
strong robustness to the variations of group membership, as compared
with the SVM ensemble method [1]. Specifically, the proposed method
shows a better improvement in authentication performance as the group
size increases larger.

1 Introduction

Membership authentication problem can be depicted as follows, consider a cer-
tain human group G with N members, which is the universal set. If there exists
an arbitrary subgroup M such that M C G and |M| < N/2, then it is a mem-
bership group, and the remaining people M = G — M is a non-membership
group. Thus, membership authentication problem is to distinguish the member-
ship class M from the non-membership class M in the human group.

Unlike most works on face recognition that tried to identify the identity of the
given face image, I proposed a concept of dynamic membership authentication [1]
that attempts to authenticate an individual’s membership without revealing the
individual’s identity and without restricting the group size and/or the members
of the group, implemented the concept using an SVM ensemble method.

One problem of SVM ensemble method is that the correct classification rate
for the membership is not good as to be expected, as the size of membership
group is bigger than 45 (16.6% percentage of total group). This is due to a com-
plicated mixed data distribution among the membership and non-membership
face images, as it is very difficult to discriminate such complicated mixed data
in terms of only one classifier even its classification performance is powerful.

To solve this problem, a new membership authentication method of SVM
multiple tree is developed in terms of a “divide and conquer” strategy, where
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the whole data is divided into several subgroups by an iterative membership-
based data splitting and authenticate the membership in each subspace by SVM
classification. Consequently, a considerable improvement is obtained in robust-
ness to the size changes in the membership group.

2 SVM Multiple Tree

The SVM multiple tree is constructed by a divide and conquer approach. Math-
ematically, the proposed membership authentication method can be formulated

as follows. L i @) =1 S
o vf Jg ) =1,x€g; 1= 1.
F(x) = {—1 if fo.(x)=-1,x€g; (1)

where the total group (G) is divided into subgroups {g1,92, - , g1}, and each
subgroup g; belongs to membership class or nonmembership class. f,, is a sub-
group membership classifier working on g;. Hence, the whole membership au-
thentication system F'(x) consists of numbers of subgroup membership classi-
fiers, each input face x is first judged to be the member of a certain subgroup,
then the class of x is determined by the label of this subgroup.

2.1 Tree Growing

Similar to decision tree, the glowing of SVM tree is determined by a succession
of splits that partition the training data into disjoint subsets. Starting from
the root node that contains all training data, a membership-based PCA data
splitting is performed to partition the data into numbers of disjoint subsets.
These subsets are represented by the same number of child nodes originating
from the root nodes, and the same splitting method is applied to each child
node. This recursive procedure terminates when the subdivided clusters have
only either membership or nonmembership training data.

Basically, two procedures are performed at each node in the above tree gen-
eration. First, the membership-based data splitting performs a ‘soft’ separation
of membership because it splits the data into disjoint subsets. Next, a multiclass
SVM classifier is trained by the result of ‘soft’ classification and can be thought
of as performing ‘hard’ decision of membership. Consequently, with the contin-
uing of data splitting, a subspace hierarchy is built up, and a SVM multiple
tree is constructed thereafter, where each terminal node of the tree is associated
with a label of membership or nonmembership. Algorithm 1 shows the proce-
dure of constructing the SVM multiple tree that includes the membership-based
clustering.

Therefore, for an input face, its membership can be predicted in the above
SVM decision tree. First, a new data x is feed to root node SVM tester T} (x) in
the SVM tree. Depending the result of a decision made by an internal node SVM
test T;(x), the tree will branch to one of the node’s children. This procedure is
repeated until a terminal node is reached and a membership label is then assigned
to the given input face. This procedure is depicted as Algorithm 2.
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Algorithm 1: SVM multiple tree construction.
Function SVMTree_Build (A training set X) {
if (X contains the same membership) {
Mark the end of a branch in SVM tree T’
return;}
Multiple_ZMembership-based_Splitting(X; X1, ..., Xgq);
/*Divide X into disjoint subsets X1, ..., X4 */
Appendnode(T;);
Train_SVM_Classifier(X);
for(j =1;j < q;j + +) {SVMTree_Build(X;);}

Algorithm 2: Authentication by SVM multiple tree.
Function SVMTree_Test (SVM multiple tree T', Input face x) {
current=1;  /* set current node is root of T" */
while (Teurrent is an inside node) {
SVM_Test_Teurrent(X);
next = Search_next_node(Tcurrent);
current = next;
/* set next node as current node*/

}

return Teurrent (X) 5

}

2.2 Data Splitting

In PCA, membership can be represented as a set of eigenfaces together charac-
terized the variation of between all the group member face images. So are the
non-group member faces. Thus the training set can be partitioned by a data
splitting procedure with the membership eigenfaces and nonmembership eigen-
faces as reference centers.

The computation of the eigenface is based on principal component analysis,
which finds the optimal basis for representation of the training data space in
the mean squared error sense[2]. Let the training set I = {x1, x2, z3,...,xar} of
N-dimensional face feature vectors. The mean, u, and the covariance matrix,33,
of the data are given by:

1 M
M:MZXW (2)
== %Z_l[xm—unxm—u]%uuf 3)

Where X is an N x N symmetric matrix. This matrix characterizes the scatter
of the data set. A none-zero vector ug for which

Euk = )\kuk (4)
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is a principal component of the face feature space from I. This is often referred
as eigenface[2]. Its weight is A\g, which represents the contribution of this com-
ponent in the original space. If A\j, Ao, ..., \x are the K largest weight, then
U = [ujus...u;] are the representative eigenfaces of data set I.

In membership authentication, the group members can be divided into mem-
bership and non-membership group members as G = M UM . Applying the above
eigenface technique Eq. ( 2) - Eq. (4) to M and M respectively, two representative
eigenface sets are obtained as the membership eignefaces Up; = [ug, us, -+ , uk]
and the non-membership eigenfaces Uy; = [Gy, 02, - ,0z]. They characterize
the “membership-face” and “nonmembership-face” respectively.

For splitting the data following above steps, lets identify the two partitioned
groups as an ¢ x n binary matrix V, where the element v;; is 1 if the jth data
point x; belongs to group ¢, otherwise 0. Once cluster centers Uys and Uy; are
fixed, then the data splitting based on membership can be performed as follows:
vy = { 1if Min;;lx cu; < Minlex -1 (5)
0 otherwise

Where x - u; is the distance projected onto the membership eigenfaces (Uyy),
and x - @; is the distance projected onto the non-membership eigenfaces (U ;).
Thus, with the growing of the splitting, members and non-members are always
driven into a separated subspace. Until arrive the terminal node, member and
non-member can be clearly distinguished and clustered in many subgroups.

2.3 Multiclass SVM Classification

Support vector machine is a new and promising classification and regression tech-
nique proposed by Vapnik and his group at AT&T Bell laboratories[3]. For the
multi-class classification, SVM can be extended in the following two ways. One
method is called the “one-against-all” method, where we have as many SVMs as
the number of classes. The ¢th SVM is trained from the training samples, where
some examples contained in the ith class have “41” labels, and other examples
contained in the other classes have “-1” labels. Then, the decision function is

f(@) = sign( Maz ()" - p(@;) +1)). ©)

where C' is the number of the classes. Another method is called the one-against-
one method[15]. When the number of classes is C', this method constructs @
SVM classifiers. The ¢5th SVM is trained from the training samples where some
examples contained in the ith class have “+1” labels and other examples con-
tained in the jth class have “-17 labels. The class decision in this type of multi-
class classifier can be performed in the following two ways. The first decision is
based on the “Max Wins” voting strategy, in which @ binary SVM classi-
fiers will vote for each class, and the winner class is the class with the maximum
number of votes. The second method uses the tournament match, which reduces
the classification time to a log scale.
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Fig.1. Examples of face dataset for membership authentication

3 Experiments and Discussions

3.1 SVM Multiple Tree Construction

The proposed membership authentication technique has been implemented on
the same face dataset as in [1]. For the construction of membership face group
which are divided into a training and test set, a certain number of persons equal
to the membership group are selected among 271 persons as group members, and
the remaining persons are non-members. Particularly, to ensure the membership
group meaningful, the size of membership group size is set to be less than the
size of non-membership group, and the percentage of the group member over
total persons to be within 40%. Fig. 1 are some examples of our face dataset
for membership authentication, where persons in frame are assigned as member,
and the remaining persons are nonmembers.

Algorithm 1 is applied to construct the SVM multiple tree for membership
authentication. Fig. 2 illustrates a SVM-classification multiple tree for 10 mem-
ber membership authentication that was implemented in the experiment. Each
internal node of the tree identifies a multi-class SVM classifier, which is repre-
sented as as an ellipse with a label of ap, where a is level of the node in the
tree, and b is the number of brother node in the same level. The terminal node
is represented as a circle or a filled circle, which denotes the class, membership
or non-membership, respectively.

3.2 Comparison Experiments

The proposed method has been compared with the face recognition method
and the SVM ensemble method on the membership authentication of two big
group-size membership datasets, whose group sizes are 50 and 60 respectively,
which are greater than the limitation of SVM ensemble method. The used
face-identification method is embedded HMM with the 2nd-order block-specfic
eigenvectors[4], which was reported, had the best recognition performance on
the above face database. The SVM ensemble method is the previous work on
dynamic membership authentication[l]. Table 1 shows the contrast statistical
results, where SVM ensemble method is denoted as Proposed method I, and
the proposed multiple SVM classification tree method as Proposed method II.
Note that in Table 1, the proposed SVM classification tree provides a good abil-
ity of membership recognition, as well as a good system stability on these two
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Fig.2. An SVM multiple tree for 10 member membership authentication

Table 1. The comparison result of authentication error between two different authen-
tication methods

Proposed method I |Proposed method II{Identification-based
Group Size 50 60 50 60 method
Ex1(que:l,reg:2,3,4,5)| 4.1% 5.8% 3.4% 3.7% 0.6%
Ex2(que:2,reg:1,3,4,5)| 2.8% 11.5% 4.1% 4.8% 2.9%
Ex3(que:3,reg:1,2,4,5)|  9.2% 3.7% 3.7% 4.1% 0.6%
Ex4(que:d,reg:1,2,35)|  3.1% 13.3% 4.1% 4.8% 5.0%
Ex5(que:5,reg:1,2,3.4)| 10.5% 23.7% 3.7% 4.1% 18.0%
Average 5.9% 11.6% 3.8% 4.3% 5.4%
Variance 130.0e-005|610.0e-005|0.9e-005| 2.4e-005 530.0e-005

big group-size membership datasets. while the performance of SVM ensemble
come to deteriorate. The correct rate becomes junior to face identification-based
method, and the variance also jumps to the same grade as face identification
method.

3.3 Stability Test

In the stability test of the proposed authentication method under the condi-
tion of different membership group sizes. The proposed authentication method
is compared with the SVM ensemble method with different membership group
sizes ranging from 5 to 95 persons with a step size of 5 persons. Fig. 3 shows
the comparison result of the number of mis-authentications between two au-
thentication methods, where two pieces of curve illustrate the stability of the
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runterof misclsitzion

Fig. 3. Stability test under different group size

two methods under different membership group size, respectively. As can be
seen, the proposed authentication method shows a good stability because it still
shows a small number of mis-authentication as the membership group size grows
greater than 45, and its curve fluctuates very slightly and smoothly. While the
SVM ensemble-based method loses such stability, some mutation appears in the
latter half part of its curve, which implies that the performance of system is out
of control. It is evident that the proposed membership authentication method
has a much better salability under the change of membership group size than
the SVM ensemble method.

4 Conclusions

This paper presents a new membership authentication method by face classi-
fication using SVM multiple tree, in which the size of membership group and
the members in the membership group can be changed dynamically. The exper-
imental results show that the proposed SVM classification tree-based method
not only keeps the good properties that the SVM ensemble method has, such as
a good authentication accuracy and the robustness to the change of members,
but also has a considerable improvement on the stability under the change of
membership group size.
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Abstract. In this paper, we present a general framework for a combina-
tion of shape (shape Trace transform-STT) and texture (masked Trace
transform-MTT) classifiers based on the features derived from the Trace
transform. The MTT offers “texture” representation which is used to
reduce the within-class variance, while STT provides “shape” character-
istics which helps us maximize the between-class variance. In addition,
weighted Trace transform (WTT) identifies the tracing lines of the MTT
which produce similar values irrespective of intraclass variations. Shape
and texture are integrated by a classifier combination algorithm. Our
system is evaluated with experiments on the XM2VTS database using
2,360 face images.

1 Introduction

We propose a face authentication system using the Trace transform [1]. The
original contributions of the proposed system are: 1) It offers the capability
of constructing robust features from the Trace transform, which describe the
characteristics of face images and do not necessarily have physical or geometric
meaning. 2) It provides two important characteristics for face representation:
shape and texture features. 3) It proposes a robust shape matching measure
which is based on both spatial and structural information. The organization
of this paper is as follows. Section 2 gives a brief overview of the Trace trans-
form. We present shape and texture classifiers in section 3 and 4, respectively.
We describe a reinforcement learning in section 5 with the training algorithm
in section 6. We then propose a classifier combination algorithm in section 7,
experimental results in section 8, and conclusion in section 9.

2 The Trace Transform

The Trace transform [1] is a new tool for image processing which can be used
for recognizing objects under transformations. To produce the Trace transform
one computes a functional 7" along tracing lines of an image. Each line is char-
acterized by two parameters ¢ and p, and parameter ¢ is defined along the line.

D. Zhang and A.K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 44-51, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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Table 1. Example of Trace functionals T’

|N0. |Trace Functionals |Details |

L |T(f®) = [y ft)dt - — :
_ (ool d ifferentiation means taking the difference o
2 T(®) = fo ‘ dtf(t)‘ dt successive samples

3 |T(f(0) = [t =)’ f(t)dt|c = L [=¢|f(t)|dt, S = [ |f(1)|dt

il

|
B

Fig. 1. Examples of the Trace transform with different shapes. (a) and (d) Full images;
(b) and (e) Rectangular shapes, and (c) and (f) Elliptical shapes

()

With the Trace transform the image is transformed to another “image”, which
is a 2-D function g(¢,p) = T(F(¢, p,t)). In our current implementation we have
22 different trace functionals, 3 of which are shown in table 1.

2.1 Texture Representations of Face Images

The Trace transform is known to be able to pick up shape as well as texture
characteristics of the object it is used to describe. We represent each extracted
face inside an ellipse [5] as a masked face. We show the result of the Trace
transform of the full image, the rectangular face and elliptical shape in Fig. 1.
We call this face representation the masked Trace transform (MTT). The values
of the MTT may be regarded as some sort of “texture” characteristics of a face
image.

2.2 Shape Representations of Face Images

The Trace transform can be represented as shape characteristics by thresholding
it with the appropriate values:

. 17 if g<¢7p) Z v,
B(¢.p) = {0, Otherwise, (1)

where v is some threshold. The goal of segmenting the shape from the MTT
is to extract useful information, in the sense that each face must have its own
shape in MTT which must be different from person to person.
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3 Shape Classification

In this paper we use the shape matching measure as described in our previous
work [6]. It can be briefly summarized as follows. The Hausdorfl distance is
a distance measure between two point sets A and B.

H(A, B) = max(h(A, B),h(B, A)), (2)

where h(A, B) can be replaced by the Hausdorff Context

structural

information

, ) —_—
huo(A,B) =3 w(a, V) min Cla,N(b)) . (3)

a€A .
spatial
information

where w(a,b’) = <2bt) _ with S w(a,b') =1, b = argminyep C(a, N(b)),

o ZaeA D(a,b’)
and C() is the x? test statistic as defined in [4]. The result of matching between
two points a and b, C(a, N (b)), is weighted by their distance, D(a, b"). The shape
similarity measure in (3) with the maximum Hausdorff matching in (2) is defined
to be a confidence level of matching for the STT:

r1(A,B)=1— H(A, B). (4)

4 Texture Classification

By selecting the features in the Trace transform which persist for an individual,
even when their expression changes, we are identifying those scanning lines that
are most important in the definition of the person. We refer to this method
as the weighted Trace transform (WTT). Suppose that we have 3 training
images which were transformed to the Trace transform space as described in
section 2. We first compute the differences between the MTTs of the 3 im-
ages, D1 = |g1 7gg|, D2 = |g1 7gg| and D3 = |g2 793‘, where g is the MTT
for the 7th training image. These image differences can be used to indicate the
characteristics of the variations in appearance of images of the same face. We
define the weight matrix as follows

W(¢,p) = {(1): if Zl p(Di(9,p)) =0, (5)

Otherwise.

where p(z) = 0if x < k, otherwise p(z) = 1, and  is some threshold. The values
of these lines will constitute the “texture” features from the Trace transform. We
therefore use the weight matrix to measure the similarities between two images

as
1

T (T’f‘vT) = ’
S e [E S, [1(6.0) ~ o) W(o.p)

(6)
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where T, is the MTT of one of the training images, all of which are used as
reference images, 73 the MTT of the test image, and n, the total number of
flagged lines in the WTT. This measure is defined to be the confidence level of
matching for WTT.

5 Reinforcement Learning

We need to find the optimal parameters of v and x by using reinforcement
learning (RL) [2]. In RL, the probability of y; produces a 1 given W is

1

(7)

Having generated output y(¢) and received reinforcement (), increment w;; by

Awij(t) = a(r(t) —=7(t — 1)) (yi(t) —7:(t — 1))]a; — dwi; (1), (3)
Let us suppose that parameters v and x are represented by n Bernoulli units
with m significant bits. The m most significant bits are forced to change by

1, ifp; > 05,
¥i = {0, otherwise. ©)

6 The Training Algorithm

Let us suppose that we have three training images. We pick one image for each
person from the training set and thus create the reference set. The remaining two
images for each person are defined as the tuning set. For STT, we use the default
segmentation parameter in the reference set. For WT'T, we compute the differ-
ences of the MTTs of the training set, in order to construct the weight matrix
W (¢, p). Our approach is described by Algorithm 1, where N is the maximum
number of iterations, 7. a user-defined threshold, and 7, the ‘biased’” RL thresh-
old. The parameter values were chosen as follows: « = 0.9, § = 0.01, v = 0.9,
7» = 0.85, and 7. = 0.92, respectively.

Algorithm 1: The Closed-Loop Object Recognition Training Algorithm for
STT and WTT

1. Initialise randomly weights w;; (ws; € [—1,1])
2. Initialise matching confidence 7% to 0 (i.e. r* = 0, Vk)
3. For each image k in the tuning set do
(a) Input tuning image z* to the RL algorithm
(b) Update parameters v and & for STT and WTT
— For shape Trace transform
i. Segment image x* with current segmentation parameter v, i.e. per-
form the following test:
if 7* > 7, obtain parameter v for the most significant bits m by (9);
update the outputs of the remaining n — m units using the Bernoulli
probability distribution in (7)
Otherwise (r* < 7,), acquire parameter v by (7)
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ii. Obtain STT Sj by extracting the edge pixels of the segmented image k
— For weighted Trace transform
i. Compute weight matrix with current parameter s, i.e. perform the
following test:
if 7* > 7, obtain weight matrix parameter & for the most significant
bits m by (9); update the outputs of the remaining n — m units using
the Bernoulli probability distribution in (7)
Otherwise (r* < 7,), acquire weight matrix parameter x by (7)
(c¢) Perform matching measures for STT and WTT
— For shape Trace transform
i. Calculate shape matching using Hausdorff context for Si against ref-
erence set by (4)
— For weighted Trace transform
i. Compute template matching using distance measure for M) against
reference set by (6)
(d) Update each weight w;; using ¥ as reinforcement for the RL algorithm by (8)
4. Find the minimum matching confidence ¢ = miny, "
5. Repeat step 3 until the number of iterations is equal to N or { > 7

7 Classifier Combination

The results from two classifiers (STT and WTT) are combined by our nonuni-
form weighting function:

S (x;aM) = a®)’ s®) (x), (10)

com

where a(F) = {oz(lk), . ,ozglk)}T € RE is the nonuniform weighting factor for class
wy, and S®)(z) = {S{k) (@), .y S(Lk) ()}T € RL is the set of soft decision labels
produced by the L classifiers for class wy. T denotes the transposition operator.
The nonuniform weighting factors a*) arise from the fact that different classifiers
may be constructed from different assumptions and therefore each classifier may
work best for a particular class. When the matching scores of STT and WTT
have been calculated completely, they are combined by (10) where STT stands
for classifier 1 and WTT for classifier 2, respectively.

8 Experiments and Results

In order to compare our algorithm with other approaches, the XM2VTS database
was used here. We follow the standard evaluation protocol and performance
measure as described in [3]. Figs. 2 and 3 show intermediate STTs and WTTs,
respectively, obtained during training, when the parameters of the algorithm
were being learned. Figs. 2(a) and 3(a) show the matching confidence values for
STT and WTT respectively, obtained during training. Confidence is expected
to increase as iterations progress. Fig. 2(b) shows the reference STT which was
obtained with the default value of parameter v, while Fig. 2(c) shows the MTT
obtained from one of the images of the tuning set, which was used to search for
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Fig. 2. Results of searching for the optimal segmentation parameter v using RL. (a)
Matching confidence (b) Reference STT where v = 179 (user defined parameter) (c)
MTT produced from the tuning set. The results of thresholded versions of it are shown
in order from (d) to (j) where labels in the bottom right corner indicate iteration, v
and matching confidence

matching confidence
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Fig. 3. Results of searching for the optimal thresholding parameter s using RL. (a)
Matching confidence (b) Reference MTT (¢) MTT computed from one of the tuning
images. The differences of the MTT for D1, D2 and D3 are shown in (d), (e) and (f),
respectively. WT'Ts obtained at each iteration step are shown in order from (g) to (j)
where labels in the bottom right corner indicate iteration, x and matching confidence

the optimal value of v. Figs. 2(d) to (j) show itermediate STTs produced from
MTT for the value of v at the corresponding iteration step. The image in Fig. 2(j)
is the result produced at the final iteration step. We can see how the similarity
with the reference SST improves as the iterations progress. Figs. 3(b) and (c)
show the MTTs produced from the reference and one of the tuning images. The
3 differences of the MTTs are shown in order from (d) to (f). Figs. 3(g) to (j)
show the intermediate WTTs obtained during the training procedure when the
thresholding parameter x was being learned.

The error rates corresponding to the evaluation and test sets are summa-
rized in Table 2. It should be noted that the results of STT and WTT are
linearly combined with the optimal weighting factors a() = {0.2,0.8} and
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Fig.4. Error rates obtained from the evaluation and test sets. (a) Combinations of
STT and WTT on the evaluation set in which the lowest error rates on FAE=FRE
and FRE with FAE=0 are obtained. (b) ROC curve computed on the test set

Table 2. Error rates according to protocol configuration I [3] (the results with * are
from [3]). The weighting factors oY) = {0.2,0.8} and o? = {0.85,0.15} were used in
the calculation for the combinations of STT and WTT

BExperiment Evaluation set Test_set
FAE |FAE(FRE|FRE(FAE=| FAB=FRE] FRE=0 | FAB=0 Total Brror Rate (TER)
=FRE| =0) =0)
FA | FR | FA [FR|FA| FR ||[FAE=FRE|FRE=0[FAE=0
AUTH 8.1 48.4 19.0 82 ] 6.0 | 46.6 [0.8]0.5] 20.0 4.2 17 20.5
TDIADP* 8.0 54.9 16.0 81| 85 | 54.5 [0.5]0.5] 20.5 16.6 55 21
SYDNEY* 12.9 94.4 70.5 13.6] 12.3 | 94.0 [0.0]0.0] 81.3 25.9 97 81.3
UniS-A-G-NC*|| 5.7 96.4 26.7 76| 6.8 | 96.5 [0.3]0.0] 27.5 194 96.8 27.5
Unis-5-G-NC* || 3.5 81.1 16.2 35| 2.8 | 81.2 [0.0]0.0] 14.5 6.3 81.2 7.5
STT 1.12 2.62 9.16 0.97| 0.5 | 3.8 |0.0]0.0] 6.5 1.47 3.3 6.5
WTT 9.55 | 70.59 88.83 6.5 [10.25]72.39]0.0|0.0]| 87.5 16.75 72.30 | 87.5
STT+WTT ||0.819] o0.41 18.83 0.18| 0.0 | 0.25 |0.0]0.0|18.75 0.18 0.25 | 18.75

a® = {0.85,0.15}, which is the case of lowest EER (Fig. 4 (a)). In this case,
we achieved a TERpap—rre of 1.47% and 16.75% for STT and WTT, re-
spectively. Further improvements, i.e. a TERpap—rre equal to 0.18%, were
obtained when we combine the STT and WTT by a method of classifier com-
bination with weighting factors a(¥) obtained from the evaluation set. From the
inspection of the table, it can be seen that the proposed method, STT+WTT, is
ranked as the first method with respect to TER. Fig. 4(b) shows a comparison
between the ROC curves on the test set for the methods reported in [3] (score
files have been made available in [7]) and the proposed method. It is seen that
the area under the ROC curve for the proposed method is much smaller than
the other ones.

9 Conclusions

We have introduced novel face feature representations using shape and texture
characteristics derived from the MTT. Texture representation provides classifica-
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tion ability for reducing the within-class variance, while shape representation of-
fers discriminating features for increasing the between-class variances. A method
for reducing the within-class variance by using the RL was proposed. A very low
TER of 0.18% was obtained when we combine the STT together with WTT by
means of classifier combination. From the experimental result, it is shown that
the combined STT and WTT provide the best results followed in order by STT
and WTT.
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Abstract. Active Shape Model (ASM) is one of the most popular methods for
image alignment. To improve its matching accuracy, in this paper, ASM
searching method is combined with a simplified Elastic Bunch Graph Matching
(EBGM) algorithm. Considering that EBGM is too time-consuming, landmarks
are grouped into contour points and inner points, and inner points are further
separated into several groups according to the distribution around salient
features. For contour points, the original local derivative profile matching is
exploited. While for every group of inner points, two pre-defined control points
are searched by EBGM, and then used to adjust other points in the same group
by using an affine transformation. Experimental results have shown that the
proposed method greatly improves the alignment accuracy of ASM with only a
little increase of time requirement since EBGM is only applied to a few control
points.

1 Introduction

The accurate localization and alignment of facial feature points is of great importance
for face recognition, animation and tracking, etc. Over the last two decades, various
methods have been proposed to deal with this task. After Kass et al proposed Active
Contour Models (ACMs) [1], or snakes in 1987, Cootes and Taylor's Active Shape
Models (ASMs) [2] and later Active Appearance Models (AAMs) [3] have proven to
be among the most powerful tools in this field.

ASM and AAM are both based on statistical models. In ASM, the derivative
profile, or local texture along the normal of the shape boundary, is exploited to model
the local feature of each landmark point, and used to search each landmark position.
Then the global shape models are applied to adjust the local search result based on the
statistical shape model. Yet, as further research shows [4, 5, 7], due to its ambiguous
local-texture searching strategy, ASM performs most successfully only when the
object or structure class is fairly consistent in shape and intensity appearance. On the
other hand, AAM [3] combines global statistical shape models with texture
constraints to build appearance models and uses a linear prediction to obtain the
appearance parameters for optimization; thus the shape can be calculated by
minimizing the texture reconstruction error. To some extent, AAM may give a quite
good match to image texture, but when the target image and background vary
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significantly, it is still unable to locate feature landmarks accurately. Meanwhile, both
the training process and the searching procedure of AAM are quite complex and slow.

Therefore, much improvement was put forward to advance ASM for face
alignment. Ginneken et al [4] presented a non-linear gray-level appearance instead of
the original derivative profile to model the local texture, and got a better matching
result. Rogers et al [5] suggested a robust parameter estimation method using M-
estimator and random sampling approaches to evaluate the shape parameters more
reliably. However, ASM still depends heavily on the initialization and may easily be
stuck in local minima.

Among other methods, Wiskott et al [6] constructed a stack-like structure, called
Face Bunch Graph, and used it to search the whole image to find the pre-defined
feature points. Through the iterating distortion of the graph, this Elastic Bunch Graph
Matching (EBGM) algorithm can tolerate a certain degree of pose and expression
changes and demonstrate a successful result. However, since this method is Gabor
feature based, its time-consuming nodes searching process in the entire image region
to large extent confines its further progress.

On account of all above, in our work, the landmarks are sorted into contour points
and inner points, and the inner points are further separated into several groups
according to the distribution around salient features in a face region. For the contour
points, the original normal-based searching strategy is operated; for every group of
inner points, two control points are chosen, and a simplified EBGM algorithm is
utilized to adjust them. Fully understanding that the EBGM algorithm is quite a time-
consuming process, we select the control points very carefully and representatively.
When the new positions of the control points are identified, an affine transformation
is applied to adjust other points in every group. This process is seamlessly combined
with the ASM iterating searching algorithm and thus the accuracy can be greatly
improved. The experimental results show that this method performs significantly
better, with a speed not much slower than standard ASM algorithm.

The remaining part of this paper is organized as follows. In Section 2, the
fundamentals of standard ASM are described. The simplified EBGM algorithm is
presented in Section 3. After the detailed demonstration of our algorithm in Section 4,
the experimental results are listed in Section 5, and the last section concludes the

paper.

2 Standard ASM

ASM is definitely one of the best-suited approaches in the shape detecting task. The
advantage of ASM is that it allows for considerable variability but still specific to the
class of objects or structure they intend to represent. The following is a brief
description of the standard ASM technique.

Given a set of annotated images, the manually labeled 7 landmark points in each
image can be represented as a vector

x=[XO’y()"xl’yl’“‘"xn—l’yn—l]T' O]

After aligning these vectors into a common coordinate, principal component

analysis is applied to get a set of orthogonal basis P . Every aligned shape can then be
approximately represented as
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x=X+Pb, 2)
where b is the shape parameters vector. Meanwhile, in the standard ASM, Cootes et
al [2] used a normalized derivative profile to build the local texture models for each
landmark. The similarity between a normalized derivative search profile g —and the

model profile g can be measured by its Mahalanobis distance, which is a weighted
square error function

flg)=(g,-28)'C,(g,-92), (3)
where Cg is the covariance matrix of the normalized derivative profile.

Based on the Point Distribution Model (PDM) and the gray level model, the search
progress can then be operated. After initialization, each landmark in the model is
optimized by selecting the point with a minimum distance mentioned above in the
direction perpendicular to the contour within a certain range. As the result of new
shape is possibly implausible, PDM is used to adjust the shape parameters. Such
procedure is repeated until no considerable change is observed.

3 A Simplified EBGM Algorithm

As [6] presented, the standard EBGM algorithm uses a coarse-to-fine procedure to
find the landmarks and thus to extract from the image a graph that can maximize the
similarity with the Face Bunch Graph (FBG), which is a stack-like structure that
serves as a representation of both jets and edges information. However, this procedure
is quite a slow process, because the final optimal image graph is obtained by
distorting FBG in various sizes and positions over the entire image region, and that
actually needs every pre-defined feature point to search in a large range.

Fortunately, in most practical applications, ASM can provide a quite close
approximation to the initial landmark positions, which makes the rough searching
stage in the EBGM unnecessary. Besides, the PDM in ASM can successfully confine
the landmark locations to a class of acceptable geometrical structures, so edge
constraints in EBGM is not needed to participate in the similarity measure for our
algorithm. In this sense, based on [6], a simplified EBGM algorithm is presented as
follows:

1) Initialize the rough position of the landmarks by ASM.

2) Foralandmark X that needs to be accurately positioned, calculate its jet J.

3) From the bunch corresponding to that landmark, select the i th jet as a model
jet J .,
J

mi?®

and calculate an estimated displacement d, between jets J and

with all five frequency levels used.

4) Compute the similarity ¥ between and ™ with the displacement

" obtained from the former step. And then find another jet in the bunch
and go to step 3) to repeat the above procedures until all the jets in the bunch
have been operated.
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S "= ) )
5) Find the highest ~ ¢ value as the best one: ! arg max {§}

. And the
. d. . . : X
corresponding ¢ is used as the optimal displacement for the landmark ¥ .
6) Change to the next landmark to be adjusted and go to step 2) for another
searching process.

One point to be noticed is that, in step 4), we do not take a jet J " from position

r = .7 . . T ’
X =X+d, ; instead, we approximate the similarity between J and J, by

computing the similarity between J and J,, with the displacement ‘_jr This is

because we can estimate the similarity as if J " was extracted from a displacement

d, from its current location [8]. As a whole, jet computation for a landmark searching

process is only once in this simplified EBGM algorithm, which will reduce
computational effort greatly.

4 ASM Combined with EBGM Searching Strategy

The proper initialization of the mean shape is critical to ASM searching progress in
the sense that a good initialization would be less possible to lead to incorrect local
minima. The standard ASM partially solves this problem by multi-resolution strategy
at the cost of more expenditure spent during training in every resolution level.

In most current face detection systems, two irises, thanks to their natural distinct
feature, can be located easily and quickly, though sometimes not very accurately. And
it has been proved that two irises can provide enough information to initialize the
translation, the scale and the rotation angle for the mean shape model [7].

Experiments show irises' slight inaccuracy will induce ASM's significant
initialization error. Therefore, we use the simplified EBGM algorithm in Section 3 to
refine the face detector's result. Our refinement results also reveal the accurate
searching performance of this algorithm.

4.1 Feature-Based Landmark Grouping and Alignment

Unfortunately, though our EBGM algorithm is simplified, it is still quite slower than
ASM's normal-based searching method; moreover, experiments show that EBGM
algorithm does not always perform better than the normal-based searching method in
some outlying points along the image border [9].

Under this condition, we sort the face landmarks (Fig. 1a) into contour points and
inner points; the inner points are further separated into several groups based on the
distribution around salient features in a face region. Fig. 1(b) shows an example of six
groups of inner points corresponding to two brow areas, two eye areas, one nose area
and one mouth area. For the contour points, the original normal-based searching
strategy is operated; as to every group of inner points, we select two control points,
which are used to control all the other inner points in the same group. Since these two
control points are very important, the simplified EBGM algorithm is utilized to refine
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them. To speed the searching performance, we define only 11 representative control
points (Fig. 1b) totally in all six groups. As an exception, one of the control points in
the nose area is omitted, for it can be estimated from other control points in the two
eye areas.

After the new positions of control points are identified by the simplified EBGM
algorithm, we apply an affine transformation to adjust other points in every
corresponding inner group. Actually this is a problem of alignment between two sets
of feature points. We define this alignment as the rotation, scaling and translation
which minimizes the sum of squared distances between pairs of corresponding points.
Since we have two corresponding sets of points (two control points before and after
refinement), we can compute the corresponding affine transformation parameters, and
then the remaining inner points' positions in the same group will be easily calculated.
Fig. 2. gives an instance of refinement to landmarks in the mouth area using our
algorithm.

(@) (b)

Fig. 1. Face landmarks grouping. (a) A manually labeled face image with 103 landmarks. (b)
78 inner points separated into six groups; red crosses representing control points

(b)

Fig. 2. Landmark alignment. (a) Initial landmarks in the mouth area. (b) Result of EBGM
adjustment to (a)

4.2 ASM Combined with EBGM Searching Strategy

In standard ASM matching process, every point along the normal of the shape contour
is searched to find a best one, and the accuracy of every searching step is very
important to the final result. Based on the above landmark grouping and alignment,
our algorithm reaches a compromise between computational effort and searching
accuracy.

The entire searching procedure of our algorithm is listed as follows:
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1) Initialize the starting shape by the model shape and two iris locations, which
are identified by a face detector and refined by the simplified EBGM
algorithm.

2) For the contour points, use the standard normal-based searching method to
find the required movements.

3) For every group of inner points, the simplified EBGM algorithm is operated
for searching the two control points. After that, the method in Section 4.2 is
used to adjust other points in the same group. We then get a new shape.

4) Calculate additional pose and shape parameter changes required to move the
model shape as close as possible to the new shape.

5) Update the shape and pose parameters by the above changes, and act on the
model shape. Till now, we finish an iteration step. Go to step 2) for another
matching circle until no considerable change is observed.

5 Experimental Results

Our experiment is based on a 500 manually labeled faces database, most of which are
near frontal. We have normalized 350 of them for training the PDM and others for
testing; we also selected 70 representative face images for training the EBGM
bunches. To evaluate the performance of our algorithm, the average Euclidean
distance error is calculated by the following equation:

_1S(1Y Y —_ ) | 4)
E NZ(H;\/("@/ X))+ (yy ye‘/)j

i=1

where N is the total number of test images, and 7 is the number of the landmarks in

one face image. (xij’ yi].) is the j 4 manually labeled landmark location of the i"

test image; and (x; , y;) is the corresponding j " Jandmark location we calculated.

We also calculate the overall improvement percentage of our algorithm to the
standard ASM by:

EASM B EASM — EBGM %100 % - (5)

E ASM
Table 1 lists our final experimental results based on 150 test images. The average
error for standard ASM is about 3.08 pixels. After we apply EBGM to refine two iris
locations, the error is reduced to 2.54 pixels. The overall improvement of our
algorithm is about 39.9% compared with the standard ASM. Through comparison, we
can see our algorithm improves the searching accuracy significantly, especially that of
inner points.

I =

Table 1. Performance of our algorithm

Method Average Error Improvement
ASM 3.08

ASM with iris-refinement 2.54 17.5%

ASM combined with EBGM 1.85 39.9%
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6 Conclusions and Acknowledgements

In this research, we combine the standard ASM algorithm with a simplified EBGM to
improve the alignment accuracy. Because EBGM has the advantage of Gabor wavelet
representation, the landmarks can be more accurately localized compared with using
gray level representation. In order to reach a compromise between the searching
efficiency and the alignment accuracy, we classify all the landmarks into contour
points and inner points, and further separate the inner points into several groups
according to their distribution around salient features in a face region. We apply the
simplified EBGM algorithm to accurately localize the two control points of every
group, and then, an affine transformation is used to adjust other points in the
corresponding inner group. Experimental results show that our algorithm performs
much better than the standard ASM.

This research is partially supported by National Hi-Tech Program of China (No.
2001AA114160, No. 2001AA114190 and No. 2002AA118010), Natural Science
Foundation of China (No. 60375007 and No. 60332010), National 973 Program of
China (No. 2001CCA03300), Natural Science Foundation of Beijing of China (No.
D070601-01) and ISVISION Technologies Co., Ltd.
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Abstract. This paper proposes a new method of reconstructing high-
resolution facial image from a low-resolution facial image using a re-
cursive error back-projection of example-based learning. A face is rep-
resented by a linear combination of prototypes of shape and texture.
With the shape and texture information about the pixels in a given low-
resolution facial image, we can estimate optimal coefficients for a linear
combination of prototypes of shape and those of texture by solving least
square minimization. Then high-resolution facial image can be recon-
structed by using the optimal coefficients for linear combination of the
high-resolution prototypes. Moreover recursive error back-projection is
applied to improve the accuracy of high-resolution reconstruction. An
error back-projection is composed of estimation, simulation, and error
compensation.

The encouraging results of the proposed method show that our method
can be used to improve the performance of the face recognition by ap-
plying our method to enhance the low-resolution facial images captured
at visual surveillance systems.

1 Introduction

Handling low-resolution images is one of the most difficult and commonly oc-
curring problems in various image processing applications such as analysis of
scientific, medical, astronomical, and weather images, archiving, retrieval and
transmission of those images as well as video surveillance or monitoring[1]. Nu-
merous methods have been reported in the area of estimating or reconstruct-
ing high-resolution images from a series of low-resolution images or single low-
resolution image. Super-resolution is a typical example of techniques reconstruct-
ing a high-resolution image from a series of low-resolution images[2]-[1], whereas
interpolation produces a large image from only one low-resolution image.

We are concerned with building a high-resolution facial image from a low-
resolution facial image for visual surveillance. Our task is distinguished from
previous works that built high-resolution images mainly from scientific images
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or image sequence of video data. The example based approach to interpreting
images of variable objects are now attracting considerable interest among many
researchers[5][6], due to its potential power of deriving high-level knowledge from
a set of prototypical components.

This paper proposes a new method of reconstructing high-resolution facial
image from a low-resolution facial image using a recursive error back-projection
of example based learning. The extended 2D morphable face model[6] is used in
example based learning, and a mathematical procedure for solving least square
minimization(LSM) is applied to the model. More over, a recursive error back-
projection procedure is applied to improve the performance of the reconstruction
of the high-resolution under the extended 2D morphable face model. A error
back-projection is composed of estimation, simulation, and error compensation.

2 Proposed Recursive Error Back-Projection Procedure

In order to improve the accuracy of the initial estimation, the basic concept
of error back-projection has been used to various applications such as super-
resolution[4]. In this section, we explained the procedure of the our recursive
error back-projection for reconstructing high-resolution facial images.

Before explaining our proposed recursive error back-projection, we first define
some notations as following Table 1.

The flowchart of the procedure we have designed for recursive error back-
projection is outlined in Figure 1. An error back-projection is composed of three
works: estimation of initial high-resolution data from an input low-resolution
data, simulation of low-resolution data from the estimated high-resolution data,
and error compensation which adjust the estimated high-resolution according to
the reconstruction error.

First, as an estimation procedure, we estimate the initial high-resolution
data(HE) from input low-resolution one(L”) by using our solution of least square
minimization described in our previous works[6].

Second, as a simulation procedure, in order to verify the accuracy of our
method, we simulate the low-resolution data(L{) from the estimated high-

Table 1. Notations for recursive error back-projection

Notation Definition
LT Input low-resolution data
t Iteration index, t = 1,2, ---,T

HtR Reconstructed high-resolution data at iteration ¢

Lf Low-resolution data simulated by down-sampling reconstructed one at iteration t

DtL Reconstruction error measured by Euclidean distance between input and simulated
low-resolution data at iteration ¢

T Threshold value to determine whether the reconstruction is accurate or not

Ts Threshold value to determine whether the iteration is convergent or not

LtE Evaluated low-resolution error data by pixel-wise difference between input and
simulated low-resolution data at iteration ¢

HtE Reconstructed high-resolution error of low-resolution error at iteration t

wi Weight for error compensation at iteration t
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Fig. 1. Flowchart of the recursive error back-projection procedure

resolution one by down-sampling it, then measure the reconstruction error(D¥)
between input low-resolution data and simulated one by simple Euclidean mea-
sure. We assume that if reconstruction is successful, the reconstruction error(or
distance) will be very small. From this assumption, we determine whether the
reconstruction is accurate or not by comparing current reconstruction error and
one threshold(7T}) and whether the iteration is convergent or not by comparing
amount of previous and current distance and another threshold value(7%). If one
or two of both comparisons are satisfied, then current result of reconstruction is
considered as output high-resolution data, otherwise error back-projection pro-
cedure is applied.

Third, as an error compensation procedure, we create low-resolution error
data between input low-resolution and simulated one by simple difference oper-
ation, estimate high-resolution error data by our reconstruction of low-resolution
error data, then compensate initially estimated high-resolution data by adding
currently estimated error to it, in order to improve it. In this procedure, we
use weight value(w;) which is smaller than 1 in order to prevent divergence of
iterations. The weight can be varied according the the current reconstruction
distance(error), that is, the larger distance the larger weight.
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We iteratively perform the same procedure until an accurate estimation is
achieved, iterations are convergent, or maximum number of iteration(T") is per-
formed.

3 Reconstruction Procedure of Example Based Learning

Suppose that sufficiently large amount of facial images are available for off-line
training, then we can represent any input face by a linear combination of a num-
ber of facial prototypes. Moreover, if we have a pair of low-resolution facial image
and its corresponding high-resolution image for the same person, we can obtain
an approximation to the deformation required for the given low-resolution facial
image by using the coefficients of examples. Then we can obtain high-resolution
facial image by applying the estimated coefficients to the corresponding high-
resolution example faces. Our goal is to find an optimal parameter set a which
best estimates the high-resolution image from a given low-resolution image, and
to enhance the estimated result by applying recursive error back-projection ex-
plained previous section.

The proposed method is based on the morphable face model introduced by
Poggio et al. and developed further by Vetter et al.[7][3]. Assuming that the pix-
elwise correspondence between facial images has already been established, the 2D
shape of a face is coded as the displacement field from a reference image. So the
shape of a facial image is represented by a vector S = (df,d¥, - -+, d%,d% )T e R*N,
where N is the number of pixels in image, (d}, d}) the x,y displacement of a point
that corresponds to a point xj, in the reference face and can be denoted by S(zy ).
The texture is coded as the intensity map of the image which results from map-
ping the face onto the reference face. Thus, the shape normalized texture is
represented as a vector T = (i1,---,in)Te RV, where iy, is the intensity or color
of a point that corresponds to a point z; among N pixels in the reference face
and can be denoted by T'(xy).

Next, we transform the orthogonal coordinate system by principal component
analysis(PCA) into a system defined by eigenvectors s, and t, of the covariance
matrices C's and Cp on the set of M faces. Where S and T represent the mean of
shape and that of texture, respectively. Then, a facial image can be represented
by

M—1 M—1
S=8+> sy, T=T+ > Bty (1)
p=1 p=1

where o, 3 € RM—L,

Before explaining the proposed synthesis procedure, we define two types of
warping processes, forward and backward warping. Forward warping warps a tex-
ture expressed in reference shape onto each input face by using its shape infor-
mation. This process results in an original facial image. Backward warping warps
an input face onto the reference face by using its shape information. This process
results in a texture information expressed in reference shape.
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Table 2. Procedure of the proposed reconstruction

Step 1. Obtain the texture of a low-resolution facial image by backward warping.

Step 2. (a) Estimate a high-resolution shape from the given low-resolution shape.
(b) Improve the high-resolution shape by recursive error back-projection.

Step 3. (a) Estimate a high-resolution texture from the obtained low-resolution texture

obtained at Step 1.

(b) Improve the high-resolution texture by recursive error back-projection.

Step 4. Synthesize a high-resolution facial image by forward warping the estimated texture
with the estimated shape.

The resolution enhancement procedure consists of 4 steps, starting from
a low-resolution facial image to a high-resolution face. Here the displacement
of the pixels in an input low-resolution face which correspond to those in the
reference face is known.

Step 1 and Step 4 are explained from the previous studies of morphable face
models in many studies[5]. Step 2(a) and Step 3(b) are carried out by similar
mathematical procedure except that the shape about a pixel is 2D vector and
the texture is 1D(or 3D for RGB color image) vector. The detailed mathematical
procedure of Step 2(a) of estimating high-resolution shape information from low-
resolution one is available at the report of our previous works[6].

4 Experimental Results and Analysis

4.1 Face Database

For testing the proposed method, we used about 200 images of Caucasian faces
that were rendered from a database of 3D head models recorded by a laser
scanner[7]. The original images were color image set size 256 x 256 pixels. The
pixel-wise correspondence between a reference facial image and every image in
the database is given by the previous works of Vetter’s group|7].

The original images were converted to 8-bit gray level and resized to 16 x 16
and 32 x 32 for low-resolution facial images by Bicubic interpolation technique.
PCA was applied to a random subset of 100 facial images for constructing bases
of the defined face model. The other 100 images were used for testing our algo-
rithm.

4.2 Results of High-Resolution Facial Reconstruction

As mentioned before, 2D-shape and texture of facial images are treated sepa-
rately. Therefore, a facial image is synthesized by combining both of the esti-
mated shape and the estimated texture.

Figure 2 shows the examples of the high-resolution facial image synthe-
sized from two kinds of low-resolution images of 16 x 16 and 32 x 32. Fig-
ure 2(a) shows the input low-resolution images, Figure 2 (b) to (e) the recon-
structed high-resolution images using Bilinear interpolation, Bicubic interpola-
tion, previous method(using only example based reconstruction) and proposed
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(a) Input

(b) Bilinear

(¢) Bicubic

(d) Previous

(e) Proposed

(f) Original

Reconstruction from 16 x 16 Reconstruction from 32 x 32

Fig. 2. Examples of high-resolution reconstructed from low-resolution facial image

method(enhanced (d) by our recursive error-back projection), respectively. Fig-
ure 2(f) is the original high-resolution facial images.

As shown in Figure 2, the reconstructed images by the proposed example-
based method are more similar to the original ones and clearer than others.
Better effect of reconstructing high-resolution data by the proposed method can
be found in the reconstruction results of 16 x 16 facial image.

Figure 3 shows the mean reconstruction errors in shape, texture and facial
image from the original high-resolution image. Horizontal axes of Figure 3 (a)
and (b) represent the input low-resolution, two interpolation methods, the our
previous method and proposed recursive error back-projection method. Vertical
axes of them represent the mean displacement error per pixel about shape vectors
and the mean intensity error per pixel(for an image using 256 gray level) about
texture and image vector, respectively. Err_S; and Err_S, in Figure 3(a) are
the z-directional mean displacement errors along the x— and y— axes for shape,
respectively. And Err T and Err_I in Figure 3(b) implies the mean intensity
error for texture and for image, respectively.

5 Conclusions

In this paper, we proposed an efficient method of reconstructing high-resolution
facial image using an recursive error back-projection of example-based learning
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Input Bilinear Bicubic ~ Previous  Proposed

Fig. 3. Mean reconstruction errors

under extended 2D morphable face model. The proposed method consists of the
following steps : estimating the initial high-resolution data from an input low-
resolution data, simulating the low-resolution data from the initially estimated
high-resolution data, and compensating error data to according to the initial
reconstruction error, respectively.

The encouraging results of the proposed method show that our method can
be used to improve the performance of the face recognition by applying our
method to enhance the low-resolution facial images captured at visual surveil-
lance systems.
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Abstract. Traditionally, in face authentication/identification methods the
presumption concerning face/head symmetry is used. For novel applications
that concern creating techniques by means of which it is possible to reproduce
the extraordinary complexity of skin, muscle, eye and hair movements
conveying emotion, gesture, psychological state or psycho-sociological traits,
we begin to create new research direction called Biometrics of Asymmetrical
Face. In this paper, a novel type of 2D precise normalized model of a face —
called  Czestochowa-facer model - for modern and  prospect
authentication/identification techniques creation is presented. Also, the results
of creating and pioneer researching the ophthalmogeometrical technique and
the facial asymmetry technique, which are based on the Czestochowa-face
model, are given. Some attention has been drawn to interdisciplinary research
context. Beside the first-hand usage, the novel type of face model and the
techniques may be employed in the areas of human-computer interaction,
identification of cognition-psyche type of personality for personnel
management, and some other future applications.

1 Background and Problem Statement

In the paper, the result of development of a novel model of a human face taking into
consideration the ophthalmogeometry, facial asymmetry, and brain asymmetry
phenomena are presented. The model and based on it the ophthalmogeometry and
facial asymmetry techniques development are concerned with the algorithmic
processing and interpretation of face and eyes part of facial image features as
resources of traditional biometrics and/or specific cognition-psyche information.

This study is based on two theses: 1) A value of eye cornea diameter (the only
known constant of human body after 4-5 years old) equals 10+0,56 mm [1]. So for
purpose of a face image normalization it was introduced a unit called Muld (1Muld =
(10£0,56 x 10+£0,56) mm?); for current scale of the image, 1 Muld evaluates as ?N
pixels. 2) Main source of facial asymmetry effect is a brain asymmetry phenomenon
[2]. These complex information features of a special normalized facial images can be
used as a live biometrics and/or as a specific cognition-psyche information [5-7].

Author's estimation of the effect from the asymmetric face model implementation
indicates that 1) the error of absolute values of primary face features measurement can

D. Zhang and A K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 67-73, 2004.
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be reduced by 5-7%, 2) “precise and subtle” primary facial information can be used in
advanced applications (psychological testing, emotional or gesture simulation).

The idea of face asymmetry phenomenon usage came to author's mind while
getting familiarized with [3] in New York in March 2002. It's first presentation with
the slide session was realize by the author during the oral presentation [6]. The
materials [4, 2, 1] were found in the Internet later on.

During the creation of the model and the techniques, and their approval the basis of
images of about 150 people, the following problems were successfully solved:

1. Finding (discovering) a ‘truthful” vertical axis Y of a face.

2. Creation of the Muld-normalization procedure of a facial image.

3. Constructing a combine (two polar and one Cartesian) facial coordinate
system Y-O[-X1-O2-X2 based on the “truthful” axis Y, and a special
virtual coordinate system Y"-O™-X" for an eyes area.

4. Visualization in Y-O™-X" of person's ophthalmogeometrical pattern.

5. Synthesis of special facial images (left-left (LC) and right-right (RC)
composites — Fig.20, 21) for face asymmetry features evaluation.

6. The Czestochowa-face creation (Fig.15, 16).

7. Creation of the ophthalmogeometrical authentication technique.

8. Creation of the face asymmetry authentication technique (an algorithm for
precise mapping and evaluating (pseudo-information) similarity of a pair
of compared facial component or given component set in holistic manner).

9. Formulation of some theses concerning the cognition-psyche
interpretation of gained ophthalmogeometrical, face asymmetry and other
features.

The lack of space allows only to focus on the graphical an algorithmic means of
contents transmission of the enumerated problems.

2 On the Ophthalmogeometry and Brain Asymmetry Phenomena

According to Ernst Muldashev [1], person's psychological and other states are
described with 22 parameters of an eyes part of a face. We use information that is
included in specific planar ophthalmogeometrical figures, which are produced with
tangents of four corners, appropriate eyes silhouettes, wrinkles over eyes, and some
other facial components (Fig.1, 22-24). Face asymmetry phenomenon has been
known for long and researched by painters, psychologist [3]. However, it is not
widely used. At the moment, the original instrumental interpretation of face
asymmetry is based on the technical and psychological formalization of the brain
hemispheres asymmetry phenomenon, being dealt with Avtandil Anuashvili method
[2].

The primary information of the enumerated phenomena is presented by means of a
2D single frontal facial image. Biometrics and/or cognition-psyche features may be
drawn out of this information in a non-intrusive way. The main aim of the research is
to verify the theses that the ophthalmogeometry and face asymmetry phenomena may
be used 1) for construction of new valuable biometrics especially in case of their
fusion, 2) for interpretation of “precise and subtle” primary facial information in
cognition-psyche terms in advanced and future applications.
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Fig.1 and 2. Illustration of the preparatory and content-related stages of an
ophthalmogeometrical pattern visualization

-y -
5 years old 10

(2 years old) 9 24

Fig.3-8 and 9-14. Accordingly, the photos and visualized ophthalmogeometrical patterns of
person 1 in different age (5, 10, 25 years old) and person 2 (2, 9, 24)
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3 “Truthful” Vertical Axis, Muld-Normalization, Two Special
Coordinate Systems of a Face

Human face is an example of a new class of information object — non-rigid, dynamic
changing, intelligent one, mathematical and algorithmic description of which is an art
and challenge for programmer. The idea of finding a “truthful” vertical axis Y of a
face and constructing the special coordinate systems Y-O1-X1-02-X2 and Y-O™-X"
are illustrated in Fig.1 and 2.

In the course of experiment for finding the axis Y, there were chosen
anthropometrical points O/ (the center of a line linking interior eye corners Ocr, Ocl
in Fig.1 (points 8" and 6+ in Fig.2) and OO0 (the center of a line linking mouth corners
in Fig.1). (In the case of the assignation of point O0 being impossible this way, there
has been constructed reserve procedure.) For strict face components mapping and
comparison (silhouettes, eyes, brown, mouth, nose, wrinkles, unique traits), the
necessary quantity of rays coming from points O/ and/or O2 whole facial system and
necessary quantity of parallels to Y and/or X/ lines are used (Fig.3, 4). All
measurements here and below are done in Mulds.

4 Ophthalmogeometrical Pattern Visualization and Facial
Composite Synthesis

As proven in [1, 5-7], person's pattern has a unique appearance from birth till human
death (Fig.3-8 and 9-14). But it is not ordinary visible. Examples of the patterns are
given in Fig.2, 3-17.

To visualize the pattern, the sequence of calculating steps is as the following.

INPUT: 2D single frontal view facial image.

OUTPUT: Person's ophthalmogeometric pattern (Fig.1).

1. Find the placement of two circles described around the eyes cornea (iris)
and measure ?N of pixels that constitutes 1 Muld (Fig.1).

2. Build the system Y"-O"-X"and the figure including points P1*, P2* (Fig.2).
If these points are placed on the line Y™ then

3. Build the external figures 1,2,3,4 and internal — 5,6,7,8, the triangle 5,8,8"

and 5,6,6", 7,14,15,16, the angle 10,9,12 (Fig.2).

Find point O!. Construct the system Y-O/-X1-02-X2.

Adjust the system Y*-O™-X"and system Y-OI-XI1-O2-X2 as in Fig.1.

Measure the ophthalmogeometrical pattern parameters (see Tab.2)

7. [+XO", £YO", +a[°], Basel; X3, Y3, X1, Y1, Y15, X5, Y5, X7, Y7, X9, Y9].

SANAEE

In Fig.18-21 and 22-24, the examples of facial composite synthesis are given. A
composite is an input information for the facial asymmetry technique.
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5 Constructing the Czestochowa-Faces

The main Czestochowa-face features are: 1) the “truthful” vertical axis Y of an
asymmetrical face, 2) the special combined system Y-O/-X1-O2-X2 and adjusted to it
the special virtual coordinate system Y-O"-X# for eyes area of a face, 3) the Muld-
normalization procedure and construction of “Face Box”, (Fig.15-16), 4) the
ophthalmogeometrical pattern of a person, face asymmetry features, and brain
asymmetry phenomenon background, 5) the procedure of evaluating of (pseudo-
information) similarity for any pair of facial components or set of components, 6)
algorithmic realization of the model, 7) measured features interpretation in
biometrics, brain asymmetry, and cognition-psyche terms, 8) possibility of an exact
facial image mapping in the uniformed absolute values (in Mulds).

Example of the Czestochowa-faces

¥ [Mulel]
'l T !
/li!. * Py ! /
~ \ (S &
o L .
2% \\ 5 el S
o M
w2 v AN Ty S Seil
Smo » g
ST 1 ¥ gm.s
i o e
St e e
Spa S e ke s
b 4 + 1 B \ o
L e

Wi s sillanciae posts
Mam’s silhouetie points

Fig. 15-17. Illustration of the Muld-normalization and mapping procedures. Woman's and
man's facial images are mapped for F-, L-vector extraction and pseudo-information similarity
evaluation of facial silhouettes (see Eq.(1)). JeK (F, L) =-0,0927

Fig. 18-21 and 22-24. Results of the pseudo-information similarity of the face pairs evaluation.
(The values must be multiplied by 100, see Eq.(1))
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6 Face Asymmetry and Ophthalmogeometry Techniques
Experimenting

It was proved by the author [5] that the pseudo-information measure (1) is an
effective tool for a holistic similarity evaluation and its advantages were presented.
The functional JeK[.] for the similarity measure is the following [5]:

4 . A Z[ﬁ’m _Z;(Z)]l()gz[ff(Z) /li(Z)]
+JeK® [PDF(Y F”),PDF (Y L")]=__= 100 |
P = =3 [ Plog, £ =31 log, 17 (D

where: F; = fif,...fi}, Li = {1,,....I;} — basic (F) and comparing (L) functions (for
example, sample sequences, images, correlation or other functions; PDFs — F and L
functions that answer requirements of pdf (a probability density function); 7, i=1,...,/
— grid, on which values of F, L are formed; Z, z=1,...,Z — a number of comparing
objects components (for example, 5 components in Fig.22-24); £JeK — the sign that
identifies a situation: when a default basic function is ' — (+), if on the contrary - (-).
In Fig.17, 18-21, 22-24 and Tab.l, the examples of similarity values for
faces/composites are given. The facial asymmetry technique is sensitive tool.

Table 1. Estimators of the pseudo-information similarity for facial silhouettes

+JeK()[%] NI-MI NI-LC NI-RC LC-RC
Woman face (Fig.18-21) 0,0394 -0,0170 0,1525 0,2070
Man face (Fig.16) 0,0334 0,3578 0,1486 -0,1193

Table 2. Result of the ophthalmogeometric authentication technique experiment

Two different persons (accordingly, images 2 and 3)
Input of S S Input of
image 2 g ~N 7?7 image 3
Feature 1 2 3 4 5] —6 7
XO'" [Muld) 0 € 1 + 0.1021 0.0933 0.1022
YO' [Muld] 0.3125 + 0 + 0.3502 0.3200 0.0377
+a[°] 0.9624 + 0 + 1.5231 1.3917 -0.5607
Basel [Muld)] 5.5313 0 5.5313 5.0540 0
X3 - 0.1941 + 1 - -1.4995 -1.3701 1.6936
Y3 - -1.7028 0 - -1.1000 -1.0060 -0.6019
X1 -+ 0.4479 + 0 + 1.5597 1.4251 -1.1118
Y1 - 1.8303 + 0 + -1.1417 -1.0432 2.9720
Yi5 -« 2.1659 + 0 + 2.0384 1.8625 0.1275
X5 - -0.1628 — 0 - -0.8037 -0.7343 0.6409
Y5 - 0.0454 € 1 - -0.1634 -0.1493 0.2088
X7 -*- 0.0599 + 1 - -0.3044 -0.2781 0.3643
Y7 -*- -1.3442 - 0 - -1.2512 -1.1432 -0.0930
X9 - -0.4701 3 0 € 0.0873 0.0797 -0.5573
Y9 - -2.0035 - 0 — -1.4767 -1.3489 -0.5272
O = — 1.029

Legend: 1 and < 6 — the ophthalmogeometrical pattern parameter vectors of a
basic and comparing images; 5| - parameter vector of normalized pattern «—6; 2 and 4
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— sign masks of the vectors 1 and 5]; 3 — Hamming distance vector for the vectors 2
and 4.

The idea of using of the pattern for authentication, and also the result of
experiment in working mode are presented in Tab.2. At the first stage, a sign vectors
2 and 4 produced by the pattern parameter of basic (1) and comparing («6) images
are compared. If necessary, the mean square distance o;, of parameters x3 — y9 are
calculated. If Hamming distance 3 is non-zero, further comparing is not need. It can
be assume that the precision £ of parameter measuring is near to o;, = 0,16 Muld.

The experiment result confirms high efficiency of the technique: 1) the pattern can
be used as the novel live biometric, 2) achieved precision of the method is high (o, =
0,16 Muld), 3) expenditure of computational resources is minimal, 4) some pattern's
points (for example, point 3, may be interpreted in the cognition-psyche terms.

7 Conclusion

C1. The novel type of 2D precise model of a face — the Czestochowa-face model -
for authentication/identification techniques creation has been constructed.

C2. The ophthalmogeometrical technique and the facial asymmetry one, which are
based on the Czestochowa-face model, have been created and researched.

C3. It has also been verified that these biometrics contain some person's cognitive
and psychological information; it can make them be interesting in future
applications.
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Abstract. We investigated the performance of 3 face verification algorithms
(Correlation Filters, Individual PCA, FisherFaces) on an image database that
was collected by a cell phone camera. Cell phone camera images tend to be of
poorer quality and because of their portability, algorithms must deal with scale
changes and dynamic outdoor illumination changes. While Individual PCA and
FisherFaces focus on the image domain, Correlation Filters work in the
frequency domain and offer advantages such as shift-invariance, ability to
accommodate in-class image variability and closed form expressions. Results
suggest that correlation filters offer better verification performance with this
database.

1 Introduction

Many face recognition algorithms perform well on databases that had been collected
with high-resolution cameras and in highly controlled situations. However, they may
not retain good performance in real life situations where there is a lot of variation in
illumination, scale, pose, etc. In applications such as face authentication using
cameras in cell phones and PDAs, the cameras may introduce image distortions (e.g.,
because of fish-eye lens) and may be used in a wide range of illumination conditions,
as well as variation in scale and pose. An important question is which of the face
authentication algorithms will work well with face images produced by cell phone
cameras? To address this issue, we collected a face database at Carnegie Mellon
University using a cell phone camera. In this paper, we evaluate and compare the
performance of correlation filters for face authentication with Individual PCA [1] and
FisherFaces [2] under various lighting conditions. Correlation filters are attractive for
a variety of reasons such as shift in-variance, ability to accommodate in-class image
variability, ability to trade-off between discrimination and distortion tolerance, and
the fact that they provide closed-form expressions [3-5].

The rest of the paper is organized as follows. Section 2 provides some background
on correlation filters. Section 3 gives details on the database collection process using
a cell phone camera and the pre-processing done on these images. Section 4 provides
an evaluation of correlation filters using this database along with a comparison with
Individual PCA and FisherFaces. Finally, conclusions are provided in Section 5.

D. Zhang and A.K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 74-80, 2004.
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Table 1. Sample images of the same person under different illuminations in Rounds 1 and 2

Indoor Both lights Left light Right light No light Outdoor

-
2y

2 Background

2.1 Correlation Filters

The major difference between correlation filters and other methods is that the
correlation filters are used in the spatial frequency domain, whereas other methods
such as the Individual PCA and the FisherFaces work primarily in the spatial domain.
While more details are available in [6], correlation filters are designed in the
frequency domain using the Fourier Transforms (FTs) of the training images. The
multiplication of the FT of the test image with the filter and the inverse FT of the
resulting product gives the correlation output. Typically, for a well-designed filter, a
sharp correlation output peak implies an authentic, whereas lack of such a distinct
peak implies an impostor. Correlation filters have the advantage of built-in shift
invariance, in that if the test image is shifted with respect to the training images, then
the correlation peak will shift by the same amount from the origin. Typically the peak
to side lobe ratio (PSR) is used as a measure of the sharpness of the peak of the
correlation output [6] and is typically high for authentics and low for impostors.

Previously, correlation filters were mostly used for automatic target recognition
(ATR) applications [3], and have been applied to biometrics [6,7] only recently.
While there are many correlation filter designs [3-5], the Unconstrained Optimal
Tradeoff Synthetic Discriminant Function (UOTSDF) filters [4,5] is used here in this
paper because of its ability to provide high discrimination while providing noise
tolerance, its simplicity in computation and especially for its ability to be easily
updated incrementally [6]. The UOTSDF filter is given by the following equation.

h=(aC+ D)"'m (1)

where C is a dxd diagonal matrix containing the elements of the input noise power
spectral density along its diagonal, D is a dxd diagonal matrix containing the average
power spectrum of the training images placed along its diagonal, m is the mean FT of
the training images, lexicographically reordered into a column vector and aand S are
relative weights for noise tolerance and peak sharpness respectively.

By updating the mean FT m and the average power spectrum D of the training
images, the UOTSDF filter can be updated easily [6]. This reduces the need to store
all training images. This method can also be used to selectively choose the training set
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such that the filter is updated only with images that are not already sufficiently well
represented in the filter. The new training image is correlated with the current filter,
and if its PSR is below a threshold 1, (say 100), it is used to update the current filter.
We can also go one step further to build multiple filters from the training set such that
each filter represents a different distinct set of training images. If a new training
image is sufficiently different from the current filter(s), i.e., the PSR of the correlation
output of the new training image with current filter(s) is below a threshold 1, (say 40),
it is used to make a new filter [8].

2.2 Individual PCA

The Eigenface approach to face recognition, also known as Universal PCA, was
introduced by Turk and Pentland [1]. Training images from all the classes are used to
construct an eigenspace. Within this universal eigenspace, the face images of each of
the classes form a cluster around a certain region. It was shown in [9] that face
authentication performance can be improved by constructing eigenspaces from the
face images of one person since it is tuned to that person. This method is referred to
as the Individual PCA.

2.3 FisherFaces

The Fisher Linear Discriminant Analysis (LDA) [10] tries to find an optimal
projection direction w so as to find the best discrimination between classes in a
reduced dimensional space. In the case of face authentication, Fisher LDA projects
the face images into a one-dimensional (1-D) subspace such that the between-class
distance in the projected space is increased while the within-class scatter is reduced.
The optimal projection direction w is given by

W:S;Vl(ml -m,) (2)
where Sy is the within class scatter matrix and m; is the ith class mean
lexicographically ordered into a column vector. Usually, the within class scatter
matrix Sy is singular, since it is of size dxd, d being the number of pixels in an image,
and its rank is at most N-2, N being the total number of training images. Since the
number of pixels d is much larger than the number of training images N, the training
images are first projected onto a lower dimensional space (typically (N-2)), using
Universal PCA, and then the discriminant analysis is done on the lower dimensional
space [2].

3 Cell Phone Camera Face Database

3.1 Data Collection

The image database comprised of 20 subjects whose images were taken with a cell
phone camera. The cell camera used was NTT DoCoMo's mova D25li part of the
SH251i product line. It is equipped with a 170,000-pixel charge coupled device
(CCD) camera. The images are stored in a [Memory Stick Duol] All the images were
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collected in the camera's [Burst Model] where 20 frames of size 120x120 pixels are
captured over a period of time. The vertical and horizontal resolutions are 96 dots per
inch and the bit depth of the images was 8.

Two rounds of images were collected with a period of approximately one month
between the rounds to evaluate the performance of the methods over time as people's
appearances change with time. For evaluating the performance of various algorithms
under different illumination conditions, images were collected at six different
illumination settings. The first setting was the normal ambient background indoor
lighting setting. Additional illumination using a lamp to the left, right and both sides
of the subject were the next three settings. The fifth setting mimicked total darkness
with all artificial lights (including the ambient lights) being switched off and using
only the camera's built-in compact light. The last setting is outdoors, where the
illumination is very dynamic and undergoes a lot of variation depending on the time
of the day and the location. The outdoor images were taken at different locations
between the 2 rounds, and it was attempted to take the images at different times of the
day as well so as to incorporate the fluctuations in outdoor lighting. In each round
there were 2 sets, Set 1 and Set 2 respectively. Set 1 images were used primarily in
the training of the algorithms whereas Set 2 images were used primarily in the testing.
There are 20 images in each set, thus totaling 80*6=480 images per person for all
illuminations.

Table 1 shows one image from each different variation and the different rounds. It
is important to note that no strict constraints were put on the orientation and scale of
the images in order to mimic real life situations. The fish-eye lens of the camera
resulted in distorted images at different distances and orientations from the camera
thus providing scale, tilt and pose variations in the images.

Table 2. Average EER (%) of Correlation filters, Individual PCA and FisherFaces for testing
Processes 1, 2 and 3 at different illuminations

Correlation Filters Individual PCA FisherFaces

1 11 11T 1 11 11T 1 11 11T

Normal R1 1.5 - - 0.2 - - - -
Normal R2 7.1 - 0.4 14.8 - 10.3 | 3.8 - 0.0

Left R1 3.0 0.3 - 6.9 2.7 - 1.0 | 0.6 -
Left R2 14.5 5.2 1.2 14.2 10.0 | 1.1 55 |43 | 0.1

Right R1 3.6 0.4 - 11.6 2.9 - 2.7 | 0.1 -
Right R2 17.3 03 | 2.7 20.6 17.1 | 3.3 6.0 | 32| 1.8

Both R1 3.9 0.1 - 14.4 2.6 - 56 | 0.6 -
Both R2 16.5 7.2 | 0.1 21.5 13.0 | 0.5 50 |33 0.0

No light R1 16.8 0.0 - 25.3 5.8 - 13.1 | 0.1 -
No light R2 19.2 4.1 1.2 29.2 16.6 | 5.1 13.1 | 70 | 3.1

Outdoor R1 9.9 0.8 - 18.9 5.6 - 76 | 1.3 -
Outdoor R2 | 233 16.2 | 0.0 36.2 | 32.0 | 34 | 182 |[16.0| 0.3
Average 114 35 ] 09 17.8 10.8 | 4.0 6.8 | 36| 09
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3.2 Processing

One of the major hurdles was pre-processing the images in the presence of scale, tilt
and pose variations in order to make them suitable for testing. The distance between
eyes was used for cropping the face regions. The eye locations were found semi-
automatically due to the absence of accurate automatic eye location algorithms. The
eye location in the first image of a set was found manually while the rest were found
by correlating them with a UOTSDF filter built from the first image. Finally contrast
stretching was done on all the images for some illumination normalization and then
all the images were normalized to have unit energy.

4 Evaluation of Correlation Filters, Individual PCA
and FisherFaces

We compared the verification results of the three methods - Correlation Filters,
Individual PCA and FisherFaces, on the processed images. The testing was further
divided into three processes to study the effect of time as well as of illumination and
how much the performance improves by adding samples of these to the training set.

For each of the three methods (i.e., Correlation Filters, Individual PCA and
FisherFaces), the error rates were found based on a threshold between authentics and
impostors. Thresholds were placed on PSRs for Correlation filters, residues for
Individual PCA, and on the projections for FisherFaces and used to find Equal Error
Rates (EER).

4.1 Training with Normal Ambient Indoor Lighting of Round 1

The first process put the algorithms through the toughest test and tested the effects of
distortion and time scale. 20 images from Set 1 of Round 1 of the normal ambient
indoor lighting were used for training. Testing was done on all images of different
illuminations except the training set. 4 UOTSDF filters using 5 consecutive training
images each were built for each person. For Individual PCA, eigenvectors
corresponding to 98% of energy, which was approximately 15, were stored for each
person. For FisherFaces, projection was done Universal PCA using the maximum
number of eigenvectors, i.e., 398, followed by Fisher LDA for maximum
discrimination.

4.2  Training with Samples from all Illuminations of Round 1

Process 2 helps us understand the effects of images taken a certain time period apart.
Samples of different illuminations from Set 1 of Round 1 were added to normal
ambient light images. Since the outdoor images are very different, training and testing
was separated between outdoor and indoor illuminations. Every 4™ image was used,
resulting in 25 training images (5 from ambient light and 5 each from other indoor
light conditions) for indoor illuminations and 10 training images (5 from ambient
light and 5 from outdoor light conditions) per person. For the indoor illumination test,
approximately 17 eigenvectors were retained in Individual PCA to preserve 98%
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energy while 498 eigenvectors from Universal PCA were used for projecting the
images before Fisher LDA. The selective incremental updating approach for choosing
and building multiple UOTSDF filters was taken leading to 5 to 12 filters being built
depending on the person.

4.3  Training with Samples from all Illuminations as well as
from Different Rounds

Process 3 was the simplest test that we put the methods through since images from
different time scales were also included in the training set. Every 4™ image from Set 1
of Round 2 of different illuminations was added to the training set of Process 2. By
selective incremental updating, 9 to 22 UOTSDF filters per person were used, while
the other methods used eigenvectors corresponding to 98% energy. FisherFaces used
221 eigenvectors for the indoor illumination test.

Table 2 shows the error rates for correlation filters, Individual PCA and
FisherFaces for the three processes. As expected, the error rates reduce from Process
1 to Process 3 for all the 3 methods showing that adding the expected distortions to
the training set improves performance. The error rates for images captured a month
later are significantly larger in Process 1 and 2, implying that time scale plays a large
role in face images.

It should be noted that FisherFaces uses impostor distributions that is not used by
the 2 other methods. The number of eigenvectors used in Universal PCA is also very
large contributing to some unfairness in comparison. Further, in practical applications,
impostor distributions may not always be available.

By adding training images having distortions, correlation filters incorporate
distortion tolerance. Hence by incrementally adding images of different illuminations
to the correlation filters in Process 2, and different rounds in Process 3, the EER
reduces and is smaller than that of Individual PCA and comparable to that of
FisherFaces, in spite of the much larger number of eigenvectors used compared to the
filters used. Hence we can say that correlation filters generalize better when the
training set includes samples of expected distortion.

5 Conclusions

The cell phone camera database has been used to study the performance of some face
verification algorithms in real life situations. The database has scale and pose
distortions in addition to illumination and time-scale variations. The fish eye lens
causes further distortion in the images with changes in orientation. Although there can
be further improvement in performance with more efficient normalization, it is not
possible to completely remove these distortions. Time scale plays a significant role in
face images and error rates are larger for images captured a month later. If the
correlation filters are incrementally updated with images over time, error rates reduce.
The UOTSDF filter provides an easy way of incremental updating using images
captured over a period of time without the need of building the filter from scratch.
Despite the tough database, correlation filters performed better on an average than
Individual PCA. The performance using a small number of incrementally updated
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UOTSDF filters is comparable to that of FisherFaces using a large number of
eigenvectors. By incrementally updating the correlation filters over time with images
of different illuminations, the average EER is about 1% for images captured a month
later. Correlations filters are efficient in terms of both memory usage and run time,
which make them ideal, if they are to be implemented in low storage and computation
capability devices such as cell phones or PDAs. In addition, correlation filters are
shift invariant, provide graceful degradation and closed form solutions making their
use attractive.
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Abstract. This paper presents a facial expression recognition system based on
dimension model of internal states with autonomously extracted sparse
representations. Sparse representations of facial expressions are extracted to the
three steps. In the first step, Gabor wavelet representation can extract edges of
face components. In the second step, sparse features of facial expressions are
extracted using fuzzy C-means(FCM) clustering algorithm on neutral faces, and
in the third step, are extracted using the Dynamic Linking Model(DLM) on
expression images. Finally, we show the recognition of facial expressions based
on the dimension model of internal states using a multi-layer perceptron. With
dimension model we have improved the limitation of expression recognition
based on basic emotions, and have extracted features automatically with a new
approach using FCM algorithm and the dynamic linking model.

1 Introduction

Currently, most facial expression recognition systems use the six principle emotions
of Ekman [1]. Ekman considers six basic emotions: happiness, surprise, fear, anger,
disgust, sadness; and categorizes facial expressions with these six basic emotions.
Most research on facial expression recognition includes studies using the basic
emotions of Ekman [2, 3, 4, 5], therefore these studies have limitations for
recognition of natural facial expressions which consist of several other emotions and
many combinations of emotions. Here we describe research extended on the
dimension model of internal states for recognizing not only facial expressions of
basic emotions but also expressions of various emotions.

Previous works on facial expression processing [2, 3, 4, 5] are similar in that they
first extract some features from the images, then these features are used as inputs into
a classification system. This paper describes a new hybrid approach for automatic
feature extraction. To extract edge of major face components, the average value of the
image's 2-D Gabor wavelet coefficient histogram on all the images was used. The
hybrid approach using fuzzy c-means(FCM) clustering algorithm and dynamic
linking model(DLM) is proposed to extract sparse local features from edges on
expression images extracted previously. This conclusion demonstrates recognition of
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facial expressions based on the two-dimensional structure of emotion using a neural
network.

2 Sparse Representation of Facial Expression

To extract information of facial expression, we use 287 images of facial expressions,
640 x 480 gray level images almost in the frontal pose. Original images have been
rescaled and cropped such that the eyes are roughly at the same position with a
distance of 60 pixels in the final image. This section describes the process of three
steps for feature extraction.

1. Preprocessing with Gabor Wavelets: For edges of major facial components, an
average value of the image's 2-D Gabor wavelet coefficient histogram is used. The
general form of two dimensional Gabor wavelets function is given by Daugman [6].
k determines the frequency of the wave and at the same time controls the width of

the Gaussian window, O .
2 2.2 2

v, (;) = k—z exp(— k xz )[exp(iz . ;) —exp(— O-—)] )
(o} 20 2

To detect features of major face components, we use a specific frequency band, a
wave number, £=0.78, and 5 distinct orientations in 22.5 ° steps between 0 and &, and
chose o=n. The complex valued . applied to each image combines an even and

k

odd part. We use only the magnitudes because they represent local information of an
image in a smoothly varying way. Let G be the set of Gabor function y. to be
k

applied to L. G is G ,G, - The computation proceeds as follows:

0,=2GI, 0,=Y>GI o=@ + o).

Fig. 1(a) shows the result of the 2-D Gabor coefficients histogram using the
magnitudes of Gabor coefficients from an expression image. This means these
coefficients completely capture local facial feature points in special frequency and
special orientation. Thus, we applied the average value of 2-D Gabor coefficient
histogram to extract local facial feature points. The average value of Gabor
coefficients histogram is controlled by optional value o since experimental images
may be a noise. Fig. 1(b) shows the resulting image which applied an optional value
to an average value of the Gabor coefficients histogram.

[Red [ Green [ Bue [ Greyscale
(a) (b)

Fig. 1. (a) 2-D Gabor coefficient histogram. (b) Extracted edges of major face components



Facial Expression Recognition 83

2. Sparse Feature Points Extraction Using FCM Clustering Algorithm on Neutral
Face: Extracted feature points are similar to edges of major facial components. Since
Gabor vectors with neighboring pixels are highly correlated and redundant, it
is sufficient to use sparse pixels on a face. We thus pick out sparse feature points
based on the FCM clustering algorithm in edges extracted from the 2-D Gabor
wavelet coefficient histogram. FCM-algorithm [7] applies to neutral facial images
that is used as a template to extract sparse feature points from edges of major facial
components on expression images. The potentiality of FCM-algorithm can be
demonstrated by their application in clustering tasks which involve a large
number of feature vectors of high dimension and a large number of clusters [8]. In
FCM clustering, the degree of the assignment of the feature vector X, eX into various

clusters is measured by the membership function u; €[0,1], which satisfy the

. ) ) c c N ,
properties Yu,=1V,=1..N. The cost function for FCM is J(U.c,,...c)= J, =D > uld; .
i=1 i=1 j

=
c,is the cluster center of fuzzy group i; d, =|c,—x |is the Euclidean distance

between ith cluster center and jth data point ; and m €[1< m ,] is a weighting
exponent. The necessary conditions for J(U,c,,...,c.) to reach a minimum are
S & _ s d; 2/(m-1)
c, :;uﬁ X, ;u” and ¥; =1 ;(7;) .
We determined sparse feature points using the following steps: (1) Initialize the
membership matrix U with random values between 0 and 1 such that the constraints

in 2 4; =1 are satisfied. (2) Calculate ¢ fuzzy cluster centers ( ¢, i=1.2,...,c) using

i=1
¢;. (3) Compute the cost function according to J(U,c,,...,c.), and stop if either it is
below a certain tolerance value or its improvement over previous iteration is below a

certain threshold. (4) Compute a new U using U, then go to (2). Fig. 2(a) shows a

result that extracted sparse pixel points by FCM algorithm.

3. Sparse Feature Points Extraction Using DLM on Expression Image: Each
neutral face plays a standard role to decide the degree of expression change against an
expression image. To match point to point feature points on an expression face
against each feature point on a neutral face, it consists of two different domains,
which are called the neutral domain (N) and the expression domain (E). The
expression domain contains the jets of the Gabor transformation. The Gabor jet }(}i)

refers to the set of Gabor magnitudes obtained by sampling the image at the point X;
with sampling functions of all sizes (frequencies) and orientations. Sparse feature
extraction using DLM on expression images is guided by a function S in
e R v

Ji | which determines the similarity between neutral face jet,

=N L ., E . . .
J: and expression image jet, J; . The entire wavelet family consists of two
frequency bands, the wave number k=HiH=(ﬂ/4,ﬂ/8) using inverse pixels and seven

different orientations from 0° to 180°, differing in 30° steps.
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(@)
Fig. 2. (a) Sparse pixel points extracted with FCM algorithm on neutral face ( ¢=60, m=2). (b)
Sparse pixel points extracted with DLM on expression image

The linking procedure is performed under the constraint that the matching
points found in the expression face have approximately the same topological relations
as the preselected points in the neutral image. A match point should be chosen in the

neutral face and then computed in the Euclidean distance between the preselected
o L . . —NE =N —E .
point in neutral face and each point in the expression image in A; =x; —x,;. This

evaluates the quality of local topological preservation. The dynamic linking of
selected points in the neutral face image to points in the expression image is
formulated as an optimization problem. The cost function H in

H =K,]-,\-/E +2S(jjv,jf) to be optimized measures the quality of proposed point

matches. We chose a special form for cost function. The feature on the expression
images was accepted if the cost function H satisfies two conditions at the same time :
(1) Reach to the minimum value. (2) Do not exceed a maximum distance value that
the matching points found in the expression face have approximately the same
topological relations as the preselected points in the neutral image(see Fig. 2(b) ).

3 Database Based on Two-Dimensional Structure of Emotion

A database of facial expression images consists of 500 facial expression images of
males and females under well controlled lighting condition. Expressions were divided
into two dimensions(pleasure-displeasure and arousal-sleep dimension) on a nine
point scale according to the study of internal states through the semantic analysis of
words related with emotion by Kim et al. [9] using expressive 83 words. For
experiment we used 11 expressions in a set of 44 internal state expressions from each
of 6 person. The 11 expressions are happiness, surprise, sadness, disgust, fear,
satisfaction, comfort, distress, tiredness, worry(including neutral face). The result of
the dimension analysis of 44 emotion words related to internal emotion states is
shown in Fig. 3. A few of these are shown in Fig. 4. This paper shows the recognition
of facial expressions on dimension model.



Facial Expression Recognition 85

Fig. 4. Examples from the facial expression database

4 Recognition Results and Evaluation

The system for facial expression recognition uses a three-layer neural network. The
first layer is the distance values from each feature point on a neutral face to each
feature point on an expression face which are normalized by size from 0 to 1. The
second layer is 240 hidden units and the third layer is two output nodes to recognize
the two dimensions: pleasure-displeasure and arousal-sleep. Training applies error
back propagation algorithm which is well known to the pattern recognition field. The
activation function of hidden units uses the sigmoid function. 250 images for training
and 37 images excluded from the training set for testing are used. The first test
verifies with the 250 images trained already. Recognition result produced by 250
images trained previously showed 100% recognition rates. The rating result of facial
expressions derived from the semantic rating of emotion words by subjects is
compared with experimental results of a neural network (NN). The similarity of
v

recognition result between human and NN is computed in S(H,N)= min(—!, L1y

PN

The dimension values of human and NN in each two dimension are given as
vectors of Hand N .
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Table 1. The result data of expression recognition between human and NN

Emotion Human(Mean) Neural Network Recognition on Similarity
words P-D A-S P-D A-S Neural Network
happiness 1.65 7.53 3.88 3.44 lightheartedness 0.54
4.92 4.6 boredom 0.71
2.86 5.86 pleasantness 0.82
1.31 5.69 gratification 0.75
4.43 4.8 longing 0.73
satisfaction 1.85 4.65 1.49 6.07 pleasantness 0.79
2.14 4.96 contentment 0.92
6.32 5.9 shyness 0.52
comfort 2.61 2.98 5.0 5.7 strangeness 0.52
3.65 3.64 lightheartedness 0.77
sadness 7.22 6.57 7.07 5.23 shyness 0.89
3.7 6.37 hope 0.72
6.62 7.12 surprise 0.91
tiredness 5.44 2.2 7.94 6.29 strain 0.56
4.06 4.05 sleepiness 0.90
4.39 4.28 longing 0.89
4.8 5.09 strangeness 0.76
6.39 5.65 uneasiness 0.65
worry 7.4 5.96 6.89 6.09 confusion 0.97
7.39 6.84 strain 0.94
surprise 4.65 7.8 4.55 8.29 surprise 0.95
4.61 7.67 surprise 0.98
4.65 5.60 hope 0.79
disgust 7.93 6.74 6.35 3.42 isolation 0.68
7.33 6.14  hate 0.91
7.68 6.03 distress 0.98
6.05 6.72 surprise 0.86
Fear 7.25 6.77 6.75 4.49 sorriness 0.80
6.43 5.21 stuffiness 0.83
6.68 7.97 disgust 0.94
7.30 7.96 chagrin 0.91
591 4.17 isolation 0.72
distress 7.46 6.29 7.48 7.16 disgust 0.94
4.28 5.81 hope 0.72
4.77 4.97 boredom 0.70
5.60 4.11 boredom 0.71
5.81 5.05 strangeness 0.79

Table 1 describes a degree of similarity of expression recognition between human
and NN on two-dimensional structure of emotion. In Table 1, the result of expression
recognition of NN is matched to the most nearest emotion word in 44 emotion
words related to internal emotion states. The result of expression recognition of
NN looks very similar to the result of expression recognition of human. The
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displeasure emotions of high level arousal dimension seems like fairly generalized
and stabled emotions in expression space. Such expressions are surprise, disgust, fear,
distress, and worry. It seems that the quantity of physical changes can be detected
easily. High level arousal emotions in the pleasure dimension also seems like a
important component to discriminate the expression images. For instance,
satisfaction, tiredness, and comfort show low level arousal dimension (sleep
dimension) in the pleasure dimension, while happiness shows high level arousal
dimension in the pleasure dimension.

5 Conclusion

With dimension model this paper has improved the limitation of expression
recognition based on basic emotions, and has extracted features automatically with a
new approach using FCM-algorithm and the dynamic linking model. This method
allows several advantages: it is the reduction of redundancy of information, it needs
less data storage, it reduces the dimensionality of the learning problem. This study is
a new approach of human's emotion processing, it is interesting to note in this context
that machine vision may represent various emotions similar to human with the
combination of each dimension in the internal emotion states. In the future, to
demonstrate the effectiveness of the proposed scheme, we are planning comparison
experiments with classic facial expression recognition system.
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Abstract. In this paper, we propose a face hallucination method using
eigentransformation with distortion reduction. Different from most of the
proposed methods based on probabilistic models, this method views
hallucination as a transformation between different image styles. We use
Principal Component Analysis (PCA) to fit the input face image as a linear
combination of the low-resolution face images in the training set. The high-
resolution image is rendered by replacing the low-resolution training images
with the high-resolution ones, while keeping the combination coefficients.
Finally, the nonface-like distortion in the hallucination process is reduced by
adding constraints to the principal components of the hallucinated face.
Experiments show that this method can produce satisfactory result even based
on a small training set.

1 Introduction

For face identification, especially by human, it is often useful to render a high-
resolution face image from the low-resolution one. This technique is called face
hallucination or face super-resolution. A number of super-resolution techniques have
been proposed in recent years {1J2F35{ 78101 Most try to produce a super-
resolution image from a sequence of low-resolution images {1J5}7]; Some other
approaches are based on learning from the training set containing high- and low-
resolution image pairs, with the assumption that high-resolution images are Markov
Random Field (MRF) [3]{7]{10]: These methods are more suitable for synthesizing
local texture, and are usually applied to generic images without special consideration
on the property of face images.

Baker and Kanade :[E}]i9_]_:develop a hallucination method based on the property of
face image. Abandoning the MRF assumption, it infers the high frequency
components from a parent structure by recognizing the local features from the
training set. Liu et. al. {2_]_: develop a two-step statistical approach integrating global
and local models. Both of the two methods use complicated probabilistic models and
are based on an explicit resolution reduction function, which is sometimes difficult to
obtain in practice.

Instead of using a probabilistic model, we implement a face hallucination method
using PCA to represent the structural similarity of face images. This method treats the
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hallucination problem as the transformation between two different image styles. It is
closely related to the work in [1_1_31_2_ﬁ1_§]_; in which a style transformation approach
was applied to photo-sketch transformation. In a similar way, we could transform face
images from low-resolution to high-resolution based on mapping between two groups
of training samples without deriving the resolution reduction function. The
hallucinated face image is rendered from the linear combination of training samples.

Even using a small training set, this method can produce satisfactory results.

2 Hallucination by Eigentransformation
with Distortion Reduction

Viewing a 2D image as a vector, the process of resolution reduction can be
formulated as[8]:

I, =HI,+i. (1)
Here, I » 1s the high-resolution face image vector to be rendered and I ; 1is the

observed low-resolution face image vector. H is the transformation matrix involving
blurring and downsampling process. The term 7 represents the noise perturbation to
the low-resolution face image captured by the camera. Multiresolution analysis in
spatial domain can produce different frequency bands. Because of the face structural
similarity, the high frequency component is not independent of and thus can be
inferred from the low frequency component encoded in the downsampled low-
resolution image. Many super-resolution algorithms assume this dependency as
homogeneous Markov Random Fields (MRFs), i.e. the pixel only relies on the pixels
in its neighborhood. This is an assumption for general images, but not optimal for the
face set without considering face structural similarity.

Studies :'[-Q]_: on the face set have shown that a face image can be reconstructed from
eigenfaces in the PCA representation. PCA utilizes the face distribution to decompose
face structure into uncorrelated frequency components, thus can encode face
information more concisely. Our algorithm first employs PCA to extract as much
useful information as possible from a low-resolution face images, and then renders a
high-resolution face image by eigentransformation.

We represent M low-resolution training face images by a matrix, [f, sl I ], where

ii is the image vector. In PCA, a set of eigenvectors E; = [el,...,e,(], also called
eigenfaces, are computed from the ensemble covariance matrix,
M
CZZ(li_”—’lei_’ﬁz)TZLLr, )
i=1
where m, is the mean face and L = [I—1 — iyl —ﬁz,]: [l_‘1 ,...l—'M].

For a low-resolution face image X, a weight vector is computed by projecting it
onto eigenfaces,
— T (- —
w = Ej (xl _m1)~ 3)
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This is a face representation based on eigenfaces. x; can be reconstructed from the

K eigenfaces,
According to the singular value decomposition theorem, E; also can be computed
from,
E; =LV,A7"?, )
where ¥, and A, are the eigenvector and eigenvalue matrix for L' L . We have
M —
A= LV, W iy = Le+ iy = Y el + iy (6)

i=l
where ¢ = V,A}l/ 2, = le1.¢as-..s¢3 " . This shows that the input low-resolution face
image X, can be reconstructed from the optimal linear combination of the M low-

resolution training face images. Replacing l—'l- by its high-resolution sample ﬁ'i, and

replacing m; by the high-resolution mean face m,, , we get,
M —_
%= ) o+ (7)
i=1

X, is expected to be an approximation to the real high-resolution face image.
X, should meet two conditions in order to accurately approximate the original
high-resolution face image. First, after resolution reduction of x,,, the output should

produce the low-resolution input face image. From Eq. (1), without considering the
noise perturbation, the transformation between high- and low- resolution face images
can be approximated as a linear operation. For the training set, we have

I';=Hh,, ®)
m; = Hm,, . ©)
From (6) and (7), replacing /' and m ; with (8) and (9), we have
M _ Mo
7 =Y c;Hh'; + Hn, =H(Zcih'i+n‘1hJ=H)‘ch. (10)
i=1 i=1
Since 7, is an optimal reconstruction to X;, X, leads to a good approximation to
X, after resolution reduction. Second, X, should be face-like at the high-resolution
level. Eq. (7) shows that x,, is the linear combination of high-resolution face images,

so it should approximately be face-like at high-resolution level. We can further
reduce some nonface-like distortions by reconstructing x, from the high-resolution

eigenfaces. Let E, and A, =diag(A,,...,Ax ) be the eigenface and eigenvalue

matrixes computed from the high-resolution training images. The principal
components of X, projected onto the high-resolution eigenfaces are

w, =Ej (3, —m,). (11)
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The eigenvalue A; is the variance of high-resolution face images on the ith

eigenface. If the principal component w (i) is much larger than /4, , nonface-like

distortion may be involved for the ith eigenface dimension. We apply constraints on
the principal components,

=1 ( _ Wy (l) |Wh (l)lS a\//’L_i
i)= ,  a>0 (12)

sign(w, ()* a2 1wy (> ayf2;
We use aJﬂ_i to bound the principal component. Here, a is a positive scale

parameter. The final hallucinated face image is reconstructed by

X, = ELw ), +imny, . (13)
Because of the structural similarity among face images, in multiresolution analysis,
there exists strong correlation between the high and low frequency bands. For high-
resolution face images, PCA can compact these correlated information onto a small
number of principal components. Then, in the eigentransformation process, these
principal components can be inferred from the principal components of the low-
resolution face image by mapping between the high- and low-resolution training
pairs. Therefore, some information in the high frequency bands is partially recovered.
In practice, the low-resolution image is often disturbed by noise which has a flat
distribution on all the eigenvectors. For low-resolution face images, the energy on
small eigenvectors is sometimes overwhelmed by noise. If the face data is modeled as
a Gaussian distribution, the components on different eigenvectors are independent. So
the information on these noisy components is lost, and cannot be recovered. By
selecting an optimal eigenface number K, we can remove the noise. Since 7; is

reconstructed from the K eigenfaces, given an optimal value of K, 7, encodes the
maximum amount facial information recoverable in the low-resolution face image.

3 Experiments

The hallucination experiment is conducted on a data set containing 188 individuals
with one face image for each individual. Using the “leave-one-out” methodology, at
each time, one image is selected for testing and the remaining are used for training. In
preprocessing, the face images are aligned by the two eyes, and the image size is
fixed at 117x125. Images are blurred by averaging neighbour pixels and down
sampled to low-resolution images with size 23x25.

Some hallucination results are shown in Fig. 1. Compared with the input image
and the Cubic B-Spline interpolation result, the hallucinated face images have much
clearer detail features. They are good approximation to the original high-resolution
images.

In Fig. 2, we add Gaussian noise to the low-resolution face image. If no constraint
is add to the principal components, the hallucinated face image in Fig. 2 (d) is with
noise distortion and somewhat nonface-like. Adding constraints to the principal
components using Eq. (12), the reconstructed face images remove most of the noise
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distortion and retain most of the facial characteristics as shown in Fig. 2 (e). Here, we
set the parameter a at 2.

As discussed in Section 2, by selecting the eigenface number in
eigentransformation, we could control the detail level by keeping the maximum facial
information while removing most of the noise disturbance. In Fig. 3, we add zero
mean Gaussian noises with four different standard deviations (o) to the low-
resolution face image. When only 50 eigenfaces are used in the eigentransformation,
the hallucinated face images lose some individual characteristics. Although the edges
and contours are clear, the hallucinated faces are more like a mean face. When
eigenface number is increased to 180, more individual characteristics are added to the
hallucinated face images. For relatively small noise (o =0.03,0.05), these
characteristics are similar to the original high-resolution face image. But for large
noise (0 =0.1,0.2), even though the hallucinated faces are still face-like, the added
characteristics start to deviate from those of true face.

(b) Cubic B-Spline  (c¢) Hallucinated (d) Origial 117x125

Fig. 1. Hallucinated face images by eigentransformation

(b) (d)

Fig. 2. Adding constraints to the principal component of hallucinated face image. (a) Original
high resolution face image; (b) Low resolution face image; (c) Low-resolution face image
added zero mean 0.03 standard deviation Gaussian noise; (d) Hallucinated face image from (c)
without constraints on the principal components; (¢) Hallucinated face images from (c) with
constraints on principal components. (e) is more face-like and less noisy comparing to (d), and
it retains most of the facial characteristics of (d)
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(6 =0.05)

(K=180, & = 0.03)(K=180, & = 0.05 (K=180, & = 0.1 )(K=180, & = 0.2
(©)

Fig. 3. Hallucinating face with additive zero mean, Gaussian noise. (a) Original high-resolution
face image; (b) Low-resolution face images with noise; (c) Hallucinated face images using
different eigenface number. K is the eigenface number in eigentransformation, and o is the
standard variation of Gaussian noise

4 Conclusion

Because of the structural similarity, face images can be synthesized from the linear
combination of other samples. Based on this property of face images, hallucination
can be implemented by eigentransformation. By selecting the energy level in the PCA
representation, our method extracts maximum facial information from the low-
resolution face images and is robust to noise. The resolution and quality of face
images are greatly improved over the low-resolution images.
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Abstract. Fisher Linear Discriminant Analysis (LDA) has recently been
successfully used as a data discriminantion technique. However, LDA-based
face recognition algorithms suffer from a small sample size (S3) problem. It
results in the singularity of the within-class scatter matrix S, . To overcome
this limitation, this paper has developed a novel subspace approach in
determining the optimal projection. This algorithm effectively solves the small
sample size problem and eliminates the possibility of losing discriminative
information.

1 Introduction

The objective of Fisher Linear Discriminant Analysis LDA is to find a projection X,
from original sample feature space to a transformed lower-dimensional feature space,
ie.,

. . det(X"S, X
X :R">R"n>m, X = argmaxw
x  det(X'S X)
LDA suffers from a small sample size (S3) problem. This problem occurs when the
sample size is smaller than the dimension of the feature vectors. Under this situation,
S, becomes singular and direct calculation of its inverse is not feasible. In view of

this limitation, this paper compares and evaluates the existing LDA-based methods
and proposes a new solution to this problem. It effectively solves the small sample
size problem and eliminates the possibility of losing discriminative information.

The rest of this paper is organized as follows: Section 2 reviews the related work
on LDA-based algorithms in face recognition; Section 3 introduces our new optimal
subspace algorithms; Section 4 gives comparison analysis and discussion; the
comparison experiments are shown and discussed in Section 5; and. Section 6
concludes this paper.

D. Zhang and A K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 95-101, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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2 Previous Work

2.1 Related Work

Suppose there are ¢ known pattern classes of N training samples in total, and the
original feature space is n-dimensional. S,,S, and S, denote between-class scatter

matrix, within-class scatter matrix and total scatter matrix respectively. As we know,
they are all non-negative definite, and S, = S, + 5, .

X'S X
X'S X
where X is an n-dimensional nonzero vector. The goal of LDA is to optimize the
extracted features for the purpose of classification.

One classical kind of LDA-based methods includes Fisherfaces [3], EFM [9] and

the uncorrelated LDA [8]. These methods may remove the small eigenvalues
(including zero eigenvalues) in S, means that we discard the null space of S, which

Fisher discriminant criterion function is defined as follows: J(X) =

contains useful discriminant information. In turn, the performance will be degraded.
To deal with this problem, Chen [5] proposed to keep the null space of S, . Their

idea is sound and the developed theory provides a solid foundation, but their
algorithms have to run in the high-dimensional original feature space and would
suffer from computational problems. In view of the limitation of Chen's method, Yu
[2] proposed a new method, called Direct LDA. This method suffers from the
performance limitation. This is because discarding the null space of S, would lead to

the losing of the null space of S, indirectly. In 2002, Huang [4] proposed to remove
the null space of S, , and then keep the null space of S,

w

finally discard the null space
of S, , where S, and S, are the dimension reduced version of S, and S,

respectively. But in Huang method, the matrix Sb” may not be full rank and some
discriminatory information maybe lost.

3 Proposed Method

A new method is proposed to solve S3 problem in LDA. The new method optimizes
both the performance and complexity.

Lemma 1[1] Suppose that A is non-negative definite matrix, X is n -dimensional
vector, then X" AX = 0 ifand only if AX =0.

Lemma 2[4] If S, is singular, X"S,X =0 if and only if X'S, X =0 and
X'S$,X=0.

Since S, S, are non-negative definite and S, = S, + S, the above lemma is easy

to get.
Since §, is non-negative definite, there exist an orthogonal matrix U, such that

U'SU=A where A=diag(a,,,a,) » a,--,a, are eigenvalues of §, , and

n
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=a,,=-=a,=0 . Let /N\:diag(a],--~,ap) )

a,2a,2--2a,>0 , a pi2 R
W= [ul’uz’”'7up]x_% and IV = (up+1a"”un) :

Consider §W =w'S W . It is easy to prove that §W is nonnegative definite, so
there exist p  orthogonal eigenvectors &l and the associated
eigenvalues } <...< A, such that §w§j = /1].5_]., forj=1,--,p.

Let X, =W¢,,---, X, =W¢ . we can get the following theorem.

Theorem 1 eigenvectors X ,.--, X  and corresponded eigenvalues Ayyeee, A, are the
solution of the eigenequation S, X = AS X, j=1,---,p.

Proof:
Sincegwfj =48, (j=1-,p) thatis W'S W&, =2.¢&,.
J
/ : n—p
0

Let V = (W, W), by the definition of ¥ , it follows that W'S,W = 0. By lemma

1, we have W'S W = 0. Since S, is non-negative definite matrix, by lemma 2, we

have S, W = 0.
T

oo s (1 o )= o

(wisw wIs w ¢, )
wrsw w'Sw\o

Since S, W = 0, equ.(1) is equal to

V'S¢, =(W SN OJLQJH[W SWW@‘J m(ifo fjm,;,

Let o _ 0 , then dimension of ¢, is n.

0 oONO 0
hence S V¢, =4,V")'¢, . ()
Since V7S VE = [W Sw 0}(@] _ (1 oJ(f,—j ¢,
! 0 oNO 0 OAO !
we have S V¢, =" g 3)

Substituting equ. (3) into equ. (2), we have §, V(' =1 .S V(.
| (¢
Since V¢, :(W,W)(O’ =Wé, =X,

it follows that S, X, =A,8X,,j=1p.
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-4 i=j
Corollary 1 XS, X = = J i,j=1-,p
1 J . .
0 i#J
. r 1 i=j r /1/. i=j
Since xS X, =6, = s XIS X, =4 i,j=1,---,p and
0 i# 0 i=j
. 1-4, i=j
S, =S, —8,,itfollows that XS, X . = J i,j=1-,p-
70 i# ]

The proposed LDA method is subjected to S, -orthogonal constraint. From the
statistical correlation point of view, the projection is also optimal [8].

Corollary 2 If A=4=-=1=0 |, 0<,1u+1<...<,1p ,
eigenvectors XX, and corresponded eigenvalues
_ _ 1—
1= A ,1 Auso oy A are the solution of the eigenequation S, X = AS X,
ﬂ’uﬂ ﬂ’u+2 §%
j=u+l,---,p.

Since §, X, =4,S,X,, j=u+l,,p,it follows that § X', =4,(S, +5,)X,. As

1-4,
0<A4,, <---<A4,, then we can get S,X, = LS, X ;s j=utlp.
J
By Theorem 1, we can draw the following conclusion:

M If 4=4,=-=4=0, 0<4,<-<A,, by lemma 2 and

u+1

Corollary 1, it follows that XjTShXj 0, XjTSjo =0,j=1,--u.

So the Total-scatter(u)[] Z X jTS;, X, is maximum. As for
Jj=1
0<A4,, <---<A4,, by Corollary 2, it follows that ¥ =[X,,---, X ]

u+1

is the optimal projection According to the criterion function
det(Y'S,Y
J(Y)= M .
det(Y'S,Y)
(2 Ifo<24, << A, by Corollary 2, it follows that Y=[X,X,] is
the optimal projection According to the criterion function
det(Y'S,Y
J(Y)= e( - b ) .
det(Y'S,Y)
The new algorithm and the computational consideration are described as follows:
First get the prewhitening transformation matrix W , which is defined by

~_1 ~ . .
W:[ul,uz,---,up]/\_f. Next, let § =w’s w, and v, -+, V, are its eigenvectors
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corresponding to the first d smallest eigenvalues. Let V' =(v,,---,v,) , then the

optimal subspace LDA algorithm is ¥ = P* X , where P=WV .

4 Analysis

Since the within-class scatter matrix includes the face variation for the same
individuals and the between-class scatter matrix includes the variation between mean
face images [6], we can neither overlook the discriminatory information within the
null space of within-class scatter matrix or overlooks the discriminatory information
outside the null space of between-class scatter matrix. Comparing with Fisherface
method [3], Direct LDA method [2], and Huang's method [4], Our algorithm is the
best one that fulfills the idea above.

By the experiment results, our algorithm outperforms other three typical methods.
Especially when the sample size is small, which is the problem we definitely want to
resolve. As to the computational complexity [4], the most time-consuming procedure,
eigen-analysis, is performed on two matrices (cxc,c—1xc—1) in Direct LDA, three

matrices (NxN,(N —1)x(N —1),cxc) in Huang method and three matrices (one of
NxN, two of (N—c)x(N —c)) in Fisherface method. While, our method performs on

two matrices (NXN and N—IxN-1). It can be found our method gets the best
results with a relatively low computational complexity.

5 Experiment Results

To demonstrate the efficiency of our method, extensive experiments are performed on
different face image databases.

5.1 Using ORL Database

In ORL database, there are 40 persons and each person consists of 10 images with
different facial expressions, small variations in scales and orientations. The resolution
of each image is 112 x92..

We randomly selected n images from each individual for training while the rest
are for testing. It is known that the results will be different with different training
images. To smooth out the fluctuations, the experiments are repeated 50 times and the
recognition rate (%) is then calculated under a minimum distance classifier. For each
value of n , we choose 39 as the finial dimension. The average accuracy is charted in
Figure 2. For each experiment, the list of training images and testing images are
recorded and stored. When comparing with other methods, same list will be used.

In order to compare the performance of the proposed method with existing
methods, the same experiments are conducted using Fisherface method [3], Direct
LDA method [2], and Huang's method [4]. Please note that, to have a fair comparison,
the same lists of training images are used for all methods. The results are shown in
Figure 2.



100  Haitao Zhao et al.

5.2 Using FERET Database

To experiment on more challenging data, we have selected 72 subjects from the
FERET database, with 6 images for each subject. The six images are extracted from 4
different sets, namely Fa, Fb, Fc and duplicate [7]. All images are aligned at the
centers of eyes and mouth and then normalized with resolution 112x92 . This
resolution is the same as that in ORL database.

The experiment setting for the FERET database is similar with that of ORL
database. the number of training images is ranged from 2 to 5. The experiments are
also repeated 50 times under a minimum distance classifier. For each value of n , we
choose 71 as the finial dimension. the average accuracy is charted in Fig. 2.

100

Recognition Accuracy (%)

701 —e— Fisherface

—— D-LDA
65 —+~ Huang

—+— Our method

60
2

. . . . . .
3 4 5 6 7 8 9
Number of Training Samples

Fig. 1. Comparison with other methods on ORL databases

Recogntion accuracy

/ —e— Fisherface
60 —— DDA
/ —+- Huang
550 —+— Our method
50 . . . . .
2 3 4 5

Number of training samples

Fig. 2. Comparison with other method on the FERET dataset
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6 Conclusions

This paper has developed and reported a new method for solving the small sample
size (S3) problem in Fisher Linear Discriminant Analysis. A new idea of getting
optimal subspace is proposed and a new algorithm is then derived. The proposed
algorithm is an alternative to currently accepted methods that do not take advantages
of both discriminant information within and outside of the null space of the within-
class scatter matrix. Without the computation of the subspace space of the between-
class matrix, this paper develops an optimal subspace LDA algorithm. Through
theoretical derivation, we can find this algorithm effectively solves the S3 problem
and eliminates the possibility of losing discriminative information.
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Abstract. In this paper we propose to use the technology of multiple correlation
filters to address the issues involved in still-reference-to-video-sequence face
verification. In particular, we assume that the gallery consists of one or a few
digital images of a person's face as reference and the probe set consists of video
sequences as test data. The test data consists of a sequence of face images of a
naturally moving person, captured from one or more cameras. An automatic
face recognition system involves face/head tracking and cropping, correlation
filter based face matching, and combining the evidence from multiple frames of
the face images.

1 Introduction

Biometric verification is being investigated for many access control and e-commerce
applications as biometric signatures offer the advantage that they cannot be stolen or
forgotten like passwords. Examples of biometrics include face images, fingerprints,
voice patterns, iris patterns, etc. Biometric verification (or authentication) refers to
the task of determining whether a stored biometric matches a live biometric or not and
thus determining whether the claimant of an identity is an authentic or an impostor. A
closely related problem is biometric identification, in which a live biometric may be
matched against a database of biometrics to determine the identity of the subject.
Sometimes the term recognition is used to refer both of them. In this paper, we focus
on the problem of subject verification based on face images.

Face verification is attractive because face images can be captured in a non-
intrusive way, but the recognition performance drops for many face recognition
methods when the test image does not enjoy the same geometric and photometric
conditions as the training images, e.g., frontal view vs. side view. To address the
problem of pose difference, video-to-video face recognition approaches have been
proposed [1,2], where both gallery and probe sets consist of video sequences
containing the face in some frames. Such video-based face recognition systems
exploit much more information than still image based face recognition systems.
However, most current video-based face recognition methods have been tested only
for the cases where the training video sequence and the test video sequence are
captured in the same conditions. Also, the video-to-video approaches require video

D. Zhang and A.K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 102-108, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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sequences for training, which may not be available in some applications. These are
some of the factors that limit the application of video-to-video face recognition.

We propose in this paper a still-to-video face verification system based on
correlation filters. The gallery consists of a few high-quality digital images of a
person's face as reference and the probe set consists of video sequences of a person
moving normally in an area. The test subject may not be cooperative, in the sense of
providing defined views to the camera. In this scenario, our hypothesis is that those
frames that have a view approximately corresponding to the views in the training
images are able to provide partial evidence of the identity of the test subject.
Combining those partial evidences from multiple frames may lead to a better
verification decision.

For this method to succeed, the matching algorithm for a single frame should have
a very low false acceptance rate, otherwise it is very easy to accumulate a lot of false
evidence. Correlation filters such as the minimum average correlation energy
(MACE) filters [3] usually emphasize the high frequency components of the training
image, so there is less chance for a MACE filter to produce high confidence match
with an imposter image So the MACE filter is suitable in our application.

The rest of this paper is organized as follows. In Sec. 2, we introduce the concept
of face recognition using correlation filters and introduce the three correlation filters
used in this work. In Sec. 3, a still-to-video face verification system is described and
each component is introduced in detail. Our numerical experiments results are
presented in Sec. 4 and final discussion is in Sec. 5.

2 Advanced Correlation Filters

The basic concept of still-to-still face verification [3] using a correlation filter is
illustrated in Fig. 1. There are two stages, namely the enrollment stage and the
verification stage. During the enrollment stage, one or multiple images of an
individual's face are acquired. These multiple training images should reflect the
expected variability (perhaps due to rotation, scale changes, illumination changes,
etc.) in the face image. The 2-D Fourier transforms (FT) of these training face images
are used by a correlation filter design algorithm to determine a single frequency-
domain array (called a correlation filter) that is stored. In the verification stage, the
user presents a live face image and its 2-D FT is multiplied by the stored frequency
domain array and the inverse 2-D FT of this product results in the correlation output.
If the filter is well designed, we should observe a strong peak in the correlation output
when the input image is from an authentic and no such discernible peak if the input is
from an impostor. The location of the peak indicates the position of the input image
and thus provides automatic shift-invariance. One measure of the peak sharpness is
the peak-to-sidelobe-ratio (PSR), [3] defined as follows
PSR = Peak — mean(sidelobe) ,

std (sidelobe)
where the sidelobe refers to a small region centered at, but excluding the peak.

(1
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Many advanced correlation filter have been developed with different criteria such
as maximal noise tolerance, and maximal peak sharpness [3-6].

Optimal Tradeoff Filter (OTF). The minimum variance synthetic discriminant
function (MVSDF) filter [3] was developed to maximize tolerance to input noise and
the minimum average correlation energy (MACE) filter [3] was developed to suppress
sidelobes in correlation output and thus produce a sharp peak. However, the MVSDF
filter emphasizes low spatial frequencies whereas the MACE filter emphasizes high
spatial frequencies and thus they are conflicting. Using the multi-criteria optimization
approach, an optimal tradeoff filter (OTF) that optimally trades off distortion
tolerance against discrimination was introduced in [5].

Optimal Tradeoff Circular Harmonic Function Filter (OTCHF) [6]. A common
distortion in acquiring face images is in-plane rotation of the face image. The
coordinate transformations such as polar mappings can be combined with Fourier
transforms to design circular harmonic function (CHF) [6] filters that can handle in-
plane rotation. Since the face images are mapped into polar coordinates, in-plane
rotations appear as shifts in the polar domain and shifts can be handled by correlation
filters. The CHF filter design optimally trades off among various correlation filter
performance criteria while achieving specified in-plane rotation response of the
correlation peak. Although polar mappings are used during filter design, filter use
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during the verification stage is just like in all other correlation filter cases and no
coordinate transformation is needed during the verification stage.

Polynomial Correlation Filter (PCF). The main idea underlying PCFs [4] is
illustrated in Fig. 2. Although any point nonlinearity can be used for PCFs, we
consider powers (e.g. x%, x°, etc.) for reasons of analytical simplicity. The analysis and
the form of the solution remain the same irrespective of the non-linearity used, with
the only restriction that the nonlinearity should be point nonlinearity. The objective is
to find the filters %;(m,n) such that the structure shown in Fig. 2 optimizes a
performance criterion of interest. More details of PCF filter design can be found
elsewhere [4].

3 Still-to-Video Face Verification System

The proposed still-to-video face verification system has two stages: the training
process based on one or more still images and the automatic face verification based
on video sequences. A face template is cropped from one training image of a subject,
and multiple correlation filters are then built from that template. The test system
consists of three components: a face detecting and tracking block to crop the face
image from each frame, a face verification block that uses multiple correlation filters
to derive partial evidences from each frame, and an evidence accumulation block to
summarize evidence and yield a score for final face verification decision.

Cropping face images from each frame is implemented in two steps. In step one, a
region of interest (ROI) of human head is detected from each frame by using the
motion information derived from difference image of two consecutive frames [7]. In
step two, we use a template matching method to accurately locate the face region in
the ROI. This exhaustive search is not very efficient, but still computationally
affordable since the searching range has been narrowed by the ROL.

The verification decision is based on a video sequence, but at frame level we use
correlation filters to derive partial evidences. OTSDF filter has been shown good
verification performance for still-to-still face verification across illumination and
expression variation, so it is used as a baseline filter in this paper. For each frame,
three correlation filters are used to generate three PSRs. The PSR values are used as
partial evidences. We use a nalve combination method that produces a weighted sum
of matching scores, for which the weights are chosen by trial and error. Since
different correlation filter methods focus on different performance criteria, the
combination of multiple correlation filters can lead to a better decision.

0 PSR, <T, v
s, = PSR, —T, T, <PSR, <T, > Score = Zl 5; 2)
exp(PSR, —T,)+(T, -1-1)) otherwise -

One property of MACE-type correlation filter is that it usually emphasizes high
frequency components, and therefore there is little chance for a correlation filter to
generate high PSR values with impostors, which implies that a higher PSR value
indicates matching with high confidence. Based on this property, we propose an
evidence accumulation method that maps each PSR value to a score by giving more
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weight to the higher PSR and then sums up those scores to generate a final score for
each test sequence. The mapping function is a two-threshold monotonically increasing
function shown in Eq. (2).

4 Experiments

In order to test the proposed system, we collected a video sequence database with 10
subjects. During the data collection, the subject is asked to pretend to be working in
front of a computer with a webcam on top of the monitor. The subject may change
his/her position, expression and orientation of the head. For each subject, 300 frames
are collected as a test video sequence. Whenever possible, we asked the subject to
submit several high quality still images with a frontal face. Otherwise, we take their
pictures using a digital camera. The cropped gallery images and some examples from
the probe video sequence of these 10 subjects are shown in Fig. 3.

We tested the OTSDF filter, the OTCHF filter, the PCF and the combination of the
OTCHEF filter and the PCF for each sequence. The OTSDF filter is used as a baseline
method for comparison. For evidence accumulation, we tested a baseline method of
direct summation of all PSR values for each sequence to generate a final score. We
also tested the proposed nonlinear PSR accumulation method, for which we need to
choose two thresholds for the two-level-threshold mapping function. These thresholds
can be chosen based on imposters' face video sequences. In our experiment, we
additionally collected other 4 people's face video sequences as imposter sequences.
We tested these imposter sequences for each person in the 10-subject database and get
the PSR values for imposters in each case. From the mean and variance of these PSR
values we compute the proper thresholds for each subject in the database.

Fig. 3. The gallery set: including 10 templates manually cropped for 10 subjects; the probe set
100 sample images from the probe set: randomly chosen 10 for each subject
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Table 1. Number of verification errors

OTSDF PCF| OTCHF| PCF+OTCHF
Direct summation 9 7 6 6
Weighted summation 6 1 6 0

Fig. 4. The accumulated scores over frame index number of subject 10 for the OTSDF filter
(left) and the PCF (right)

Fig. 5. The accumulated score over frame index number of subject 4, PCF filter (left) and
OTCHEF filter (right)

In our experiments if the sequence with the highest score has the same class label
as the template, it represents a correct verification; otherwise, we record an error. The
face verification performances are shown in Table 1. In each cell we show the number
of errors.

We can see from the Table 1 that the weighted summation outperforms the direct
summation, which means the proposed evidence combination method is able to
effectively exploit video sequence information to get better verification performance.
We also see that the advanced correlation filters, e.g., PCF filter and OTCHF filter,
perform better than the OTSDF filter. By combining the results of different
correlation filters, we get even better verification rate.

In Figs. 4 and 5, we illustrate the perforamnce of the PCF filter and OTCHF filter
by means of two examples. In each plot, the thicker curve is for authentic and the
lighter curves are for imposters. Fig. 4 shows evidence accumulation curves of an
OTSDEF filter and a fifth order PCF filter for subject-10. We can see that by using
OTSDF filter there are three imposters whose accumulated verification scores are
larger than the authentic, but by using PCF we essentially apply a nonlinear classifier
for each frame and get the better verification performance. In our experiments, the
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PCF generally outperforms its linear counterpart. In Fig. 5, we see the evidence
accumulation curves for subject-4 by using the PCF and the OTCHEF filter. In subject
4's testing sequence, a continuous tilt of the head is present, resulting in the in-plane
rotation variation of his cropped face images. OTCHF filter is particularly designed to
have in-plan rotation tolerance so it shows better performance than the PCF.

5 Conclusions

This paper introduced a still-reference-to-video-sequence face verification system.
This system is useful in applications requiring the recognition of a subject in a video
sequence when only one or a few still training images are available. The automatic
face verification system consists of face detection and cropping, face matching and
evidence accumulation procedures. Numerical experiments show that by using
multiple correlation filters and nonlinear evidence accumulation method, the proposed
system is able to effectively verify a video test sequence based on a still reference
image. In the follow-on work, we will further investigate the multiple correlation
filter combination technology and exploit temporal information in evidence
accumulation methods.
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Abstract. Among the many developed techniques for biometric recognition,
face analysis seems to be the most promising and interesting modality.
Nonetheless, there are still many open problems which need to be “faced” as
well. For example, the information conveyed by faces (in fact too much) must
be selectively extracted to obtain useful hints for recognition. The choice of
optimal resolution of the face within the image, face registration and facial
feature extraction are still open issues. This not only requires to devise new
algorithms but to determine the real potential and limitations of existing
techniques. It turns out that all methods based on the same biometric
measurements have the same intrinsic limitations, which can be only overcome
by the adoption of a multi-modal or multi-algorithmic approach.

1 Introduction

Every living creature depends on the ability to perceive the outside world. In turn, the
correct perception requires to consistently organize the acquired sensory data, either
visual, tactile, olfactory or acoustic. Organized “perceptual patterns” allow humans to
perform a variety of tasks, all based on the recognition of precise data configurations.
For example, the first and primary perceptual task of a living creature is the
recognition of his/her mother. This is firstly based on simple recording and matching
of olfactory data, but quickly develops adding information based on her voice and
appearance. In the case of humans, as the child grows, quickly develops a surprising
ability to analyze faces. The neural plasticity of infants allows to generalize the “mom
recognition” task to learn how to recognize many different faces. The age, race, mood
and other behavioral attitudes are perceived from the face image as well.

Reverting this human capability into the design of an information technology
system is certainly a formidable task. Current research in face and gesture recognition
is trying to “climb the hill” toward this direction [1-10]. Many difficulties arise from
the enormous dimensionality of the search space when dealing with natural images.
These findings enforce the need to devise simple and modular processing elements,
which are functionally related to the selective extraction of collective information
from face image streams. This paper presents few of these modules aimed at the
authentication of a person's identity by matching holistic representations of the face.

D. Zhang and A.K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 109-116, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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2 Information Processing

Neural systems that mediate face recognition appear to exist very early in life. In
normal infancy, the face holds particular significance and provides nonverbal
information important for communication and survival [11]. Much is known about
the neural systems that subserve face recognition in adult humans and primates [12].

The high specialization of specific brain areas for face analysis and recognition
motivates the relevance of faces for social relations. On the other hand, this suggests
that face understanding is not a low level process but involves higher level functional
areas in the brain. These, in turn, must rely on a rich series of low level processes
applied to enhance and extract face- specific features:

e Face detection and tracking. This process may involve the analysis of dynamic as
well as geometric and photometric features on the face image.

e Facial features extraction. Facial features are not simply distinctive points on the
face, but rather a collection of image features representing specific (and
anatomically stable) areas such as the eyes, eyebrows, mouth, etc. Other, subject-
specific features may be also included, such as a naevus.

e Face image registration and warping. Humans can easily recognize faces rotated
and distorted up to a limited extent. The increase in time due to face rotation and
distortion implies: the expectation of the geometric arrangement of features, and a
specific process to organize the features (analogous to image registration and
warping) before the recognition process can take place.

o Feature matching. This process involves the comparison between the extracted set
of facial features and the same set stored in the brain. Feature extraction and
matching (or memory recall) are not completely separated and sequential
processes. From the eye scan paths recorded during face recognition experiments,
it seems that, after moving the eyes over few general facial features, the gaze is
directed toward subject-specific features, probably to enforce the expected
identity.

Together with the defined general visual processes, the understanding of more
abstract terms (such as age, race, gender, emotion) also requires the intervention of
task-specific processes, such as motion analysis and facial features tracking for
understanding emotion-specific patterns [3, 5, 6, 13].

As it is beyond the scope of this paper to trace all face-specific information
processing, we will concentrate on face recognition and authentication, which not
only are among the most studied aspects related to visual processing, but probably the
most representative of the tasks involved in face image analysis.

3 Face Recognition

To achieve any visual task, including face recognition, humans are able to
purposively control the flow of input data limiting the amount of information
gathered from the sensory system [14-16]. The anatomy of the early stages of the
human visual system is a clear example: despite the formidable acuity in the fovea
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centralis (1 minute of arc) and the wide field of view (about 140x200 degrees of solid
angle), the optic nerve is composed of only 1 million nerve fibers. The space-variant
distribution of the cells in the retina allows a formidable data flow reduction [17].

For this reason face recognition requires the selection of few relevant attention
areas which are the most informative within the face.

3.1 Extraction of Facial Features

A technique applied to detect the facial features relies on the application of
morphological operators to enhance structured iconic data such as contours, valleys
and peaks in the gray levels. This information is gathered to make hypotheses for the
presence of specific facial features, into two steps:

e By first computing the cumulative values of the filtered image along the rows. The
eyes correspond to the area with higher cumulative values;

e The same process is performed along the columns in the area corresponding to the
eyes, determined at the previous step. The two maxima locate the two eyes.

In order to avoid false matches a geometrical constraint is enforced to the position
of the eyes and mouth, which is to lie at the vertexes of a triangle. The values
assumed by the angles of the triangle are bounded to 44° < o; < 84°,

The exact position of the features is determined by computing the cross-correlation
between the image and a feature template, within a 10x10 pixels window centered on
the previously determined position. The template is obtained by cutting the eyes and
mouth out of a sample image of the same subject. From an extensive test this choice
demonstrated to give more accurate results than computing an average template. This
is due to the fact that the averaging process deforms considerably the feature's shape.

1

Fig. 1. Facial features detection. (Left) Original image. and valley image after morphological
filtering. (Center) Cumulative values computed along the rows of the filtered image and along
the columns of the window identified by the maxima extracted from the filtered image. (Right)
First guess for the eyes and mouth position and final position of the facial features computed
by template matching
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Fig. 2. Extraction of space-variant fixations. (Left) Original image. (Right) Log-polar fixations

The three correlation values stemming from the eyes and mouth are averaged to
obtain a score between —1 and 1. The estimated position is accepted only if the
geometric constraint is satisfied and the matching score is higher than a given
threshold. The discriminant value for the correlation score is determined by a
validation test performed on a set of 2019 images, divided into two classes:

o all images (1609) where the facial features are partially occluded or not visible,
plus all the images where the mean difference between the estimated and the
manually determined feature positions is greater than a given threshold;

¢ all remaining images in the set (410).

The False Acceptance and False Rejection Rate were computed from the feature
correlation scores of the two image sets. These measures represent the capability of
separating the two classes (valid and wrong features). The score value corresponding
to equal FAR and FRR determines the reliability of the estimated features.

3.2 Analysis of Matching Techniques

Two matching techniques are presented. In the former, the subject is represented by a
collection of fixations from the face image. The matching is performed by computing
the correlation between the representation of the reference subject and the acquired
face image. The algorithm is based on the following steps:

1. Given the position of selected facial features (the eyes and the mouth), three log-
polar fixations are extracted from the acquired image of the subject (see Fig. 2.).

2. The log-polar images are warped to simulate views as close as possible to the pose
and orientation of the reference subject's face (almost parallel to the image plane).

3. Corresponding fixations are compared by computing the sum of the absolute value
of gray level differencesand the normalized correlation. Two matching scores are
obtained from each fixation independently.

4. The scores obtained by the log-polar fixations are combined to form a 6
components vector representing the similarity between the subject and the model.

This threshold is determined statistically by computing the probability of locating the facial
features correctly in more than 50% in a given image ensemble.

To compute the difference, the gray levels of each log-polar fixation are first normalized to
the range of intensity values of the corresponding facial feature of the reference subject.
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Fig. 3. Extraction of the face window and warping

The log-polar transformation is computed at frame rate by using special re-
mapping software routines. This approach has several advantages over special
hardware devices, like space-variant sensors: it is more flexible and allows the use of
conventional, low-cost cameras. The feature extraction and matching process may be
iterated over other subject-independent (like the eyebrows) or subject-dependent
features, thus increasing the reliability of the recognition process.

The latter technique performs the matching over a single window containing the
whole face [18]. As a major problem with template matching is the registration of the
two images, the window is warped according to a feature space determined by the
position of the facial features (see figure 3).

4 Evaluation of Matching Techniques

Every face matching scheme is devised to deliver a similarity score from each
compared image-template pair. From the computed scores a statistical classifier
allows to determine the similarity between a given model and the subject. The real
potential of a matching method can be assessed by dividing the matching scores into
two classes:

e scores obtained comparing all images of the same subject (client tests);
e scores obtained comparing all images of different subjects (impostor tests).

Given the entire ensemble of matching scores for the two classes (each score can be
regarded as a vector within the class), the discrimination power can be defined
through five statistical indexes:

e The intraset and interset distances (class separability indexes). These
measurements define the distances among the elements of the same class and
between the two classes. The intraset distance should be smaller than the interset
distance.

e The Bayesian error probability.

¢ The false acceptance, false rejection and the equal error rate (FAR, FRR, EER). A
one-dimensional representation of the distributions of the measurement vectors (set
of matching scores) of the two classes, is determined by the Fisher transform:
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N; represents the number of elements of class “7” and m; is the mean value.

The resulting curves represent the probability densities of the missed clients and
the allowed impostors as a function of the matching score, and the integrals represent
the false acceptance and false rejection rates [18, 19].

The described algorithms were tested on a subset (with, at least, two images for
each subject) of the FERET database [6] yielding 2.5 EER for both methods [10]. The
same tests were also performed on the Olivetti Resarch Lab database [20], using the
five even images, out of the set of ten per subject, to simulate training, and the other
five for testing. The matching result for each trial has been obtained using a max rule
to combine the similarity scores, yielding 8.5% EER (performing full face matching).

To test the algorithms in the worst conditions, a more challenging database has
been acquired, composed of 488 gray level images (8 bits per pixel) from 75 subjects.
The image size is 384x288 pixels with the head size smaller than 80x120 pixels. The
images have been acquired from a camera placed at the entrance of an industry
working area. As the subjects were unaware, the faces have unpredictable size,
expression, orientation and pose. Most of the pictures from the same subject were
acquired at least days or even weeks apart. As it can be noticed, the log-polar
matching yields a higher error than the full face matching technique. In fact, the low
image resolution does not allow to capture sufficient gray level variations within the
receptive fields.

Table 1. Performances of the face matching systems. The two columns on the left report the
computed errors with the two described methods for the extraction of the facial features. As a
reference, the last column reports the performances of a highly reputed commercial system.

Full face matching Log-polar matching Commercial
Subject-based | Generic Subject-based system based on
template template template LFA
P, 30.5% 36.5% 32% 31.5%
EER 16% 21.5% 17% 20%

5 Conclusion

The analysis of faces is one of the most important visual processes in humans. Two
iconic matching algorithms have been considered and stressed to the worst possible
working conditions by using an ad-hoc database. The aim was to understand the
actual limits and failing modes not only of the specific method applied, but also of
any general iconic-based matching technique.

From the error indices reported in this, as well as previous papers [18], it is
possible to make the following considerations:
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o The face registration and warping is critical for the entire recognition process.

e The performances of an identity verification system must be assessed on multiple
and different data sets, to understand the real failing modes.

e There is an intrinsic limit in using a matching technique alone to discriminate a set
of given clients from the class of all possible impostors.

The clear limitations of a single matching engine enforces the need for either a
multi-level or a multi-algorithmic process, where several (at least two) cooperating
“experts” are applied to the same authentication process.
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Abstract. This paper proposed a novel integrated dual factor authenticator
based on iterated inner products between tokenised pseudo random number and
the user specific facial feature, which generated from a well known subspace
feature extraction technique- Fisher Discriminant Analysis, and hence produce
a set of user specific compact code that coined as BioCode. The BioCode
highly tolerant of data captures offsets, with same user facial data resulting in
highly correlated bitstrings. Moreover, there is no deterministic way to get the
user specific code without having both tokenised random data and user facial
feature. This would protect us for instance against biometric fabrication by
changing the user specific credential, is as simple as changing the token
containing the random data. This approach has significant functional
advantages over solely biometrics ie. zero EER point and clean separation of
the genuine and imposter populations, thereby allowing elimination of FARs
without suffering from increased occurrence of FRRs.

1 Introduction

Many systems require reliable personal authentication infrastructure to recognize the
identity of a claimant before granting access to him/her. The conventional secure
measure involves possession of token or special knowledge like smart card and
password. Unfortunately, the first two suffer a lack of security as they are easy being
forgotten and stolen. Biometric surpasses these two methods by offering positive
human identifier based on an intrinsic aspect of a human-being. However, the greatest
vulnerability of biometric is impuissance to compromisation [1] — a major concern of
the public for the privacy risk in biometric technology. In other words, when a
biometric is compromised, like a password, is rendered unusable. This is exacerbated
by the fact that when compromised, a new template cannot be assigned.

There is substantial research going on to find solutions/alternatives to the
contemporary non-reissuable biometric. Some authors like Ratha et. al. [1] and
Davida et al. [2] have introduced the terms cancelable biometrics and private
biometrics. These terms are used to denote biometric data that can be cancelled and
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replaced, as well as is unique to every application. Davide, et al. [3] have outlined
three principal objectives of designing a cancelable/private biometrics:

i.  No same cancelable template can be used in two different applications.

ii. A new template can be reissued when compromised.

iii. Only combination of the hashed template and the biometric feature can
contribute to the recognition process.

In this paper, a novel integrated dual factor authentication approach which
combined tokenized random data with face feature to generate a unique compact
binary code per person - BioCode is highlighted. The discretization is carried out by
iterated inner product between the pseudo random number and face features that
generated from the Fisher Discrimination Analysis (FDA)[4], and finally deciding
each bit on the sign based on the predefined threshold. Direct mixing of random and
biometric data is, in fact, an extremely convenient mechanism with which to
incorporate serialised physical tokens, i.e smart card or USB token, thereby resulting
in two factors (token+biometrics) credentials via tokenised randomisation. Hence, it
protects against biometric fabrication without possession of the corresponding token.
Tokenised discretisation also enables straightforward revocation via token
replacement. Therefore BioCode are conformed to the above listed criteria. Biometric
decision scheme, which is well defined under classical framework of statistical
decision theory, is extremely hard to gain zero both in False Acceptance Rate (FAR)
and False Reject Rate (FRR), due to the fact that the classes are difficult to
completely separate in the measurement space [5]. Realization of relatively low FAR,
i.e. acceptance of imposters, will yield relatively high FRR, i.e. rejection of genuine
and otherwise. BioCode has significant functional advantages over solely biometrics
ie. zero EER point and eliminate the occurrence of FAR without overly imperil the
FRR performance.

2 BioCode Formulation Overview

BioCode formulation consists of two stages: (a) transformation of a raw face image to
a highly discriminative representative feature — an user specific fisherprojections on
Fisher subspace, with a moderate degree of offset tolerance; (b) a discretisation of the
data via an iterated inner-product of tokenized random and user data. Note that inner-
products are straightforwardly specified for more complex representations ie
s=ldx[dx".a(x")b*(x-x") for square-integrable functions a, be L% The details of the
feature extraction and biometric discretisation components will be discussed as
follow.

2.1 Feature Extraction — Fisher Discrimination Analysis

Fisher Discriminant Analysis (FDA) is a popularly known technique to maximize the
ratio of between-class scatter to that of within-class scatter. In other words, it projects
face image IER" such that images of the same class are close to each other while
images of different classes are far apart into Fisher subspace with Rc!
fisherprojections, with dimensionality c<<N where ¢ corresponding to the number of
distinct users in the training images. The basis vectors calculated by FDA create the
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Fisher subspace, which is also called FisherFace. More detail information can be
obtained from [4].

2.2 Biometrics Discretisation
At this stage, the fisherprojections, @ €R" is reducing down to a set of single bit,
be {0,1}" , with m the length of the bit string via a tokenised pseudo random number,

reR m, which distributed according to uniform distribution U[-1 1].
BioCoding is described in terms of successive simplifications as follow:

(a) Raw intensity image representation: IER" | with N the image dimension.
(b) FDA representation in a vector format, @€R', with ¢ corresponding to the
number of distinct user in the training image.

(c) Discretization, be {0,1}" , where m < c-1.

The BioCoding progression can be illustrated as in Fig. 1:
The primary concern from the security viewpoint eyes on information protection
during the representational transformations, and in particular whether (or how) these
transformations can be inverted to recover the input information, i.e. biometric
fabrication - one of the major public concerns in biometrics application. The above-
listed parameters are said to be zero knowledge representations of their inputs if the
transformations are non-invertible, as in the case of cryptographic hash
h(r,k):2Mx Vlzm' — 2™ for token serialisation r and secret knowledge (arbitrary-
m

length password) k. Note the non-recovery of key-factors (r, k) from h(r, k), which
motivates an equivalent level of protection for biometric feature. This is
accomplished via token-specification of representations (c), such that
H(rw) : 2"XRe1 — 2™

Achieving (c) requires an offset-tolerant transformation by projected @ onto each
random pattern, and the choice of a threshold, T to assign a single bit for each
projection:

1. Compute x = <@, r> with r, where <-,-> denote the inner product process.

0 x<u-o
2. Assign b(x) = 1 x>u+o
O xeluto]

for experimental parameter x4 and o, the former of which should theoretically vanish
due to above specification of @ relative to the population average. Note the
specification of @ weights in step (1), hence placing relatively greater importance on
the more principle fisherprojections. Extracted b is a broad measure of whether <o,
r> are inline or opposed, with ¢ applied to exclude the perpendicular case. This
exclusion relieves against data capture uncertainties in @, which might otherwise
result in bit-inversion for numerically small x. The relative geometries of @ and r are
illustrated in Fig. 2.
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Face Image FDA Feature
Ie RV € R/ o< BioCode

be {0,1}
Tokenised g /'

Random Number

Fig. 1. BioCoding Progression

Repetition of this procedure to obtain multiple bits render the issue of inter-bit
correlations, which is addressed via orthonormal set = {r,: k=1, 2, ..., m} with m <
c-1. Each bit b(x) is hence rendered independent of all others. Indeterminate bits
b= is handled via replacement of near-perpendicular r, with alternative r';, the net

effect of which is bit-extraction via adjusted set¢— V p + V 4 . This
kel ¥ kel *

reformulation is facilitated by the original stipulation on m, which allows up to (c-1)—
m replacements for inappropriate 7y..
The proposed discretisation via repeated inner-products then proceeds as follows:

1. Generate and orthonormalise ¢ + V¥ via Gram-Schmidt procedure for
k=1...m...(c-1)

2. Foreachk=1...m
1. Compute x; = @.r;
2. While xe[u-outo]:

1. Getnext unused ¥
2. Reassign r,=r'in ¢
3. Recompute x;

3. Assign b= b(x)
3. Concatenate o= Z’bk

Exclusion

zone (&)
Opposed

Fig. 2. Biometric fisherprojections placement in inline, opposed or exclusion zones
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3 Experiments and Discussion

The method has been evaluated in terms of their receiver operating characteristic
(ROC), the equal error rate (EER) and the Genuine/Imposter populations distribution
achieved in FERET Face Database which available at URL
http://www.itl.nist.gov/iad/humanid/feret. FERET contains over 1100 faces; however
many of them are inappropriate for our experiments since they are partial or full
profiles, or the individuals were only photographed twice Therefore, we selected 275
images that consist of 40 individuals, with major variation in pose and lighting. Many
of these images were taken over different days and display significant differences in
hairstyles, eyewear, and illumination. Three randomly selected images for each
individual in the dataset were placed in the training set, and the remaining images
were used for testing. Ten runs for each of three randomly selected images were
performed with different, random partitions between training and testing images, and
the results were averaged. As the adopted face image databases contain multiple
variations, we first perform geometrical alignment and lighting adjustment before
feature extraction.
Following are the abbreviations used for brevity in this paper:

e fda: denoting Fisher Discrimination Analysis with R“'where c-1=39

e fda+td-m: denoting 2" discretisation without exclusion of weak inner-products,
i.e threshold value, y=0=0 where m (< c-1, ¢=40) is the bit length

e fda+de-m: denoting 2" discretisation with ¢ error-correction based on analysis of
inner-products computed from random and user-specific fisherprojections with
exclusion parameter ¢ amounting to selection of the m most significant inner-
products from r of size m'>m (m'<39)

The experimental data is acquired for m = 10, 20, 30 and 39 for fda+d-m as we
cannot exceed the allowed number of bits (which equals to the feature length 39) in
the used face database while m = 10, 20 and 30 for fda+de-m due to the later requires
additional w as well as r to exclude the ‘weak’ inner products. For the similarity
matching, a simple Euclidean distance metric is adopted for fda whereas Hamming
distance is used in fda+d-m and fda+de-m.

From Table 1, EER=0% of fda+d-m and fda+de-m compared to fda reveal the
robustness of fda+d-m and fda+de-m in the verification task. All the ROC curves for
fda+d-m and fda+de-m are extremely bowed, reaching as far as the lower left corner
of Fig 3. Reaching that limit corresponds to achieving a correct accept rate of 100%,
thereby the proposed methodology is efficient to overcome the FAR-FRR
interdependency problem whereas using fda alone yield intolerable high FRR -
58.97% when FAR=0%. Since the verification rates are very high for m= 20, 30 and
39 (for fda+d-m and fda+de-m), another performance indicator is through the
observation of range of threshold values, 7€ [0 1] when EER=0%: the bigger range of

threshold value yield the better performance, as a large range of operating points
(threshold) with zero errors can be obtained. Table 1 shows the range of threshold
values that result in a zero error, for fda+d-m as well as fda+de-m. It can be observed
that the range is getting wider when m grows, which implies system performance is
boost for m=30 and m=39 for fda+d-m and fda+de-m respectively. When the
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comparisons were make in between fda+d-m and fda-+de-m at m=30, the threshold
range of fda+de-m, 0.160 is much wider than the former, 0.074. This indicates that
fda+de-m showed improved performance over fda+d-m.

Table 1. Performance Evaluation in terms of EER, FRR when FAR=0% and Threshold range
when EER=0%

Setting EER(%) FRR(%) (FAR=0%) Threshold Range when EER=0%
Fda 6.35 58.97 -

fda+d-10 1.44 15.39 -

fda+d-20 0.98 4.17 -

fda+d-30 0.00 0.00 0.063

fda+d-39 0.00 0.00 0.074

fda+de-10  0.11 2.93 -

fda+de-20  0.00 0.00 0.110

fda+de-30  0.00 0.00 0.160

Fig. 4. illustrated the genuine and imposter population distribution for fda and
fda+de-m. The small overlapping in between genuine and imposter populations
reveal that fda is superior to discriminate the genuine and imposter, thus make it favor
in the classification task. However, genuine distribution of fda+de-m which about 1%
of the bits differ and the disagreeing bits are very tightly packed around 50% in
imposter population depicted in Fig. 4(b), indicate fda+de-m outweighs fda. This
sharp drop-off is clearly seen and thus allow for specification of zero FAR without
jeopardizing the FRR performance.

b
I
20 1 : :
——fida B fig i d-10  ——fdatd-20
X
- Jdatd-30  =W=fiatd-30 == fida+de-10
O |
g 15 ——fdatde-200  ——fdatde-30
= 3
10 :
5
0 - :
0 5 10 15 20 25
FRR(%)

Fig. 3. ROC for fda, fda+d-m and fda+de-m
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4 Concluding Remarks

This paper described a novel error-tolerant discretisation methodology from user-
specific face images and uniquely serialized tokens. The dual factor BioCoding has
significant functional advantages over solely biometrics or token usage, such as
extremely clear separation of the genuine and the imposter populations and zero EER
level, thereby mitigate the suffering from increased occurrence of FRR when
eliminate the FAR. The process of generating a token of pseudo-random vectors
taking place only once for an individual, it can be considered secure in the sense that
there is no way to recover the face data by getting hold on the token (one-way
transformation). In addition, BioCoding technique also addressed the invasion of
privacy issue, such as biometric fabrication. It could be alleviated through the user
specific credential revocation via token replacement.

For the future work, we look forward to presenting a more comprehensive analysis
with more challenging and bigger face database.
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Abstract. This paper proposes a new Enhanced Nearest Feature Space
Classifier (ENFS) which inherits the generalization capability from Near-
est Feature Space method. Additionally, estimated variance can optimize
the class seperability in the sense of Bayes error, and has improve the
classification power in reduced PCA subspace. Gabor wavelets represen-
tation of face images is an effective approach for both facial action recog-
nition and face identification. Perform PCA dimensionality reduction on
the downsampled Gabor Wavelets features can be effectively for face
recognition. In our experiments, ENFS with proposed Gabor Wavelets
Features shows very good performance, which can achieve 98.5% maxi-
mum correct recognition rate on ORL data set without any preprocessing
step.

1 Introduction

Many techniques for face recognition have been developed with principles span
across several disciplines [1]. Currently, by far the most popular dimensionality
reduction technique in face recognition is to use subspace projections based on
the Principal Component Analysis (PCA). PCA based dimensionality reduction
for the face images was first proposed by Sirovich and Kirby [2]. Later, Turk and
Pentland [3] demonstrated that this subspace representation could be used to im-
plement a very efficient and successful face recognition system. The classifier also
affects the recognition performance considerably. The simple nearest neighbor
(NN) pattern classifier is widely employed for face recognition task. Stan Li et
al. [1] proposed a kind of Nearest Feature Line (NFL) classifier which has shown
to achieve lower classification error than the NN classifier. Jen-Tzung Chien et
al. [5] have proposed Nearest Feature Plane (NFP) and Nearest Feature Space
(NFS) classifier for robust decision in presence of wide facial variations, which
outperformed the NFL. In [0, 7], C. Liu et al. proposed Probabilistic Reasoning
Models (PRM) which combine the PCA technique and the Bayes classifier and
show their good discriminant ability on the face recognition problem.

The whole system for our approach can be divided into three parts: features
extraction (Section 2), dimension reduction & discriminant analysis (Section 3),

D. Zhang and A.K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 124-131, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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and classification (Section 4). Such scheme is widely used in subspace based
methods. In this paper, Gabor Wavelets features are extracted by downsampled
Gabor wavelets transform on the face images. The Gabor Wavelets features after
performing PCA are employed for face identification. In [5], Jen-Tzung Chien
only argued L; norm, but other similarity measure methods such as Ly norm
and angle distance are also very useful for pattern classification. We propose
a new classifier for face recognition, namely Enhanced NFS method(ENFS).
Our proposed method of Gabor Wavelets features using Enhanced NFS classifier
achieves 98.5% correct face recognition accuracy for ORL data set [3].

2 Gabor Wavelets Transform Features Extraction

The Gabor wavelets transform provides an effective way to analyze images and
has been elaborated as a frame for understanding the orientation and spatial
frequency selective properties of simple cortical neurons [9]. They seem to be
a good approximation to the sensitivity profiles of neurons found in visual cortex
of higher vertebrates. The important advantages are infinite smoothness and
exponential decay in frequency.

Let I(z) be the gray level distribution of an image, Gabor wavelets transform
on I(z) can be written as a convolution of I(z) with a family of kernels 9.

Oy (2) = I(2) * ¥y (2) (1)

where * denotes the convolution operator, and Of(z) is the convolution result
at k. The Gabor wavelets (kernels) take the form of a plane wave restricted by
a Gaussian envelope function [9]:

2
() = | kQH eI 21 /20 ik _ =a®/2) @)
g

where k determines the wavelength and orientation of the kernel ¢ (z) in image
coordinates. The first term in bracket is oscillation part, and the second is dc
part. The k is defined as k(u, v) = kye'®*, where p and v define the orientation
and scale of the Gabor kernels, k, = kmar/f" and ¢, = mp/8 . kpas is the
maximum frequency, and f is the spacing factor between kernels in the frequency
domain.

The ¢ (z) forms a family that is self-similar under the application of the
group of translations, rotations, and resizes. The effect of the dc term becomes
negligible when the parameter o, which determines the ratio of the Gaussian
window width to wavelength, has sufficiently large value.

In [9], Lades et al. suggest that good result can be obtained by using Ga-
bor wavelets of five different scales, v € {0,...,4}, and eight orientations,
pe{0,...,7, 0 = 27 kpmae = 7/2 and f = /2. The complex value com-
bines both even (cosine-type) and odd (sine-type) parts. Fig.1 shows the even
part. Fig.2 shows the Gabor wavelet transform on a sample image (128 x 128)
at 5 scales and 8 orientations (the magnitude part). These representation re-
sults display scale, locality, and orientation properties corresponding to those
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Fig. 1. Even part of Gabor wavelets ker-  Fig.2. A sample face image represented
nels by the magnitude part of Gabor wavelets
transform

displayed in Fig.1. The downsampled Gabor wavelet transform results by the
factor of 64 formed a feature vector g € R", where n = 10240.

3 Principle Component Analysis

The basic goal in PCA is to reduce the dimension of the data. The representation
given by PCA is an optimal linear dimension reduction technique in the mean-
square sense, and noise may be reduced. Consider a set of L feature vectors

{g1,92,...,91} taking values in an n dimensional feature space. Xy € R™"*" is
defined as the covariance matrix of the augmented feature vector g:
Sy ={lg —<(9)llg — (9"} (3)

where ¢ is the expectation operator. The PCA of a random vector g factorizes
its covariance matrix Yg into the following form:

Yo =0AP with D =[p1,p2,...,0n], A=diag{r1, 2,..., s} (4)

where @ € R™*" is an orthogonal eigenvector matrix and A € R™*" is a diag-
onal eigenvalues matrix with diagonal elements in decreasing order (A; > Ao >
.. An). An immediate application of PCA is dimensionality reduction via

u = TpcaT[g - 5(9)] (5)

where eigenvectors Tpeq = [1,902,--.,%p], p < n and T € R"*P. The lower
dimensional vector captures the most expressive features of the original data.
Then we use the projection u for classification.

4 Feature Classifiers

4.1 Nearest Neighbor Classifier

The NN decision is a simple nonparametric classifier by finding the neighbor
within the minimum distance between the feature of query w and all prototypes
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ul . 1=1,2,..., L. The feature vector u is classified to the closet training fea-

ture. The similarity measures used in our experiments to evaluate the efficiency
of different representation and recognition methods include L; distance measure
Ar,, Lo distance measure Ap,, cosine distance measure Ao and independent
Mahanlanobis distance measure A jzqp. In order to make the computation fea-
sible, the Mahanlanobis distance measure can be obtained by:

m

2
U; — Uy
ASimMah = Z % (6)

i=1 g

where m is the number of remaining eigenvectors and ¢? is the maximum likeli-
hood estimation of the i*" feature.

4.2 Nearest Feature Space Classifier

Stan Li et al. [4] showed that NFL method is superior to NN methods. In [5], Jen-
Tzung Chien et al. expanded the NFL concept through extending the geometrical
concepts of point and to plane and space in order to enlarge training prototype
capacity. NN searches the nearest feature point; NFL searches the nearest feature
line constructed by two prototype feature points in each class, and so on. And
NFS method has the advantage to find the nearest feature distance between
query and prototype space.

We find that searching the nearest feature distance should be finally degen-
erated to a problem tackle with distance between query feature point and its
projection feature point in expanded feature space, plane and line according
to the geometrical concepts. So the problem can be eventually solved through
nearest neighbor method, where the projection prototype feature point of query
feature point is replaced with the training prototype. Chien et al. only argued L,
norm, but other measure methods such as L, norm and angle distance are very
useful for pattern classification task, too. So we extend the distance concept
in [5] to squared Euclidean distance and angle distance. Since NFS shows prior-
ity than NFL and NFP by Chien et al’s conclusions, our paper only focusses on
the NFS-related methods.

Assuming all the training prototypes belong to ¢ classes, and each class w;
has Nj sample respectively. The r training prototypes {w,1,Uw2, ..., Uyr} 1S
part of class w spanning a space S, = $pan(Uy1, Uy, - - ., Uyyr). The projection
of query feature vector w on S, can be determined by applying the Gram-
Schmidt process or build a matrix P = [w,1, Uw2, - .-, Uyr] , the projection up
is derived as:

up = P(PTP)"1PTy (7)

After applying NN classifier for v and wp , the query feature vector can be
labeled. So the similarity measure except Mahanlanobis distance for NN can
also be used in NFS. In particular, the projection and probed features must be
normalized for angle distance similarity measure.
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4.3 Enhanced Nearest Feature Space Classifier

n [6], C. Liu et al. argue that the conditional probability density function for
each class is implemented in the reduced PCA subspace. It is modeled using the
within class scatter and the Maximum A Posteriori (MAP) classification rule .
The PRM model assumes in the PCA space the within-class covariance matrices
are identical and diagonal under X; = X; = diag{c?,03,---,02}. Each diagonal
component o? is estimated by the sample variance in the one dimensional PCA

space:
c

Ny,
1 1
2 _ ulk) 2
o; = EZ{WZ( Jio ki) } (8)
k=1 J=1
(k)

where u;;” is the ith element of the Gabor Wavelets Features g; *) \Which belongs
to class wk, my; is the ith of my, and my = E{g | wr}. Thus the MAP rule
specifies the following classifier:

AprM = Z m” (9)

NFS method can enlarge the prototype capacity, and increases the generaliza-
tion ability. Mahanlanobis distance takes the variance of the training prototypes
into account and thus makes the similarity measure insensitive large residuals
in areas of high variance. PRM models can estimate the within class variance,
which can optimize the class seperability in the sense of Bayes error. We are
motivated to combine them together. Taking the same assumption used in PRM
model, the variance ¢? in (6) can be replaced of the estimated variance o of
within-class covariance. Using the Ly distance between the probe feature vector
u and the projection up, the distance eventually can be derived as:

c L . 2
AENFs = Z (u’gifpl) (10)

i=1 (

We then call this classifier as Enhanced Nearest Feature Space (ENFS) classifier.

5 Experiments

5.1 Experimental Setup

Experiments are conducted by ORL dataset for our proposed Gabor Wavelets
Features with extended NFS classifier. The ORL dataset consists of 400 frontal
faces: 10 tightly cropped images of 40 individuals with variations in pose, illu-
mination, facial expression and accessories. The size of each image is 92 x 112
pixels, with 256 grey levels per pixel.

We test the proposed method in both the performance against conventional
eigenfaces method [3] and the recent face recognition scheme such as Kernel
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PCA [10], NFL [4], NFP and NFS[5]. In this research, eigenfaces [3] combined
with NN classifier method is viewed as baseline system. To allow comparisons,
the same training and test set sizes are used as in [4, 10], i.e., the first 5 images
for each subject are the training images and the remaining 5 images (unseen
during training) are used for testing, and no overlap exists between the training
and test face images. To facilitate the Gabor wavelet transform for face images,
all images in the dataset are scaled to 128 x 128. In our experiment, most of
angle distance similarity measure and Mahanlanobis distance measure are close
to the performance of L1 norm and L, norm, we therefore only focus on the
latter measure in the following experimental results.

5.2 Effects of Classifiers

We first experiment with original ORL images by applying the Eigenfaces
method [3]. Fig.3 shows face recognition performance of the Eigenfaces method
when using between 40 and 150 eigenvectors in PCA dimensionality reduction
step. It can be seen from Fig.3 that the standard Eigenfaces method has 87.5%
to 89.5% correct recognition rates using between 40 and 150 eigenvectors.

The scaled ORL images are used for all flowing experiments. Fig.3 also shows
the correct recognition rates obtained by NN and NF'S using enlarged number of
eigenvectors after performing PCA on the downsamped Gabor Wavelets features.
We observe that NFS classifier with various similarity measures is regularly
better than NN classifier. As the number of eigenvectors increases, performance
improves and then saturates. The face recognition performance curves indicate
that downsampled Gabor Wavelets Features based methods is superior to pixels
value based Egienfaces method. And NFS classifier with L1 norm is marginally
better than Lo norm.

When performing PCA on the downsampled Gabor Wavelets Features, the
correct recognition rates plotted in Fig.4 are obtained by NFS classifier and
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our proposed ENFS classifier respectively. Fig.4 indicates that ENFS classifier
performs better than NN classifier.

The experiment compares ENFS classifier with PRM classifier is also be
done. Fig.4 shows the results obtained by employing ENFS classifier and PRM
classifier on the downsampled Gabor Wavelets Features. The recognition curve
shows that PRM is also an effective classifier, but our proposed classifier works
better even. For our proposed method, the best performance of 98.5% correct
recognition rate is achieved when the number of eigenvectors is 145, which clearly
outperformed NN, NFS and PRM classifier based methods in our experiments.

6 Summary and Conclusions

The experiments in this paper suggest the following conclusions:

1) Downsampled Gabor wavelets transform of face images as features for face
recognition in subspace approach is superior to pixel value based one.

2) We propose a new Enhanced NFS classifier which shows better discrim-
inant power than NN, NFS and PRM classifier in our experiments. It mainly
benefits from employing features space projection for expanding the prototype
capacity and increase generalization power. The classification performance has
been enhanced in reduced PCA subspace using Bayes Rule to estimate the within
class variance at the same time. This scheme make the classifier more robust and
precise than the original one. Such classifier couple with Gabor Wavelets Fea-
tures achieves best correct face recognition accuracy for ORL data set(98.5%
max). In addition, NFS classifier using different similarity measures may yield
greater discriminant ability.
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Abstract. We present a two-stage dimensional reduction approach to
low-dimensional representation. When facial feature data need to be
stored in low capacity storing devices, low-dimensional representation
of facial images is very important. Our approach is composed of two
consecutive mappings of the input data. The first mapping is concerned
with best separation of the input data into classes and the second focuses
on the mapping that the distance relationship between data points before
and after the map is kept as closely as possible. We claim that if data is
well-clustered into classes, features extracted from a topology-preserving
map of the data are appropriate for recognition when low-dimensional
features are to be used. We have presented two novel methods: FLD
(Fisher’s Linear Discriminant) combined with SOFM (Self-Organizing
Feature Map) method and FLD combined with MDS (Multi-Dimensional
Scaling) method. Experimental results using Yale, AT&T and FERET
facial image databases show that the recognition performance of our
methods degrades gracefully when low-dimensional features are used.

1 Introduction

The problem on extremely low-dimensional image representation for face recog-
nition has little been investigated while many researchers study on face recogni-
tion robust to illumination, posture and facial expression changes. In practical
biometric user authentication systems, low-dimensional feature extraction is one
of the most important problem. When facial feature data need to be stored in
low capacity storing devices such as bar codes and smart cards, extremely low-
dimensional image representation of facial data is very important. It can also be
used for data transmission in the internet or mobile environments. Moreover, it
is applicable to real-time identification in the case of a large database.

The algorithms like PCA (Principal Components Analysis) [1], FLD (Fisher’s
Linear Discriminant) [2] and ICA (Independent Components Analysis) [3] can
be used for reduction of the dimension of the input data but are not appro-
priate for low-dimensional representation of high dimensional data because their
recognition performance degrade significantly. Although SOFM (Self-Organizing
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Feature Map) [4], PP (Projection Pursuit) [5] and MDS (Multi-Dimensional Scal-
ing) [6] can be employed for low-dimensional data representation, these tech-
niques are suitable for data representation in low-dimensions, usually two or
three dimensions. They try to represent the data points in a such way that the
distances between points in low-dimensional space correspond to the dissimi-
larities between points in the original high dimensional space. However, these
techniques do not yield high recognition rates mainly because they do not con-
sider class specific information. Our idea is that these methods incorporated with
class specific information can provide high recognition rates.

In this research, we present a two-stage dimensional reduction approach
to low-dimensional data representation of which the recognition performance
degrades gracefully. The proposed approach reduces the dimension of high-
dimensional input data as much as possible, while preserving the information
necessary for the pattern classification. Our idea is that if data is well-clustered
into classes, features extracted from a topology-preserving map of the data are
appropriate for recognition when low-dimensional features are to be used. Based
on this idea, we apply a mapping to the input data to achieve the most sepa-
ration of classes, followed by another mapping to preserve the topology of the
data that the first map produces. By “topology-preserving map”, we mean that
vectors in the neighborhood in the input space are projected in the neighborhood
in the output space [4].

To experimentally prove our claim, we have presented two novel methods
for extremely low-dimensional representation of data with graceful degradation
of recognition performance. It is composed of two consecutive mappings of the
input data. The first mapping is concerned with best separation of the input
data into classes and the second focuses on the mapping in the sense that the
distance relationship between data points is kept. Our methods are implemented
as the following. The first method employs FLD and SOFM. SOFM preserves
the distance relationship before and after the data is transformed. This way, it
is possible to represent data in low-dimensions without serious degradation of
recognition performance. The second method uses FLD and MDS. The MDS
preserves the distance relationship before and after the data is transformed as
closely as possible.

The following section gives a brief overview of the feature extraction and
dimensional reduction methods that have preciously been used for object recog-
nition. In section 3, we describe the proposed methods: FLD combined with
SOFM method and the FLD combined with MDS method. Let us call them
‘FLD+SOFM’ and ‘FLD+MDS’ methods, respectively. We report the experi-
mental results on the recognition performance of FLD+SOFM and FLD+MDS
methods in section 4.

2 Dimensional Reduction and Topology-Preserving Map

There have been reported many algorithms for dimensional reduction and fea-
ture extraction. One group of dimensional reduction methods can be referred
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to as topology-preserving mapping and another group as well-clustered mapping.
Among the former group are SOFM, MDS and GTM (Generative Topographic
Mapping) [7] and these methods are used mainly for data visualization or data
compression. FLD, Kernel FLD [8] and multi-layer neural networks are examples
of the latter group and are mostly used for pattern classification [9].

We can achieve very low-dimensional data representation with graceful degra-
dation of performance by using a topology-preserving map when the data is well
clustered into classes. However, the typical facial image data in real environ-
ments do not have well-clustered distribution and it is not guaranteed to achieve
high classification performance by a topology-preserving map although we can
get a low-dimensional data set. Accordingly, we have to focus more on the dis-
criminant power rather than dimensional reduction in the case.

3 Two-Stage Dimensional Reduction

We present a two-stage dimensional reduction approach to low-dimensional
data representation by applying two different maps in a row. The first stage
is only concerned with best separation of classes. Once the data is rendered
well-separated into classes by the first stage map, the second stage map only
focuses on preservation of topological continuity before and after the map of the
data. As previously described, the idea is based on the fact that if data is well-
clustered into classes, features extracted from a topology-preserving map of the
data are appropriate for recognition when extremely low-dimensional features
are to be used.

3.1 Method I: FLD+SOFM

Let us x; € RN,k =1,---, M be a set of training data. FLD produces a linear
discriminant function f(x) = WTx which maps the input data onto the classifi-
cation space. FLD finds a matrix W that maximizes
T
JW) = 1 S )
w

where S, and S,, are between- and within-class scatter matrices, respectively.
W is computed by maximizing J(W). That is, we find a subspace where, for
the data projected onto the subspace, between-class variance is maximized while
minimizing within-class variance. As a result of the first map, we obtain z =
WTx.

After the stage of FLD, the next stage maps z onto a low-dimensional feature
space f = G(z) by SOFM. SOFM is a kind of competitive network. SOFM first
determines the winning neuron using a competitive layer. Next, weight vectors
for all neurons within a certain neighborhood of the winning neuron are up-
dated using the Kohonen rule [4]. When a vector is presented, the weights of the
winning neuron and its neighbors move toward the input pattern. After learn-
ing, the neurons of the output layer will be a feature map revealing a distance
relationship within input patterns.
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3.2 Method II: FLD+MDS

Let us x; € RV, k = 1,---, M be a set of observations and D be a dissimi-
larity matrix. Classical MDS is an algebraic method to find a set of points in
low-dimensional space so that the dissimilarity are well-approximated by the
interpoint distances.

In summary, the inner product matrix of raw data B = XTX can be com-
puted by B = f%HDH, where X is the data matrix X = [x,--- ,xp7] € RV*XM
and H is a centering matrix H=1 — ﬁlTl. B is real, symmetric and positive
semi-definite. Let the eigendecomposition of B be B = VAVT, where A is a di-
agonal matrix and V is a matrix whose columns are the eigenvectors of B. The
matrix X for low-dimensional feature vectors can be obtained as X = Allc/ ZVE
where A,lc/ ?is a diagonal matrix of k largest eigenvalues and Vj, is its corre-
sponding eigenvectors matrix. Thus, we can compute a set of feature vectors, X,
for a low-dimensional representation. See [10] for a detailed description.

We could not map new input vectors to features by using the classical MDS
because the map is not explicitly defined in the method [11]. We used a method
that achieves mapping onto an MDS subspace via PCA based on the relationship
between MDS and PCA. Let Yups be a set of feature vectors in an MDS
subspace and Ypca be a set of feature vectors in a PCA subspace. Let Anvps
denotes the diagonal matrix of eigenvalues of inner product matrix B. Then, the
relationship between PCA and MDS is

Ypca = Avps/*Ywubs. (2)

For the purpose of low-dimensional feature extraction, we need to compute pro-
jections onto FLD and MDS subspaces. Let p be an input pattern, then the
feature vector in FLD+MDS space becomes

frLp+Mps = (Apda) WEca WELD b. (3)

See [12] for a detailed description.

4 Experimental Results

We have evaluated the recognition performance of the proposed FLD+SOFM
and FLD+MDS methods as follows.

4.1 Experiment I: FLD4+SOFM with Yale and AT&T Databases

We have used Yale [13] and AT&T [14] databases. Yale database contains 165
images of 15 persons and AT&T database contains 400 images of 40 persons.
We tightly cropped and normalized all the facial images.

In the SOFM stage, the entire training patterns are represented by the indices
of neurons corresponding to two-dimensional map. In testing, only the node
that is the most similar to the given input pattern is activated. As a result,
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Table 1. Correct Recognition Rates (%) (C: number of class)

Yale | AT&T

Dimension | Methods (C=15) | (C=40)
2 PCA 16.4 11.9
FLD 41.8 11.9
SOFM 64.3 71.3

FLD+SOFM | 96.4 86.2
FLD+MDS 65.5 42.5
C-1 PCA 87.3 94.0

FLD 98.2 94.8
FLD+MDS 100.0 91.8

input patterns are classified into classes of the activated nodes. In the proposed
method, the number of input neurons in SOFM is the same as the dimension of
feature vectors obtained from the FLD stage. The output layer represents a two
dimensional square map.

We have applied cross validation because the performance of the SOFM al-
gorithm varies depending on the initial parameters. First, we change the number
of grids. After learning using multiple SOFMs, we evaluate the performance us-
ing the validation set. We have decided the number of neurons as the number
of grids that have the highest average recognition performance. Secondly, after
the number of neurons is settled, multiple SOFMs with various initial param-
eters are learned by the learning set. Then we select the SOFM that has high
performance corresponding to the upper 10% in the validation set.

As shown in Table 1, FLD4+SOFM method performs better than the others
in the case of very low-dimensional representation. The recognition rate of FLD
is high (98.2%) when a sufficient number, C-1, of features are used. However,
the recognition rate degraded significantly to 41.8% when only two dimensional
representation of the data is used. The recognition rate of SOFM is higher than
that of FLD when two dimensional representation is employed.

4.2 Experiment II: FLD+MDS with FERET Database

We have compared the recognition performance of FLD [2] and the proposed
FLD+MDS method using a part of FERET database [15]. The whole set of
images, U, consists of three subsets named ‘ba’, ‘bj’ and ‘bk’. Basically, the
whole set U contains images of 200 persons and each person in the U has three
different images within the ‘ba’, ‘bj” and ‘bk’ sets. The ‘ba’ set is a subset of ‘fa’
which has images with normal frontal facial expression. The ‘bj’ set is a subset
of ‘fb’. The images of ‘fb’ have some other frontal facial expressions. The ‘ba’
and ‘bj’ set contain 200 images of 200 persons, respectively. The ‘bk’ set is equal
to the ‘fc’ of which images were taken with different cameras and under different
lighting conditions. The ‘bk’ set contains 194 images of 194 persons.

For the experiment, we have divided the whole set U into training set (T),
gallery set (G) and probe set (P). No one within the training set (T) is included in
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Fig.1. Comparison of recognition rates: (a) and (b) represent recognition rates for
‘ba’-‘bj’ set and ‘ba’-‘bk’ set, respectively. (c) and (d) represent recognition rates for
various distance measures in the case of ‘ba’-‘bj’ set and ‘ba’-‘bk’ set, respectively

the gallery and the probe sets. The experiment consists of two sub-experiments;
The first experiment is concerned with evaluation regarding normal facial expres-
sion changes. We use the ‘ba’ set as the gallery and the ‘bj’ set as the probe. The
second experiment is to evaluate the performance under illumination changes.
We have assigned the ‘ba’ set to the gallery and the ‘bk’ set to the probe. In
addition, we randomly selected 50% of the whole set in each sub-experiment in
order to reduce the influence of a particular training set because a facial recogni-
tion algorithm based on statistical learning depends on the selection of training
images. Thus, a training set contains 100 persons in each sub-experiment.

As shown in Figure 1, FLD+MDS method performs better than the others in
the case of low-dimensional representation. The experimental results show that
low-dimensional data representation with graceful degradation of recognition
performance can be achieved by using an inter-distance preserving map after the
input data is rendered well clustered into classes. The recognition rate for a given
number of features in these figures was obtained by averaging thirty experiments.
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We can see that there is no significant performance difference between the three
distance measures (L1, L2 and cosine).

5 Conclusion

This research features a novel approach to low dimensional reduction of fa-
cial data that do not give significant degradation of the recognition rate. We
have proposed two methods. The FLD+SOFM method achieves very accurate
recognition rates although only two dimensional features are used for recogni-
tion. The FLD+MDS method also outperforms FLD method when represented
in a low-dimensional space. These results experimentally prove that if data is
tightly clustered and well separated into classes, a few features extracted from
a topology-preserving map of the data are appropriate low dimensional features
for recognition without significant degradation of recognition performance.

Our methods are practically useful for face recognition, especially when facial
feature data need to be stored in low capacity storing devices such as bar codes
and smart cards. It is also readily applicable to real-time face recognition in the
case of a large database.
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Abstract. Current appearance-based face recognition system encoun-
ters the difficulty to recognize faces with appearance variations, while
only a small number of training images are available. We present a scheme
based on the analysis by synthesis framework. A 3D generic face model
is aligned onto a given frontal face image. A number of synthetic face
images are generated with appearance variations from the aligned 3D
face model. These synthesized images are used to construct an affine
subspace for each subject. Training and test images for each subject
are represented in the same way in such a subspace. Face recognition is
achieved by minimizing the distance between the subspace of a test sub-
ject and that of each subject in the database. Only a single face image
of each subject is available for training in our experiments. Preliminary
experimental results are promising.

1 Introduction

After decades of research [1], face recognition is still a very challenging topic.
Current systems can achieve a good performance when the test image is taken
under similar conditions as the training images. However, in real applications,
a face recognition system may encounter difficulties with intra-subject facial
variations due to varying lighting conditions, different head poses and facial
expressions. Most of the face recognition methods are appearance-based [2, 3,
4, 5, 6] which require that several training samples be available under different
conditions for each subject. However, only a small number of training images,
are generally available for a subject in real applications, which can not capture
all the facial variations.

A human face is a 3D elastic surface, so the 2D image projection of a face is
very sensitive to the changes in head pose, illumination, and facial expression.
Utilizing 3D facial information is a promising way to deal with these varia-
tions [5, 6, 7, &, 9, 10, 11, 12]. Adopting Waters’ animation model [9] as our
generic face model, we propose a face recognition system that synthesizes var-
ious facial variations to augment the given training set which contains only
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a single frontal face image for each subject. Both the training and test images
are subjected to the model adaptation and synthesis in the same way. We use
the synthetic variations to construct an affine subspace for each subject. The
recognition is achieved by matching the subspace of the test image with that
for each of the subjects in the training database. Yamaguchi et al. [13] used the
minimal principal angle between two subspaces, which are generated from two
sets of images, to measure the dissimilarity between them. However, the mean
of the set of images is not taken into account. We use an alternative distance
metric to measure the dissimilarity between two affine subspaces.

2 Face Synthesis

2.1 Face Alignment

The face alignment module adapts a 3D generic face model [10, 9] onto a face
image to extract facial shape and texture information. Waters’ animation model
contains 256 vertices and 441 triangular polygons for one half of the face. The
other half of the face can be generated using the symmetry assumption of the
human face. The face alignment is based on two processes: labeling and adapta-
tion. In labeling, feature vertices are chosen from the 3D model. Currently, the 2D
projected positions of these feature vertices (totally 115 feature vertices in our
experiments) are labeled manually in the given intensity image. Figures 1(a)(b)
illustrates these feature vertices. In adaptation, vertices in the 3D model, other
than the feature vertices, are adjusted iteratively based on the propagation of
feature vertex displacement [14].

Since there is no depth information available in the given 2D intensity image,
the depth information (Z coordinate in Fig. 1(c)) of each model vertex is adapted
by scaling the original generic model based on the average value of the global
scaling factors (in the X and Y coordinates) of the generic model. Although the
reconstructed face is not very realistic (the model is not dense enough), Fig. 1(d)
shows that the face identity is preserved in the frontal view.

After face alignment, each model vertex is mapped with an intensity value at
its corresponding coordinate on the face image. Texture values over non-vertex
regions of each triangular facet on the 3D face model are interpolated by the
intensity values of facet’s vertices. See Fig. 1(d) for an example.

2.2 Eye Augmentation

There is no mesh for the eye regions in Water’s model, so we create an additional
mesh in the eye region to augment the original 3D mesh model. In each eye
region, based on the vertices on its boundary, a grid is generated. The augmented
eye mesh is obtained by using the Delaunay triangulation on these vertices. These
vertices are adjusted according to the adaptation of the boundary vertices (see
Fig. 3(b) for an example of the eye augmented reconstruction result).
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(a) (c) (d)
Fig.1. Face alignment: (a) feature vertices shown as “beads” on the 3D generic face
model; (b) overlaid on a given intensity face image; (c) adapted 3D face model; (d)
reconstructed images using the model shown in (c¢) with texture mapping

2.3 Facial Variation Synthesis

The face synthesis module synthesizes variations in head pose, illumination,
and facial expression as follows. Rotating the face model and projecting it to
the image plane can generate different pose variations. Lighting is simulated
by adding a virtual light source around the reconstructed face surface. Phong
shading technique is employed to render lighting effects on the face surface [15].
We use Terzopoulos and Waters [9, 10] approach of physics-based synthetic facial
tissue and a set of anatomically motivated facial muscle actuators to synthesize
facial expressions, see figure 2. Figure 3 shows the given intensity face image and
several synthesis results from the adapted 3D model. Different types of synthesis
(pose, lighting and expression) are done independently, so the combination of
different types of synthesis is seamless.

(a) (b) (c) (d) (e) (f) (8)
Fig. 2. Expression synthesis through 18 muscle contractions. The generic face mesh is:
(a) shown in neutral expression (the dark bars represent 18 muscle vectors); distorted
with six facial expressions (b) happiness ; (c) anger; (d) fear; (e) sadness; (f) surprise;
(g) disgust
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Fig. 3. Synthesis results: (a) input intensity image; (b) the reconstructed image; (c)
image variations under 8 different lighting conditions; (d) 8 different pose variants; (e)
synthesis results for 6 different expressions

3 Face Matching

3.1 Subspace Construction

For each subject, besides the input training image, a number of synthetic images
are available after face synthesis. An affine subspace is constructed based on the
original and synthetic images of this subject for face representation.

In the classical subspace analysis, an image is represented as a high-
dimensional vector by concatenating each row (or column) of the image. Given
a set of linearly independent vectors, Gram-Schmidt orthogonalization can be
used to obtain a set of orthogonal basis vectors to span the subspace. An affine
subspace [16] M is of the form M = My + L, where M, is a fixed vector and L
is a subspace. Here, we call My as the center of the affine subspace. Therefore,
the sample mean of each set of images is taken into account in the following
matching. Let X;(i =1,..., N) be the set of image vectors (original image and
synthesized image vectors) for one subject, M be the affine subspace of this
subject. The center My of M is calculated as My = % Ziil X;. Then image
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g
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Fig. 4. Sample face images in the data set. All cropped images are aligned using the
two eye centers

vectors XZ = X; — My, are usNed to generate a set of basi~s vectors to span the
subspace L, i.e., L = Zfil w; X;, where w; is a weight on X;. Thus any vector X
in this affine subspace can be represented as

N
X = Mo+ Y wi(X; — Mp). (1)

=1

3.2 Subspace Matching

The distance between two affine subspaces (DAS) is defined as the minimum
Euclidean distance between any two vectors from two different affine subspaces.

DAS =min [P - Q| (2)

where P and @) are any vectors coming from two different affine subspaces.
Finding this minimum distance is an optimization problem, whose close-form
solution is derived in Appendix A.

4 Experiments and Discussion

For each of the ten subjects, a frontal image is captured once a week over a period
of five weeks. As a result, 5 images for each subject are captured, resulting in
a total of 50 images. The size of face area in the images is approximately 128 x 128.
Figure 4 shows 20 cropped images in our database, two samples for each subject.
One image from the 5 images of each subject is randomly selected to construct
the training set. Use the rest of the data set as the test set. This process is
repeated 50 times. The same adaptation, synthesis and affine subspace analysis
procedures are applied to each image.

In our experiments, a total of 8 images per subject with different poses are
synthesized. They correspond to the in-plane-rotation to the left and right by 5
degrees (2 images are synthesized); tilt up and down by 10 degrees (2 synthetic
images); pan to left and right by 5 and 10 degrees (4 synthetic images). The
light source is placed above the face and 8 different angles are chosen to ren-
der the simulated lighting effect. A total of 8 synthetic images per subject are
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Fig.5. Performance of proposed method and classical PCA based (without data
augmentation by synthesis) method

generated. Using the approach and parameters proposed in [9], we synthesize 6
different expressions per subject. Thus, a total of 22 synthetic images for each
subject are obtained. Twenty two images based on one input image per subject
are illustrated in Fig. 3. The images are closely cropped[4]. Cropped images are
aligned by the centers of the two eyes and normalized to 64 x 64. All image vec-
tors are normalized to be of unit length. For comparison purposes, the classical
eigenface framework [2] (PCA) is applied to the data set without any synthesis
augmentation. We captured 5 additional images for each subject. This additional
data set is used for augmenting the original data to construct the eigenspace.

The matching results are illustrated in Fig. 5. On this data set our proposed
method outperforms the PCA-based (without synthesis) method, indicating that
the proposed synthesis for recognition scheme is promising.

5 Conclusions and Future Work

We have proposed a human face recognition framework with 3D model based
synthesis scheme to augment data set for face recognition when only a single
training sample for each subject is available. A novel distance metric are utilized
to measure the dissimilarity between two affine subspaces, which are constructed
by the synthetic set of images. We are currently investigating the automatic
alignment of a 3D generic model onto an intensity image. Experiments on a large
public domain face database are also being carried out.
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Appendix A: Distance between Two Affine Subspaces

The distance between two affine subspaces (denoted as DAS) is defined as the minimum
distance between any vectors in the two affine subspaces. Let M, and M, be two affine
subspaces. Any vectors u (in M) and v (in M,) can be represented as u = py+Uty,v =
o + Vit,, where p, and p, are the centers of M, and M,, U and V are the basis
matrixes spanning the subspace L of M, and M,, t, and t, are the coefficients vectors,
respectively.

H=(u—0)"(u—=v) = (o + Uty — V)" (uo + Uty — Vi), (3)
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where H is the square of the DAS, . Taking the derivative of H, find the u and v (i.e. ty
and t,) that minimizes H.

% = (Muv + Uty — Vtv)TU
&h

a5t T (Muv + Utu — VtU)TV (4)
-UTu -UTv
it it =t ) (g ). o)

If the rightmost matrix in Eq. 5 is not singular, the projection coefficients can be
derived as follows:

_UTy —uTv\ !
T ,T\ _ (T T
(tu tu) = (puU punV) ( e S > : (6)
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Abstract. We propose a novel method using a perfectly local facial
representation based on ICA. We named our method “LS-ICA method”. In the
LS-ICA method, basis images are made from their corresponding ICA basis
images simply by removing non-salient regions. The LS-ICA basis images
display perfectly local characteristics because they contain only locally salient
feature regions. This enables us to effectively realize the idea of “recognition by
parts” for face recognition. Experimental results using AT&T, Harvard, FERET
and AR databases show that the recognition performance of the LS-ICA method
outperforms that of PCA and ICA methods especially in the cases of facial
images that have partial occlusions and local distortions such as changes in
facial expression and at low dimensions.

1 Introduction

PCA and ICA are the most widely used subspace projection techniques in the face
recognition research [2-3]. These techniques help to reveal low dimensional structures
of patterns observed in high dimensional spaces. Figure 1 (a) and (b) show facial
image representations using PCA and ICA basis images, respectively, that are
computed from a set of images randomly selected from the AR database. PCA basis
images display global properties in the sense that they assign significant weights to
potentially all the pixels. This accords with the fact that PCA basis images are just
scaled versions of global Fourier filters [13]. In contrast, ICA basis images are
spatially more localized, highlighting salient feature regions corresponding to eyes,
eyebrows, nose and lips.

The local property of ICA basis images makes the performance of ICA based
recognition methods better than PCA based methods in terms of robustness to partial
occlusions and local distortions, such as changes in facial expression, because
spatially local features only influence small parts of facial images. Thus, ICA
techniques have popularly been applied to the problem of face recognition [3-5].
However, ICA basis images do not display perfectly local characteristics in the sense
that pixels that do not belong to locally salient feature regions still have some non-
zero weight values. These pixel values in non-salient regions appear as noise and
contribute to the degradation of the recognition performance as shown in the
experimental results.

D. Zhang and A K. Jain (Eds.): ICBA 2004, LNCS 3072, pp. 147-154, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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T N E o

(a) PCA representation = (e, e,,¢,,€,,€s,...,€,)

(b) ICA representation = (b,,b,,b;,b,,bs,....b

(¢) LS-ICA representation = (b],b},b},b;,b%,...,.b

Ell%

- .
-

Fig. 1. Facial image representations using (a) PCA, (b) ICA and (c) LS-ICA basis images: A
face is represented as a linear combination of basis images. The basis images were computed
from a set of images randomly selected from the AR database. In the basis images of LS-ICA,
non-salient regions of ICA basis images are removed. Using LS-ICA basis images, the concept
of “recognition by parts” can be effectively implemented for face recognition

This research features a novel method using a perfectly local facial representation
based on ICA. We named our method “LS-ICA (locally salient ICA) method”. In the
LS-ICA method, basis images contain only locally salient feature regions. The idea of
“recognition by parts” can be effectively realized for face recognition using LS-ICA
basis images since each LS-ICA basis image represents only locally salient regions.
These regions correspond to important facial feature regions such as eyes, eyebrows,
nose and lips. “Recognition by parts” [11-12] has been a popular paradigm in the
object recognition research because the approach can be successfully applied to the
problem of object recognition with occlusion. Our method for face recognition is
characterized by two ideas. The first is the creation of LS-ICA basis images from ICA
basis images and uses them to represent faces. Each LS-ICA basis image is made
from its corresponding ICA basis image simply by removing non-salient regions. The
second idea is to use ICA basis images in the decreasing order of class separability so
as to maximize the recognition performance. We have tested three different distance
metrics (L1 norm, L2 norm, and cosine angle) for PCA, ICA and LS-ICA method.
The idea is simple but works great. Experimental results show that LS-ICA performs
better than PCA and ICA, especially in the cases of partial occlusions and local
distortions such as changes in facial expression. In addition, the performance
improvement of LS-ICA over ICA based methods is much greater as we decrease the
dimensionality (i. e., the number of basis images used).

The rest of this paper is organized as follows. Section 2 describes ICA versus PCA
in terms of spatial locality of features. Section 3 explains the proposed LS-ICA
method. Section 4 presents experimental results.

2 1ICA versus PCA

PCA and ICA are the most widely used subspace projection techniques that project
data from a high-dimensional space to a lower-dimensional space [2-3]. PCA
addresses only second-order moments of the input. It is optimal for finding a reduced
representation that minimizes the reconstruction error, but it is not optimal for
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classification. ICA is a generalization of PCA that decorrelates the high-order
statistics in addition to the second-order moments. Much of information about
characteristic local structure of facial images is contained in the higher-order statistics
of the images. Thus ICA, where the high-order statistics are decorrelated, may
provide a more powerful representational basis for face recognition than PCA, where
only the second-order statistics are correlated. Fig. 2. illustrates PCA and ICA axes
for the same 2D distribution. PCA finds an orthogonal set of axes pointing in the
directions of maximum covariance in the data, while ICA attempts to place axes
pointing in the directions of spatially localized and statistically independent basis
vectors [10].

As previously described, global properties of faces may be more easily captured by
PCA than ICA. As shown in Figure 1, ICA basis images are more spatially localized
and never overlap unlike their PCA counterpart [1]. Since spatially localized features
only influence small parts of facial images, ICA based recognition methods are less
susceptible to occlusions and local distortions than are global feature based methods
such as PCA. We can compute ICA basis images using various algorithms such as
InfoMax [3], FastICA [4] and Maximum likelihood [5].

PCA CA

Fig. 2. PCA and ICA axes for an identical 2D data distribution [10]

3 The LS-ICA (Locally Salient ICA) Method

The LS-ICA method features the use of new basis images made from ICA basis
images that are selected in the decreasing order of class separability. Only salient
feature regions are contained in the LS-ICA basis images. As in most algorithms that
employ subspace projection, the LS-ICA method computes a projection matrix, off-
line from a set of training images. Let w__  denote the projection matrix. The

Is—ica

columns of w,__are LS-ICA basis images. During recognition, given an input face
image x, it is projected to @'=p x and classified by comparison with the vectors

Is—sica

@,'s that were computed off-line from a set of training images.

First, we preprocess training images by applying histogram equalization and scale
normalization, where the size of images is adjusted so that they have the same
distance between two eyes. Second, we compute ICA basis images, using the FastICA
algorithm [4]. The FastICA method computes the independent components that
become uncorrelated by a whitening process and then maximizes non-Gaussianity of
data distribution by using kurtosis maximization. We then compute a measure of class
separability, r, for each ICA basis vector and sort the ICA basis vectors in the
decreasing order of class separability [3]. To computer r for each ICA basis vector,
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the between-class variability o,, . and within-class variability o of its

within

corresponding projection coefficients of training images are obtained as follows.

o-between = z"i (Ml -M )2 (1 )

=32 (b,-M,) )

O-within

M and j; are the total mean and the mean of each class, and b, is the coefficient of
the j# training image in class ;. The class separability, r, is then defined as the

ratio

— O-between .
O

r

3

Third, we create LS-ICA basis images from the ICA basis images selected in the
decreasing order of the class separability. This way, we can achieve both dimensional
reduction and good recognition performance. To create an LS-ICA basis image, we
apply a series of operations to its corresponding ICA basis image as shown in Fig. 4.
In order to detect locally salient regions, we simply find extreme values by
thresholding a histogram of pixel values (Figure 3 (b)), followed by the application of
morphological operations to find a blob region (Figure 3 (d)). As a result, we get an
LS-ICA basis image (Figure 3 (e)) where only pixels in the blob regions have grey
values copied from the corresponding pixels in the original ICA image. The values of
the rest of the pixels in the image are set to zero. These LS-ICA basis images are used
to represent facial images as shown in Figure 1 (¢).

within

4 Experimental Results

We have used several facial image databases such as AT&T [6], Harvard [7], FERET
[8] and AR [9] databases in order to compare the recognition performance of LS-ICA
with that of PCA and ICA methods. For fair comparisons with PCA and ICA based
methods, PCA and ICA basis images were also used in the decreasing order of class
separability, . In the case of the ICA method, the recognition performance was
greater when the basis images were ordered in terms of class separability. However,
the PCA method did not show any noticeable performance difference between the
ordering in the class separability and the orginal ordering in terms of eigenvalues.

(a) ICA basis image (b) detection of extreme values (c) erosion (d) dilation (e) LS-ICA basis image

Fig. 3. Illustration of creating an LS-ICA basis image
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Table 1. Facial databases used in the experiment
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The number of | The number of | The number of | The number of
Database . . ..
total images persons training images testing images
AT&T 400 40 200 200
Harvard 165 5 82(83) 83(82)
FERET 605 127 127 478
AR 800 100 200 600

Table 1 lists the number of training and testing images used in each facial image
databases for the experiment. Fig. 4. shows example images from these databases. In
the AT&T database, all the images are taken against a dark homogeneous background
and the subjects are in an up-right, frontal position with tolerance for some side
movement. In Harvard database, a subject held his/her head steady while being
illuminated by a dominant light source. In the FERET database, we have used a
subset of the images of subjects under significantly different lighting and facial
expression. The AR database contains local distortions and occlusions such as
changes in facial expression and sunglasses worn.

All images were converted to 256 gray-level images and background regions were
removed. We have also applied histogram equalization to both training and testing
images in order to minimize variations of illumination. We have experimented using
thirty different sets of training and testing images for each database. We have
computed recognition performances for three different distance measures (L1, L2,
cosine) since we are concerned with performance variations independent of the
distance measure used [1].

Fig. 5. shows the recognition performances of PCA, ICA and LS-ICA methods for
the four facial databases. The recognition rate of the LS-ICA method was consistently
better than that of PCA and ICA methods regardless of distance measures used. I[CA
also consistently outperformed PCA except the case where the L1 measure was used
for the FERET database. What is more interesting is that LS-ICA method performed
better than the other methods especially at low dimensions. This property is very
important when we need to store facial feature data in a low capacity storing devices
such as smart cards and barcodes. To clearly show this, we displayed in Figure 6 the
performance improvement of the LS-ICA method over the ICA method. The
performance improvement was the greatest in the case of the AR database, as we
expected. The AR database contains local distortions and occlusions such as
sunglasses worn. The LS-ICA method that only makes use of locally salient
information can achieve a higher recognition rate than ordinary ICA methods that are
influenced by pixels not belonging to salient regions. The experimental results show
that, especially at low dimensions, LS-ICA basis images better represent facial images
than ICA basis images.
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Fig. 4. Example images from AT&T (top left), Harvard (top right), FERET (bottom left) and
AR (bottom right) facial databases
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Fig. 5. The recognition performance of PCA, ICA and LS-ICA methods for the four facial
databases. The recognition rates represent the average performance of the experiment using
thirty different sets of training and testing images
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Fig. 6. The performance improvement of LS-ICA method over ICA method for the four facial
databases. The performance improvement was the greatest in the case of AR database that
contains local distortions and occlusions such as sunglasses worn

5 Conclusions

We have proposed the LS-ICA method that only employs locally salient information
in order to maximize the benefit of applying the idea of “recognition by parts” to the
problem of face recognition under partial occlusion and local distortion. The
performance of the LS-ICA method was consistently better than the ICA method
regardless of the distance measures used. As expected, the effect was the greatest in
the cases of facial images that have partial occlusions and local distortions such as
changes in facial expression.
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Abstract. Real membership authentication applications require ma-
chines to learn from stream data while making a decision as accurately as
possible whenever the authentication is needed. To achieve that, we pro-
posed a novel algorithm which authenticated membership by a one-pass
incremental principle component analysis(IPCA) learning. It is demon-
strated that the proposed algorithm involves an useful incremental fea-
ture construction in membership authentication, and the incremental
learning system works optimally due to its performance is converging to
the performance of a batch learning system.

1 Introduction

Membership authentication problem [1] can be depicted as follows. Consider
a certain human group G with N members, which is the universal set. If there
exists an arbitrary subgroup M such that M C G and |M| < N/2, then it is
a membership group, and the remaining peoples M = G — M makes a non-
membership group. Thus, membership authentication problem is to distinguish
the membership class M from the non-membership class M in the human group.

Obviously, the membership authentication by face classification can be sim-
ply treated as a 2-class classification problem, in which either member or non-
member is judged by the system as a human tries to get authentication. How-
ever, in the real situation of online membership authentication, the difficulties
of the problem are as follows, (1)Both the size of membership/non-membership
group and the members in the membership group/non-membership group are
dynamically changed. (2)There are little within-class similarities, either for the
membership class or for the nonmembership class. (3)Face images for training
are provided as a stream dataset, which means that except for an initial dataset,
other datasets are added incrementally.

To deal with the first three points of difficulty, our previous work [I] pro-
posed an SVM ensemble method for membership authentication in dynamic
face groups. To achieve a dynamical authentication, we performed the mem-
bership authentication in terms of binary classification without revealing the
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individual’s identity. To deal with the classification difficulty from little within-
class similarity, we used a SVM ensemble [2] combining several binary SVM
classifiers. Here, towards solving the third difficulty, we introduce a algorithm of
one-pass incremental membership authentication(IMA).

2 Incremental Membership Authentication:
Problem Definition

Given M = {z;} is a membership face group of G, and M = G — M is the non-
membership face group, then membership authentication by face classification
can be depicted by a typical binary classification problem as,

1 ifxeM,
f@) = { —1 otherwise. (1)

Suppose f can be implemented by a specific classification model C' with a set
of parameters W = {wi,ws, ... we}, where £ is determined by the used model
in practice. In this paper, we simply use a K-NN classification model, then G
represents the K-NN computation, and w is the prototypes (reference centers).

For the batch learning of Eq.(1), the whole training dataset is given before
learning is started. The learning procedure can be illustrated as the following
formula,

C (w1, wa, ...wg) « Train(M, M). (2)

In contrast to the batch learning mode, incremental learning samples are
provided as a st