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Abstract

by

Xin Chen

The growing needfor e�ective biometric identi�cation is widely acknowledged.

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 introducesfoundational

research addressingtwo-dimensional intensity, infrared, three-dimensional,and

multi-modal facerecognition.

I contribute to the growing body of work surroundingfacerecognitionby exam-

ining novel approachesto facerecognitionbeyond the traditional, two-dimensional

intensity modality. My infrared research made strides in overcoming the illumi-

nation challengebecausethis modality proved robust in 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 compared to their 2D intensity counterparts,

and, in many cases,it would be cost-prohibitive.

In looking to overcomethesebottlenecks, 3D recognition was the next, logical

step given that previoustrials with the three-dimensionalmodality demonstrated
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that it provides greater accuracy than any of the two-dimensional modalities.

However, available 3D state-of-the-art scannerssuch as the Minolta Vivid se-

ries prove cost-prohibitive, are fragile, require that a subject remain immobile

for several seconds,and are generally too intrusive for many real-world acqui-

sition scenes.Theseobservations provided the motivation for a proposedthree-

dimensionalrecognitionsystemthat is built upon a two-dimensionalframework. I

extendedmy infrared research to considera three-dimensionalrecognitionsystem

that had a two-dimensionalfoundation.

This dissertation exploresthe possibility of using cost e�ective, 
exible, accu-

rate, and user friendly multiple-view stereophotogrammetry to reconstruct the

three-dimensionalshape of the human facefor improved recognitionperformance.

Speci�cally, I developed a novel approach to face recognition that relies on 2D

imagesto successfullyreconstruct 3D shape of the human face. This approach

ultimately outperforms 3D shape obtained from a commercial scanner. This is

noteworthy given that our approach doesnot require strict calibration as in the

caseof the commercial3D scanner. Also signi�cant is the demonstrated
exibil-

it y 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 subsequently comparedwith another instanceat the time of veri�-

cation [10].

1.1.1 History

The origins of biometric technologycan be traced back several thousandyears

to Babylonian kings that used impressionsof the hand set in clay to verify the

authenticit y of certain engravings and other works of art [10]. This primitiv e

mode operated on the premisethat no two hands in 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 identit y and of his right to claim his allowance. Veri�cation hinged

upon intricate recordsof each laborer's physical and behavioral characteristics.

Distinctiv e anatomical featureswere determined and recordedusing anatomical

measurements (one typical examplewas the distancebetween the tip of an out-

stretched thumb and an elbow).

1



In the nineteenth century, phrenology consideredthe possibility of aligning

character traits with physical characteristics, drawing the research community's

attention to the subject of anthropometry, or the measurement of di�erent ele-

ments of the human body including weight, height, limb circumference,and skin

thickness. AlphoneseBertillon, acting director of the identi�cation service at

Paris Police Headquartersin 1880,advancedthe idea of what becameknown as

judiciary anthropometry. He developed a system of identifying criminals using

anatomical measurements that was widely used in France and in other parts of

Europe as well [10].

Biometrics has becomemuch more sophisticated,exceedingthe rudimentary

applications developed by past researchers. As the human race developed new

ways of identifying and verifying individual identit y, scientists maderapid progress

in automatic calculation. Modern realitiessuch asmicroprocessorsand electronics

have given researchers the opportunit y to produce devicescapableof automated

identit y veri�cation via biometrics.

1.1.2 Applications and Emerging Concerns

Biometric technologiesare becomingthe foundation of an extensive array of

highly secureidenti�cation and personal veri�cation solutions. As the level of

security breachesand transaction fraud increases,the needfor highly secureiden-

ti�cation and personalveri�cation technologiesis apparent.

Biometric-basedsolutions facilitate con�dential �nancial transactionsand en-

sure the privacy of personal data. The need for biometrics can be found in

federal, state and local governments, in the military , and in commercial appli-

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

2



cure electronic banking, investing and other �nancial transactions, retail sales,

law enforcement, and health and social servicesare already bene�ting from these

technologies[5]. There are a large number of potential applications for biomet-

ric technology. Both trial and actual systemsgrounded in biometric technology

have been implemented in physical accesscontrol, time and attendance moni-

toring, prison visitor systems,bene�t payment systems,border control systems,

PC/Net work accesscontrol, ATM-related applications,club and national identit y

cards,etc [10].

Apart from its integration into several mainstream aspects of our daily lives,

biometrics hasbecomethe subject of increasedinterest and controversy after the

September 11 terrorist attacks on the United States[15]. As biometric technolo-

gies such as facial recognition and �ngerprin ting becomepervasive, moral and

ethical issuesneedto be resolved. One of the most prominent arguments against

governmental useof biometrics, such asfacial recognition, in public spacesis that

it infringes on individual citizen's right to privacy 1 . Ethical codes addressing

computer-oriented professionsadvancea generalconcernfor privacy [16]. One is,

therefore, left with the value judgment of whether the cost of diminished privacy

is o�set by an increasein security resulting from the widespreadimplementation

of biometric technology.
1The United States SupremeCourt has consistently assertedthat the rights of privacy and

personal security protected by the Fourth Amendment \... are to be regarded as of the very
essenceof constitutional liberty; and that the guaranty of them is asimportant and asimperative
as are the guaranties 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).
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Figure 1.1. Primary typesof �ngerprin ts [3]

1.1.3 Biometric Methodologies

Today, the most popular biometrics include �ngerprin t, hand geometry, iris,

face, voice, signature, and retina. Each of these biometrics, or even a multi-

modal approach using more than one of these tools, may be better suited for a

particular application given the environmental conditions that must be addressed

in developing a robust veri�cation method [10].

Fingerprint identi�cation is the oldest biometric method; it has beensuccess-

fully used in numerousapplications [10]. Fingerprints are categorizedinto pri-

mary types such as whorls, loops, and arches,as shown in Figure 1.1, and then

further analyzedby detecting minutiae featuressuch as ridges,forks, islandsand

crossovers. Many �ngerprin t systemsoperateby identifying minutiae featuresand

then determining their relative position within the print.

Hand geometryis consideredto be the biometric technologymost widely-used

in a commercial context [10]. It is the \preferred" technology becauseit was

4



Left Iris Image Right Iris Image

Figure 1.2. Iris images

easyto use,it performswell, and it can be easilyadaptedto a variety of di�erent

applications. Hand geometryworksby taking a threedimensionalview of the hand

in order to determinethe geometryand metrics around �nger length, height, and

other details.

Iris scanning,another establishedcommercialbiometric, involves imaging the

texture pattern in the concentric band around the pupil of the eye [10]. The iris

pattern is not only uniqueto the individual, but the left and right irisesthemselves

are unique within the sameindividual, asshown in Figure 1.2. Iris patterns have

proven unique amongsiblings, and even betweenidentical twins, whereother ge-

netic details such as facial appearanceare quite similar. Iris scantechnology can

be a highly accuratebiometric that proves very successfulin someapplications.

Relevant considerationsinclude the distinct userinterfaceand mechanical require-

ments, which may not be suitable under all testing conditions [10]. The Interna-

tional Civil Aviation Organization (ICAO) approved the useof iris recognition(as

well as facial and �ngerprin t recognition) as a meansof biometric identi�cation

incorporated in Machine ReadableTravel Documents (MRTD) [40].
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Intensity 3D IR

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 vesselsin the retina provide a unique

pattern which is usedasa personalidenti�er [10].

Facial recognition involves imaging 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 useour voices

in everyday conversation 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 tissuewithin mouth will a�ect the

dynamicsof speech [10].
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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 asa natural and familiar action. Biometrics signature

veri�cation seeksto analyze not only the appearanceof our signature, but the

dynamicsinherent in writing it [10].

It is usefulto note that all of the variousbiometric authentication/iden ti�cation

technologiessharea common,generalpattern recognition structure[14]. First, a

property that is relatively uniqueto the individual is selected.It must demonstrate

low variabilit y over time, and be capableof consistent imaging and measurement.

Whatever biometric property is selected,the result of imaging and measurement

is a feature vector. A feature vector from a personwhoseidentit y is to be veri�ed

or recognizedis matched against the enrolled feature vector(s), and the degreeof

similarity is measured.

Biometric technologiescanbegenerallycategorizedasintrusiveor non-intrusive,

depending on whether they passively or actively acquire the biometric informa-

tion. For example, three dimensional face scannersusually emit laser beamsor


ash strong light on the human face,and thus are consideredintrusive technolo-

gies. In contrast, a hiddensurveillancevideocameracapturesfaceimageswithout

inconveniencingthe subject, therefore,this is a non-intrusive biometric technique.

Biometric technologiescan alsobe categorizedaccordingto whether they require

contact between the personand the sensor. Fingerprint and hand geometry are

examplesof contact biometrics, which are complicated by considerationsof hy-

giene,subject cooperation, and the intrusion they may represent to the average

user. Facial recognitionand iris imagingareexamplesof non-contact technologies,

but in somecircumstances,even they require somedegreeof interaction between
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the userand the sensor[10].

1.1.4 Application Scenario

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

1. Veri�c ation (also called authentication): \Am I who I say I am?" A

personpresents their biometric and an identit y claim to a facerecognitionsystem.

The system then comparesthe presented biometric with a stored biometric of

the claimed identit y. Basedon the results of comparing the new and the stored

biometric, the systemeither acceptsor rejects the claim.

2. Identi�c ation: \Who am I?" A system is presented with an image of an

unknown person. I assumethat, through someother method, I know that the

personis in the database.The systemthen comparesthe unknown imageto the

databaseof known people. This is the focusof my research.

3. Watch list : \Are you looking for me?" A facerecognitionsystemmust �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 fundamental concept relevant to biometrics performancein the veri�ca-

tion context is false rejections (type 1 errors) and false acceptances(type 2 er-

rors). Falserejectionsrefer to the likelihood of an authorized userbeing wrongly

rejected by the system. Falseacceptancesrefer to the likelihood of an impostor

being wrongly acceptedby the system. The acceptance/rejectionterminology is

typically usedto describe the outcomeof a veri�cation decision.There is a trade-

o� betweenthe two typesof errors. The majorit y of biometric devicesincorporate
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a sliding thresholdadjustment mechanismthat allows researchersto tighten or re-

lax the matching criteria. Thus, the frequencyof falseacceptancescanbe reduced

at the cost of increasingthe frequencyof false rejections, or vice-versa. Related

terminology is usedin the context of a watch list scenario.A true positive occurs

if the systemreports a match to someoneon the watch list that is correctly iden-

ti�ed. A falsepositive occurs if the personis not actually someoneon the watch

list. A true negative occurs if 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 when in 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 several di�erent but equivalent ways. One format

plots the true acceptancerate on the Y-axis and the falseacceptancerate on the

X-axis, asshown in Figure 1.4. The equalerror rate is the point at which the false

accept rate and false reject rate are equal. The ideal operating point would be

(0,1), meaningno falseacceptancesand no falserejections. Generally, onesystem

performs better than another if its ROC curve lies closerto the ideal point than

the other system'sROC curve.

The focus of my research is the identi�cation task. The methodology of the

performanceevaluation and most of my subsequent work employs a training image

setusedto developthe identi�cation technique,a gallery imageset that consistsof

the set of personsenrolledin the system,and a probe imageset containing images

to be identi�ed. Identi�cation of a probe image yields a ranked set of matches,

with rank 1 being the best match. Results are presented as a cumulative match
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Figure 1.4. Receiver Operating Characteristic (ROC) Curve
(conceptual)

characteristic (CMC) curve, where the x-axis denotesa rank threshold, which I

can think of as the maximum number of imagesthat the systemis allowed to re-

port whengiving an alarm for a givenprobe, and the y-axis represents the fraction

of imagesthat yield a correct match, i.e. true positive rate. The CMC curve illus-

trates, in a certain way, the tradeo� of true positive versusfalsepositive results.

The CMC curve conceptbecomesimportant 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 as it is drawn in Figure 1.5. The main performancemetric for an identi�ca-

tion systemis the system'sabilit y to identify a biometric signature'sowner. More

speci�cally, the performancemeasureequalsthe percentage 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 curveof a biometric system,I alsoneedto consider

by what meansit arrives at these �gures, how many individuals were involved,

under what conditions and time scalesthese tests were implemented, etc. to

evaluate the system'sperformance.

1.2 FaceRecognition

Identifying an individual using his or her face image is one of the most non-

intrusive biometric modalities. It hasproven particularly usefulover a wide spec-

trum of applications including law enforcement mug-shot identi�cation, veri�ca-

tion for personalidenti�cation such asdriver's licensesand credit cards,gateways

to limited accessareas,and surveillanceof crowd behavior [41]. A generalstate-

ment 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 frequently involves segmentation of faces

from cluttered scenes,extraction of featuresfrom the face region, identi�cation,

and matching 2.

Even though current face recognition systemshave reached a certain level of

maturit y, their successis limited by the conditions imposedby many real appli-

cations. Two major environmental problemsin facerecognition are illumination

and posevariation [80]. This motivates the useof non-intensity imagemodalities

to supplement (or replace) intensity images[41]. Representations of the image,

and the storedmodel that are relatively insensitive to changesin illumination and

viewpoint (as well as facial expression),are thereforedesirable.Examplesof such

representations include edgemaps,imageintensity derivatives,and directional �l-

ter responses.Though superior to other representations, researchersmaintain that

no single representation is su�cien t to withstand lighting, pose,and expression

changes[9].

Most current face recognition systemsoperate with normal visible re
ected-

light images,but researchersare investigating the useof infrared and three dimen-

sionalshape imaging [23]. My research seeksto contribute to this line of research.

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 current literature addressingfacerecognition,with a partic-

ular focuson emergingresearch using the two-dimensionaland three-dimensional

modalities.

The current chapter introducesthe tenetsof biometricsandprovidesanoverview
2This dissertation focuseson still frontal facial images,where the facesare manually located.
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of face recognition. Two dimensional visible-light and infrared face recognition

research is presented in Chapter 2. This chapter serves to illustrate someof the

contributions that my research madeto this area,and to outline the weaknessesof

this biometric technology that motivated me to considerusing three-dimensional

imaging. Chapter 3 providesa detailed literature survey of comparative works on

three dimensionalfacerecognitionwith other modalities, such astwo dimensional

intensity and infrared facerecognition. In Chapter 4, I discussedthe rationale of

my multi-view three-dimensionalstereopsisresearch and previous related work.

The three-dimensionalstereopsiscalibration procedureis provided in Chapter 5.

I present three dimensionalfaceshape reconstructionusing multi-view high reso-

lution stereopsisand its application in facerecognition in Chapter 6 and Chapter

7, respectively. Chapter 8 concludesthis dissertation and charts the coursefor

future research.

1.3 Principal Component Analysis (PCA)

Face recognition methods can be broadly categorizedas following[38]: (1)

Global Approach. This approach usesa single feature vector that represents the

whole face region as the input to a classi�er. (2) Component-based Approach.

Methods in this category classify local facial components. It is mainly to com-

pensatefor posechangesby allowing a 
exible geometricalrelation between the

components in the classsi�cation stage.

BecauseI used frontal imagesfor my research, and global techniques work

well for classifying frontal views of faces, I choseprincipal component analysis

(PCA), which is the most prominent global method, for my two dimensionalface

recognition experiments.
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PCA was �rst described for face image representation by Sirovich and Kirb y

[42], and subsequently adaptedto facerecognition by Turk and Pentland [71][72].

The facerecognitionsystemin my experiments shouldbe able to do the following:

a. Derive a classi�cation rule from the face imagesin the training set; i.e. it

should be able to develop a discrimination technique to separatethe imagesof

di�erent subjects.

b. Apply the rules to new faceimages;i.e. given a set of new enrolled images

as the gallery, and a set of new unidenti�ed imagesas the probe, it should be

able to usethe discrimination technique to map each probe imageto onegallery

image.

Given a training set of N imagesf x1; x2; :::; xN g, all in Rn , taking values in

an n� dimensional image, PCA �nds a linear transformation W T mapping the

original n� dimensionalimagespaceinto an m� dimensionalfeature space,where

m < n. The new feature vectorshave coordinates:

yk = W T xk ; k = 1; 2; :::; N

whereW 2 Rn� m is a matrix with orthonormal columns. I de�ne the total scatter

matrix ST as:

ST =
NX

k=1

(xk � � )(xk � � )T (1.1)

whereN is the number of training images,and � 2 Rn is the samplemeanof all

images. Examplesof an infrared imagetraining set, acquiredwith a Merlin Un-

cooledlong wavelengthcameraand its samplemeanimageareshown in Figure 1.6

(a) and (b), respectively.

After applying the linear transformation W T , 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 components calculatedfrom (a) in decreasing
eigenvalue order.

feature vectorsy1; y2; :::; yN is W T ST W. In PCA the projection Wopt is chosento

maximize the determinant of the total scatter matrix of the projected samples,

i.e.

Wopt = argmaxW jW T ST Wj = [w1w2:::wm ]

wherewi = 1; 2; :::; m is the set of n� dimensionaleigenvectorsof ST correspond-

ing to the m largest eigenvalues [62]. Since these eigenvectors are face-like in

appearancewhen rearrangedto follow the original imagepixel arrangement, they

are commonly referred to as \eigenfaces". They are also referred to as principal

components. The Eigenfacemethod, which usesprincipal component analysisfor
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dimensionality reduction, yields projection directions that successively maximize

the total residual scatter acrossall classes,i.e. all imagesof all faces[11]. Fig-

ure 1.6c showsthe top seveneigenfacesderivedfrom the input imagesof Figure 1.6

a in decreasingeigenvalue order.

Any eigenfacematchesmust employ a measureof proximit y in the facespace.

The \MahCosine" (as namedby the CSU software) and Mahalanobisdistanceare

simply the anglemetric [77]

d(x; y) = �
x � y

jj xjjjj yjj
= �

P k
i=1 x i yiq P k

i=1 (x i )2
P k

i=1 (yi )2

and Euclideandistancemeasure[77]

d(x; y) = jjx � yjj 2 =
kX

i =1

jx i � yi j2

applied in the weighted space,respectively.

Facerecognitionsoftwaredevelopedat ColoradoStateUniversity 3 implements

the MahCosinemeasure,the classicalEuclidean distance measure,and the city

block distancemeasure[77]

d(x; y) = jx � yj =
kX

i =1

jx i � yi j:

Based on initial experiments, I found that MahCosine o�ered the best perfor-

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

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

INFRARED AND VISIBLE-LIGHT FACE RECOGNITION

2.1 Overview

Obviously, visible-light face imagesare not invariant to illumination changes.

The within-class variabilit y introduced by changesin illumination easily can be

greater than the between-classvariabilit y; Consequently, the in
uence of vary-

ing ambient illumination severely a�ects classi�cation performance[75]. Thermal

imagery of facesis nearly invariant to changesin ambient illumination [76], and

may therefore yield lower within-class variabilit y than intensity imagery, while

maintaining su�cien t between-classvariabilit y to guarantee uniqueness[41].

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 unique to each person[60], though the imagesof identical twins are

not necessarilysubstantially di�erent, asillustrated by Figure 2.1. Thesefeatures

may be imagedat a distance,using passive 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 identi�ca-

tion, under varied lighting conditions including total darkness[41]. Limitations of

infrared cameras,such asexpenseand their resolutionsbeingbelow that of visible

light spectrum cameras,must alsobe acknowledged[68].
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Figure 2.1. Infrared imagesof the facesof a pair of identical twins

However, face recognition in the thermal, infrared domain has received rela-

tively little attention in the literature when comparedwith recognition of visible

light imagery. Wilder et al. [75] demonstrated that both visible light and in-

frared imagesperform similarly acrossalgorithms. The analysisof Socolinsky 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. However, the testing data set size in these

studies is relatively small. Also, these researchers 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 substantial time lapsebetweenthe gallery and the

probe imageacquisition in their studies. My early studies[35] [31] [30] show that

recognition performancewith visible light imagery is substantially poorer when

unknown imagesare acquired on 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 shows that PCA-based

face recognition using visible light imagery may outperform that using infrared

images.In addition, the following factors could contribute to the discrepancies:

1. Chen et al. [31] [30] manually locate eye-locations in infrared images.

Socolinsky 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. Chen et 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 morevariations in facial appearancein [67][62][65][66] since

the imageswererecordedwhen the subject pronouncedvowels looking directly at

the camera,while the subjects in [31] and [30] wereonly required to demonstrate

neutral and smiling expressions.Infrared faceimagesmay bemorerobust to facial

expressionchange.

More recent 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 imagery in [75][67][62][65][35][31]. 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 outperforms that 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 research analyzing the PCA al-

gorithm performance in infrared and visible-light imageries, including the im-

pact of illumination change, facial expressionchange,and short term (minutes)

and medium term (days or weeks)change in face appearancein a much larger

database. It also incorporates the work combining the visible-light and infrared

modalities, recognition sensitivity to eye location, a comparisonwith a commer-

cial facerecognition software FaceIt, and a comparative study of the multi-modal

and multi-sample approaches.

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 imagesper modality from 81

distinct subjects wereacquiredby Equinox Corporation. Selingerand Socolinsky

[62] describe 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 imageswereacquiredat Notre Dame

with a Merlin, uncooled, long-wavelength, infrared, high-performancecamera 1,
1http://www.indigosystems.com/pro duct/merlin.h tml
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which provided a real-time, 60Hz,12 bit digital data stream. It is sensitive 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 feet in front of the subject; one was approximately four feet

to the left, one was centrally located, and one was located four feet to the right.

All three lights were trained on the subject's face. The side lights and the central

light are about 6 feet and 7 feet high, respectively. One lighting con�guration

had the central light turned o� and the others on. This will be referred to as

\FERET style lighting", or LF [59]. The other con�guration has all three lights

on; this will be calledmugshot lighting, or LM. For each 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 opaquenessto glass,I 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 imageryacquiredat 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 imagesshown in this

�gure have contrast enhancedfor display.

2.3 Experimental Design

This work focuseson the identi�cation task. In my experiments, the training

set is disjoint from the gallery and the probe sets2, which makesthe performance

worsethan it would beunder di�erent circumstances.This is to eliminate any bias
2In most of my experiments, the training set would not contain any personsin commonwith

those in the gallery and probe set.
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that might be introducedin the eigenspacedueto subject factors,and to make the

evaluation of the face recognition systemmore objective. Four categoriesbased

on the lighting and expressionsituation under which the imageswere acquired,

are identi�able: (a) FA expressionunder LM lighting (FAjLM), (b) FB expression

under LM lighting (FBjLM), (c) FA expressionunder LF lighting (FAjLF) and

(d) FB expressionunder LF lighting (FBjLF). All the subsequent experiments use

the valid combinations of two subsetsof the imagedatabase,and each set belongs

to oneof thesefour categories.

By selectingmeaningful data setsas the pairs of galleriesand probes, I con-

ducted several experiments to investigate facerecognition performancein visible

light and infrared imagery. I required that each imageinvolved in the experiment

usedin onemodality shouldhave a counterpart (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 face in

the image,and humansgenerallyoutperform a computer performing this task, I

located facesmanually by clicking (with a computer mouse)on the center of each

eye. This processis labeled \truth-writing". Figure 2.3 shows that the features

on a human faceappear more vaguein an infrared image than in a visible light

image,and thus the registration in the following normalization step might not be

as reliable in infrared comparedto a visible light image.

From Figure 2.2, I notice that the background, somepossibletransformations

of the face (scaling, rotation and translation), and sensor-dependent variations

(for example,automatic gain control calibration and bad sensorpoints) could un-
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dermine recognition performance.This impact can be reducedby normalization,

which is implemented in the CSU software.

The CSU software supports several metrics for normalization:

a. Integer to 
o at conversion. After the imageis readfrom a �le, it is converted

to a double precision(64 bit) 
oating point for subsequent imagecalculations.

b. Geometric normalization. This aligns imagessuch that the facesare the

samesize, in the sameposition, and at the sameorientation. Speci�cally, the

imageis scaledand rotated to make the eyecoordinatescoincidewith pre-speci�ed

locations in the output.

c. Masking. Masking is usedto eliminate the sectionsof the imagethat arenot

the facial area. This is to ensurethat the facerecognitionsystemdoesnot respond

to featurescorresponding to background, hair, clothing etc. The CSUsystemuses

an elliptical mask that is centered just below eye level and obscuresthe earsand

sidesof the face. This is the samemask usedin the FERET experiments [59].

d. Histogram equalization. Histogram equalization attempts to normalize the

imagehistogram to reduceimagevariation due to lighting and sensordi�erences.

e. Pixel normalization. This is to compensate for brightness and contrast

variations. The CSU code doesthis by changingthe dynamic rangeof the images

such that the meanpixel value is 0:0 and the standard deviation is 1:0.

I found that the recognition systemperformsbest when applying all the nor-

malizationsabove with default optionsand a, b, c, d and eapplied in order. Other

settings bring no signi�cant performancegain, or yield even worseperformance.

For example,I 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 corresponding thermal

23



emissionvaluesrather than arrays of gray values. The result turned out to be no

better than leaving the histogram equalizationon.

2.5 Same-sessionRecognition

The experiment described in this section usessamesessionimages. That is,

the gallery and probe imagesweretakenwithin a minute of each other at the same

acquisition session.I used319distinct subjects and four imagesfor each subject,

acquired within one minute, with di�erent illumination and facial expressions.

Theseimageswere acquiredduring spring of 2003. For each valid pair of gallery

and probe sets, I computed the rank 1 correct match percentage, and the rank

at which all the probeswere correctly matched. They are reported in Table 2.1.

Each entry in the leftmost column correspondsto a gallery set, and each entry in

the top row corresponds to a probe set. The facespacefor this experiment was

derived by using one image for each of 488 distinct subjects and all eigenvectors

were retained. Of the 488 training images,319 (FAjLF) comefrom spring 2003,

which meansthat the gallery and probe setsof someof subexperiments overlap

with the training set. The performanceof the subexperiments 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-sessionrecognition result [30] is the

signi�cantly lower performanceof the infrared face recognition. A comparable

experiment using visible light imagesstill achieves very good performancegiven

a reasonablylarge facespace. Apparently, the visible light face recognition per-

formancedegradesslightly when the expressionsof the gallery and probe images

are di�erent.
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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.

X X X X X X X X X X XXGallery
Probe

FAjLF FAjLM FBjLF FBjLM

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 Socolinsky 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 valuesremain within 15%of the eye size,quite

a reasonablebound [61]. Their recognition experiments are basedon evaluating

recognition performanceusing a 40-frame video sequenceas input, potentially

complicating a direct comparisonof recognition results.

Figure 2.4 shows the worst mismatches for visible light and infrared, i.e. the

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

Experiments in which there is substantial time passagebetween gallery and

probe imageacquisitionsare referred to as time-lapserecognition.

This experiment usesthe imagesacquired in twelve acquisition sessionsof

Spring 2003. Figure 2.5 shows the visible light and the infrared imagesof one

subject acrossten di�erent weeks,which suggeststhat theremay bemoreapparent

variabilit y, 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 research [54] has con�rmed that there

is variabilit y in facial infrared imagesdue to startling, gum-chewing, etc. More

recently, Socolinsky et al. [63][64] have replicated my basic early result [30][31]

of lower infrared performancein the time-lapseexperiments.

The scenariofor this recognition is a typical enroll-onceidenti�cation setup.

There are 16 subexperiments basedon the exhaustive combinations of gallery

and probe sets,given the imagesof the �rst sessionunder a speci�c lighting and

expressioncondition asthe gallery, and the imagesof all the later sessionsunder a

speci�c lighting and expressionconditionsasthe probe. The rank-1 correct match

percentagesare provided in Table 2.6. For each experiment, a given subject will

have one enrolled gallery image and up to eleven probe images,each acquired

in a distinct, later session. The sameface spaceis used as in the same-session

experiments.

As illustrated by Table 2.6, the performancewith infrared imagesdrops sub-

stantially in comparisonto the same-sessionperformance,the rank 1 correctmatch

rate dropsby 15%to 30%. The most obvious explanation is 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 INDICA TES GALLERY AND COLUMN INDICA TES

PROBE.

X X X X X X X X X X XXGallery
Probe

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 changesamong the thermal patterns of the samesubject. In

addition, the overall low performancefor infrared face recognition is due to the

unreliable registration of the eye centers discussedin the last section. Table 2.6

alsoshows that the performancedegradesfor visible light imagerycomparedwith

that of same-sessionrecognition using the samemodality. Visible light imagery

outperformsinfrared in each subexperiment and performsbetter whenthe expres-

sions in the gallery and the probe are identical. 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, I illustrate the match and non-match distance distributions in Figure 2.6

and Figure 2.7. The score(distance) rangesfrom � 1:0 to 1:0 since I use the

\MahCosine" distancemetric. 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. Essentially , the match scoredistribution de-

picts the within-classdi�erence, while the non-match scoredistribution represents

the between-classdi�erence. Hence,for an ideal facerecognition,the match scores

should be as small as possible,and the non-match scoresshould be much larger

than the match scores;they shouldn't overlap. In this experiment, there is sig-

ni�can t overlapping for both infrared and visible light, which accounts 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 smaller than that for infrared images.The non-match 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 experimental setup includesrelatively minimal light-

ing variations. If more drastic lighting variation wasconsidered,the results could

be di�erent. For example,in the extremecaseof no ambient lighting, one would

naturally expect infrared to perform better.

2.7 Sensitivity to Eye Center Location

I manually locatedeye centers in both the visible light and the infrared images

for normalization. It is possiblethat the errors in eye center 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 240versus1600x1200for the visible light

image. This is potentially an important issuewhen comparing the performance

of infrared and visible light imagery.

I did a random replacement of the current, manually-marked eye centers by

another point in a 3x3 (pixel) window, which is centered at the manually-marked

position. This approximates the human error introducedwhen imagesare truth-

written. I implement time-lapserecognition by using imagesnormalizedwith the

randomly perturbed eye centers as shown in Table 2.7.

When Table 2.7 and Table 2.6 are compared,one concludesthat infrared

is more sensitive to eye center locations. The correct recognition rates drop sig-

ni�can tly comparedto the performancewhere the manually located eye centers

are used. For visible light imagery in a time-lapsescenario,the performanceonly

slightly decreases.This suggeststhat marking eye centers in infrared might be

harder to do accurately than marking eye centers in visible light, and that this

may have a�ected the infrared accuracyrelative to the visible light accuracy in

my experiments.

Selingerand Socolinsky [61] look at automated eye center location and also

report �nding greater error for thermal imagery than for visible-light imagery.

However, they also �nd relatively smaller di�erences in recognition performance

than I found, although di�erences in data set and algorithm complicate a direct

comparison.

29



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

X X X X X X X X X X XXGallery
Probe

FAjLM 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 shows that visible light imagery is better than infrared in time-

lapsed recognition, but the sets of mismatched probes of the two classi�ers do

not necessarilyoverlap. This suggeststhat thesetwo modalities o�er potentially

complementary information about the probe to be identi�ed, which could improve

the performance. It is possibleto realizesensorfusion on di�erent levels: sensor

data level fusion, feature vector level fusion, and decisionlevel fusion [8]. Since

these classi�ers yield decisionrankings as results, I consider that fusion on the
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decisionlevel has more potential 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 distance in infrared face spaceand the distance in visible light face

space,a transformation step is required. There exist several scoretransformation

methods,such aslinear, logarithmic, and exponential. The purposeof thesetrans-

formations is, �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 transformed to very high values,have a quickly decreasingin
uence. This is

particularly true in my experiments becausethe top few matchesaremorereliable

than the later ones.

2. Combination and reordering

For every classin the combination set, a combination rule is applied, and the

classesarereorderedin order to get a newranking. Kittler et al. [43]concludethat

the combination rule developed under the most restrictive assumptions,the sum

rule, outperformed other classi�er combination schemes. Therefore, I have used

the sum rule for combination in my experiments. I implemented two combination

strategies:rank basedstrategiesand score-basedstrategies.The former computes

the sum of the rank for every classin the combination set. The classwith the

lowest rank sum will be the �rst choice of the combination 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.

31



The score-basedstrategy is to compute the sum of the score(distance) for each

classand choosethe classwith the lowest sum scoreas the �rst match.

I �rst usedan unweighted rank-basedstrategy for combination. This approach

computesthe sum of the rank for every gallery image. On average,for each probe

there are 10-20rank sum ties (64 gallery images). Sincevisible light imagery is

morereliable, basedon my experiments in the context of time-lapse,I usethe rank

of the visible light imagery to break the tie. The top of each item in Table 2.8

shows the combination results using this approach. Only in 2 out of 16 instances

is the visible light alone slightly better than the combination. The combination

classi�er outperforms infrared and visible light in all the other cases.

For each individual classi�er (infrared or visible light), the rank at which all

probes are correctly identi�ed is far before rank 64 (64 gallery images). Hence,

the �rst seriesof ranks are more useful than the later ranks. I logarithmically

transformed the ranks before combination to emphasizethe �rst ranks, and to

ensurethat the later ranks have a quickly decreasingin
uence. The middle of

each item in Table 2.8 shows the results of this approach. The combiner outper-

forms visible light and infrared in all the sub-experiments, and is better than the

combiner without rank transformation.

Second,I implemented a score-basedstrategy. I usethe distancebetweenthe

gallery and the probe in the facespaceas the score,which provides the combiner

with someadditional information that is not available in the rank-basedmethod.

It is necessaryto transform the distancesto make them comparablesinceI used

two di�erent facespacesfor infrared and visible light. I usedlinear transformation,

which mapsa score,s, in a rangeof I s = [smin ; smax], to a target rangeof I s0 =

[0; 100]. Then I compute the sum of the transformed distancesfor each gallery,
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and the onewith the smallestsumof distanceswill be the �rst match. The bottom

entry of each item in Table 2.8contains the resultsof this application. The score-

basedstrategyoutperformsthe rank-basedstrategyand improvesthe performance

signi�cantly comparedwith either of the individual classi�ers(infrared and visible

light). This shows that it is desirableto have knowledgeabout the distribution

of the distancesand the discrimination abilit y basedon the distance for each

individual classi�er (infrared or visible light). This allows us to changethe score

distribution meaningfully by transforming the distancesbeforecombination. This

combination strategy is similar to that used by Chang et al. [21] in a study of

two-dimensionaland three-dimensionalfacerecognition.

A similar experiment using spring 2003data as the testing imageswas con-

ducted applying the score-basedstrategy. The results are reported in Table 2.8.

Again, it improves the 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 sampleapproach (multiple samplesof the

samemodality, e.g. two visible light faceimages)will most likely be cheaper than

a multi-modal approach (e.g. visible light and infrared). Hence,it is particularly

important to determineif a multi-modal approach is superior to a multiple sample

approach for performancepurposes. The following experiment shows that the

improvement by combining visible light and infrared modalities cannot be purely

attributed to using multiple probe images.

For onetime-lapseexperiment, I usetwo probe imagesper modality and com-

bine the decisionsusing a score-basedstrategy. The results are reported in Table

2.8.
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Notice that the performanceis worse for 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 andvisible light (alsotwo probes)in FAjLM, FAjLF andFBjLF

are 0.95, 0.97, and 0.90, respectively, which are signi�cantly better results than

thoseobtained after combining two probesof the samemodality.

2.9 Comparisonof PCA and FaceIt

FaceIt 3 is a commercial face-recognitionalgorithm that performed well in

the 2002 Face Recognition Vendor Test4. I use FaceIt results to illustrate the

importance of combined infrared-plus-visible-light facerecognition. I usedFaceIt

G3 and G5 technologies.The latter was the latest versionat the time I usedit.

Figure 2.8 shows 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 sessionsas the probe set by FaceIt and PCA. Note that the fusion

method is score-based.FaceIt G3 and G5 outperform PCA in the visible light

and infrared modalities individually. However, the fusion of infrared and visible

light easilyoutperformseither modality aloneby PCA or FaceIt G3. I shouldtake

into account the training set PCA usedwhen making this comparison.Given an

extremely large, unbiased training set, which is not often practical or e�cien t,

PCA might eventually outperform FaceIt in visible light imagery.

3http://www.iden tix.com/pro ducts/
4http://www.frvt2002.org
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2.10 Discussion

In samesessionrecognition,neither modality is clearly signi�cantly better than

the other. In time-lapserecognition,the correctmatch rate at rank 1 decreasedfor

both visible light and infrared. In general,delay betweenthe acquisition of gallery

and probe imagescausesrecognition system performanceto degradenoticeably

relative to same-sessionrecognition. 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 reveal a clearer relationship. In this

regard, seethe results of the FaceRecognitionVendor Test 2002[4].

In time-lapserecognition experiments, I found that: (1) PCA-basedrecogni-

tion usingvisible light imagesperformedbetter than PCA-basedrecognitionusing

infrared images,and (2) FaceIt-basedrecognition using visible light imagesout-

performedPCA-basedrecognitionon visible light images,PCA-basedrecognition

on infrared images,and the combination of PCA-basedrecognitionon visible light

and PCA-basedrecognition on infrared images.

My experimental resultsalsoshow that the combination of infrared plus visible

light canoutperform either infrared or visible light alone. I �nd that a combination

method that considersthe distance values performs better than one that only

considersranks.

The likely reasonfor the successof 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 eigenfacetechniquesmay reap more ben-

e�t from such information than other published algorithms such as LFA [36]. It
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becomesa bottle-neck for infrared facerecognition due to the low resolution and

poor contrast in infrared imagery.
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FAjLF FBjLF

FAjLM FBjLM
(a)

(b)

Figure 2.2. (a) Four viewswith di�erent lighting and expressionsin
visible light and infrared imagery, acquiredat University of Notre

Dame; (b) Two imagesof a singlesubject 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-onematch
(a) visible light image

probe correct match rank-onematch
(b)infrared image

Figure 2.4. Worst match examples
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(a) Week1 (b) Week2

(a) Week3 (b) Week4

(a) Week5 (b) Week6

(a) Week7 (b) Week8

(a) Week9 (b) Week10

Figure 2.5. Normalized FAjLM faceimagesof onesubject in visible
light and infrared across10 weeks.
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Figure 2.6. Match and non-match scoredistributions for one time-lapse
recognition in infrared, dark color bars represent correct match, light

color bars represent incorrect match
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Figure 2.7. Match and non-match scoredistributions for one time-lapse
recognition in visible light, dark color bars represent correct match,

light color bars represent incorrect match

41



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 INDICA TES

GALLERY AND COLUMN INDICA TES PROBE.

X X X X X X X X X X XXGallery
Probe

FAjLM FAjLF FBjLM FBjLF

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.

X X X X X X X X X X XXGallery
Probe

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)

FBjLF 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

IMA GES EITHER COME FROM TWO DIFFERENT MODALITIES

(INFRARED + VISIBLE) OR FROM THE SAME MODALITY BUT

UNDER TWO DIFFERENT CONDITIONS (FAjLM + FBjLF AND

FAjLM + FAjLF).

` ` ` ` ` ` ` ` ` ` ` ` ` ` `Modality
Condition

FAjLM FBjLF FAjLF FAjLM + FAjLM

FBjLF FAjLF

infrared 0.92 0.73 0.92 0.90 0.93

Visible 0.81 0.73 0.82 0.85 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
FaceIt 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-onerecognition 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 experimental component of work in this area was

rather modest. The number of personsrepresented in experimental data setsdid

not reach one hundred until 2003. Only a few works have dealt with data sets

that explicitly incorporate poseand/or expressionvariation [52][47][53][24][18]. It

is, therefore,perhapsnot surprising that most of the early works reported rank-

one recognition rates of 100%. However, the FaceRecognition Grand Challenge

Program [58] has already resulted in several research groups publishing results

on a commondata set representing over 4,000imagesof over 400 persons,with

substantial variation in facial expression.As experimental data setshave become

larger and more challenging, algorithms have becomemore sophisticated,even if

the reported recognition rates are not as high as in someearlier works.

A single biometric modality has to cope with a variety of identi�cation chal-

lengessuch asvarying illumination, within-classdi�erences,and data noise. Some
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of theseobstaclescan be overcomeby combining two or more modalities; their

combined recognition potential yields a higher probability for accuratediscrimi-

nation while providing usefulinformation that is not available in recognitiontrials

limited to a singlemodality.

Each imaging modality has its own bene�ts and problems when applied to

facerecognition. Two-dimensionalimagesare generallyeasierand lessexpensive

to acquire. The perceived bene�ts from using three-dimensionalrelative to two-

dimensionaldata include lessvariation observed (due to factors such 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 each

individual.

The metric level data fusion focuseson combining the match distancesthat are

found in the individual spaces.Having distancemetrics from two or moredi�erent

spaces,a rule of how to combine the distancesacrossthe di�erent biometrics for

each personin the gallery canbeapplied. The rankscanthen bedeterminedbased

on the combined distances.Scoresfrom each modality needto benormalizedto be

comparableto each other prior to fusion. There are several ways of transforming

the scores,including linear, logarithmic, exponential, logistic, etc. [8]. The scores

are normalizedso that the range is [0; 100] for each modality. There are ways of

combining di�erent metricsto achieve the bestdecisionprocess,including majorit y

vote, sum rule, product rule, median rule, min rule, averagerule and son on.

Dependingon the task, a certain combination rule might be better than another.

It is known that the sum rule and the product rule provide generally plausible

results [43][8].
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Bronstein et al. approach the problem using an isometric transformation to

minimize facial expressionvariation in three-dimensionalfaceanalysis[17]. These

researchersuseeigen-decomposition of 
attened textures and canonicalimagesre-

sulting in two-dimensionaland three-dimensionalrecognition. Though they show

both accurateand inaccuraterecognition using di�erent algorithms, their results

do not indicate that a particular algorithm is quantitativ 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

implement a facerecognitionbetweena rangefaceimage(stored in the database),

and an intensity faceimage(taken as input). This approach proved insensitive to

illumination, but not scaleand orientation invariant.

Tsalakanidou et al. [70] usethree-dimensionaland color imagesin executing

multi-modal facerecognition. Their research is unique in that it usescolor rather

than strictly relying on the gray-scale intensity featured in much of the multi-

modal literature. Theseresearchers implement a PCA-style matching recognition

algorithm, including a combination of the PCA results for the individual color

planesaswell as the rangeimage. Their experimental results, featuring imagesof

forty individuals from the XM2VTS dataset [50], include separatedata for color

images,three-dimensionalimages,and also a multi-modal three-dimensionaland

color approach. They achieved a 99% recognition rate using their multi-modal

algorithm, and concludedthat the multi-modal approach outperformed both a

strictly two-dimensionaland a strictly three-dimensionalapproach.

Beumier and Acheroy illustrated that recognitionusingsurfacematching from

parallel pro�les possesseshigh discrimination power. They alsohighlighted system

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

Chang et al. [20] document PCA recognition performed using both two-

dimensionaland three-dimensionalimagesof a datasetfeaturing 200test subjects.

Their work represents the largest reported study in terms of subjects, gallery and

probe images,and time elapsedbetweengallery and probe collection for both the

three-dimensionalface approach, as well as the combined two-dimensionaland

three-dimensionalmodality. This study featuresoneexperiment usinga singleset

of later imagesfor each test subject as probes, while another experiment usesa

moreextensive setof 676probestakenin multiple acquisitionsover a longerperiod

of time. The multi-modal results were generatedusing the weighted sum of the

distancescollected from individual two-dimensionaland three-dimensionalface

spaces.Both experiments yielded results of approximately 99%rank onerecogni-

tion for multi-modal three-dimensionalcombined with two-dimensional,94% for

three-dimensionalalone,and 89%for two-dimensionalalone.

Important aspectsof somerelated multi-modal studiesare summarizedin Ta-

ble 3.1.

I present the results of the �rst study to examineindividual and multi-modal

face recogntion 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 representing surfacere
ectance

from a light source,shape data representaing 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
('03) [20]

2D + 3D facial shape
(275)

min, sum, product rank + metric

Chen ('05)
[32]

2D + facial heat
(488)

sum metric

Wang ('02)
[74]

2D + 3D facial shape
(50)

support vector ma-
chine

metric

Beumier
('00) [13]

2D + 3D facepro�le
(120)

weighted sum metric

Liu ('99)
[46]

2D + 3D facial shape
(200)

augmented EFM feature

Achermann
('96) [8]

2D + 2D facepro�le
(30)

sum metric

3.1.1 ImageAcquisition

The imagesusedin this study werecollectedat the University of Notre Dame

betweenJanuary and May 2003. Two four-weeksessionswereconductedfor data

collection,approximately six weeksapart. Thus, in the multiple probeexperiment,

there are at least one and as many as thirteen weeksof time lapsebetween the

gallery and the probe images.A total of 191di�erent subjects participated in one

or more data acquisition session.Twenty 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 set and their subsequent images(297) are included in the probe set.

49



Performance�gures reported later in this chapter are for these297probe images.

The other 35 subjects for whom good data was not acquired in both the gallery

and the probe sessionsare usedalong with the gallery as the training set.

In each acquisition session,subjects were imaged for two-dimensional and

three-dimensional images 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 background, wereasked

to assumea normal facial expression(\F A" in FERET terminology [59]), and to

look directly at the camera. The Minolta Vivid 900usesa projected laser stripe

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 observed in facial feature di�erences between individu-

als. The normalized imagesare masked to \gray out" the background and leave

only the face region. The �nal imagesused in this experiment are cropped and

scaledto 130x 150.

While each subject is asked to gaze at the camera during the acquisition,

the data will inevitably display somelevel of posevariation betweenacquisition

sessions. Both two-dimensional and 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 centers) for ge-

ometric normalization to correct for rotation, scale,and position of the face for

two-dimensionalmatching. However, while histogram equalization is applied to

normalizethe 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 opportunit y to correct for posevariation around the X, Y,

andZ 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 center of lower chin), and the prede�ned referencepoints

of a standard faceposeand location. Posevariation around the Z axis (yaw) is

correctedby measuringthe angle di�erence between the line acrossthe two eye

points and a horizontal 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 Experiments

I usedprincipal component analysis(PCA) for the following two experiments:

1) to examine and compare the performanceof the individual modality; 2) to

evaluate the performanceof the combined modalities. The optimum set of eigen-

vectors are selectedfor each modality to create the face space. The cumulative

match characteristic (CMC) curves are generatedto present the results. McNe-

mar's statistical test is consideredto determine the signi�cance of the di�erence

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

3.1.3.1 Comparing SingleModalities

This experiment 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

each modality, given: (1) the useof the samePCA-basedalgorithm implementa-

tion; (2) the same-subject pool represented in training, gallery and probe sets;(3)

the controlled variation in imageacquisition time betweenthe gallery and probe

images;and (4) individually tuned facespacefor each modality using the valida-

tion set. The results show that the rank-one recognition rates of each modality

are 90.6% for two-dimensional, 91.9% for three-dimensionaland 71.0% for in-

frared, as shown in Figure 3.1. The di�erence between two-dimensionaland

three-dimensionalmodalities in rank-one recognition rates is clearly not statis-

tically signi�cant. However, infared shows signi�cantly lower performancethan

two-dimensionalor three-dimensional. Thus, the results of my experiment 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, FaceIt (versionG3), is consideredasa separateexperiment hereto pro-

vide the relative performanceof a given datasetagaint the eigenfacemethod used

in the three modalities. FaceIt performsat rank-onerecognition rate 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 singlemodalities [23]

3.1.3.2 Combining Multiple Modalities

In this experiment, the valueof a multi-modal biometric usingtwo-dimensional,

three-dimensional,and infrared faceimagesis investigatedand comparedagainst

individual biometrics. I useproduct rule as it consistently shows the best perfor-

manceregardlessof normalization methods. The null hypothesis for this exper-

iment is that there is no signi�cant di�erence in the performancerate between

singlebiometrics and multi-biometrics. According to Hall [37], fusion can be use-

fully doneif an individual probability of correct inferenceis between50%and 95%

with oneto seven classi�ers. From my secondexperiment, it is reasonableto fuse

the two or three individual biometrics, sincethey meet this fusion criteria. After

di�erent decisionrulesareapplied to combine the metricsobtainedby each modal-
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Figure 3.2. Performanceresults of multiple modalities [23]

it y, they all showed improved performance. Figure 3.2 shows the CMC curves

with rank-onerecognitionratesof 98.7%,96.6%,and 98.0%for two-dimensional+

three-dimensional,two-dimensional+ infrared, and three-dimensional+ infrared,

respectively. McNemar'sstatistical signi�cancetest shows that 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

3.2shows100%accuracyin the givengallery and probeset. Due to the higherper-

formanceobserved for bi-modal results (i.e. rates werealready nearly saturated),

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

The value of multi-modal biometrics with two-dimensional intensity, three-

dimensionalshape, and infrared heat pattern of facial data in the context of face

recognition is examined. This is the only study to investigate the comparison

and combination of two-dimensional,three-dimensionaland infrared data for face

recognition. The validation set is consideredwhen the eigenvectors for the \face

spaces"are selected. This is primarily to avoid \over-training" behavior during

tests. Even though the experiments without a validation set did not show any

evidenceof \over-training" during the testing, tuning on a validation setshouldbe

encouraged.Also, a commercially available face recognition method is included

to comparemy approaches combining di�erent biometrics. In my results, two-

dimensional and three-dimensionalfacial data have greater value than infrared

data as an individual appearance-basedbiometric. Chen et al. [32] showed that

infrared exhibits lower performancethan two-dimensionalwhen there is a time

di�erence (days or weeks)between imagesthan when there is not. Hence,with

respect to time changes,within-p ersonvariation observed in two-dimensionaland

three-dimensionalfacial imagesis morestablethan infared. The thermal emissions

from the facecanbe easilychangeddependingon the physiologicaland emotional

state of the person,aswell asaccordingto the degreeof physical activit y in which

they have engagedon a given day.

The combination of the facedata from two or three biometrics results in sig-

ni�can t improvement over any individual biometric. The sourceof a biometric

needsto be carefully examinedto obtain complementary sources,and the number

of biometrics needsto be controlled in the data fusion context. 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 identi�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.

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

formancedue to having three di�erent kinds of sensorsasopposedto having three

di�erent face images? This is basedon my observation, as well as other studies

[44][51], that using multiple imagesof the samebiometric tends to improve the

performanceaccuracy. Therefore,I canconjecturethat the improvement achieved

by combining three modalities results not only from the complementary 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 successfullaboratory trials may not be fully transferrable to a practical

application. However, the results show a pattern of improvement as reasonable

biometric sources,that o�er a certain degreeof complementary facial information,

arecombined. There may still be somebiometricsalgorithm, other than PCA, for

which oneof the two-dimensionalfaceor the three-dimensionalfaceo�ers statisti-

cally better recognitionperformancethan the other. Also, there may beparticular

application scenariosin which it is not practical to acquire two-dimensionaland

three-dimensionalfaceimagesthat meet similar quality-control conditions. Even

though imageswere collectedwith attempts to control lighting, background and

facial experssion, there is still somedegreeof environmental e�ect that cannot

be controlled, such as slight movement 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 performanceestimates for face

recognition will be higher when the gallery and the probe imagesare acquiredin

the sameacquisition session,comparedto performancewhen the probe image is

acquiredafter somepassageof time [55]. As little as a week'stime is enoughto

causea substantial degradationin performance[35].

While many performanceresults reported in the literature are obtained using

datasetswherethe probeand gallery imagesareacquiredin the samesession,most

envisionedapplicationsseemto occur in 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 Survey of StereoFaceRecognition

Changet al. [25] reported that current, three-dimensionalscannerscannot op-

eratewith the same
exibilit y astwo-dimensionalcameraswhenusedunder varied

lighting, depth of �eld, and timing conditions. Consequently, three-dimensional

face imaging requiresgreater cooperation on the part of the subject. Also, some

three-dimensionalsensorhardware, such 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 researchers.

Horaceet al. [39] presented 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 deforms the genericmodel. The combined input of the two facial

imagesis blended and texture-mapped onto the three-dimensionalhead model.

The contribution of their research is limited by their assumption that the cam-

era's projections are orthographic.

58



Chen's et al. [29] reconstruction relies on a fundamental matrix estimate to

build a 3D human frontal face model from two photographs. Their approach

�rst estimatesthe fundamental matrix [79]. Next they recti�es the image pair

and matches the images to generatethe disparity map, and �nally , infers the

3D shape. Although theseresearchers created aesthetic face models by interac-

tively adjusting the focal length, this is likely a prohibitiv ely labor intensive and

subjective approach for facial recognition.

Medioni et al. [49] have designeda systemto perform stereomatching on two

imagestaken with an angular baselineof a few degreesfor face authentication.

The camerasare calibrated, both internally and externally. They maintain that

the face can move up to about 30cm from its optimal distance to the cameras,

without noticeablechangeof quality. They validate their 3D recognition engine

on all possiblepairs from a databaseof 100subjects, each acquiredin 7 di�erent

poseswithin � 20degreesof a frontal view. They yieldedan equalerror rate below

2%.

The 3Q scanner[6] takestwo basicapproachesto stereophotogrammetry. The

�rst approach (passive stereo) is suited to human form capture applications be-

causethe skin hasa unique, randompattern, which consistsof skin pores,freckles,

etc., that can be usedto triangulate the geometryfrom each surfacepoint. It has

beendeployed in high-end�lm production studios. 3Q generallyapproachesmost

applications of stereophotogrammetry using an active stereotechnique. Instead

of using the subject's natural skin patterns, this approach incorporatesprojecting

a unique, random light pattern that is used as the foundation for triangulating

the three-dimensionalgeometry (active stereo). Active stereo tends to be more

resilient to variancesin lighting conditions and enablesthe useof a wider rangeof
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camerasensors,becausethe controlled random texture is momentarily projected

onto the surfaceof the subject.

4.2 Our Approach

The performanceof PCA-basedtwo-dimensionalintensity facerecognitionwill

generallyimprove whenthe training set is expanded.However, a largetraining set

is not always possible,asit requirescapturing imagesof a largenumber 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 useof

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 experimental resultsshow that usingmultiple imagesfor gallery or probe, or

both, is an e�ective approach to improve the performance,they alsodemonstrates

a trend that the performancesaturatesasthe level of thickening increases.When

the performancehasalready reached a relatively high level, thickening sometimes

degradesthe overall performance. I believe that taking multiple views of a per-

son'sfaceat di�erent angles,usingessentially the sameequipment as frontal-only

analysis, and exploring the three-dimensionalinformation generatedout of the

multiple two-dimensionalimages,would improve a face recognition systemeven

after a multiple, two-dimensionalapproach saturates. This approach would also

minimize deployment costs.

This dissertation is focusedon developinga reasonably-priced,high resolution

digital camerastereorecognition systemthat would be widely accessiblebecause

these camerasare relatively inexpensive and ubiquitous in our society, and no
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explicit three-dimensionalacquisition is required. I 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 implement.

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

ometry.

� User friendly: Instantaneousand non-intrusive.

The experimental environment 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 stereo imaging rig. This acquisition set-up was

originally for the study of multiple, two-dimensionalintensity framesfacerecogni-

tion. No stereocalibration wasperformedat the time of the acquisition and such

usewas not envisioned at the time of acquisition. The cameraswere con�gured

to auto-focus, resulting in varying focal lengths acrossdi�erent images.

I used�v e Nikon D70 SLR Digital Camerasequipped with Nikon 18-70mil-

limeters (35 millimeters equivalent: 28-108millimeters) DX lensesfor the stereo

system rig. The sensoris 23.7 � 15.6 millimeters, produces36-bit RGB color

depth, and a losslesscompressedraw NEF (Nikon Electronic Format) image. The

camerasare positioned in the shape of a \plus," as shown in Figure 4.1. Image

size was con�gured as 3008 � 2000 and auto-focus was enabled to 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 center of the rig. Figure 4.2 illustrates the

cameraand the lens.

The side camerasare positioned about 2450 millimeters from the face; the

center camerais positioned about 1700millimeters from the subject's face. The

baselinelengths for the left/righ t and center stereocamerasare about 600 mil-

limeters,and about 410millimeters for the top/b ottom and center stereocameras.

The sidecameraswererotated at approximately 10 degreestowards the center in

order to reveal a greater percentage of the face'ssurfacearea.

Each digital cameracontained a 512MB CompactFlash type I I memorycard,

which can store up to eighty-eight full-resolution and losslesslycompressedraw

NEF images. The imageswere transferred from the memory card to a PC using

a USB cable. Figure 4.3 shows sample pictures taken from the �v e cameras.

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

simultaneously.

I formed four binocular stereosystems,i.e. left and center cameras,right and

center camers,top and center cameras,and bottom and center cameras.The sys-

tem usescorrelation-basedstereomatching to establishcorrespondencesbetween

the left and right (or top and bottom) imagesin each stereopair. The output

after stereomatching is a range image, which is a simpli�ed, three-dimensional

(x, y, z) surfacerepresentation that contains at most onedepth (z) value for every

point in the (x,y) plane. Theserange imagesrepresent an integrated and useful

measurement of three-dimensionalshape extracted for facerecognition.
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Figure 4.3. Imagesfrom the �v e stereocameras
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CHAPTER 5

CAMERA MODEL AND CALIBRA TION

5.1 A Pinhole CameraModel

The most commongeometricmodel of an intensity camerais the pinholemodel

(Figure 5.1). The Nikon D70 cameracan be treated as a pinhole camera. The

model consistsof unique plane � , and a three-dimensionalpoint O (the center or

focus of projection). The distancebetween� and O is the focal length. The line

through O perpendicular to � is the optical axis, and o, the intersectionbetween

� and the optical axis, is namedthe principal point, or the imagecenter. 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 orthogonal to the Z axis, and let P = [X ; Y; Z ]T and

p = [x; y; z]T . This referenceframe, called the cameraframe, is of fundamental

importance in the stereosystem.

In the cameraframe, we have

x = f
X
Z

(5.1)

y = f
Y
Z

(5.2)
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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 center in pixel coordinates

(u0; v0), the e�ective pixel sizein the horizontal and the vertical direction ( 1
ku

; 1
kv

)

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 describing the transformation (Figure 5.2) between the

cameraand the world frame is to use

a. a 3 � 3 rotation matrix R, bringing the corresponding axes of the two

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

b. a three-dimensionaltranslation vector T, describingthe relative positions

of the origins of the two referenceframes

The matrix R and the vector T describe the position and the orientation of

the camerawith respect to the world coordinate system. They are thus called the

extrinsic parametersof the camera.

5.1.3 The Perspective Projection Matrix

The relation between the three-dimensionalcoordinates (X w
i ; Y w

i ; Z w
i ) of a

point in space,and the two-dimensionalcoordinates (x; y) of its projection onto

the imageplanecanbe expressedthrough a 3� 4 projection matrix, M, according

to the equation
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where

x =
ui
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y =
vi
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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 � u and � v, where � u = f � ku, � v = f � kv, and the coordinates u0

and v0 of the intersectionof the optical axis with the imageplane. There are six

extrinsic parameters,three for the rotation (r 1; r2; r3) and three for the translation

(tx ; ty; tz), which de�ne the transformation from the world coordinate systemto

the standard coordinate system of the camera. I can write the general form of

matrix P as a function of the intrinsic and extrinsic parameters:

P =

2

6
6
6
6
4

� ur1 + u0r3� utx + u0tz

� vr2 + v0r3� vty + v0tz

r3tz

3

7
7
7
7
5

(5.4)

5.2 Calibration

During cameracalibration, I estimate the valuesof the intrinsic and extrinsic

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

2. Estimating the intrinsic and extrinsic parametersfrom P.

Camera calibration is a necessarystep in three-dimensionalcomputer vision

research becausemetric information must be extracted from two-dimensionalim-

ages.Zhang [78] separatescalibration techniquesinto two categories:

1. Photogrammetric calibration involvesobservingan 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

drawbacks include this technique's needfor an expensive calibration apparatus,

and an elaborate setup.

2. Self-calibration, in contrast, does not rely upon a known calibration ob-

ject. This technique involvessimply moving the camerain a static scenein order

to determine two generalconstraints on the camera'sinternal parameters. Self-

calibration usesthe rigidit y of the sceneand image information from one cam-

era'sdisplacement to generatenecessaryparameters.While this approach is more


exible and cost-e�ective than photogrammetriccalibration, it is not asaccurate.

Note that my acquisition wasoriginally focusedon collecting two-dimensional

intensity images,and that there was no calibration performed. Fortunately, at

the acquisition, each subject wasasked to hold up a GretagMacbeth Colorchecker

Color Rendition Chart (Figure 5.3) in front of the face region beforehis or her

imagewas acquiredin order to determinethe true color balanceof the camera. I

usedthesecolor-checker chart imagesto calibrate my stereosystem.

My approach requires that the camera observe a planar pattern shown at

various orientations, though the color-checker imagesdo not exhibit signi�cant

variation in orientation and position. It is implemented using Bouguet's tool-box
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Figure 5.3. GretagMacbeth ColorChecker Color Rendition Chart

[1], which is slightly modi�ed to �t my application. The key to my calibration

approach 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 control points wereset at the cornersof the coloredsquares.Each square

is 40 millimeters on a side, and the stripes that separate the squaresare 5.5

millimeters in width. The origin of the world coordinate system is set at the

left bottom corner of the white square. The detection of the control points is

fully automated. The identi�cation of the cornersis semi-automated,as human

adjustment is sometimesrequiredbecausesomesquaresassumevery similar colors,

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

To extract the cornersof the squares,I �rst need to detect each individual

square.The color chart is set againsta gray background, and most of the squares

assumea non-gray color (the R, G, and B valuesare not closeto one another at

the sametime). Hence,I consideronly the non-gray color squares,which are in

the top three rows of the color chart, as illustrated by Figure 5.3. I extract the

squaresfrom the background by generating a binary image using the following

method:

1. Set the pixel intensity value to 0 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. Set all the other pixels' intensity value to 1.

2. Label the connectedcomponents in the binary image.

3. For each 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 segmentation result is shown in Figure 5.4.

5.2.3 SquareIdenti�cation

In order to identify each detectedcorner, I �rst identify the color squaresby

their di�erent colors. To reducethe illumination e�ect, I usedthe percentagesr,

g, b of the sum of R, G, B to represent the color information:

r =
R

R + G + B
(5.5)

g =
G

R + G + B
(5.6)
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Figure 5.4. Left: original image;right: segmented image.

b=
B

R + G + B
(5.7)

A color veri�cation table is constructed by calculating the average r, g, b

values for each squareand subsequently assigninga unique number to identify

each square. For each square,its color/identit y is determined by comparing the

Euclidean distancesin the color space. The table value that is closest to this

squareis its match.

5.2.4 Line Fitting

After segmentation and square identi�cation, there are up to 18 connected

regionsdetectedand assigneda color identit y. For each 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 peakcoordinates,asshown 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 shows the extracted corners.

5.2.5 Corner Identi�cation

Each color square has a unique ID number. However, it is not enough to

identify the color square to which a given corner belongs. I must distinguish

among the four cornersof a particular square. I consider the corners that 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 center 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 squaresis usedasthe unique code for

the corner. Each code correspondsuniquely to onecorner 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 center cameras.I treat the center cameraas

the right camerain a left and center stereosystem. Figure 5.7showsthe �v eviews

with the cornersextracted. The principal point is not estimated as it is always

at the image center (1504, 1000) for the high quality cameras,and this a priori

knowledgecan improve accuracyfor other intrinsic parameters'estimation. The

calibration accuracywasevaluatedby projecting the three-dimensionalcalibration

targets back onto stereoimagesusing the �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

5.8shows the extrinsic parametersby reconstructingthe acquisition scenes.Table

5.2.6 shows 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 shows the mean and maximum di�erence in pixels between the detected

cornersand the re-projected corners.

The extrinsic parametersfor the four binocular stereosystemsare shown 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

CORNERS AND THE RE-PROJECTED CORNERS FOR THE LEFT

CAMERA CALIBRA TION.

Views Mean Max

1 1.55,1.67 4.63,5.47

2 4.24,4.25 10.50,9.54

3 1.97,2.05 6.35,4.21

4 2.22,1.71 4.19,6.16

5 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 CALIBRA TION.

Views Mean Max

1 1.41,0.98 3.74,3.08

2 3.00,3.36 7.57,9.88

3 1.58,1.30 3.33,3.43

4 1.74,1.96 4.74,5.18

5 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 corresponding parts in the left and right images,and possibleinfor-

mation regarding the geometry of the stereosystem, what can I say about the

three-dimensionallocation and structure of the observed objects? The second

problem involvescorrespondence:given a token in 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 imageparts that can not be matched.

Figure 6.1 shows a simple stereosystem composedof two pinhole cameras.

The left and right imageplanesareassumedcoplanarand represented by I l and I r

respectively. Ol and Or arethe centers of projection. The optical axesareparallel.

Stereodeterminesa world point P's position in spaceusing triangulation, that is,

by intersecting the rays de�ned by the centers of projection and the imagesof P,

pl , pr .

Assuming that the correspondenceproblem has beensolved, I shift my focus

to the reconstructiontask. From Figure 6.1, the distance,T, betweenthe centers
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of projection Ol and Or , is called the baselineof the stereosystem. Let x l and xr

be the coordinates of pl and pr with respect to the principal points cl and cr , f

the commonfocal length, and Z the distancebetweenP and the baseline.From

the similar triangles (pl ; P; pr ) and (Ol ; P; Or ) I have

T + x l � xr

Z � f
=

T
Z

: (6.1)

Solving (7.1) for Z I obtain

Z = f
T
d

(6.2)

whered = xr � x l , the disparity, measuresthe di�erence in retinal position between

the corresponding points in the two images.

Hence,depth dependson the focal length f , and the stereobaseline,T; the

coordinatesx l and xr are referredto as the principal points, cl and cr . The quan-

tities f , T, cl , cr are the parametersof the stereosystem. For a stereosystem,

the intrinsic parametersare the onesdescribed above for an individual camera;a

minimal set for each cameraincludes the coordinates of the principal point and

the focal lengths in pixels. The extrinsic parametersdescribe the relative position

and orientation of the two cameras. They describe the rigid transformation (ro-

tation and translation) that brings the referenceframesof the two camerasinto

correspondence.

6.1.1 The CorrespondenceProblem

A point in the left imagecould, in general,be correspondent with any point in

the right image. Searching for the correct correspondenceis a well-known problem

in stereo. To solve this di�cult y, I must imposeconstraints to reducethe number
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of potential matches. There are three basickinds of constraints:

1. Geometric constraints imposedby the imaging system,and most notably

the epipolar constraint, facilitate the transformation of a two-dimensionalcorre-

spondencesearch into a one-dimensionalsearch.

2. Geometricconstraints, dependent upon the objects in the view, alsoaid in

the correspondencesearch. For example,I canassumethat someobjects' distance

from the imaging systemvariesslowly almost everywhere(exceptwhenfacedwith

depth discontinuities).

3. Physical constraints, such as those arising from models of the way objects

interact with illumination, act as a third control. The simplest and most widely

usedmodel of this sort is the Lambertian model.

6.1.2 Epipolar Geometry

The epipolar geometryconstraint is illustrated by Figure 6.2. The �gure shows

two pinholecameras,their projection centers, Ol andOr , and their imageplanes,� l

and � r . The focal lengthsaredenotedby f l and f r . Each cameraidenti�es a three-

dimensional referenceframe, the origin of which coincideswith the projection

center, and the Z-axiswith the optical axis. Any point in three-dimensionalspace,

P, de�nes a plane, � , going through P and the centers of projection of the two

cameras.The plane� is calledthe epipolar plane,and the lineswhere� intersects

the imageplanesare called conjugatedepipolar lines. One camera'simageof the

projection center of another camera in the rig is called the epipole. With the

exceptionof the epipole, only oneepipolar line goesthrough any imagepoint. All

the epipolar lines of onecamerago through the camera'sepipole. Corresponding

points must lie on the conjugatedepipolar lines. This important feature is known
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as the epipolar constraint.

6.1.3 Recti�cation

Given a pair of stereo images,recti�cation determinesthe transformation of

each image such that the pairs of conjugate epipolar lines becomecollinear and

parallel to oneof the imageaxes(usually the horizontal axis). The importanceof

recti�cation is that the correspondenceproblem, which generally involvesa two-

dimensionalsearch, is solved trivially when reducedto a one-dimensionalsearch

on a scan-line.That is, to �nd the point corresponding to (i l ; j l ) of the left image,

I simply search along the scan-linej = j l in the right image. The recti�ed images

canbethought of asacquiredby a newstereorig, obtainedby rotating the original

camerasaround their optical centers. 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 corresponding projection rays.

However, when dealingwith real-world data, especially when no strict precal-

ibration was available as in my case,a one-dimensionalsearch after recti�can tion

is not su�cien t to �nd the correspondence. A pair of recti�ed imagesis shown

in Figure 6.4. In the interest of time and accuracy, given a point p on one image

with the coordinate of (pr ow; pcol), I search its correspondencein the other image

using a stripe region of eleven pixels (deterimined empirically) wide with the row

pr ow at the center, instead of only searching on the row pr ow.

6.1.4 Correlation-basedMethods to Find Correspondence

The correlation techniqueprinciple is illustrated by Figure 6.5. In order to �nd

the coordinatesof the pixel in the right imagethat match the pixel of coordinates
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(u0; v0) in the left image,I considera rectangularwindow of size(2P+ 1)� (2N + 1)

centered at (u0; v0) and compute its correlation C12(� ) with the secondintensity

imagealong the row v2 = v0:

C12(� ) =

1
K

+ NX

u1= � N

+ PX

v1= � P

(I 1(u1+ u0; v1+ v0)� I 1(u0; v0))( I 2(u1+ u0+ � ; v1+ v0)� I 2(u0 + � ; v0))

(6.3)

where

K = (2N + 1)(2P + 1)� 1(u0; v0)� 2(u0 + � ; v0)

I 2(u0 + � ; v0) and � 1(u0; v0) are the mean intensity and standard deviation in

image 1 at point (u0; v0), similar de�nitions hold for I 2(u0 + � ; v0) and � 2(u0 +

� ; v0).

The curve C12(� ) usually has one maximum that is reached for a value � 0 of

� . The disparity of pixel (u0; v0) is taken to be � 0. Epipolar lines are assumedto

be imagerows. This implies that the imagesmust be recti�ed.

I determinethe sizeP, N , of the rectangularwindow in two passes.First, I set

P = 10, and choosethe N that optimizes the correspondencesearch. I vary the

N value from one to thirt y, and selectthe value that will provide the best visual

result, i.e. minimal noisewhile maintaining su�cien t detail. I found that N = 9

provided optimal results. Then I vary the P value from 6 to 30 and �nd that

when P = 12, I get the best results. Hence,the window size for the correlation

technique is 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 consider the coordinate frames of the original pair. My ap-

proach is to recompute the intrinsic parametersfor the new stereorig obtained

by recti�cation using triangulation equation 6.2.

6.2 ImageMatching

I perform recti�cation using the cameramodelsto ensurethat the epipolesare

at in�nit y, and that the epipolar lines are parallel to the imagerows or columns,

so that the correspondencesearch becomesfaster and more accurate. The recti�-

cation processis demonstratedin Figure 6.4.

After the two stereoimagesare aligned, in order to �nd the coordinatesof the

pixel in the right image that matchesthe pixel of coordinates (u0; v0) in the left

image, I considera rectangular window of size(2P + 1) � (2N + 1) centered at

(u0; v0), and computeits correlation C12(� ) with the secondintensity imagealong

the row v2 = v0 [34] using Equation 6.5.

The function C12(� ) usually has one maximum that is reached for a value � 0

of � . The disparity of pixel (u0; v0) is taken to be � 0. Figure 6.7 represents the

disparity map of onestereopair.

6.3 Three-dimensionalShape Triangulation

Once the camerarig is calibrated, and the correspondencesin the image are

found, it is relatively simple to determine the distanceusing triangulation. How-

ever, becausemy recognition method relieson three-dimensional-point 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 correspondencegiven two stereo images; (b) instances

of false correspondence,i.e., even though the chosenpoint yields the maximum

correlation score,it is not the true correspondence.

I �ltered the outliers before triangulation using the following three-part pro-

cess. An example is given to show the processeson the original disparity map

(Figure 6.7).

1) Correlation score: only the points that yield a correlation scoreabove a

given threshold will be retained for reconstruction. I 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 represents the

score,the higher the brighter. Note that the majorit y of the points have scores

greater than 2, while the rangeof the scoreis [� 3; 3].

2) Consistencyerror : I only keepthe points that producea consistent match

betweenthe left-basedand right-basedmatching process[33]. The matching pro-

cessesshouldproducea uniquematch, and left/righ t checking attempts to enforce

this. If xR matchesx0
L = xR + dR

xR
, where xR is a right coordinate and x0

L is an

estimatedleft match at right-basedhorizontal disparity dR
xR

, then the consistency

error is de�ned as

error = jxR � (x0
L + dL

x0
L
)j;

with dL
x0

L
the left-basedhorizontal disparity. A consistencyerror map is shown

in Figure 6.9. The gray value represents the consistencyscore,and the darker

the region the more consistent. Note that the majorit y of the points have low

consistencyerrors.

3) Disparity continuity : I eliminate the outliers whosedisparity values are
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signi�cantly di�erent when comparedwith their eight closestneighbors. I set a

threshold of 20, and if more than half of the neighbors have a gray level di�erence

greaterthan this threshold, this point is identi�ed asan outlier. A maskof outliers

(black dots) is shown in Figure 6.10.

Figure 6.11 shows the reconstructed three-dimensionalshape, color texture-

mapped for each view. Most parts of the frontal facehave beenfaithfully recon-

structed. The accuratereconstruction of the eye area is particularly noteworthy

given that 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 = 1 N = 3 N = 5 N = 7

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-basedtechnique to �nd correspondence,when P = 10,

N varies from 1 to 30 and I chooseN = 9 as the optimal value; then P
variesfrom 6 to 30 with N = 9 and chooseP = 12 as the optimal value;

the optimal sizeis N = 9; P = 12.
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Figure 6.7. An original disparity map

92



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-dimensionalfacemeshand 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, I conducted two major face recognition experiments. My �rst

experiment evaluatesthe validit y and the performanceof three-dimensionalstere-

opsis for face recognition. The secondexperiment comparesthe performanceof

facerecognitionemploying my reconstructionand recognitionalgorithm with that

of the commercial laser-basedKonica Minolta scanner. For theseexperiments, I

used149unique subjects who participated in two acquisition sessionswhich 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 stereoimageswerepreprocessedto remove noisebe-

fore matching. The Minolta imageswereacquiredwith a laser-based,structured-

light, three-dimensionalscanner. 3Q employs an active stereotechnique to cap-

ture three-dimensionalimages. I 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 be in best alignment with model shape X. Let qR = [q0q1q2q3]T be a unit
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quaternion, where q0 � 0 and q2
0 + q2

1 + q2
2 + q2

3 = 1. The corresponding 3 � 3

rotation matrix is given by

R(q) =

0

B
B
B
B
@

q2
0 + q2

1 � q2
2 � q2

3 2(q1q2 � q0q3) 2(q1q3 � q0q2)

2(q1q2 + q0q3) q2
0 + q2

2 � q2
1 � q2

3 2(q2q3 � q0q1)

2(q1q3 � q0q2) 2(q2q3 + q0q1) q2
0 + q2

3 � q2
1 � q2

2

1

C
C
C
C
A

The translation component of the registration transform is denotedqT = [q4q5q6]T .

The complete registration state vector q is denoted [qRqT ]T . The mean square

registation error to be minimized is

f (q) =
1

Np

NpX

i =1

kx i = R(qr )pi = qtk2

.

The goal is to minimize f (q) subject to the constraint that the number of

corresponding 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 onesurfacecalledP with the closestpoint

of another surfacecalled X. These pairs of closestpoints are used to calculate

the riid transformation q that minimizes the mean squaredistancebetweencor-

responding points. The surfaceP is then translated and rotated by the resulting

transformation and the algorithm starts again with a new set of correspondents.

This algorithm has beenshown to convergefast but not necessarilytowards the

global optimal solution.

Accordingly, to ensurethat the probe image is a subsetof the gallery image,
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Gallery Probe

Figure 7.1. The gallery and probe shapes

the imageswerecropped into probe and gallery sizesas illustrated by Figure 7.1.

For the �rst experiment, I reconstructedfour stereoimages,onefor each view

(left, right, top, and bottom), per subject. ICP is usedto determinethe matching

score for each gallery and probe pair. I performed ICP matches on all of the

gallery and probe imagesfor each view. The voting committeeusedthe minimum

rule, i.e. choosethe decisionmadeby the oneof the four memberswho yields the

best matching score,and the performanceof the voting committee is 85.23%.

I also usedPCA algorithms and tested on the two-dimensionalNikon frontal

images.I collectedtraining imagesfrom distinct subjects in the FERET database

and trained the systembasedon PCA. The rank-oneaccuracyrate steadily grows

asI increasedthe sizeof the training set. It is about 93%whenI used400training

images. The performanceimproves less and less after the number of training

imagesexceed400. When there are 864 images in 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 experiment 1

After combining the two-dimensionaland three-dimensionalresults, that come

exclusively from Nikon two-dimensionalimages,I obtained a recognition rate of

97.31%.This illustrates the critical point that recognition can be improved even

after two-dimensionalperformancesaturatesusing my approach. The cumulative

match curve (CMC) for these trials can be seenin Figure 7.2. I �nd that the

three-dimensionalstereofrom multiple two-dimensionalimagesnot only achieved

good performancealone, but also complements its two-dimensionalcounterpart

and pushesthe performancefurther after saturation by using two-dimensional

alone.

My secondexperiment 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

systemoutperformed its commercialcounterpart, 3Q, yielding an 85.23%recog-
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Figure 7.3. CMC curvesfor my approach and 3Q scanner

nition rate; this is especially signi�cant given that the 3Q alsorelieson stereopsis.

Although the Minolta imagesoutperform the stereoset, this scannerdoesnot rely

on stereopsis,thereforethis comparisonis not asmeaningfulfor my purposes.My

performancerate is alsonoteworthy in light of someother important distinctions

evident whencomparingmy stereopsistechnique with three-dimensionalscanners

such asMinolta and 3Q. First, the Minolta scanneris not practical for real world

facerecognition becauseit takestoo long to acquireeach subject's image,and it

requires the 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 requirement,

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 approach

appear in Figure 7.3.
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Figure 7.4. ROC curvesfor veri�cation tests on the four viewsof the
stereoreconstructions

I alsoperformedveri�cation experiments on the dataset. The ROC curvesfor

the veri�cation test on the four views of the stereoreconstructionsare shown in

Figure 7.4 and Figure 7.5 displays the comparisonof the veri�cation test results

among two-dimensionalPCA, 3Q, stereovoting, and fusion of two-dimensional

PCA and stereovoting. Again, after voting, my stereoapproach improved sig-

ni�can tly and outperformed the commercialthree-dimensionalscanner,3Q. The

combination of the stereovoting and two-dimensionalPCA alsoyielded superior

performancewhen comparedwith either modality alone.

7.1 Summary

I have presented a practical system that 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 commercialcounterparts. In fact, my three-dimensionalap-
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Figure 7.5. ROC curvesfor veri�cation tests to comparethe
performanceof two-dimensionalPCA, 3Q, stereovoting and fusion of

two-dimensionalPCA and stereovoting

proach outperformsits closestcommercialcompetitor, the 3Q, that alsorelieson

stereopsisfor three-dimensionalreconstruction. My research demonstratesthat

high-resolutioncamerascapture su�cien tly detailed two-dimensionalfacetexture

information to reconstructa faceshape suitable for three-dimensionalrecognition.

Although I intend to �ne tune my systemto improve recognition performancein

future work, my current results represent a signi�cant contribution to stereore-

search focusedon an uncontrolled, "real-world" scene. Namely, I implemented

a binocular stereorecognition systemwithout the bene�t of a strictly-controlled

stereo calibration; this required that I overcomethe imperfect calibration esti-

matesand varying focal lengths that would characterizea real-world acquisition

scene.

Moreover, the autofocus feature introduced focal length variance into my
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experiment. I have demonstrated that the lack of individually-estimated focal

lengths at the acquisition stage neither signi�cantly a�ects reconstruction, nor

compromisessuccessfulrecognition. In fact, the autofocus feature facilitates the

massdata set analysis that 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.

Imprecisecameracalibration using the color-checker also simulated the chal-

lengespresented by a real-time acquisitionscenewherethe subjects position vis-a-

vis the camerawill not be �xed. The calibration imagesthat I relied upon do not

exhibit signi�cant variation in orientation and position becausethey wereinitially

collectedto determine the camera'strue color balance. Strict cameracalibration

is not always desirableor possiblein a real world face recognition scenario. My

research represents a realistic approach 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 tackles the recognition challengespresented by varied poseand illumination

to createan e�cien t andaccuratetool for facial recognition. My foundationalwork

in infrared recognition,though promising,prompted meto exploreanothermodal-

it y beyond the two-dimensionalintensity that would prove morerobust in the face

of varied pose,and result in a more cost e�ective solution for real-world applica-

tion. My research in three-dimensionalstereopsisextendedmy exploration of two-

dimensionalinfrared research becauseit usedthe datasetof a two-dimensionalface

recognition sceneto yield three-dimensionalfacial reconstructionsfor recognition

purposes,ultimately outperforming the commercial scanner, 3Q. Additionally ,

my stereopsisthree-dimensionalapproach improves a saturated two-dimensional

recognitionperformanceof 93.29%to 97.32%.Multiple-view stereophotogramme-

try presents a viable alternative to available commercialthree-dimensionalscan-

ners for many acquisition scenes.

An extendedsynopsisof the various stagesof my dissertation research 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 reviewing the scienceof biometrics. The introduc-

tion covers the history of biometrics, exploresits relatively ancient origins, high-

lights the importance of current research advances,describes emergingmethod-

ologiesand cites modern applications, and concludeswith a brief discussionof

the social and ethical concernsthat accompany the rapid development of this

�eld. My work focuseson facerecognition,and speci�cally, presents my e�orts to

tackle the recognitionchallengesof variedposeand illumination by moving beyond

the traditional, two-dimensionalintensity modality to improve performance.Two

novel approaches are explored through my work: two-dimensionalinfrared, and

a subsequent extensionof this research to exploremultiple-view photogrammetry

to reconstruct the three-dimensionalshape of the human face. In conclusion,I

conceive of several ways to build upon my current research in future work.

8.2 First StepsBeyond Two-DimensionalIntensity: Facial Recognitionwith the

Infrared Modality

I �rst extend preliminary research on infrared face recognition to test the

boundariesof this modality. This work includesexperiments 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 research concludesthat in both same-sessionrecognition 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-

search also includes a comparative study with the commercial face recognition
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software, FaceIt, which outperforms PCA-basedrecognition on intensity and in-

frared images,and even the combination of PCA-basedrecognition on intensity

and PCA-basedrecognitionon infrared images.I alsofound that the combination

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 represents an accuratesummary

of what is known from various experimental results.

Two key elements of experimental designto considerare: (a) whether or not

there is a time lapsebetween the gallery and probe images;and (b) the degree

of lighting variation between the gallery and the probe images. In studies that

userelatively controlled indoor imaging conditions,and for which there is no time

lapse between the gallery and probe images, the performancefrom visible and

infrared has been found to be roughly equivalent. In studies that use relatively

controlled indoor imagingconditions,and for which there is substantial time lapse

betweengallery and probe images,the performancefrom visible light imageshas

beenfound to exceedthat of infrared images.In studieswith greatervariation in

imaging conditions, such asmight occur outdoors with time lapsebetweengallery

and probe, the performancefrom infrared imageshas exceededthat of visible

light.

Perhapsthe most interesting conclusionsuggestedby my experimental results

is that visible light imageryoutperformsinfrared imagerywhenthe probe imageis

acquiredat a substantial time lapsefrom the gallery image. There is a signi�cant

di�erence betweenmy results and those of others [75] [67] [62], in the context of

gallery and probe imagesacquiredat nearly the sametime. The issueof variabilit y

in infrared imageryover time certainly deservesadditional study. This is especially
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important becausemost experimental results reported in the literature are closer

to a same-sessionscenariothan a time-lapse scenario,yet a time-lapse scenario

may be more relevant to most imaginedapplications.

Recognition bottlenecks associated with the infrared modality, as well as the

knowledgethat three-dimensionalrecognitiongenerallyyieldedbetter performance,

prompted my consideration of a three-dimensional recognition technique that

could be implemented basedon my two-dimensionaldata set.

8.3 An Initial Considerationof Three-DimensionalModality FaceRecognition

My work next considersthree-dimensionalmodality facerecognition, my sec-

ond novel approach to overcomethe classicalface recognition challengesof pose

and illumination. I present the only study to investigate the comparisonand

combination of two-dimensional, three-dimensional,and infrared data for face

recognition. The results show that the combination of the facedata from two or

three biometrics results in signi�cant improvement whencomparedto that of any

individual biometric. I also �nd that improved performanceas result of having

multiple biometrics tends to be greater than that gained from having multiple

samplesof the samebiometric. Thesepreliminary results in
uenced the research

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-dimensionalfacerecognitiontechniques,most of which

rely upon state-of-the-art, three-dimensionalsensorsto acquirethree-dimensional
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facial images,I present a novel approach to face recognition that relies on two-

dimensionaldata to successfullyreconstruct a three-dimensionalimageof the hu-

man face. Speci�cally, I employ multiple viewsof a subject's high resolution face

to reconstructseveral three-dimensionalmodelsthrough binocular stereo. Instead

of using two-dimensionalimagesfor recognition,my research usesthe ICP (Itera-

tive ClosestPoint) to match the three-dimensionalprobe to the three-dimensional

gallery for each view, thereby forming a voting committeeof multiple members to

determinethe �nal matching score.An 85.23%successfulrecognition rate on my

data set consistingof 149distinct subjects, superior to the performanceof a com-

mercial three-dimensionalscanner,is noteworthy given that my approach is more

cost-e�ective and practical, becausemy method doesnot requirestrict 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 researchersconcludedthat the biometrics community

had mined all possible information from two dimensional images,my work re-

assessedthis data, and designeda 
exible, cost-e�ective, and accuratetechnology

for superior, three-dimensionalfacerecognition. My research is original becauseit

usestraditional, two-dimensionalimagery to 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 controlled environment, which is critical to the suc-

cessful function 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 stereosystem is a by product of data speci�cally collected

for two-dimensional face recognition. Moreover, I used data gathered for two-

dimensionalresearch to prototype a systemthat would prove robust in the faceof

an uncontrolled environment, a feature that will make it morereadily transferable

to a real-world acquisition scene.Finally, my novel approach 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 arecost-prohibitive. My hybrid approach to facerecognition

is unprecedented and, with recognition performancethat parallels that of cost-

prohibitiv e 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

controlled 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 entire three-dimensionalshape with more densely

distributed points. I alsohopeto increasethe baselineof my stereosystemfor more

accuraterecognitionby testing unexaminedviewssuch as: left and right cameras,

top and bottom, left and bottom, etc. This research may help us to weigh the
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value of a longer baselinewith larger disparities that should yield more accurate

depth measurements, against the cost of greater point-matching di�culties.

Second,my research is limited in the sensethat I am uncertain how the pre-

sented resultswill project onceI extend them to a practical or real-world acquisi-

tion setting. I hopeto implement my method acrossa largerdata set, that includes

lesscontrolled imagesto simulate a real-time application. All of the experimen-

tal data was acquired under a controlled, indoor environment. A percentage of

the ongoing experiments do, however, collect outdoor and indoor hallway facial

images,wherethe illumination was not controlled, and the background was arbi-

trary. I intend to study facerecognition in this scenarioto test the performance

of binocular stereounder more realistic circumstances.

8.6 Final Remarks

With somuch discussionof experimental results, it is sometimeseasyto forget

the ultimate motivation behind seekingimproved performancein the faceof real

world acquisition challenges- improving people's quality of life and bene�ting

society. Biometrics are being marketed as a \public safety tool" [19] that can

improve security in our homesand greater communities. Biometrics have been

used in one Tampa Community through a program called FaceIt, a video-based

biometric system that scansfaces in a crowd and then matches them against

a databasethat will \include 30,000facesonce it is fully operational." [19] A

\virtual border" security proposal seeksto \identify would-be terrorists entering

the United States" [48] using \biometric data, like �ngerprin ts, photographsand

voiceprints, at 211visa-issuingposts overseas."All of the emphasison biometric

technology as a necessarysafety measurehas proven very pro�table: a recent
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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 Communications, one corporation that has been described as having a

\frigh teningly acutesenseof timing," [45] capitalized on their research to develop

a \device that would let airports scanbaggagemore e�cien tly for bombs."[45]

With all of the media attention and money that hasbeeninvestedin biomet-

rics, many citizenshaveexpressedvery strongviewpoints concerningthe propriety

of using technologyhasthe potential to save lives,but alsoraisesa host of privacy

concerns.As oneClinton administration o�cial astutely commented,

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 going to continue to meanus harm, where

do you stop?

This reality hasfrightened many citizens living in a current climate of height-

enedscrutiny. Somecitizenshave commented that the allegedlyunfettered appli-

cation of biometric technologies,asin the Tampasituation speci�cally, is \another

exampleof technology outpacing the protection of civil liberties . . . . it has

a very Big Brother feel to it." [19] In contrast, some citizens appreciate the

heightened security measuresadvancedby developments in biometric technology

because,particularly in the caseof video surveillance, \it is saferbecauseof the

cameras,"and it is \no di�erent than a cop walking around with a mug shot."

[19]

This dialoguebetweenconstituenciessupporting and opposingthe widespread

implementation of biometric technology, then, has beenof utmost importance to
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me in conducting my research. Our work seeksto respond to these competing

interests by consideringmodalities beyond the traditional, two-dimensional in-

tensity modality to develop a cost e�ective, 
exible, and non-intrusive biometric

for facial identi�cation through binocular stereo. Although my research doesnot

respond to those that feel that implementing 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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