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ANALYSIS OF FACIAL RECOGNITION OVER MULTIPLE MODALITIES

Abstract

by
Xin Chen

The growing needfor e ectiv e biometric iderti cation is widely adknowledged.
Identifying an individual from his or her face is one of the most non-intrusive
modalities in biometrics. Major challengesto face recognition system robust-
nessinclude illumination and posevariations. This work intro ducesfoundational
researb addressingtwo-dimensionalintensity, infrared, three-dimensional,and
multi-mo dal facerecognition.

| cortribute to the growing body of work surroundingfacerecognitionby exam-
ining novel approatesto facerecognitionbeyond the traditional, two-dimensional
intensity modality. My infrared researb made strides in overcomingthe illumi-
nation challengebecausehis modality proved robustin the faceof varied lighting
conditions. Although infrared is invariant to changing lighting, infrared is not
robust in the face of varying pose,it produced very low-resolution imageswith
unreliable face registration when comparedto their 2D intensity courterparts,
and, in marny casesjt would be cost-prohibitive.

In looking to overcomethesebottleneds, 3D recognition wasthe next, logical

step giventhat previoustrials with the three-dimensionalmodality demonstrated



Xin Chen

that it provides greater accuracy than any of the two-dimensional modalities.
Howewer, available 3D state-of-the-art scannerssud as the Minolta Vivid se-
ries prove cost-prohibitive, are fragile, require that a subject remain immobile
for seweral seconds,and are generally too intrusive for many real-world acqui-
sition scenes.Theseobsenations provided the motivation for a proposedthree-
dimensionalrecognition systemthat is built upon a two-dimensionalframework. |
extendedmy infrared researt to considera three-dimensionalrecognition system
that had a two-dimensionalfoundation.

This dissertation exploresthe possibility of using coste ective, exible, accu-
rate, and user friendly multiple-view stereophotogrammetry to reconstruct the
three-dimensionalshape of the human facefor improved recognition performance.
Speci cally, | deweloped a novel approad to face recognition that relies on 2D
imagesto successfullyreconstruct 3D shape of the human face. This approadh
ultimately outperforms 3D shape obtained from a commercialscanner. This is
noteworthy given that our approad doesnot require strict calibration asin the
caseof the commercial3D scanner. Also signi cant is the demonstrated exibil-
ity of this systemto successfullyperform 3D recognition on a databaseacquired

originally for 2D facerecognition.
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CHAPTER 1

INTR ODUCTION

1.1 Biometrics

Biometrics is a measurablephysiologicaland/or behavioral trait that can be
captured and subsequetly comparedwith another instanceat the time of veri -

cation [10].

1.1.1 History

The origins of biometric technology can be traced bad se\eral thousandyears
to Babylonian kings that usedimpressionsof the hand set in clay to verify the
autherticity of certain engravings and other works of art [10]. This primitiv e
mode operated on the premisethat no two handsin the world are exactly alike.
Egyptian construction site administrators for the pyramids used biometrics in
allocating food to the workforce [10. The foreman only permitted a worker to
collect his month's provision from the storehouseonce he was satis ed of the
worker's true idertity and of his right to claim his allowance. Veri cation hinged
upon intricate records of eat laborer's physical and behavioral characteristics.
Distinctive anatomical features were determined and recordedusing anatomical
measuremets (one typical examplewas the distance betweenthe tip of an out-

stretched thumb and an elbow).



In the nineteernth certury, phrenolay consideredthe possibility of aligning
character traits with physical characteristics, drawing the researb comnunity's
attention to the subject of anthroppmetry, or the measuremen of di erent ele-
merts of the human body including weight, height, limb circumference,and skin
thickness. Alphonese Bertillon, acting director of the identi cation service at
Paris Police Headquartersin 1880, advancedthe idea of what becameknown as
judiciary anthropometry. He deweloped a system of identifying criminals using
anatomical measuremets that was widely usedin France and in other parts of
Europe aswell [10].

Biometrics has becomemuch more sophisticated, exceedingthe rudimentary
applications deweloped by past researbers. As the human race deweloped new
ways of identifying and verifying individual idertit y, scieriists maderapid progress
in automatic calculation. Modern realities sud asmicroprocessorsand electronics
have given researbers the opportunity to produce devicescapableof automated

idertit y veri cation via biometrics.

1.1.2 Applications and Emerging Concerns

Biometric technologiesare becomingthe foundation of an extensiwe array of
highly secureidenti cation and personalveri cation solutions. As the level of
security breadhesand transaction fraud increasesthe needfor highly secureiden-
ti cation and personalveri cation technologiesis apparert.

Biometric-basedsolutions facilitate con dential nancial transactionsand en-
sure the privacy of personaldata. The need for biometrics can be found in
federal, state and local governmerts, in the military, and in commercial appli-

cations. Enterprise-wide network security infrastructures, governmert IDs, se-



cure electronic banking, investing and other nancial transactions, retail sales,
law enforcemeh and health and sccial servicesare already bene ting from these
technologies[5]. There are a large number of potential applications for biomet-
ric technology Both trial and actual systemsgroundedin biometric technology
have been implemerted in physical accesscortrol, time and attendance moni-
toring, prison visitor systems,benet paymen systems,border cortrol systems,
PC/Network accessortrol, ATM-related applications, club and national idertit y
cards, etc [10].

Apart from its integration into seweral mainstream aspects of our daily lives,
biometrics has becomethe subject of increasedinterest and cortroversy after the
Septenber 11 terrorist attacks on the United States[15]. As biometric technolo-
gies sudh as facial recognition and ngerprinting becomepervasive, moral and
ethical issuesneedto be resoled. One of the most prominent argumeris against
governmerial useof biometrics, sud asfacial recognition, in public spacess that
it infringes on individual citizen's right to privacy ! . Ethical codes addressing
computer-orierted professionsadvancea generalconcernfor privacy [16]. Oneis,
therefore, left with the value judgmert of whether the cost of diminished privacy
is 0 set by an increasein security resulting from the widespreadimplemertation

of biometric technology.

1The United States SupremeCourt has consisterlly assertedthat the rights of privacy and
personal security protected by the Fourth Amendment \... are to be regarded as of the very
essenc®f constitutional lib erty; and that the guaranty of them is asimportant and asimperative
as are the guararties of the other fundamental rights of the individual citizen...". See Harris
v. United States, 331 U.S. 145,150(1947)citing Gouled v. United States, 255 U.S. 298,304,41
(1921).



Figure 1.1. Primary typesof ngerprints [3]

1.1.3 Biometric Methodologies

Today, the most popular biometrics include ngerprint, hand geometry iris,
face, voice, signature, and retina. Eacd of these biometrics, or even a multi-
modal approad using more than one of thesetools, may be better suited for a
particular application giventhe environmental conditionsthat must be addressed
in deweloping a robust veri cation method [10].

Fingerprint identi cation is the oldest biometric method; it hasbeensuccess-
fully usedin numerousapplications [10]. Fingerprints are categorizedinto pri-
mary typessud as whorls, loops, and arches, as shavn in Figure 1.1, and then
further analyzedby detecting minutiae featuressud asridges, forks, islandsand
crossw@ers. Many ngerprint systemsoperate by idertifying minutiae featuresand
then determining their relative position within the print.

Hand geometryis consideredo be the biometric technology most widely-used

in a commercial context [10. It is the \preferred" technology becauseit was
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Figure 1.2. Iris images

easyto use,it performswell, and it canbe easilyadaptedto a variety of di erent
applications. Hand geometryworks by taking a three dimensionalview of the hand
in order to determinethe geometryand metrics around nger length, heigh, and
other details.

Iris scanning,another establishedcommercialbiometric, involvesimaging the
texture pattern in the concetric band around the pupil of the eye [10]. The iris
pattern is not only uniqueto the individual, but the left and right irisesthemselhes
are unigue within the sameindividual, asshavn in Figure 1.2. Iris patterns have
proven unique amongsiblings, and even betweenidertical twins, where other ge-
netic details sud asfacial appearanceare quite similar. Iris scantechnology can
be a highly accurate biometric that provesvery successfuin someapplications.
Relevant considerationsinclude the distinct userinterfaceand medanical require-
merts, which may not be suitable under all testing conditions [10]. The Interna-
tional Civil Aviation Organization (ICA O) approved the useof iris recognition (as
well as facial and ngerprint recognition) as a meansof biometric iderti cation

incorporated in Machine ReadableTravel Documeris (MRTD) [4Q].
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Figure 1.3. A subject's facein two-dimensionalvisible-light,
three-dimensional,and infrared modalities

Retinal scanning,anotheroptical-basedbiometric technique, is hardly the most
user-friendly biometric technique, but it is extremely accurate. The principle
behind retinal scanningis that the blood vesselsn the retina provide a unique
pattern which is usedasa personalidenti er [10].

Facial recognition involvesimaging the faceto collect, for example,intensity,
and/or infrared, and/or three dimensional information (see Figure 1.3). It is
perhaps the most fascinating biometric concept, especially to the layman who
may tend to underestimatewhat is involved in reliably identifying individuals by
their facial characteristicsunder real world operational conditions.

Voice recognition is another popular technology given that we use our voices
in ewveryday corversation to expedite many transactions. The principle behind
voiceveri cation is that the unique, physical construction of an individual's vocal
chords, vocal tract, palate, teeth, sinuses,and tissue within mouth will a ect the

dynamicsof speet [10.



Signatureveri cation is a little di erent comparedto other biometrics, in that
it is a behavioral biometric rather than an anatomical biometric. From a user's
perspective, it is perceived as a natural and familiar action. Biometrics signature
veri cation seeksto analyzenot only the appearanceof our signature, but the
dynamicsinherert in writing it [10].

It isusefulto notethat all of the variousbiometric authertication/iden ti cation
technologiessharea common, generalpattern recognition structure[14]. First, a
property that is relatively uniqueto the individual is selected.lt must demonstrate
low variability over time, and be capableof consistet imaging and measuremen
Whatever biometric property is selected,the result of imaging and measuremen
is a feature vector. A feature vector from a personwhoseidertity is to be veri ed
or recognizedis matched againstthe enrolled feature vector(s), and the degreeof
similarity is measured.

Biometric technologiescanbe generallycategorizedasintrusive or non-intrusive,
depending on whether they passiwely or actively acquire the biometric informa-
tion. For example,three dimensionalface scannersusually emit laser beamsor
ash strong light on the human face, and thus are consideredintrusive technolo-
gies. In cortrast, a hidden surweillancevideo cameracapturesfaceimageswithout
inconveniencingthe subject, therefore,this is a non-intrusive biometric technique.
Biometric technologiescan also be categorizedaccordingto whether they require
contact betweenthe personand the sensor. Fingerprint and hand geometry are
examplesof cortact biometrics, which are complicated by considerationsof hy-
giene, subject cooperation, and the intrusion they may represen to the average
user. Facial recognitionand iris imaging are examplesof non-cortact technologies,

but in somecircumstances.even they require somedegreeof interaction between



the userand the sensor[1Q.

1.1.4 Application Scenario

The three primary biometric application scenariosare listed below [57]:

1. Veric ation (also called authentiation): \Am | who | say | am?" A
personpreseits their biometric and an identit y claim to a facerecognitionsystem.
The systemthen comparesthe preseried biometric with a stored biometric of
the claimedidertity. Basedon the results of comparing the new and the stored
biometric, the systemeither acceptsor rejectsthe claim.

2. ldenti c ation: \Who am I?" A systemis presemed with an image of an
unknown person. | assumethat, through someother method, | know that the
personis in the database. The systemthen comparesthe unknown imageto the
databaseof known people. This is the focus of my researt.

3. Watch list: \Are you looking for me?" A facerecognition systemmust rst
detect if an individual is, or is not, on the watch list. If the individual is on the

watch list, then systemmust correctly identify the individual.

1.1.5 PerformanceCriteria [14]

One fundamertal conceptrelevant to biometrics performancein the veri ca-
tion conext is false rejections (type 1 errors) and false acceptanceqtype 2 er-
rors). Falserejectionsrefer to the likelihood of an authorized user being wrongly
rejected by the system. Falseacceptancegefer to the likelihood of an impostor
being wrongly acceptedby the system. The acceptance/rejectionterminology is
typically usedto descrike the outcomeof a veri cation decision. Thereis a trade-

o betweenthe two typesof errors. The majority of biometric devicesincorporate



a sliding threshold adjustmert medanismthat allowsresearbersto tighten or re-
lax the matching criteria. Thus, the frequencyof falseacceptancesanbe reduced
at the cost of increasingthe frequencyof falserejections, or vice-versa. Related
terminology is usedin the cortext of a watch list scenario.A true positive occurs
if the systemreports a match to someoneon the watch list that is correctly iden-
tied. A falsepositive occursif the personis not actually someoneon the watch
list. A true negative occursif the systemdoesnot report a match to the watch
list, and the subject is not on the watchlist. A falsenegative occursif the system
doesnot report a match whenin fact it should have reported one.

The receiver operating characteristic (ROC) curve is a tool for summarizing
the spaceof possibleoperating points for a biometric system;that is, the space
of actually achievable tradeo s in the frequenciesof the two typesof errors. The
ROC curve can be de ned in seeral di erent but equivalert ways. One format
plots the true acceptancerate on the Y-axis and the falseacceptancerate on the
X-axis, asshowvn in Figure 1.4. The equalerror rate is the point at which the false
acceptrate and false reject rate are equal. The ideal operating point would be
(0,1), meaningno falseacceptancesnd no falserejections. Generally one system
performs better than another if its ROC curve lies closerto the ideal point than
the other system'sROC curve.

The focus of my researt is the iderti cation task. The methodology of the
performanceevaluation and most of my subsequenwork employs a training image
setusedto dewelopthe identi cation technique,agallery imagesetthat consistsof
the set of personsenrolledin the system,and a prolke imageset corntaining images
to beidentied. Identi cation of a probe imageyields a ranked set of matches,

with rank 1 being the best match. Results are preserted as a cumulative match



Figure 1.4. Receiwer Operating Characteristic (ROC) Curve
(conceptual)

characteristic (CMC) curve, where the x-axis denotesa rank threshold, which |
canthink of asthe maximum number of imagesthat the systemis allowed to re-
port whengiving an alarm for a given probe, and the y-axis represets the fraction
of imagesthat yield a correct match, i.e. true positive rate. The CMC curveillus-
trates, in a certain way, the tradeo of true positive versusfalse positive results.
The CMC curve conceptbecomedmportant when evaluating and comparingthe
performanceof biometric systems. Improved technology would result in a better
CMC curve, that is, onethat would run more toward the upper left corner of the
plot asit is drawn in Figure 1.5. The main performancemetric for an iderti ca-
tion systemis the system'sability to identify a biometric signature'sowner. More
speci cally, the performancemeasureequalsthe perceriage of queriesin which

the correct answer can be found in the top few matches[56].
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Figure 1.5. Cumulative Match Characteristic (CMC) Curve
(conceptual)

Giventhe CMC or the ROC curve of a biometric system,| alsoneedto consider
by what meansit arrivesat these gures, how many individuals were involved,
under what conditions and time scalesthese tests were implemerted, etc. to

ewvaluate the system'sperformance.

1.2 FaceRecognition

Identifying an individual using his or her faceimageis one of the most non-
intrusive biometric modalities. It has proven particularly usefulover a wide spec-
trum of applications including law enforcemeh mug-shotiderti cation, veri ca-
tion for personaliderti cation sud asdriver's licensesand credit cards, gateways
to limited accessareas,and surweillance of crowd behavior [41]. A generalstate-

mert of facerecognition can be formulated as follows: given still or video images
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of a scene,identify one or more personsin the sceneusing a stored databaseof
faces[28]. Moreover, face recognition frequerily involves segmetation of faces
from cluttered scenesgxtraction of featuresfrom the faceregion, iderti cation,
and matching 2.

Even though current face recognition systemshave readed a certain level of
maturity, their successs limited by the conditions imposedby many real appli-
cations. Two major ernvironmental problemsin facerecognition are illumination
and posevariation [80]. This motivatesthe useof non-intensity image modalities
to supplemen (or replace)intensity images[41]. Represetations of the image,
and the stored model that are relatively insensitive to changesin illumination and
viewpoint (as well asfacial expression),are thereforedesirable. Examplesof suth
represetations include edgemaps,imageintensity derivatives,and directional |-
ter responses.Though superior to other represerations, researbersmaintain that
no single represemation is su cient to withstand lighting, pose,and expression
changes[9].

Most currert face recognition systemsoperate with normal visible re ected-
light images,but researbersare investigating the useof infrared and three dimen-
sional shape imaging [23]. My researb seekgo cortribute to this line of researb.
Speci cally, this dissertation incorporates my work on two-dimensionalintensity
and infrared face recognition, multi-modal face recognition, and face modeling
and recognition through multi-view high resolution stereopsis.My work includes
a thorough survey of currert literature addressingfacerecognition, with a partic-
ular focuson emergingresear@ using the two-dimensionaland three-dimensional
modalities.

The current chapterintroducesthe tenetsof biometricsand providesan overview

2This dissertation focuseson still frontal facial images,wherethe facesare manually located.
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of face recognition. Two dimensionalvisible-light and infrared face recognition
researb is preserned in Chapter 2. This chapter senesto illustrate someof the
cortributions that my researb madeto this area,and to outline the weaknessesf
this biometric technology that motivated me to considerusing three-dimensional
imaging. Chapter 3 provides a detailed literature survey of comparative works on
three dimensionalfacerecognitionwith other modalities, sut astwo dimensional
intensity and infrared facerecognition. In Chapter 4, | discussedhe rationale of
my multi-view three-dimensionalstereopsisreseart and previous related work.
The three-dimensionalstereopsiscalibration procedureis provided in Chapter 5.
| presen three dimensionalface shape reconstruction using multi-view high reso-
lution stereopsisand its application in facerecognitionin Chapter 6 and Chapter
7, respectively. Chapter 8 concludesthis dissertation and charts the coursefor

future researa.

1.3 Principal Componert Analysis (PCA)

Face recognition methods can be broadly categorizedas following[38]: (1)
Glokal Approach This approat usesa single feature vector that represets the
whole face region as the input to a classier. (2) Compmnent-lasal Approach
Methods in this category classify local facial componerts. It is mainly to com-
pensatefor posechangesby allowing a exible geometricalrelation betweenthe
componerts in the classsi cation stage.

Becausel usedfrontal imagesfor my researt, and global techniques work
well for classifying frontal views of faces,| choseprincipal componert analysis
(PCA), which is the most prominent global method, for my two dimensionalface

recognition experimerts.
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PCA was rst descriled for faceimage represetation by Sirovich and Kirby
[42], and subsequetly adaptedto facerecognitionby Turk and Pertland [71][73.
The facerecognition systemin my experimerts shouldbe ableto do the following:

a. Derive a classi cation rule from the faceimagesin the training set; i.e. it
should be able to dewlop a discrimination technique to separatethe imagesof
di erent subjects.

b. Apply the rulesto newfaceimages;i.e. given a setof new enrolledimages
as the gallery, and a set of new uniderti ed imagesas the probe, it should be
able to usethe discrimination technique to map ead probe imageto one gallery
image.

Given a training set of N imagesf xy;X;;::;;Xn g, all in R", taking valuesin
an n dimensionalimage, PCA nds a linear transformation W' mapping the
original n dimensionalimage spaceinto an m dimensionalfeature space,where

m < n. The new feature vectors have coordinates:

Ve = Wixck= 12N

whereW 2 R™ ™ js a matrix with orthonormal columns. | de ne the total scatter

matrix St as:

Sr= (x ) )T (1.1)

k=1
whereN is the number of training images,and 2 R" is the samplemeanof all
images. Examplesof an infrared imagetraining set, acquiredwith a Merlin Un-
cooledlong wavelengthcameraand its samplemeanimageare shovn in Figure 1.6
(@) and (b), respectively.

After applying the linear transformation W7, the scatter of the transformed
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Figure 1.6. (a) Training images:frontal IR imagesof eight di erent
subjects. (b) Mean image: averageof the eight imagesin (a). (c)
Eigenfaces:principal componerts calculatedfrom (a) in decreasing
eigervalue order.

feature vectorsys; yo; i yn is WTStW. In PCA the projection Wy is chosento
maximize the determinart of the total scatter matrix of the projected samples,
i.e.

Wopt = argmaxy jW TSt Wj = [WiWy:::wWi]

wherew; = 1;2;::;;m is the setof n dimensionaleigervectorsof Sy correspnd-
ing to the m largest eigervalues [62]. Since these eigervectors are face-like in
appearancewhen rearrangedto follow the original imagepixel arrangemen, they
are commonly referredto as \eigenfaces". They are alsoreferredto as principal

componerts. The Eigenfacemethod, which usesprincipal componert analysisfor
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dimensionality reduction, yields projection directions that successigly maximize
the total residual scatter acrossall classesj.e. all imagesof all faces[11]. Fig-
ure 1.6 c showsthe top seeneigenfaceslerived from the input imagesof Figure 1.6
a in decreasingeigervalue order.

Any eigenfacematchesmust employ a measureof proximity in the facespace.
The \MahCosine" (as hamedby the CSU software) and Mahalanobisdistanceare
simply the angle metric [77]

Xy P

iz1 XiYi
dx;y) = —> = gms—=Lt
) DXyl oP -kl(Xi)ZH !‘l(yi)2
i= 1=

and Euclidean distance measure[77)

. ..2 X( . .2
dx;y) = lix yii*= X Vi
i=1
applied in the weighted space respectively.

Facerecognitionsoftware developed at Colorado State University  implemerts
the MahCosinemeasure,the classicalEuclidean distance measure,and the city
block distancemeasure[77]

. . X( . .
dx;y) = jx yi= X Vi
i=1
Basedon initial experimerts, | found that MahCosineo ered the best perfor-

mance,thereforethis metric is usedfor all results reported in this work.

3http://lwww.cs.colostate.edu/ev alfacerec/
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CHAPTER 2

INFRARED AND VISIBLE-LIGHT FACE RECOGNITION

2.1 Overview

Obviously, visible-light faceimagesare not invariant to illumination changes.
The within-class variability introduced by changesin illumination easily can be
greater than the between-classvariability; Consequetly, the in uence of vary-
ing ambient illumination seerely a ects classi cation performance[75. Thermal
imagery of facesis nearly invariant to changesin ambient illumination [76], and
may therefore yield lower within-class variability than intensity imagery, while
maintaining su cient between-classariability to guarartee uniquenesg41].

Infrared camerasprovide a measureof thermal emissivity from the facial sur-
face, and their imagesare relatively stable under varied illumination [68]. The
anatomical information imaged by infrared technology usessubsurfacefeatures
believed to be uniqueto eat person[60], though the imagesof identical twins are
not necessarilysubstartially di erent, asillustrated by Figure 2.1. Thesefeatures
may be imagedat a distance, using passie infrared sensortechnology, and they
are e ective with or without the cooperation of the subject. Infrared imagery
therefore, provides a unique possibility to engagein rapid, on-the-y iderti ca-
tion, under varied lighting conditionsincluding total darkness[41]. Limitations of
infrared cameras sud asexpenseand their resolutionsbeing below that of visible

light spectrum cameras,must alsobe adknowledged[6§].
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Figure 2.1. Infrared imagesof the facesof a pair of identical twins

Howeer, face recognition in the thermal, infrared domain has receiwed rela-
tively little attention in the literature when comparedwith recognition of visible
light imagery Wilder et al. [75] demonstratedthat both visible light and in-
frared imagesperform similarly acrossalgorithms. The analysisof Sacolinsky et
al. in early papers [67], [62 and [65 suggeststhat long-wave infrared imagery
of human facesis not only a valid biometric, but almost surely a superior one
to comparablevisible light imagery Howevwer, the testing data set sizein these
studies is relatively small. Also, these researbers used the gallery set as the
training set, which may not yield results that are indicative of real world perfor-
mance. In addition, there is no substartial time lapsebetweenthe gallery and the
probe imageacquisition in their studies. My early studies[35][31][3( show that
recognition performancewith visible light imagery is substartially poorer when

unknown imagesare acquiredon a di erent day from the enrolled images. The
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FRVT 2002coordinators [57] report that facerecognition performancedecreases
approximately linearly with elapsedtime. The time-lapseissuemay thereforebe
one of the most important reasonswhy the result of [31] and [30] seemto be at
oddswith thoseof [67], [62], [65] and [66], sincethe former shavs that PCA-based
face recognition using visible light imagery may outperform that using infrared
images.In addition, the following factors could cortribute to the discrepancies:

1. Chen et al. [31] [30] manually locate eye-locations in infrared images.
Sacolinsky et al. [67] [62][65] [66] usea sensorcapableof imaging both modalities
simultaneously through a common aperture which enabledthem to register the
facewith reliable visible light imagesinstead of infrared images. [30] shows that
relatively unreliable faceregistration degradesperformancein infrared imagery

2. Socolinsky et al. [67][62][65]66] emphasizethe infrared sensorcalibration.

3. Chenet al. [31][30] use much higher resolution for visible light source
imagesthan the infrared images(240 320). The resolutionsof visible light and
infrared imagesusedin [67][62][65][66] are both 240  320.

4. There might be more variations in facial appearancein [67][62][65][66 since
the imageswererecordedwhenthe subject pronouncedvowelslooking directly at
the camera,while the subjects in [31] and [30] were only requiredto demonstrate
neutral and smiling expressionsinfrared faceimagesmay be morerobust to facial
expressionchange.

More recert work by Selingerand Socolinsky [61] considersissuesof eye lo-
cation accuracyin visible-light and infrared images,and recognition accuracyin
the caseof outdoor imagery that may exhibit much greater lighting variation
than the indoor imageryin [75][67[62][65][35][3]L They nd that, although eyes

cannot be detected as reliably in thermal imagesas in visible ones, someface
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recognitionalgorithms canstill achieve adequateperformance[61]. They also nd
that, while recognition with visible-light imagery outperformsthat with thermal
imagery when both gallery and probe imagesare acquired indoors, if the probe
imageor the gallery and probe imagesare acquiredoutdoors, then it appearsthat
the performancepossiblewith infrared can exceedthat with visible light.

This chapter extends my early comparative researb analyzing the PCA al-
gorithm performancein infrared and visible-light imageries, including the im-
pact of illumination change,facial expressionchange,and short term (minutes)
and medium term (days or weeks) changein face appearancein a much larger
database. It alsoincorporatesthe work conbining the visible-light and infrared
modalities, recognition sensitivity to eye location, a comparisonwith a commer-
cial facerecognition software Facelt, and a comparative study of the multi-modal

and multi-sample approades.

2.2 Data Collection

My databaseconsistsof 10,916imagesper modality (visible light and infrared)
from 488 distinct subjects. Most of the data was acquired at the University
of Notre Dame during 2002 and 2003, while 81 images per modality from 81
distinct subjects were acquiredby Equinox Corporation. Selingerand Sacolinsky
[62] descrike in detail the acquisition processof the data collected by Equinox
Corporation.

Acquisitions were held weekly and most subjects participated multiple times
acrossa number of di erent weeks. Infrared imageswere acquiredat Notre Dame

with a Merlin, uncooled, long-wavelength, infrared, high-performancecamera?,

Lhttp://www.indigosystems.com/pro duct/merlin.h tml

20



which provided a real-time, 60Hz, 12 bit digital data stream. It is sensiti\e in the
7.0-14.0micron rangeand consistsof an uncooled focal plane array incorporating
a 320 240matrix of microbolometerdetectors. Three Smith-Victor A120 lights
with Sylvania Photo-ECA bulbs provided studio lighting. The lights werelocated
approximately eight feetin front of the subject; one was approximately four feet
to the left, onewas certrally located, and one was located four feet to the right.
All three lights weretrained on the subject's face. The sidelights and the certral
light are about 6 feet and 7 feet high, respectively. One lighting con guration
had the certral light turned o and the others on. This will be referredto as
\FERET style lighting”, or LF [59]. The other con guration hasall three lights
on; this will be called mugshotlighting, or LM. For ead subject and illumination
condition, two imageswere taken: one with neutral expression,which will be
called FA, and the other with a smiling expression,which will be called FB.
Due to infrared's opaqueness$o glass,| required all subjects to remove eyeglasses
during acquisition. Figure 2.2 (a) shows four views of a single subject in both
visible light and infrared imagery acquiredat the University of Notre Dame. Two
imagesof a singlesubject in visible light and infrared imageryacquiredby Equinox
Corporation are illustrated in Figure 2.2 (b). The infrared imagesshowvn in this

gure have cortrast enhancedfor display.

2.3 Experimertal Design

This work focuseson the identi cation task. In my experimerts, the training
setis disjoint from the gallery and the probe sets?, which makesthe performance

worsethan it would be under di erent circumstances.This is to eliminate any bias

2In most of my experimerts, the training setwould not contain any personsin commonwith
thosein the gallery and probe set.
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that might be introducedin the eigenspacelueto subject factors, and to make the
ewvaluation of the face recognition system more objective. Four categoriesbased
on the lighting and expressionsituation under which the imageswere acquired,
areidenti able: (a) FA expressiorunder LM lighting (FAjLM), (b) FB expression
under LM lighting (FBjLM), (c) FA expressionunder LF lighting (FAjLF) and
(d) FB expressiorunder LF lighting (FBjLF). All the subsequenexperimerts use
the valid combinations of two subsetsof the imagedatabase,and eah setbelongs
to one of thesefour categories.

By selectingmeaningful data setsas the pairs of galleriesand probes,| con-
ducted se\eral experimerts to investigate face recognition performancein visible
light and infrared imagery | requiredthat ead imageinvolved in the experimert
usedin onemodality should have a courterpart (acquiredat the sametime, under

the samecondition, and of the samesubject) in the other modality.

2.4 Preprocessing

As very few existing software applications can automatically locate a facein
the image, and humans generally outperform a computer performing this task, |
located facesmanually by clicking (with a computer mouse)on the certer of eadh
eye. This processis labeled \truth-writing”.  Figure 2.3 shaws that the features
on a human face appear more vaguein an infrared imagethan in a visible light
image,and thus the registration in the following normalization step might not be
asreliable in infrared comparedto a visible light image.

From Figure 2.2, 1 notice that the badkground, somepossibletransformations
of the face (scaling, rotation and translation), and sensor-depnden variations

(for example,automatic gain cortrol calibration and bad sensorpoints) could un-
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dermine recognition performance. This impact can be reducedby normalization,
which is implemerted in the CSU software.

The CSU software supports se\eral metrics for normalization:

a. Integerto o at conversion. After the imageis readfrom a le, it is converted
to a double precision (64 bit) oating point for subsequenimage calculations.

b. Geometric normalization. This aligns imagessud that the facesare the
samesize, in the same position, and at the sameorientation. Speci cally, the
imageis scaledand rotated to make the eye coordinatescoincidewith pre-speci ed
locationsin the output.

c. Masking. Maskingis usedto eliminate the sectionsof the imagethat are not
the facial area. This is to ensurethat the facerecognitionsystemdoesnot respond
to featurescorrespnding to badkground, hair, clothing etc. The CSU systemuses
an elliptical maskthat is certered just below eye level and obscuresthe earsand
sidesof the face. This is the samemaskusedin the FERET experimerts [59.

d. Histogram equalization. Histogram equalization attempts to normalize the
image histogramto reduceimage variation due to lighting and sensordi erences.

e. Pixel normalization. This is to compensatefor brightness and cortrast
variations. The CSU code doesthis by changingthe dynamic range of the images
sud that the meanpixel value is 0:0 and the standard deviation is 1:0.

| found that the recognition systemperforms best when applying all the nor-
malizations above with default optionsand a, b, ¢, d and e appliedin order. Other
settings bring no signi cant performancegain, or yield even worse performance.
For example,| tried turning o the histogram equalization, consideringthat the
original gray value responseat a pixel is directly related to the thermal emission

ux, and my algorithm might bene t most from arrays of correspnding thermal
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emissionvaluesrather than arrays of gray values. The result turned out to be no

better than leaving the histogram equalization on.

2.5 Same-sessioRecognition

The experiment descrited in this section usessamesessionimages. That is,
the gallery and probe imagesweretakenwithin a minute of ead other at the same
acquisition session.| used319distinct subjects and four imagesfor eat subject,
acquired within one minute, with dierent illumination and facial expressions.
Theseimageswere acquired during spring of 2003. For ead valid pair of gallery
and probe sets, | computed the rank 1 correct match percenage, and the rank
at which all the probeswere correctly matched. They are reported in Table 2.1.
Ead entry in the leftmost column correspndsto a gallery set, and ead ertry in
the top row correspndsto a probe set. The face spacefor this experimert was
derived by using one image for eat of 488 distinct subjects and all eigervectors
were retained. Of the 488 training images,319 (FAjLF) comefrom spring 2003,
which meansthat the gallery and probe setsof someof subexperimerts overlap
with the training set. The performanceof the subexperimerts in which the probe
set is FAjLF are omitted, becausethe probe set and the training set must be
disjoint for a fair comparison[66].

A striking di erence from my earlier same-sessiorecognitionresult [30]is the
signi cantly lower performanceof the infrared face recognition. A comparable
experimert using visible light imagesstill achievesvery good performancegiven
a reasonablylarge face space. Apparently, the visible light face recognition per-
formancedegradesslightly whenthe expressionof the gallery and probe images

aredi erent.

24



TABLE 2.1
THE PERCENTAGE OF CORRECTLY-MATCHED PROBES AT
RANK 1 AND, IN PARENTHESES, THE SMALLEST RANK AT
WHICH ALL PROBES ARE CORRECTLY MATCHED FOR SAME
SESSIONRECOGNITION IN VISIBLE LIGHT (BOTTOM) AND
INFRARED (TOP), USING SPRING 2003DATA.

XXX
XXxy Probe | caile | FAjLM | FBILF | FBjLM
Gallery X X xx
FAJLF 0.73(312) | 0.76(312) | 0.72(309)
0.96(126) | 0.90(276) | 0.89(223)
FAJLM 0.78(226) | 0.81(312)
0.91(254) | 0.93(259)
FBjLF 0.80(231) 0.84(286)
0.94(220) 0.96(110)
FBjLM 0.83(312) | 0.84(287)
0.93(212) | 0.96(97)

Selingerand Scocolinsky have looked at automated eye location in visible-light
versusthermal imagery [61]. They nd that, although the increasein error from
visible to LWIR is large, the LWIR valuesremainwithin 15%of the eye size,quite
a reasonablebound [61]. Their recognition experimerts are basedon ewaluating
recognition performanceusing a 40-frame video sequenceas input, potertially
complicating a direct comparisonof recognition results.

Figure 2.4 shavs the worst mismatchesfor visible light and infrared, i.e. the

probe image, the correct match, and the rank-one match.
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2.6 Time-lapseRecognition

Experimerts in which there is substartial time passagebetween gallery and
probe imageacquisitionsare referredto astime-lapserecognition.

This experimernt usesthe imagesacquired in twelve acquisition sessionsof
Spring 2003. Figure 2.5 shows the visible light and the infrared imagesof one
subject acrosgen di erent weeks,which suggestghat there may be moreapparert
variability, on average,in the subjects' infrared imagescomparedto the visible
light images. For example, note the variation in infrared imagesin their cheeks
and templesbetweenweeks9 and 10, or betweenthe bridge and the sidesof the
nosein di erent infrared images. Other researt [54] has con rmed that there
is variability in facial infrared imagesdue to startling, gum-dewing, etc. More
recenly, Socolinsky et al. [63][64 have replicated my basic early result [30][3]
of lower infrared performancein the time-lapseexperimerts.

The scenariofor this recognition is a typical enroll-onceidenti cation setup.
There are 16 subexperimerts basedon the exhaustive combinations of gallery
and probe sets, given the imagesof the rst sessionunder a speci ¢ lighting and
expressiorcondition asthe gallery, and the imagesof all the later sessionsinder a
speci ¢ lighting and expressiornconditions asthe probe. The rank-1 correct match
percertagesare provided in Table 2.6. For eat experimert, a given subject will
have one enrolled gallery image and up to elewen probe images, eat acquired
in a distinct, later session. The sameface spaceis usedas in the same-session
experimerts.

As illustrated by Table 2.6, the performancewith infrared imagesdrops sub-
stantially in comparisonto the same-sessioperformance the rank 1 correctmatch

rate drops by 15%to 30%. The most obvious explanationis that the elapsedtime
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TABLE 2.2

RANK 1 CORRECT MATCH PERCENTAGE FOR TIME-LAPSE

RECOGNITION IN VISIBLE LIGHT (BOTTOM) AND INFRARED

(TOP). ROW INDICATES GALLERY AND COLUMN INDICATES

PROBE.
C:a>l(lé(r;< xxf:r)‘(’?(i FAJLM | FAJLF | FBjLM | FBJLF
FAJLM 0.58(142) | 0.56(143) | 0.51(142) | 0.51(142)
0.89(116) | 0.88(135) | 0.68(136) | 0.66(106)
FAjLF 0.61(142) | 0.62(142) | 0.52(141) | 0.55(141)
0.85(137) | 0.86(138) | 0.64(136) | 0.66(138)
FBjLM 0.55(143) | 0.53(139) | 0.58(141) | 0.57(142)
0.76(133) | 0.76(138) | 0.82(121) | 0.82(108)
FBjLF 0.54(140) | 0.55(143) | 0.58(143) | 0.56(139)
0.74(134) | 0.76(141) | 0.79(125) | 0.79(134)

causedsigni cant changesamongthe thermal patterns of the samesubject. In
addition, the overall low performancefor infrared face recognition is due to the
unreliable registration of the eye certers discussedn the last section. Table 2.6
alsoshavsthat the performancedegradedor visible light imagery comparedwith
that of same-sessiomecognition using the samemodality. Visible light imagery
outperformsinfrared in eat subexperimert and performsbetter whenthe expres-
sionsin the gallery and the probe are idertical. This con rms my earlier study
on time-lapsefacerecognition [30].

For one time-lapserecognition with FAjLF imagesin the rst sessionas the
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gallery set and FAJLF imagesin the secondto the tenth sessionsas the probe
set, | illustrate the match and non-matd distance distributions in Figure 2.6
and Figure 2.7. The score(distance) rangesfrom 1.0 to 1:0 sincel usethe
\MahCosine" distance metric. The match scorehistogram is the distribution of
distancesbetweenthe probe imagesand their correct gallery matches. The non-
match scorehistogram is the distribution of distancesbetweenthe probe images
and all their false gallery matches. Essemially, the match scoredistribution de-
picts the within-classdi erence, while the non-matc scoredistribution represeis
the between-classli erence. Hence,for anideal facerecognition, the match scores
should be as small as possible,and the non-matdc scoresshould be much larger
than the match scores;they shouldn't overlap. In this experimert, there is sig-
ni cant overlapping for both infrared and visible light, which accouns for the
incorrect matches. The match scoredistribution for visible light is more at the
smaller distance area than that for infrared, i.e. the within-class di erence for
visible light imagesis smallerthan that for infrared images. The non-matc score
distributions for thesetwo modalities are about the same,i.e. the betweenclass
di erences are similar. Thus, visible light imagery performs better than infrared
in this setup. Note that my experimertal setup includesrelatively minimal light-
ing variations. If more drastic lighting variation was considered the results could
be di erent. For example,in the extreme caseof no ambient lighting, one would

naturally expect infrared to perform better.

2.7 Sensitivity to Eye Certer Location

| manually located eye certers in both the visible light and the infrared images

for normalization. It is possiblethat the errorsin eye certer location could a ect
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the recognition performancedi erently in visible light and infrared, especially
consideringthat infrared imagery is more vague than visible light imagery, and
the original resolutionfor infrared is 320x 240versus1600x120@or the visible light
image. This is potertially an important issuewhen comparing the performance
of infrared and visible light imagery.

| did a random replacemen of the current, manually-marked eye certers by
another point in a 3x3 (pixel) window, which is certered at the manually-marked
position. This approximates the human error introduced when imagesare truth-
written. | implemert time-lapserecognition by usingimagesnormalizedwith the
randomly perturbed eye certers asshowvn in Table 2.7.

When Table 2.7 and Table 2.6 are compared,one concludesthat infrared
is more sensitive to eye certer locations. The correct recognition rates drop sig-
ni cantly comparedto the performancewhere the manually located eye certers
are used. For visible light imagery in a time-lapsescenario,the performanceonly
slightly decreases.This suggeststhat marking eye certers in infrared might be
harder to do accurately than marking eye certers in visible light, and that this
may have a ected the infrared accuracyrelative to the visible light accuracyin
my experimerts.

Selingerand Saocolinsky [61] look at automated eye certer location and also
report nding greater error for thermal imagery than for visible-light imagery
Howeer, they also nd relatively smaller di erences in recognition performance
than | found, although di erences in data set and algorithm complicate a direct

comparison.
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TABLE 2.3

RANK 1 CORRECT MATCH PERCENTAGE FOR TIME-LAPSE

RECOGNITION IN INFRARED (TOP) AND VISIBLE LIGHT

(BOTTOM). EYE CENTER IS RANDOMLY REPLACED BY A

POINT IN A 3X3 WINDOW THAT IS CENTERED AT THE

MANUALL Y-LOCATED EYE CENTER

(;\a),i;;( xsrgt:(i FAILM | FAJLF | FBjLM | FBjLF
FAJLM 0.67(52) | 0.65(44) | 0.62(58) | 0.57(59)
0.90(46) | 0.91(54) | 0.71(55) | 0.71(54)

FAJLF 0.68(40) | 0.69(56) | 0.60(55) | 0.62(61)
0.91(50) | 0.92(27) | 0.74(33) | 0.72(44)

FBjLM 0.64(61) | 0.67(60) | 0.65(62) | 0.69(57)
0.75(56) | 0.81(45) | 0.86(49) | 0.84(50)

FBJLF 0.63(57) | 0.62(57) | 0.63(62) | 0.65(55)
0.74(51) | 0.78(40) | 0.88(33) | 0.89(47)

2.8 Combination of Visible Light and Infrared

Table 2.6 shaws that visible light imagery is better than infrared in time-
lapsed recognition, but the sets of mismatdched probes of the two classi ers do
not necessarilyoverlap. This suggestghat thesetwo modalities o er potertially
complemetary information about the probeto beidenti ed, which couldimprove
the performance. It is possibleto realize sensorfusion on di erent levels: sensor
data level fusion, feature vector level fusion, and decisionlevel fusion [8]. Since

these classi ers yield decisionrankings as results, | considerthat fusion on the
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decisionlevel has more potertial applications. My fusion processis divided into
the following two stages|[8]:

1. Transformation of the score

If the scorefunctions yield valueswhich are not directly comparable,for ex-
ample, the distancein infrared face spaceand the distancein visible light face
space,a transformation stepis required. There exist se\eral scoretransformation
methods, sud aslinear, logarithmic, and exponertial. The purposeof thesetrans-
formationsis, rst, to map the scoresto the samerangeof values,and, second to
changethe distribution of the scores. For example,the logarithmic transforma-
tion puts strong emphasison the top ranks, whereaslower ranked scores,which
are transformedto very high values, have a quickly decreasingn uence. This is
particularly true in my experimerts becausehe top few matchesare morereliable
than the later ones.

2. Combination and reordering

For ewery classin the conbination set, a combination rule is applied, and the
classesrereorderedin orderto getanewranking. Kittler etal. [43]concludethat
the combination rule deweloped under the most restrictive assumptions,the sum
rule, outperformed other classi er combination schemes. Therefore, | have used
the sumrule for conbination in my experimerts. | implemened two combination
strategies:rank basedstrategiesand score-basedtrategies. The former computes
the sum of the rank for ewery classin the conbination set. The classwith the
lowest rank sum will be the rst choice of the conmbination classi er. Though
the scoretransformation is primarily usedfor the manipulation of the score-based
strategies,it may alsobe applied to the ranks (interpreted as scoresin this case)

too. In this way it is possibleto changethe in uence of the ranks signi cantly.
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The score-basedstrategy is to compute the sum of the score(distance) for eath
classand choosethe classwith the lowest sum scoreasthe rst match.

| rst usedan unweighted rank-basedstrategy for combination. This approad
computesthe sum of the rank for every gallery image. On average,for eat probe
there are 10-20rank sum ties (64 gallery images). Sincevisible light imagery is
morereliable, basedon my experimerts in the context of time-lapse,| usethe rank
of the visible light imagery to break the tie. The top of eat item in Table 2.8
shows the combination results using this approad. Only in 2 out of 16 instances
is the visible light alone slightly better than the combination. The conbination
classi er outperformsinfrared and visible light in all the other cases.

For ead individual classi er (infrared or visible light), the rank at which all
probes are correctly identi ed is far beforerank 64 (64 gallery images). Hence,
the rst seriesof ranks are more useful than the later ranks. | logarithmically
transformed the ranks before combination to emphasizethe rst ranks, and to
ensurethat the later ranks have a quickly decreasingin uence. The middle of
ead item in Table 2.8 shaws the results of this approad. The combiner outper-
forms visible light and infrared in all the sub-experimerts, and is better than the
combiner without rank transformation.

Second,l implemented a score-basedtrategy. | usethe distance betweenthe
gallery and the probe in the facespaceasthe score,which providesthe conbiner
with someadditional information that is not available in the rank-basedmethod.
It is necessaryto transform the distancesto make them comparablesincel used
two di erent facespacedor infrared and visible light. | usedlinear transformation,
which mapsa score,s, in arangeof | ¢ = [smin;smax], to atarget rangeof | 0 =

[0; 100]. Then | compute the sum of the transformed distancesfor eat gallery,
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and the onewith the smallestsum of distanceswill bethe rst match. The bottom

ertry of ead item in Table 2.8 cortains the results of this application. The score-
basedstrategy outperformsthe rank-basedstrategy and improvesthe performance
signi cantly comparedwith either of the individual classi ers (infrared and visible
light). This shows that it is desirableto have knowledge about the distribution

of the distancesand the discrimination ability basedon the distance for eath
individual classi er (infrared or visible light). This allows us to changethe score
distribution meaningfully by transforming the distancesbeforeconbination. This
combination strategy is similar to that usedby Changet al. [21] in a study of
two-dimensionaland three-dimensionalface recognition.

A similar experimert using spring 2003 data as the testing imageswas con-
ducted applying the score-basedtrategy. The results are reported in Table 2.8.
Again, it improvesthe performancesigni cantly comparedwith either of the in-
dividual classi ers (infrared and visible light) alone.

Multi-mo dalities versus multi-samples

From a cost perspective, a multiple sampleapproad (multiple samplesof the
samemodality, e.g. two visible light faceimages)will most likely be cheaper than
a multi-modal approad (e.g. visible light and infrared). Hence,it is particularly
important to determineif a multi-mo dal approad is superior to a multiple sample
approad for performancepurposes. The following experimert shows that the
improvemen by conbining visible light and infrared modalities cannot be purely
attributed to using multiple probe images.

For onetime-lapseexperimert, | usetwo probe imagesper modality and com-
bine the decisionsusing a score-basedtrategy. The results are reported in Table

2.8.
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Notice that the performanceis worsefor combining FAJLM and FBjLF than
FAjLM alone. For infrared, the top match scorefor combining FAjLM and FBjLF
probesis 0.85,and 0.85for combining FAJLM and FAjLF. The scoresfor FAjLM,
FBjLF, and FAjLF alone are 0.81, 0.73, and 0.82, respectively. The scoresfor
combining infrared and visible light (alsotwo probes)in FAJLM, FAjLF and FBjLF
are 0.95, 0.97, and 0.90, respectively, which are signi cantly better results than

those obtained after combining two probesof the samemodality.

2.9 Comparisonof PCA and Facelt

Facelt 3 is a commercial face-recognitionalgorithm that performed well in
the 2002 Face Recognition Vendor Test'. | use Facelt results to illustrate the
importance of combined infrared-plus-visible-light facerecognition. | usedFacelt
G3 and G5 technologies. The latter wasthe latest versionat the time | usedit.

Figure 2.8 shavs the CMC curves for a time-lapse recognition with FAjLF
imagesin the rst sessionas the gallery set, and FBjLM imagesin the second
to the tenth sessionsasthe probe set by Facelt and PCA. Note that the fusion
method is score-based.Facelt G3 and G5 outperform PCA in the visible light
and infrared modalities individually. Howewer, the fusion of infrared and visible
light easilyoutperformseither modality aloneby PCA or Facelt G3. | shouldtake
into accoun the training set PCA usedwhen making this comparison. Given an
extremely large, unbiased training set, which is not often practical or e cient,

PCA might ewertually outperform Facelt in visible light imagery.

3http://lwww.iden tix.com/pro ducts/
“http://www.frvt2002.0rg
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2.10 Discussion

In samesessiorrecognition, neither modality is clearly signi cantly better than
the other. In time-lapserecognition, the correctmatch rate at rank 1 decreasedor
both visible light and infrared. In general,delay betweenthe acquisition of gallery
and probe imagescausesrecognition system performanceto degradenoticeably
relative to same-sessiomnecognition. More than one week'sdelay yielded poorer
performancethan a single week'sdelay. However, there is no clear trend, based
on the data in this study, that relates the size of the delay to the decreased
performance. A longer-term study may rewveal a clearer relationship. In this
regard, seethe results of the FaceRecognition Vendor Test 2002[4].

In time-lapserecognition experimerts, | found that: (1) PCA-basedrecogni-
tion usingvisible light imagesperformedbetter than PCA-basedrecognitionusing
infrared images,and (2) Facelt-basedrecognition using visible light imagesout-
performed PCA-basedrecognition on visible light images,PCA-basedrecognition
on infrared images,and the conbination of PCA-basedrecognitionon visible light
and PCA-basedrecognition on infrared images.

My experimertal resultsalsoshawv that the combination of infrared plus visible
light canoutperform either infrared or visible light alone. 1 nd that a conbination
method that considersthe distance values performs better than one that only
considersranks.

The likely reasonfor the succes®f the technique stemsfrom the fact that face
recognition systemsdepend on accuratelocalization of facial features,in particu-
lar the eyes. The incorporation of multiple imagese ectively reduceslocalization
errors via averaging. Systemsbasedon eigenfaceechniquesmay reap more ben-

et from sud information than other published algorithms sud as LFA [36]. It
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becomesa bottle-ned for infrared facerecognition due to the low resolution and

poor cortrast in infrared imagery.
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FAJLF FBjLF

FAjLM FBjLM
(@)

(b)

Figure 2.2. (a) Four viewswith di erent lighting and expressionsn
visible light and infrared imagery, acquiredat University of Notre
Dame; (b) Two imagesof a single subject in visible light and infrared
imagery, acquiredat Equinox Corporation.
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Visible-light eye area Infrared eye area

Figure 2.3. Expandedview of eye areasin visible-light and infrared
images

probe correct match rank-one match
(a) visible light image

probe correct match rank-one match
(b)infrared image

Figure 2.4. Worst match examples
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(a) Week1 (b) Week?2

(a) Week3 (b) Week4
(a) Week5 (b) Week6
(a) Week7 (b) Week8
(a) Week9 (b) Week10

Figure 2.5. Normalized FAjLM faceimagesof one subject in visible
light and infrared across10 weeks.
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Figure 2.6. Match and non-matd scoredistributions for one time-lapse
recognitionin infrared, dark color bars represen correct match, light
color bars represen incorrect match
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Figure 2.7. Match and non-matd scoredistributions for one time-lapse
recognitionin visible light, dark color bars represen correct match,
light color bars represen incorrect match
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TABLE 2.4

RANK 1 CORRECT MATCH PERCENTAGE FOR TIME-LAPSE

RECOGNITION OF COMBINING INFRARED AND VISIBLE

LIGHT. TOP: SIMPLE RANK BASED STRATEGY; MIDDLE:

RANK BASED STRATEGY WITH RANK TRANSFORMATION;

BOTTOM: SCORE-BASED STRATEGY. ROW INDICATES

GALLERY AND COLUMN INDICATES PROBE.

(;:I(Iexr;x Xsr;(’t)’(i FAjLM | FAJLF | FBjLM | FBILF
FAJLM 0.91(25) | 0.95(23) | 0.83(45) | 0.81(44)
0.93(26) | 0.96(24) | 0.85(47) | 0.85(47)

0.95(24) | 0.97(21) | 0.90(46) | 0.90(45)

FAJLF 0.91(18) | 0.93(19) | 0.85(41) | 0.83(23)
0.92(24) | 0.94(27) | 0.87(44) | 0.84(35)

0.95(20) | 0.97(20) | 0.91(39) | 0.90(24)

FBjLM 0.87(20) | 0.92(34) | 0.85(23) | 0.86(32)
0.88(22) | 0.92(40) | 0.87(32) | 0.88(32)

0.91(27) | 0.94(32) | 0.92(25) | 0.92(31)

FBJLF 0.85(43) | 0.87(40) | 0.88(12) | 0.90(36)
0.87(33) | 0.88(37) | 0.90(17) | 0.91(38)

0.87(40) | 0.91(44) | 0.93(20) | 0.95(37)
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TABLE 2.5

RANK 1 CORRECT MATCH PERCENTAGE FOR TIME-LAPSE

RECOGNITION OF COMBINING INFRARED AND VISIBLE

LIGHT USING SCORE-BASED STRATEGY.

C:;l;;x Xf(’r;’?:( FAJLM | FAjLF | FBjLM | FBjLF
FAjLM 0.91(47) | 0.90(70) | 0.80(134) | 0.80(119)
FAJLF 0.91(100) | 0.91(110) | 0.78(99) | 0.79(116)
FBjLM 0.85(101) | 0.85(106) | 0.87(99) | 0.87(73)
FBILF 0.82(120) | 0.86(84) | 0.87(119)| 0.87(93)

TABLE 2.6

TOP MATCH SCORESOF ONE TIME-LAPSE EXPERIMENT
USING ONE AND TWO PROBE IMA GES; THE TWO PROBE
IMAGES EITHER COME FROM TWO DIFFERENT MODALITIES
(INFRARED + VISIBLE) OR FROM THE SAME MODALITY BUT
UNDER TWO DIFFERENT CONDITIONS (FAjLM + FBjLF AND
FAJLM + FAjLF).

Vo da"\ty\ e ‘anfjiti(fn FAJLM | FBJLF | FAJLF | FAJLM + | FAjLM
FBJLF | FAjLF
infrared 092 | 073 | 092 | 090 | 0.93
Visible 081 | 073 | 082 | 085 | 0.85
infrared + Visible 0.95 0.97 0.90 N/A N/A
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Figure 2.8. CMC curvesof time-lapserecognition using PCA and
Facelt in visible light and infrared
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CHAPTER 3

FROM TWO-DIMENSIONAL TO THREE-DIMENSIONAL

3.1 Multi-mo dal Face Recognition using Three-dimensional, Two-dimensional

Visible-light, and Infrared Images

Most literature in three-dimensionalface recognition reports performanceas
the rank-one recognition rate in an identi cation scenario,although somereport
equalerror rate or veri cation rate at a speci ed falseacceptrate in a veri cation
scenario[26]. Historically, the experimertal componert of work in this areawas
rather modest. The number of personsrepreseted in experimertal data setsdid
not readh one hundred until 2003. Only a few works have dealt with data sets
that explicitly incorporate poseand/or expressiorvariation [52][47][53][2}18]. It
is, therefore, perhapsnot surprising that most of the early works reported rank-
one recognition rates of 100%. Howeer, the Face Recognition Grand Challenge
Program [58 has already resulted in se\eral researb groups publishing results
on a commondata set represeting over 4,000imagesof over 400 persons,with
substartial variation in facial expression.As experimertal data setshave become
larger and more challenging, algorithms have becomemore sophisticated,even if
the reported recognition rates are not as high asin someearlier works.

A single biometric modality hasto cope with a variety of identi cation chal-

lengessud asvarying illumination, within-classdi erences, and data noise. Some
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of these obstaclescan be overcomeby combining two or more modalities; their
combined recognition potential yields a higher probability for accurate discrimi-
nation while providing usefulinformation that is not available in recognitiontrials
limited to a single modality.

Ead imaging modality has its own bene ts and problems when applied to
facerecognition. Two-dimensionalimagesare generally easierand lessexpensie
to acquire. The perceived bene ts from using three-dimensionalrelative to two-
dimensionaldata include lessvariation obsened (due to factors sud as makeup)
and reducedsensitivity to illumination changes(even though a three-dimensional
sensingoperation is in uenced by illumination). Also, the pattern of heat emitted
from the human face may e ectively be consideredas a characteristic of eah
individual.

The metric level data fusion focuseson conmbining the match distancesthat are
found in the individual spaces.Having distancemetrics from two or moredi erent
spacesa rule of how to conbine the distancesacrossthe di erent biometrics for
ead personin the gallery canbe applied. The ranks canthen be determinedbased
on the conbined distances. Scoredrom eat modality needto be normalizedto be
comparableto ead other prior to fusion. There are se\eral ways of transforming
the scores,ncluding linear, logarithmic, exponertial, logistic, etc. [8]. The scores
are normalized so that the rangeis [0; 100]for ead modality. There are ways of
combining di erent metricsto achieve the bestdecisionprocessjncluding majority
vote, sum rule, product rule, median rule, min rule, averagerule and son on.
Depending on the task, a certain conbination rule might be better than another.
It is known that the sum rule and the product rule provide generally plausible

results [43][9.
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Bronstein et al. approad the problem using an isometric transformation to
minimize facial expressiorvariation in three-dimensionalfaceanalysis[17]. These
researbersuseeigen-decompsition of attened textures and canonicalimagesre-
sulting in two-dimensionaland three-dimensionalrecognition. Though they shav
both accurateand inaccurate recognition using di erent algorithms, their results
do not indicate that a particular algorithm is quartitativ ely superior to another.

Wanget al. [74]proposea facerecognitionalgorithm basedon both rangeand
gray-level facial images. Chang et al. [27] designeda vector phase-only lter to
implemen a facerecognitionbetweena rangefaceimage(storedin the database),
and an intensity faceimage (taken asinput). This approad proved insensitive to
illumination, but not scaleand orientation invariant.

Tsalakanidou et al. [70] usethree-dimensionaland color imagesin executing
multi-mo dal facerecognition. Their researb is uniquein that it usescolor rather
than strictly relying on the gray-scaleintensity featured in much of the multi-
modal literature. Theseresearbersimplemert a PCA-style matching recognition
algorithm, including a combination of the PCA results for the individual color
planesaswell asthe rangeimage. Their experimertal results, featuring imagesof
forty individuals from the XM2VTS dataset [50], include separatedata for color
images,three-dimensionalimages,and also a multi-mo dal three-dimensionaland
color approad. They acdhieved a 99% recognition rate using their multi-modal
algorithm, and concludedthat the multi-modal approad outperformed both a
strictly two-dimensionaland a strictly three-dimensionalapproad.

Beumierand Acheroy illustrated that recognitionusing surfacematching from
parallel pro les possessesigh discrimination power. They alsohighlighted system

sensitivity to absolutegray level when range and intensity are consideredjointly
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[13].

Chang et al. [20] documert PCA recognition performed using both two-
dimensionaland three-dimensionaimagesof a datasetfeaturing 200test subjects.
Their work represets the largestreported study in terms of subjects, gallery and
probe images,and time elapsedbetweengallery and probe collection for both the
three-dimensionalface approad, as well as the conbined two-dimensionaland
three-dimensionalmodality. This study featuresoneexperimert usinga singleset
of later imagesfor eat test subject as probes, while another experimert usesa
more extensiwe setof 676probestakenin multiple acquisitionsover alongerperiod
of time. The multi-mo dal results were generatedusing the weighted sum of the
distancescollected from individual two-dimensionaland three-dimensionalface
spaces.Both experimerts yielded results of approximately 99%rank onerecogni-
tion for multi-modal three-dimensionalconbined with two-dimensional,94% for
three-dimensionalalone,and 89%for two-dimensionalalone.

Important aspectsof somerelated multi-mo dal studiesare summarizedin Ta-
ble 3.1.

| presen the results of the rst study to examineindividual and multi-modal
face recogrion using two-dimensional visible-light, three-dimensional, and in-
frared imagesof the sameset of subjects. Each sensorcapturesdi erent aspects
of human facial features: appearancein intensity represeting surfacere ectance
from a light source,shape data represetaing depth valuesfrom the camera,and

the pattern of heat emitted, respectively.
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TABLE 3.1

PREVIOUS STUDIES OF THREE-DIMENSIONAL AND

TWO-DIMENSIONAL FACE RECOGNITION.

Source Biometric Source Fusion Method Fusion Level
Chang 2D + 3D facial shape | min, sum, product rank + metric
('03) [20] (275)

Chen ('05) | 2D + facial heat | sum metric

[32] (488)

Wang ('02) | 2D + 3D facial shape | support vector ma- | metric

[74] (50) chine

Beumier 2D + 3D faceprole | weighted sum metric

('00) [13] (120)

Liu ('99) | 2D + 3D facial shape | augmened EFM feature

[46] (200)

Achermann| 2D + 2D faceprole | sum metric

('96) [8] (30)

3.1.1 Image Acquisition

The imagesusedin this study were collectedat the University of Notre Dame
betweenJanuary and May 2003. Two four-weeksessionsvere conductedfor data
collection, appraximately six weeksapart. Thus, in the multiple probe experimert,
there are at least one and as many as thirteen weeksof time lapse betweenthe
gallery and the probe images.A total of 191di erent subjects participated in one
or more data acquisition session.Twerty nine subjects are usedfor a validation
set which consistsof a gallery set of 29 imagesand a probe set of 87 images(3
imagesper subject). Another 127 subjects who participated more than onceare

in the gallery setand their subsequenimages(297) are included in the probe set.
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Performance gures reported later in this chapter are for these297 probe images.
The other 35 subjects for whom good data was not acquiredin both the gallery
and the probe sessionsare usedalong with the gallery asthe training set.

In ea acquisition session,subjects were imaged for two-dimensional and
three-dimensionalimages using a Minolta Vivid 900 range scanner. Infrared
imageswere acquired with a Merlin Uncooled long wavelength camera, which
provides a real-time, 60 HZ, 12 bit digital data stream. Subjects stood approxi-
mately 1.5 metersfrom the cameras,againsta plain gray badkground, were asked
to assumea normal facial expression(\F A" in FERET terminology [59]), and to
look directly at the camera. The Minolta Vivid 900 usesa projected laserstripe
to acquire triangulation-based range data. It also acquiresa color image near-
simultaneously with the range data capture. The result is a 640 x 480 sampling
of range data with a registered640 x 480 color image, and infrared imagesare

producedin 240x 320.

3.1.2 Normalization

The main objective of the normalization processis to minimize the uncon-
trolled variations (pose and brightness) that occur during acquisition, and to
maintain the variations obsened in facial feature di erences between individu-
als. The normalizedimagesare masked to \gray out" the badkground and leave
only the faceregion. The nal imagesusedin this experimert are cropped and
scaledto 130x 150.

While eat subject is asked to gazeat the cameraduring the acquisition,
the data will inevitably display somelevel of posevariation betweenacquisition

sessions. Both two-dimensionaland infrared image data are typically treated
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as having pose variation only around the Z axis, the optical axis. The CSU
face recognition software [2] usestwo landmark points (the eye certers) for ge-
ometric normalization to correct for rotation, scale,and position of the face for
two-dimensionalmatching. Howewer, while histogram equalization is applied to
normalize the brightnesslevel in two-dimensionalimages,only geometricnormal-
ization is applied to infrared images.

The human faceis a three-dimensionalobject, and if three-dimensionaldata is
acquired, there is the opportunity to correct for posevariation around the X, Y,
and Z axes. A transformation matrix is rst computedbasedon the surfacenormal
angle di erence in X (roll) and Y (pitch) between manually selectedlandmark
points (two eye tips and certer of lower chin), and the prede ned referencepoints
of a standard face poseand location. Posevariation around the Z axis (yaw) is
correctedby measuringthe angle di erence betweenthe line acrossthe two eye
points and a horizortal line. At the end of the posenormalization, the nosetip
of every subject is translated to the samepoint in three dimensionrelative to the

Sensor.

3.1.3 Experimerts

| usedprincipal componert analysis(PCA) for the following two experimerts:
1) to examine and comparethe performanceof the individual modality; 2) to
ewvaluate the performanceof the combined modalities. The optimum set of eigen-
vectors are selectedfor eady modality to create the face space. The cumulative
match characteristic (CMC) curves are generatedto presen the results. McNe-
mar's statistical test is consideredto determinethe signi cance of the di erence

in accurcy among single modalities and betweenthe dual modalities and single
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modalities basedon rank-onerecognition rates.

3.1.3.1 Comparing Single Modalities

This experimert investigatesthe performanceof the individual two-dimensional,
three-dimensionaland infrared modalities usedin facerecognition. The null hy-
pothesisis that there is no signi cant di erence in the recognition rate between
eat modality, given: (1) the useof the samePCA-basedalgorithm implemerta-
tion; (2) the same-sulfect pool represeted in training, gallery and probe sets;(3)
the cortrolled variation in image acquisition time betweenthe gallery and probe
images;and (4) individually tuned face spacefor ead modality using the valida-
tion set. The results show that the rank-one recognition rates of ead modality
are 90.6% for two-dimensional, 91.9% for three-dimensionaland 71.0% for in-
frared, as shavn in Figure 3.1. The dierence between two-dimensionaland
three-dimensionalmodalities in rank-one recognition rates is clearly not statis-
tically signi cant. Howewer, infared shows signi cantly lower performancethan
two-dimensionalor three-dimensional. Thus, the results of my experimert pro-
vide evidencefor rejecting the null hypothesis. I nd a statistically signi cant
di erence in accuracyin PCA-basedrecognition using two-dimensionalor three-
dimensionalfacecomparedto infrared facedata. A commercialfaceidenti cation
software, Facelt (versionG3), is consideredas a separateexperimert hereto pro-
vide the relative performanceof a given datasetagain the eigenfacemethod used
in the three modalities. Facelt performsat rank-onerecognitionrate at 84.5%on
the sametwo-dimensionalgallery and probe set, which is lower than my tuned

two-dimensionaleigenfacemethod.
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Figure 3.1. Performanceresults of single modalities [23]

3.1.3.2 Combining Multiple Modalities

In this experimert, the valueof a multi-mo dal biometric usingtwo-dimensional,
three-dimensional,and infrared faceimagesis investigatedand comparedagainst
individual biometrics. | useproduct rule asit consistetly shows the best perfor-
manceregardlessof normalization methods. The null hypothesisfor this exper-
iment is that there is no signi cant di erence in the performancerate between
single biometrics and multi-biometrics. According to Hall [37], fusion can be use-
fully doneif anindividual probability of correctinferenceis between50%and 95%
with oneto sewen classi ers. From my secondexperimert, it is reasonableo fuse
the two or three individual biometrics, sincethey meetthis fusion criteria. After

di erent decisionrulesareappliedto combine the metrics obtained by ea¢ modal-
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Figure 3.2. Performanceresults of multiple modalities [23]

ity, they all shoved improved performance. Figure 3.2 shows the CMC curves
with rank-onerecognitionratesof 98.7%,96.6%,and 98.0%for two-dimensionak
three-dimensional two-dimensional+ infrared, and three-dimensionak infrared,
respectively. McNemar'sstatistical signi cance test shovsthat dual modality per-
formanceis signi cantly greater, at the 0.05 level. Later, all the modalities are
combined to form a multi-modal biometric with all three facial features. Figure
3.2shows 100%accuracyin the givengallery and probe set. Dueto the higher per-
formanceobsened for bi-modal results (i.e. rates were already nearly saturated),

the improvemen shown in this combination is not signi cant.
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3.2 Summary

The value of multi-modal biometrics with two-dimensionalintensity, three-
dimensionalshape, and infrared heat pattern of facial data in the cortext of face
recognition is examined. This is the only study to investigate the comparison
and conbination of two-dimensional,three-dimensionaland infrared data for face
recognition. The validation set is consideredwhen the eigervectors for the \face
spaces"are selected. This is primarily to avoid \over-training" behavior during
tests. Even though the experimerts without a validation set did not shov any
evidenceof \over-training" during the testing, tuning on a validation setshouldbe
encouraged. Also, a commercially available face recognition method is included
to comparemy approadies conmbining di erent biometrics. In my results, two-
dimensional and three-dimensionalfacial data have greater value than infrared
data as an individual appearance-basediometric. Chenet al. [32] shaved that
infrared exhibits lower performancethan two-dimensionalwhen there is a time
di erence (days or weeks)betweenimagesthan when there is not. Hence,with
respect to time changes,within-p ersonvariation obsered in two-dimensionaland
three-dimensionafacial imagesis morestablethan infared. The thermal emissions
from the facecan be easily changeddependingon the physiologicaland emotional
state of the person,aswell asaccordingto the degreeof physical activity in which
they have engagedon a given day.

The conmbination of the face data from two or three biometrics resultsin sig-
nicant improvemen over any individual biometric. The sourceof a biometric
needsto be carefully examinedto obtain complemermary sourcesand the number
of biometrics needsto be cortrolled in the data fusion cortext. Prior to adding a

new modality to an existing biometric, the modality needsto be validated thor-
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oughly so that it has a reasonablycorrect idernti cation rate. One of the main

purposesof sensorfusion is to reduce the ambiguity between domain experts.

Thus, without a clearly proven bene t, one cannot expect to achieve necessarily
better performancewith a newly added dimensionality to the decisiondomain.

Howeer, a questioncan be raisedin a di erent perspective. Is the improved per-

formancedueto having three di erent kinds of sensorsaasopposedto having three
di erent faceimages? This is basedon my obsenation, aswell as other studies
[44][5], that using multiple imagesof the samebiometric tends to improve the

performanceaccuracy Therefore,| canconjecturethat the improvemen achieved

by conbining three modalities results not only from the complemenary facial in-

formation collected by di erent kinds of sensors,but also due to the fact that

multiple imagesare employed. My experienceis that improved performanceas
result of having multiple biometrics tends to be greater than that gained from

having multiple samplesof the samebiometric [22].

The successfulaboratory trials may not be fully transferrableto a practical
application. Howewer, the results shov a pattern of improvemen as reasonable
biometric sourcesthat o er a certain degreeof complemetary facial information,
are combined. There may still be somebiometrics algorithm, other than PCA, for
which oneof the two-dimensionalfaceor the three-dimensionalfaceo ers statisti-
cally better recognition performancethan the other. Also, there may be particular
application scenariosin which it is not practical to acquire two-dimensionaland
three-dimensionalfaceimagesthat meet similar quality-cortrol conditions. Even
though imageswere collectedwith attempts to cortrol lighting, badkground and
facial experssion,there is still somedegreeof ervironmertal e ect that cannot

be cortrolled, sud asslight movemen around the lips or eyes. This a ects the
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performancerate sinceit actually changesthe shape of facedata occuring around
the missing area. It is generally acceptedthat performanceestimatesfor face
recognitionwill be higher when the gallery and the probe imagesare acquiredin
the sameacquisition sessioncomparedto performancewhen the probe imageis
acquired after somepassageof time [59. As little asa week'stime is enoughto
causea substartial degradationin performance[35].

While many performanceresults reported in the literature are obtained using
datasetswherethe probe and galleryimagesare acquiredin the samesessionmost
ervisionedapplicationsseento occurin a scenarioin which the probeimagewould

be acquiredsometime after the gallery image.
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CHAPTER 4

EXPERIMENT AL RATIONALE: WHY FOCUS ON STEREOPSISFOR
THREE-DIMENSIONAL FACE RECOGNITION?

4.1 A Surwey of StereoFaceRecognition

Changet al. [25]reported that current, three-dimensionalscannerscannot op-
eratewith the same exibilit y astwo-dimensionalcamerasvhenusedunder varied
lighting, depth of eld, and timing conditions. Consequetly, three-dimensional
faceimaging requiresgreater cooperation on the part of the subject. Also, some
three-dimensionalsensorhardware, sud asthe Minolta Vivid 910and 3Q, is \in-
vasive" in the sensethat it projects light of sometype onto the subject. The
cost-e ectivenessof two-dimensionaltechnology is another signi cant advantage
becausestate-of-the-art three-dimensionalsensorswould be cost-prohibitive for
someconsumersand researbers.

Horaceet al. [39] presertied a schemefor reconstructing a three-dimensional
headmodel from two orthogonalviews. They instantiate a genericthree-dimensional
headmodel basedon a set of facial features. Next, they generatea distortion vec-
tor eld that deformsthe genericmodel. The conmbined input of the two facial
imagesis blended and texture-mapped onto the three-dimensionalhead model.
The cortribution of their researt is limited by their assumptionthat the cam-

era's projections are orthographic.
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Chen's et al. [29] reconstruction relies on a fundamertal matrix estimate to
build a 3D human frontal face model from two photographs. Their approadh
rst estimatesthe fundamertal matrix [79]. Next they recti es the image pair
and matches the imagesto generatethe disparity map, and nally, infers the
3D shape. Although theseresearbers created aesthetic face models by interac-
tively adjusting the focal length, this is likely a prohibitiv ely labor intensive and
subjective approad for facial recognition.

Medioni et al. [49 have designeda systemto perform stereomatching on two
imagestaken with an angular baselineof a few degreesfor face authertication.
The camerasare calibrated, both internally and externally. They maintain that
the face can move up to about 30cm from its optimal distanceto the cameras,
without noticeable changeof quality. They validate their 3D recognition engine
on all possiblepairs from a databaseof 100 subjects, eat acquiredin 7 di erent
poseswithin 20 degreesf a frontal view. They yieldedan equalerror rate below
2%.

The 3Q scanner{6] takestwo basicapproadesto stereophotogrammetry. The
rst approad (passiwe stereo)is suited to human form capture applications be-
causethe skin hasa unique, random pattern, which consistsof skin pores,frecles,
etc., that canbe usedto triangulate the geometryfrom ead surfacepoint. It has
beendeployed in high-end Im production studios. 3Q generallyapproadesmost
applications of stereophotogrammetry using an active stereotechnique. Instead
of usingthe subject's natural skin patterns, this approad incorporatesprojecting
a unique, random light pattern that is used as the foundation for triangulating
the three-dimensionalgeometry (active stereo). Active stereotendsto be more

resiliert to variancesin lighting conditions and enablesthe useof a wider range of
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camerasensorspecausehe cortrolled random texture is momertarily projected

onto the surfaceof the subject.

4.2 Our Approach

The performanceof PCA-basedtwo-dimensionalintensity facerecognitionwill
generallyimprove whenthe training setis expanded.Howeer, a largetraining set
is not always possible,asit requirescapturing imagesof a large number of distinct
subjects’ faces.An additional considerationis that two-dimensionalperformance
will saturate as the size of the training set increases. Min et al. [51] studied
the degreeto which recognition performancecan be improved through the use of
multiple imagesper subject. They de ne the \thic kness"of an imageset (either a
gallery or a probe set) to be the number of imagesper personin the set. Though
their experimertal results shawv that using multiple imagesfor gallery or probe, or
both, is an e ective approadt to improve the performance they alsodemonstrates
a trend that the performancesaturatesasthe level of thickeningincreases.When
the performancehasalready readed a relatively high level, thickening sometimes
degradesthe overall performance. | beliewe that taking multiple views of a per-
son'sfaceat di erent angles,using essetially the sameequipmert asfrontal-only
analysis, and exploring the three-dimensionalinformation generatedout of the
multiple two-dimensionalimages,would improve a face recognition systemewen
after a multiple, two-dimensionalapproad saturates. This approad would also
minimize deploymert costs.

This dissertationis focusedon deweloping a reasonably-priced high resolution
digital camerastereorecognition systemthat would be widely accessiblebecause

these camerasare relatively inexpensive and ubiquitous in our scciety, and no
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explicit three-dimensionalacquisition is required. | propose a face recognition

systemthat proves:

Cost e ective: High quality digital camerasare readily available on the

market.
Flexible: The stereorecognition systemis easyto set-up and implemert.

Accurate: Yields more detailed facial texture and uniform densedepth ge-

ometry.

User friendly: Instantaneousand non-intrusive.

The experimertal ervironment consistsof a rig featuring v e, high-resolution
digital cameras(Nikon D70) illuminated by a Smith-Victor A120 light with Syl-
vania Photo-ECA bulb that providesstudio lighting againsta uniform, grey back-
ground. Figure 4.1 shows the stereoimaging rig. This acquisition set-up was
originally for the study of multiple, two-dimensionalintensity framesfacerecogni-
tion. No stereocalibration was performedat the time of the acquisition and such
usewas not ervisioned at the time of acquisition. The cameraswere con gured
to auto-focus, resulting in varying focal lengths acrossdi erent images.

| used v e Nikon D70 SLR Digital Camerasequipped with Nikon 18-70mil-
limeters (35 millimeters equivalert: 28-108millimeters) DX lensesfor the stereo
systemrig. The sensoris 23.7  15.6 millimeters, produces36-bit RGB color
depth, and a losslessompressedaw NEF (Nikon Electronic Format) image. The
camerasare positionedin the shape of a \plus,"” asshown in Figure 4.1. Image
sizewas con gured as 3008 2000 and auto-focus was enabledto capture the

most detailed information from the face. The subject sits two meters from the
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Figure 4.1. The multiple camerastereosystem.

rig and looks straight aheadto the certer of the rig. Figure 4.2 illustrates the
cameraand the lens.

The side camerasare positioned about 2450 millimeters from the face; the
certer camerais positioned about 1700 millimeters from the subject's face. The
baselinelengths for the left/right and certer stereocamerasare about 600 mil-
limeters, and about 410millimeters for the top/b ottom and certer stereocameras.
The side cameraswererotated at appraximately 10 degreedowards the certer in
order to reveal a greater perceriage of the face'ssurfacearea.

Ead digital cameracontained a 512MB Compact Flashtype Il memorycard,
which can store up to eighty-eight full-resolution and losslesslycompressedaw
NEF images. The imageswere transferred from the memory card to a PC using
a USB cable. Figure 4.3 shons sample pictures taken from the v e cameras.

The camerasare remotely cortrolled by computer, and pictures are taken nearly
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Figure 4.2. Nikon D70 SLR Cameraand Nikon DX 18-70mm lens

simultaneously

| formed four binocular stereosystems,i.e. left and certer cameras right and
certer camers,top and certer cameras,and bottom and certer cameras.The sys-
tem usescorrelation-basedstereomatching to establishcorrespndencesetween
the left and right (or top and bottom) imagesin ead stereopair. The output
after stereo matching is a range image, which is a simpli ed, three-dimensional
(X, v, z) surfacerepresetation that cortains at most onedepth (z) value for every
point in the (x,y) plane. Theserangeimagesrepreseh an integrated and useful

measuremen of three-dimensionalshape extracted for face recognition.
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Figure 4.3. Imagesfrom the v e stereocameras
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CHAPTER 5

CAMERA MODEL AND CALIBRATION

5.1 A Pinhole CameraModel

The most commongeometricmodel of an intensity camerais the pinhole model
(Figure 5.1). The Nikon D70 cameracan be treated as a pinhole camera. The
model consistsof unique plane , and a three-dimensionalpoint O (the certer or
focus of projection). The distancebetween and O is the focal length. The line
through O perpendicularto is the optical axis, and o, the intersection between

and the optical axis, is namedthe principal point, or the image certer. p, the
imageof P, is the point at which the straight line through P and O intersectsthe
imageplane . Considerthe three-dimensionalreferenceframe in which O is the
origin and the plane is orthogonalto the Z axis, and let P = [X;Y;Z]" and
p = [x;y;z]". This referenceframe, called the cameraframe, is of fundamenal
importancein the stereosystem.

In the cameraframe, we have

X
1
—

(5.1)

N| < NJ|X

(5.2)

<
1
-
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Figure 5.1. The Pinhole CameraModel [69]

5.1.1 Intrinsic Parameters

The intrinsic parameterscan be de ned as the set of parametersneededto
characterizethe optical, geometricand digital characteristicsof the camera. They
include the focal length f, the location of the image certer in pixel coordinates
(ug; Vo), the e ectiv e pixel sizein the horizortal and the vertical direction (ﬁ; ki
and, if required, the radial distortion coe cien ts. Theseintrinsic featuresdo not

depend on the position or the orientation of the camerain space.

5.1.2 Extrinsic Parameters

A typical choice for describingthe transformation (Figure 5.2) between the
cameraand the world frame is to use
a. a3 3 rotation matrix R, bringing the correspnding axes of the two

framesonto ead other, and
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Figure 5.2. The transformation betweencameraand world coordinate
system[69

b. athree-dimensionaltranslation vector T, describingthe relative positions
of the origins of the two referenceframes

The matrix R and the vector T descrile the position and the orientation of
the camerawith respect to the world coordinate system. They are thus calledthe

extrinsic parametersof the camera.

5.1.3 The Perspective Projection Matrix

The relation between the three-dimensionalcoordinates (X,"; Y;¥;Z") of a
point in space,and the two-dimensionalcoordinates (x; y) of its projection onto
the imageplane canbe expressedhrough a3 4 projection matrix, M, according

to the equation
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The cameracan be understood as a systemthat dependsupon both intrinsic
and extrinsic parameters[34]. There are four intrinsic parameters: the scale
factors , and ,, where , =f k,, v =f ky, and the coordinates ug
and v, of the intersection of the optical axis with the image plane. There are six
extrinsic parameters,three for the rotation (rq; r,; r3) andthree for the translation
(tx;ty;t;), which de ne the transformation from the world coordinate systemto
the standard coordinate system of the camera. | can write the generalform of
matrix P asa function of the intrinsic and extrinsic parameters:

2 3
ul1+ Uols ytx + Uot;
P= g W2+ Volz vty + Vot, % (5.4)
rst,

5.2 Calibration

During cameracalibration, | estimate the valuesof the intrinsic and extrinsic

parametersof the cameramodel. This calibration processnvolvestwo stages[34]:
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1. Estimating the perspective projection matrix P.

2. Estimating the intrinsic and extrinsic parametersfrom P.

Cameracalibration is a necessarystep in three-dimensionalcomputer vision
researb becausemetric information must be extracted from two-dimensionalim-
ages.Zhang [78 separatescalibration techniquesinto two categories:

1. Photogrammetric calibration involves observingan object whosegeometry
in three-dimensionalspacehas already been precisely determined to train the
rig. Using this known location, then, calibration can be donevery e cien tly, but
drawbadks include this technique's needfor an expensiwe calibration apparatus,
and an elaborate setup.

2. Self-calibration, in cortrast, doesnot rely upon a known calibration ob-
ject. This technique involvessimply moving the camerain a static scenein order
to determine two generalconstrairts on the camera'sinternal parameters. Self-
calibration usesthe rigidity of the sceneand image information from one cam-
era'sdisplacemehto generatenecessaryparameters. While this approad is more
exible and cost-e ective than photogrammetric calibration, it is not asaccurate.

Note that my acquisition was originally focusedon collecting two-dimensional
intensity images,and that there was no calibration performed. Fortunately, at
the acquisition, ead subject wasaskedto hold up a GretagMachketh Colorcheder
Color Rendition Chart (Figure 5.3) in front of the face region before his or her
imagewas acquiredin order to determinethe true color balanceof the camera. |
usedthesecolor-cheder chart imagesto calibrate my stereosystem.

My approad requiresthat the cameraobsene a planar pattern shavn at
various orierntations, though the color-chedker imagesdo not exhibit signi cant

variation in orientation and position. It is implemerted using Bouguet'stool-box
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Figure 5.3. GretagMacheth ColorCheder Color Rendition Chart

[1], which is slightly modied to t my application. The key to my calibration
approad involveswriting the projection equationsto link the known coordinates
of a set of three-dimensionalpoints, and their projections, in order to determine

the cameraparameters.

5.2.1 Control Points

The cortrol points were set at the cornersof the coloredsquares.Each square
is 40 millimeters on a side, and the stripes that separatethe squaresare 5.5
millimeters in width. The origin of the world coordinate systemis set at the
left bottom corner of the white square. The detection of the cortrol points is
fully automated. The identi cation of the cornersis semi-automated,as human
adjustmert is sometimegequiredbecausesomesquaresassumevery similar colors,

and lighting and normal \w ear-and-tear" may distort the colors.
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5.2.2 Segmetation

To extract the cornersof the squares,| rst needto detect ead individual
square. The color chart is setagainsta gray badkground, and most of the squares
assumea non-gray color (the R, G, and B valuesare not closeto one another at
the sametime). Hence,| consideronly the non-gray color squares,which are in
the top three rows of the color chart, asillustrated by Figure 5.3. | extract the
squaresfrom the badkground by generatinga binary image using the following
method:

1. Setthe pixel intensity valueto O if the di erence betweenthe R, G, and B
is no more than an empirically determinedthreshold. This eliminatesall the gray
(from white to black) points. Setall the other pixels' intensity valueto 1.

2. Label the connectedcomponerts in the binary image.

3. For ead pixel with value 1, if it is on the border of the image, set all the
pixelswith samelabel asthat boundary pixel to 0. This is to eliminate any square
that is crossingthe boundariesof the image.

One segmetation result is shavn in Figure 5.4.

5.2.3 Squareldenti cation

In order to identify ead detectedcorner, | rst identify the color squaresby
their di erent colors. To reducethe illumination e ect, | usedthe percenagestr,

g, b of the sumof R, G, B to represen the color information:

R

" R+G+B (®-5)
G

9= R¥G+B (5.6)

71



Figure 5.4. Left: original image;right: segmeted image.

B

b= R G+ B

(5.7)

A color veri cation table is constructed by calculating the averager, g, b
valuesfor ead squareand subsequetly assigninga unique number to idertify
eat square. For ead square,its color/identity is determined by comparingthe
Euclidean distancesin the color space. The table value that is closestto this

squareis its match.

5.2.4 Line Fitting

After segmetation and squareidenti cation, there are up to 18 connected
regionsdetected and assigneda color identity. For eat square,the edgepixels

are usedin with a radon transformation [7] to extract four straight lines, whose
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Figure 5.5. Radon Transformation.

angleand distancevaluesdelineatethe peak coordinates, asshavn in Figure 5.5.
Two pairs of extracted lines are approximately parallel and four intersections
of non-parallel lines mark the detected corners; their coordinates are recorded.

Figure 5.6 shaws the extracted corners.

5.2.5 Corner ldenti cation

Ead color square has a unique ID number. Howewer, it is not enoughto
idertify the color squareto which a given corner belongs. | must distinguish
among the four cornersof a particular square. | considerthe cornersthat are
surroundedby at least three color squares. A radius r is determined (r assumes
the length of the side of the squareon which the corner resides),and a circle is

drawn with its certer at the corner. The color squaresthat intersect with the
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Figure 5.6. Extracted Corners.

circle are recorded,and the sum of their ID squaress usedasthe unique code for

the corner. Each code correspnds uniquely to one corner of the color chart.

5.2.6 Calibration Results

Five imagesof the color chart are collected under di erent orientations and
their positions are taken by left and certer cameras.| treat the certer cameraas
the right camerain aleft and certer stereosystem. Figure 5.7 shavsthe v eviews
with the cornersextracted. The principal point is not estimated asit is always
at the image certer (1504, 1000) for the high quality cameras,and this a priori
knowledge can improve accuracyfor other intrinsic parameters'estimation. The
calibration accuracywasevaluated by projecting the three-dimensionakalibration

targets badk onto stereoimagesusingthe tted calibration parameters.
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Left camera

Right camera

Figure 5.7. Five views of the color chart in di erent orientations and
positions by the left and right cameras.

For the left camera,the estimated focal length is [8626.31,8337.75]. Figure
5.8 shows the extrinsic parametersby reconstructingthe acquisition scenes.Table
5.2.6 shawvs the mean and maximum di erence in pixels between the detected
cornersand the re-projected corners.

For the right camera,the estimated focal length is [9559.79,9384.98]. Figure
5.10showsthe extrinsic parametersby reconstructingthe acquisitionscenes.Table
5.2.6 shavs the mean and maximum di erence in pixels between the detected
cornersand the re-projected corners.

The extrinsic parametersfor the four binocular stereo systemsare shovn in
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Figure 5.8. Extrinsic parametersof the left camera.

gure 5.11.
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TABLE 5.1
THE DIFFERENCE IN PIXELS BETWEEN THE DETECTED
CORNERSAND THE RE-PROJECTED CORNERSFOR THE LEFT
CAMERA CALIBRATION.

Views Mean Max

1 1.55,1.67| 4.63,5.47

4.24,4.25| 10.50,9.54

1.97,2.05| 6.35,4.21

2.22,1.71| 4.19,6.16

a | W DN

1.98,3.36| 5.37,11.25

Figure 5.9. Extrinsic parametersof the right camera.
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TABLE 5.2
THE DIFFERENCE IN PIXELS BETWEEN THE DETECTED
CORNERS AND THE RE-PROJECTED CORNERS FOR THE
RIGHT CAMERA CALIBRATION.

Views Mean Max

1 1.41,0.98| 3.74,3.08

3.00,3.36| 7.57,9.88

1.58,1.30| 3.33,3.43

1.74,1.96| 4.74,5.18

a | W DN

2.12,3.53| 5.59,11.52

Figure 5.10. Extrinsic parametersof the stereosystem.
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Left View Right View

Top View Bottom View

Figure 5.11. Extrinsic parametersof the four binocular stereosystems
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CHAPTER 6

FACE MODELING THROUGH STEREOPSIS

6.1 A Simple StereoSystem

A stereosystemmust solve two problemsto infer information from the three-
dimensionalstructure and the distanceof a scenefrom two or more imagestaken
from di erent viewpoints. The rst problem arisesduring reconstruction: given
a number of correspnding parts in the left and right images,and possibleinfor-
mation regarding the geometry of the stereosystem, what can | say about the
three-dimensionallocation and structure of the obsened objects? The second
problem involvescorrespndence:given a tokenin the left image,what is the cor-
responding token in the right image? A rather subtle di cult y is that someparts
of the sceneare visible from only one view, which meansthat a stereo system
must alsobe able to determinethe image parts that can not be matched.

Figure 6.1 showns a simple stereo system composedof two pinhole cameras.
The left and right imageplanesare assumedcoplanarand represeted by I, and I,
respectively. O, and O, arethe certers of projection. The optical axesare parallel.
Stereodeterminesa world point P's position in spaceusingtriangulation, that is,
by intersectingthe rays de ned by the certers of projection and the imagesof P,
P Pr.

Assumingthat the correspndenceproblem has beensoled, | shift my focus

to the reconstructiontask. From Figure 6.1, the distance, T, betweenthe certers
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of projection O, and O,, is calledthe baselineof the stereosystem. Let x; and x,
be the coordinates of p; and p, with respect to the principal points ¢ and ¢, f
the commonfocal length, and Z the distancebetweenP and the baseline. From

the similar triangles (p; P; pr) and (O;; P; O;) | have

T+X X

T
z f Z (6.1)

Solving (7.1) for Z | obtain

—

Z=f (6.2)

d
whered = X, X, the disparity, measureghe di erence in retinal position between
the correspnding points in the two images.

Hence,depth dependson the focal length f, and the stereobaseline,T; the
coordinatesx; and x, arereferredto asthe principal points, ¢ and ¢,. The quan-
tities f, T, ¢, ¢ are the parametersof the stereosystem. For a stereosystem,
the intrinsic parametersare the onesdescrilked above for an individual camera;a
minimal set for ead cameraincludesthe coordinates of the principal point and
the focal lengthsin pixels. The extrinsic parametersdescrike the relative position
and orientation of the two cameras. They descrike the rigid transformation (ro-
tation and translation) that brings the referenceframesof the two camerasinto

correspndence.

6.1.1 The CorrespndenceProblem

A point in the left imagecould, in general,be correspndent with any point in
the right image. Searding for the correct corresppndenceis a well-known problem

in stereo. To solwe this di cult y, | must imposeconstrairts to reducethe number
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of potential matches. There are three basickinds of constrairts:

1. Geometric constrairnts imposedby the imaging system, and most notably
the epipolar constraint, facilitate the transformation of a two-dimensionalcorre-
spondenceseard into a one-dimensionakeardt.

2. Geometric constrairts, dependert upon the objects in the view, alsoaid in
the correspndenceseart. For example,l canassumehat someobjects' distance
from the imaging systemvariesslovly almosteverywhere(exceptwhenfacedwith
depth discortin uities).

3. Physical constrairts, sud asthose arising from models of the way objects
interact with illumination, act asa third cortrol. The simplestand most widely

usedmodel of this sort is the Lambertian model.

6.1.2 Epipolar Geometry

The epipolar geometryconstrairt is illustrated by Figure 6.2. The gure shovs
two pinhole camerastheir projection certers, O, and O,, and their imageplanes, |
and .. Thefocallengthsaredenotedby f, andf,. Each cameraiderti es athree-
dimensional referenceframe, the origin of which coincideswith the projection
certer, andthe Z-axiswith the optical axis. Any point in three-dimensionakpace,
P, de nes a plane, , goingthrough P and the certers of projection of the two
cameras.The plane is calledthe epipolar plane,and the lineswhere intersects
the image planesare called conjugatedepipolar lines. One camera'simage of the
projection certer of another camerain the rig is called the epipole. With the
exceptionof the epipole, only oneepipolar line goesthrough any imagepoint. All
the epipolar lines of one camerago through the camera’sepipole. Correspnding

points must lie on the conjugatedepipolar lines. This important feature is known
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asthe epipolar constrairt.

6.1.3 Recti cation

Given a pair of stereoimages,recti cation determinesthe transformation of
eat image sud that the pairs of conjugate epipolar lines becomecollinear and
parallel to one of the imageaxes(usually the horizortal axis). The importance of
recti cation is that the correspndenceproblem, which generallyinvolves a two-
dimensionalseart, is solwed trivially when reducedto a one-dimensionalkeart
onascan-line.That is,to nd the point correspndingto (i;;j;) of the left image,
| simply seart alongthe scan-linej = j; in the right image. The recti ed images
canbethought of asacquiredby a newstereorig, obtained by rotating the original
camerasaround their optical certers. This is illustrated in Figure 6.3, which also
illustrates how the points of the recti ed imagesare determined from the points
of the original imagesand their correspnding projection rays.

Howeer, when dealingwith real-world data, especially when no strict precal-
ibration was available asin my case,a one-dimensionakeart after recti cantion
is not sucient to nd the correspndence. A pair of rectied imagesis shovn
in Figure 6.4. In the interest of time and accuracy given a point p on oneimage
with the coordinate of (prow; Peol), | S€art its correspndencein the other image
using a stripe region of eleven pixels (deterimined empirically) wide with the row

Prow at the certer, instead of only seardiing on the row p;ow.

6.1.4 Correlation-basedMethods to Find Correspondence

The correlation technique principle is illustrated by Figure 6.5. In orderto nd

the coordinatesof the pixel in the right imagethat match the pixel of coordinates
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(ug; Vo) in the left image,| considera rectangularwindow of size(2P+1) (2N + 1)
certered at (uo; Vo) and computeits correlation C,,( ) with the secondintensity

imagealong the row v, = vg:

Cua( )=
1 XN XP
ra (F1(up+ ug; va+ Vo)  T1(ug; Vo))(I2(ur+ g+ ;vit+Vo) la(Ug+ Vo))
ui= Nvi= P
(6.3)
where

K = (2N + 1)(2P + 1) 1(uo;Vo) 2(Up+ ;Vo)

I,(ug+ Vo) and 1(ug;Vo) are the mean intensity and standard deviation in
image 1 at point (uo; Vo), similar de nitions hold for 1,(ug+ ;Vvo) and »(ug +
; Vo).
The curve Cy»( ) usually has one maximum that is readed for a value g of
. The disparity of pixel (ug; Vo) is takento be . Epipolar lines are assumedto
be imagerows. This implies that the imagesmust be recti ed.
| determinethe sizeP, N, of the rectangularwindow in two passesFirst, | set
P = 10, and choosethe N that optimizesthe correspndenceseard. | vary the
N value from oneto thirty, and selectthe value that will provide the best visual
result, i.e. minimal noisewhile maintaining su cient detail. |1 found that N = 9
provided optimal results. Then | vary the P value from 6 to 30 and nd that
when P = 12,1 get the best results. Hence,the window sizefor the correlation

techniqueis 9 12. This processis illustrated in Figure 6.6.
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6.1.5 Three-dimensionalReconstruction

Reconstructioncan be performedfrom recti ed imagesdirectly, meaningthat
I do not have to considerthe coordinate frames of the original pair. My ap-
proad is to recomputethe intrinsic parametersfor the new stereorig obtained

by recti cation using triangulation equation 6.2.

6.2 Image Matching

| perform recti cation usingthe cameramodelsto ensurethat the epipolesare
at in nit y, and that the epipolar lines are parallel to the imagerows or columns,
sothat the correspndenceseard becomedaster and more accurate. The recti -
cation processis demonstratedin Figure 6.4.

After the two stereoimagesare aligned, in orderto nd the coordinatesof the
pixel in the right image that matchesthe pixel of coordinates (uo; Vo) in the left
image, | considera rectangular window of size(2P + 1) (2N + 1) certered at
(uo; Vo), and computeits correlation C1,( ) with the secondintensity imagealong
the row v, = vq [34] using Equation 6.5.

The function Cy,( ) usually has one maximum that is readed for a value
of . The disparity of pixel (up; Vo) is takento be . Figure 6.7 represets the

disparity map of one stereopair.

6.3 Three-dimensionalShape Triangulation

Oncethe camerarig is calibrated, and the correspndencesn the image are
found, it is relatively simple to determinethe distance using triangulation. How-
ever, becausamy recognition method relieson three-dimensional-pint matching,

it is adverselya ected by outliers in the reconstructedshape. The outliers mainly
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result from: (a) the occlusionaround the noseregion and the region on the side
of the face that has no corresppndencegiven two stereoimages; (b) instances
of false correspndence,i.e., even though the chosenpoint yields the maximum
correlation score,it is not the true correspndence.

| ltered the outliers beforetriangulation using the following three-part pro-
cess. An exampleis given to show the processesn the original disparity map
(Figure 6.7).

1) Correlation smre: only the points that yield a correlation scoreabove a
given threshold will be retained for reconstruction. | empirically deterimined the
threshold as 0.2. A correlation scorematrix and its histogram are displayed in
Figure 6.8. The gray value in the correlation scorematrix image represets the
score,the higher the brighter. Note that the majority of the points have scores
greaterthan 2, while the range of the scoreis [ 3; 3].

2) Consistencyerror: | only keepthe points that producea consisteth match
betweenthe left-basedand right-based matching procesg[33]. The matching pro-
cesseshould producea unique match, and left/righ t chedking attempts to enforce
this. If xg matchesx = xg + df , wherexg is a right coordinate and x{ is an
estimatedleft match at right-basedhorizontal disparity dffR, then the consistency
error is de ned as

error = jxg  (x{ + d)&E )i:

with d;E the left-based horizontal disparity. A consistencyerror map is shovn
in Figure 6.9. The gray value represets the consistencyscore,and the darker
the region the more consisteh. Note that the majority of the points have low
consistencyerrors.

3) Disparity continuity : | eliminate the outliers whosedisparity values are
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signi cantly di erent when comparedwith their eight closestneighbors. | seta
threshold of 20, and if more than half of the neighbors have a gray level di erence
greaterthan this threshold, this point isidenti ed asan outlier. A maskof outliers
(black dots) is shown in Figure 6.10.

Figure 6.11 shows the reconstructedthree-dimensionalshape, color texture-
mapped for ead view. Most parts of the frontal face have beenfaithfully recon-
structed. The accuratereconstruction of the eye areais particularly noteworthy
giventhat the state-of-the-art Minolta scannerhasfailed to provide a reconstruc-

tion of this region.
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Figure 6.1. A simple stereosystem[69]
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Figure 6.2. The epipolar geometry[69]

Figure 6.3. Recti cation of a stereopair. [69]
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Beforerecti cation After recti cation

Figure 6.4. Recti cation example

Figure 6.5. Correlation technique [69]
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N=9 N = 11 N = 13 N = 15
N = 20 N =25 N = 30 P=6
P=8 P =10 P=12 P=14
P = 20 P =25 P=30

Figure 6.6. The processto determinethe rectangular window sizefor
the correlation-basedtechniqueto nd correspndencewhenP = 10,
N variesfrom 1to 30and | chooseN = 9 asthe optimal value;then P
variesfrom 6 to 30 with N = 9 and chooseP = 12 asthe optimal value;
the optimal sizeisN = 9;P = 12.
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Figure 6.7. An original disparity map
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Correlation scoremap Histogram of correlation scores

Figure 6.8. Correlation scoremethod to detect outliers
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Consistencyerror map Histogram of consistencyerrors

Figure 6.9. Consistencyerror method to detect outliers
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Figure 6.10. A mask of outliers
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Left View

Right View

Top View

Bottom View

Figure 6.11. The reconstructedthree-dimensionalface meshand the
meshwith color texture
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CHAPTER 7

FACE RECOGNITION USING THE RECONSTRCTED
THREE-DIMENSIONAL SHAPE

Chapter 6 focusedon the reconstruction of the three-dimensionalface. This
chapter is concernedwith using this three-dimensionalreconstructionfor recogni-
tion purposes.

To this end, | conductedtwo major face recognition experimerts. My rst
experimert ewvaluatesthe validity and the performanceof three-dimensionalstere-
opsisfor facerecognition. The secondexperimert comparesthe performanceof
facerecognitionemploying my reconstructionand recognitionalgorithm with that
of the commerciallaser-basedkonica Minolta scanner. For these experimerts, |
used149unique subjects who participated in two acquisition sessionsvhich were
held one week apart; their imageswere acquired with the Minolta Vivid three-
dimensionalscanner,the 3Q scanner,and the Nikon cameras.

All the Minolta, 3Q, and sterecimageswere preprocessedo remove noisebe-
fore matching. The Minolta imageswere acquiredwith a laser-basedstructured-
light, three-dimensionalscanner. 3Q emplgys an active stereotechnique to cap-
ture three-dimensionalimages.| rely on ICP (Iterativ e ClosestPoint) algorithm
to align the probe with the gallery image.

ICP is a quaternion-basedalgorithm for registration. It makesdata shape P

move to bein bestalignmernt with model shape X. Let g = [ k]" be a unit
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quaternion, whereqy Oand g+ g+ g + g = 1. The correspnding 3 3
rotation matrix is given by

0 1
B+E B B 2% k) 2% k)
- :

20+ B%k) H+HE E G 2(eE @)
2% %)  2(hG+ ®%h) E+E

The translation componert of the registration transformis denoteddr = [0Los0s]" .
The complete registration state vector q is denoted [orar]". The mean square

registation error to be minimized is

The goal is to minimize f (g) subject to the constrairt that the number of
correspnding points is as large as possible. Besl and McKay [12] proposedan
automatic surfaceregistration algorithm called ICP which registerstwo surfaces
starting from an initial coarsetransformation estimate. The algorithm proceeds
iterativ ely. First, it pairs every point of onesurfacecalled P with the closestpoint
of another surfacecalled X. These pairs of closestpoints are usedto calculate
the riid transformation g that minimizes the mean squaredistance between cor-
responding points. The surfaceP is then translated and rotated by the resulting
transformation and the algorithm starts again with a new set of correspnderts.
This algorithm has beenshawvn to corvergefast but not necessarilytowards the
global optimal solution.

Accordingly, to ensurethat the probe imageis a subsetof the gallery image,

98



Gallery Probe

Figure 7.1. The gallery and probe shapes

the imageswere cropped into probe and gallery sizesasillustrated by Figure 7.1.

For the rst experimert, | reconstructedfour stereoimages,onefor ead view
(left, right, top, and bottom), per subject. ICP is usedto determinethe matching
scorefor ead gallery and probe pair. | performed ICP matches on all of the
gallery and probe imagesfor ead view. The voting committee usedthe minimum
rule, i.e. choosethe decisionmadeby the one of the four memberswho yields the
best matching score,and the performanceof the voting committee is 85.23%.

| alsousedPCA algorithms and tested on the two-dimensionalNikon frontal
images.| collectedtraining imagesfrom distinct subjectsin the FERET database
and trained the systembasedon PCA. The rank-oneaccuracyrate steadily grows
asl increasedhe sizeof the training set. It is about 93%when| used400training
images. The performanceimproves lessand less after the number of training
imagesexceed400. When there are 864 imagesin the training set, the rank-
one accuracy rate only increasedabout 1% from 93%. Hence,the performance

saturated at around 93% after the number of training imagesexceed400.
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Figure 7.2. CMC curvesfor experimert 1

After conbining the two-dimensionaland three-dimensionakesults, that come
exclusively from Nikon two-dimensionalimages,| obtained a recognition rate of
97.31%. This illustrates the critical point that recognition can be improved even
after two-dimensionalperformancesaturatesusing my approad. The cumulative
match curve (CMC) for thesetrials can be seenin Figure 7.2. | nd that the
three-dimensionalstereofrom multiple two-dimensionalimagesnot only acieved
good performancealone, but also complemets its two-dimensionalcourterpart
and pushesthe performancefurther after saturation by using two-dimensional
alone.

My secondexperimert comparesmy stereo results to those of the Minolta
and 3Q scanners.The recognition performancefor this trial using Minolta three-
dimensionaldata is 98.66%,and 83.22%using 3Q. My three-dimensionalstereo

system outperformedits commercialcounterpart, 3Q, yielding an 85.23%recog-
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Figure 7.3. CMC curvesfor my approad and 3Q scanner

nition rate; this is especially signi cant giventhat the 3Q alsorelieson stereopsis.
Although the Minolta imagesoutperform the stereoset, this scannerdoesnot rely
on stereopsisthereforethis comparisonis not as meaningfulfor my purposes.My
performancerate is alsonoteworthy in light of someother important distinctions
evidert whencomparingmy stereopsigechnique with three-dimensionalscanners
sud asMinolta and 3Q. First, the Minolta scanneris not practical for real world
facerecognition becauset takestoo long to acquire ead subject's image, and it
requiresthe subject to sit motionlessfor a signi cant period of time. It is also
comparatively cost-prohibitive given that my stereotechnique requiresonly v e
digital cameras. Furthermore, the commercial 3Q scanners,which also use the
stereo technique, are lesspractical becauseof their precalibration requiremen,
the intrusive light pattern they emit onto subjects' faces,and the fact that they
require an in exible capture position. The CMC curvesfor 3Q and my approad

appearin Figure 7.3.
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Figure 7.4. ROC curvesfor veri cation tests on the four views of the
stereoreconstructions

| alsoperformedveri cation experimerts on the dataset. The ROC curvesfor
the veri cation test on the four views of the stereoreconstructionsare shovn in
Figure 7.4 and Figure 7.5 displays the comparisonof the veri cation test results
among two-dimensional PCA, 3Q, stereovoting, and fusion of two-dimensional
PCA and stereovoting. Again, after voting, my stereoapproad improved sig-
ni cantly and outperformedthe commercialthree-dimensionalscanner,3Q. The
combination of the stereovoting and two-dimensionalPCA alsoyielded superior

performancewhen comparedwith either modality alone.

7.1 Summary

| have presetned a practical systemthat e ectively reconstructs the three-
dimensionalface for recognition purposes. My facerecognition relying on three-
dimensional stereo reconstruction rivals the capabilities of its more costly and

physically intrusive commercial courterparts. In fact, my three-dimensionalap-
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Figure 7.5. ROC curvesfor veri cation teststo comparethe
performanceof two-dimensionalPCA, 3Q, stereovoting and fusion of
two-dimensionalPCA and stereovoting

proac outperformsits closestcommercialcompetitor, the 3Q, that alsorelieson
stereopsisfor three-dimensionalreconstruction. My researth demonstratesthat
high-resolutioncamerascapture su cien tly detailed two-dimensionalfacetexture
information to reconstructa faceshape suitable for three-dimensionakecognition.
Although | intend to ne tune my systemto improve recognition performancein
future work, my currert results represen a signi cant cortribution to stereore-
seard focusedon an uncortrolled, "real-world” scene. Namely, | implemerted
a binocular stereorecognition systemwithout the benet of a strictly-controlled
stereo calibration; this required that |1 overcomethe imperfect calibration esti-
mates and varying focal lengths that would characterizea real-world acquisition
scene.

Moreover, the autofocus feature introduced focal length variance into my
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experimert. | have demonstratedthat the lack of individually-estimated focal
lengths at the acquisition stage neither signi cantly a ects reconstruction, nor
compromisessuccessfurecognition. In fact, the autofocus feature facilitates the
massdata set analysisthat will almost certainly be necessaryfor the real-world
application of this technique. Moreover, the auto focus feature ensuresthat col-
lected imagesare not blurry and unsuitable for recognition due to a sparsethree-
dimensionalpoint set.

Imprecise cameracalibration using the color-chedker also simulated the chal-
lengespreseited by a real-time acquisition scenewherethe subjects position vis-a-
vis the camerawill not be xed. The calibration imagesthat | relied upon do not
exhibit signi cant variation in orientation and position becausehey wereinitially
collectedto determinethe camera'strue color balance. Strict cameracalibration
is not always desirableor possiblein a real world face recognition scenario. My
resear@ represets a realistic approad to three-dimensionalface recognition by

relying on minimally intrusive and cost-e ective binocular stereopsis.
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CHAPTER 8

CONCLUSION AND FUTURE WORK

This dissertation focuseson facerecognition, and speci cally, exploresmodal-
ities beyond traditional, two-dimensionalintensity to improve performance. My
work tacklesthe recognition challengespreseitied by varied poseand illumination
to createan e cien t and accuratetool for facial recognition. My foundational work
in infrared recognition, though promising, prompted meto exploreanother modal-
ity beyond the two-dimensionalintensity that would prove morerobust in the face
of varied pose,and result in a more cost e ectiv e solution for real-world applica-
tion. My researb in three-dimensionalstereopsisextendedmy exploration of two-
dimensionalinfrared researt becauset usedthe datasetof a two-dimensionalface
recognition sceneto yield three-dimensionalfacial reconstructionsfor recognition
purposes, ultimately outperforming the commercial scanner, 3Q. Additionally,
my stereopsisthree-dimensionalapproad improves a saturated two-dimensional
recognitionperformanceof 93.29%to 97.32%.Multiple-view stereophotogramme-
try preserts a viable alternative to available commercialthree-dimensionalscan-
nersfor many acquisition scenes.

An extendedsynopsisof the various stagesof my dissertation researb and a

summary of future work follows.
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8.1 Introduction: Biometrics asa Scienceand a Tool to Improve Quality of Life

This dissertation beginsby reviewingthe scienceof biometrics. The introduc-
tion coversthe history of biometrics, exploresits relatively anciert origins, high-
lights the importance of current researth advances,descrites emergingmethod-
ologiesand cites modern applications, and concludeswith a brief discussionof
the sccial and ethical concernsthat accompary the rapid dewelopmen of this
eld. My work focuseson facerecognition, and speci cally, preseitis my e orts to
tackle the recognitionchallengesof varied poseand illumination by moving beyond
the traditional, two-dimensionalintensity modality to improve performance.Two
novel approades are explored through my work: two-dimensionalinfrared, and
a subsequen extensionof this researt to explore multiple-view photogrammetry
to reconstruct the three-dimensionalshape of the human face. In conclusion, |

conceiwe of seweral ways to build upon my current researb in future work.

8.2 First StepsBeyond Two-Dimensionalintensity: Facial Recognitionwith the

Infrared Modality

| rst extend preliminary researt on infrared face recognition to test the
boundariesof this modality. This work includesexperimerts on a large database,
and variation in terms of the number of distinct subjects, as well as the time
lapse acrossacquisitions to derive more meaningful and statistically signi cant
results. This researb concludesthat in both same-sessionecognition and time-
lapse recognition, intensity imagery outperforms infrared. This is mainly due
to the low resolution of infrared images, and this modality's failure to register
faceswhen manually locating the eyes on the vague infrared images. This re-

seard also includes a comparative study with the commercial face recognition
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software, Facelt, which outperforms PCA-basedrecognition on intensity and in-
frared images,and even the conmbination of PCA-basedrecognition on intensity
and PCA-basedrecognitionon infrared images. | alsofound that the conmbination
of infrared and intensity imagery outperforms either modality alone. One could
perhapsbecomeconfusedover the various relative recognition rates reported for
visible light and infrared imaging. The following represets an accuratesummary
of what is known from various experimertal results.

Two key elemernts of experimertal designto considerare: (a) whether or not
there is a time lapse betweenthe gallery and probe images;and (b) the degree
of lighting variation betweenthe gallery and the probe images. In studies that
userelatively cortrolled indoor imaging conditions, and for which there is no time
lapse between the gallery and probe images, the performancefrom visible and
infrared has beenfound to be roughly equivalert. In studiesthat userelatively
cortrolled indoor imaging conditions, and for which there is substartial time lapse
betweengallery and probe images,the performancefrom visible light imageshas
beenfound to exceedthat of infrared images.In studieswith greatervariation in
imaging conditions, sud asmight occur outdoors with time lapsebetweengallery
and probe, the performancefrom infrared imageshas exceededthat of visible
light.

Perhapsthe most interesting conclusionsuggestedy my experimertal results
is that visible light imagery outperformsinfrared imagerywhenthe probe imageis
acquiredat a substartial time lapsefrom the gallery image. There is a signi cant
di erence betweenmy results and those of others [75] [67] [62], in the cortext of
gallery and probe imagesacquiredat nearly the sametime. The issueof variability

in infrared imageryover time certainly deseresadditional study. This is esgecially
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important becausemost experimertal results reported in the literature are closer
to a same-sessioscenariothan a time-lapse scenario,yet a time-lapse scenario
may be more relevant to most imagined applications.

Recognition bottlenedks asseiated with the infrared modality, as well asthe
knowledgethat three-dimensionakecognitiongenerallyyieldedbetter performance,
prompted my consideration of a three-dimensional recognition technique that

could be implemerted basedon my two-dimensionaldata set.

8.3 An Initial Considerationof Three-DimensionalModality Face Recognition

My work next considersthree-dimensionalmodality facerecognition, my sec-
ond novel approad to overcomethe classicalface recognition challengesof pose
and illumination. | presen the only study to investigate the comparisonand
combination of two-dimensional, three-dimensional, and infrared data for face
recognition. The results show that the conbination of the facedata from two or
three biometricsresultsin signi cant improvemen whencomparedto that of any
individual biometric. | also nd that improved performanceas result of having
multiple biometrics tends to be greater than that gained from having multiple
samplesof the samebiometric. Thesepreliminary resultsin uenced the researt
designfor my exploration of multiple-view stereophotogrammetry to reconstruct

the three-dimensionalfacial imagefor recognition purposes.

8.4 Three-DimensionalStereoas a Viable Alternativ e for Real-World Recogni-

tion

Unlike traditional three-dimensionafacerecognitiontechniques,mostof which

rely upon state-of-the-art, three-dimensionalsensorgdo acquirethree-dimensional
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facial images,| preser a novel approad to face recognition that relies on two-
dimensionaldata to successfullyreconstructa three-dimensionalimage of the hu-
man face. Speci cally, | employ multiple views of a subject's high resolution face
to reconstructseeral three-dimensionaimodelsthrough binocular stereo. Instead
of using two-dimensionalimagesfor recognition, my researt usesthe ICP (ltera-
tive ClosestPoint) to match the three-dimensionalprobe to the three-dimensional
gallery for eadt view, thereby forming a voting committee of multiple membersto
determinethe nal matching score. An 85.23%successfutecognition rate on my
data set consistingof 149distinct subjects, superior to the performanceof a com-
mercial three-dimensionalscanner,is noteworthy giventhat my approad is more
cost-e ective and practical, becausany method doesnot require strict calibration
asin the caseof the commercialthree-dimensionalscanner. Also signi cant is the
demonstrated exibilit y of this systemto successfullyperform three-dimensional
recognitionon a databaseoriginally acquiredfor two-dimensionalfacerecognition.

While other studiesand researbers concludedthat the biometrics comnunity
had mined all possibleinformation from two dimensional images, my work re-
assessethis data, and designeda exible, cost-e ective, and accuratetechnology
for superior, three-dimensionalfacerecognition. My researt is original becauset
usestraditional, two-dimensionalimageryto generatesuperior, three-dimensional
performance.

My work distinguishesitself because:(a) it recyclestwo-dimensionaldata to
create three-dimensionalimagesfor recognition purposes;(b) it doesnot require
pre-calibration and a highly cortrolled ervironmernt, which is critical to the suc-
cessfulfunction of traditional stereo systems;(c) it is extremely cost-e ective,

exible, and non-intrusive to human subjects, unlike the available technology
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that relieson commercialscanners.The three-dimensionalinformation generated
by my untraditional stereosystemis a by product of data speci cally collected
for two-dimensionalface recognition. Moreover, | used data gathered for two-
dimensionalreseart to prototype a systemthat would prove robust in the faceof
an uncortrolled ervironmen, afeaturethat will make it morereadily transferable
to a real-world acquisition scene.Finally, my novel approad requiresonly ordi-
nary, digital cameras,subjects do not have to remain motionlessfor an extended
period, and their imagescan be imperceptibly and discreetly captured. In the
past, commercialscannershave proved intrusive, becausethey emit a laserbeam
on the subjects faceswhen they capture their images,and, costing tens of thou-
sandsof dollars, they are cost-prohibitive. My hybrid approad to facerecognition
is unprecedeted and, with recognition performancethat parallels that of cost-
prohibitive commercial scanners,it promisesto revolutionize three-dimensional

facerecognition.

8.5 Future Work

My future work will be primarily concernedwith: (a) improving recognition
performance;and (b) testing my method acrossa larger data set, including less
cortrolled imagesthat will more accurately indicate how binocular stereomight
perform in a real-world acquisition and recognition scene.

To improve performance,my future work will fusemultiple stereoviewson the
image level to reconstruct an ertire three-dimensionalshape with more densely
distributed points. | alsohopeto increasethe baselineof my stereosystemfor more
accuraterecognition by testing unexaminedviewssud as: left and right cameras,

top and bottom, left and bottom, etc. This researb may help us to weigh the
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value of a longer baselinewith larger disparities that should yield more accurate
depth measuremets, againstthe cost of greater point-matching di culties.
Second,my researé is limited in the sensethat 1 am uncertain how the pre-
serted resultswill project oncel extendthem to a practical or real-world acquisi-
tion setting. |1 hopeto implemert my method acrossa largerdata set, that includes
lesscortrolled imagesto simulate a real-time application. All of the experimen-
tal data was acquired under a cortrolled, indoor ervironmert. A percenage of
the ongoing experimerts do, howeer, collect outdoor and indoor hallway facial
images,wherethe illumination was not cortrolled, and the badkground was arbi-
trary. | intend to study facerecognitionin this scenarioto test the performance

of binocular stereounder more realistic circumstances.

8.6 Final Remarks

With somuch discussionof experimertal results, it is sometimeseasyto forget
the ultimate motivation behind seekingimproved performancein the face of real
world acquisition challenges- improving people's quality of life and bene ting
scaciety.  Biometrics are being marketed as a \public safey tool" [19] that can
improve security in our homesand greater comrmunities. Biometrics have been
usedin one Tampa Comnunity through a program called Facelt, a video-based
biometric system that scansfacesin a crowd and then matches them against
a databasethat will \include 30,000facesonceit is fully operational." [19] A
\virtual border" security proposal seeksto \identify would-be terrorists erntering
the United States" [48] using \biometric data, like ngerprints, photographsand
voiceprints, at 211 visa-issuingposts overseas."All of the emphasison biometric

technology as a necessarysafely measurehas proven very pro table: a recen
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New York Times report on corporate America's increasedspending on security
and anti-terrorism measuresindicated that gures may \total as much as $40-
$50-billion a year, two or three times higher than before Sept 11 attacks.. . ."
[73] L-3 Commnunications, one corporation that has beendescriked as having a
\frigh teningly acute senseof timing," [49 capitalized on their researt to dewelop
a \device that would let airports scanbaggagemore e cien tly for bombs."[45]

With all of the media attention and moneythat hasbeeninvestedin biomet-
rics, many citizenshave expressediery strong viewpoints concerningthe propriety
of usingtechnology hasthe potertial to savelives,but alsoraisesa host of privacy
concerns.As one Clinton administration o cial astutely commerted,

The questionis: what is enoughsecurity? . . . . The answer is, no oneknows,
and fear is a powerful driver here. Sincewe do not know who meansus harm,
wherethey are and how long they are goingto cortinue to meanus harm, where
do you stop?

This reality hasfrightened many citizensliving in a current climate of heigh-
enedscrutiny. Somecitizens have commerted that the allegedlyunfettered appli-
cation of biometric technologies,asin the Tampasituation speci cally, is \another
example of technology outpacing the protection of civil liberties. . . . it has
a very Big Brother feel to it." [19] In cortrast, some citizens appreciate the
heighened security measuresadvancedby dewelopmerns in biometric technology
because particularly in the caseof video surweillance,\it is saferbecauseof the
cameras,"and it is \no dierent than a cop walking around with a mug shot."
[19]

This dialoguebetweenconstituenciessupporting and opposingthe widespread

implemertation of biometric technology, then, has beenof utmost importanceto
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me in conducting my researt. Our work seeksto respond to these competing
interests by considering modalities beyond the traditional, two-dimensionalin-
tensity modality to dewelop a cost e ective, exible, and non-intrusive biometric
for facial identi cation through binocular stereo. Although my researb doesnot
respond to thosethat feel that implemerting biometric technology is a de facto
violation of individual privacy rights, it doesseekto balancethe interestsof those
desiring security with citizens' concernsthat biometric security e orts will prove

overly intrusive to their daily routine.
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