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I. INTRODUCTION

In most situations, identifying humans using faces is aortéfss task for humans. Is this true for computers?
This very question de nes the eld of automatic face recagmi [7], [31], [62], one of the most active research
areas in computer vision, pattern recognition, and imagerstanding.

Over the past decade, the problem of face recognition heectt substantial attention from various disciplines
and has witnessed a skyrocketing growth of the literatusdo\8, we mainly emphasize some key perspectives of

the face recognition problem.

A. Biometric perspective

Face is a biometric. As a consequence, face recognition wide applications in authentication, security, and
so on. One recent application is the US-VISIT system by thpadtenent of Homeland Security (DHS), collecting
foreign passengers' ngerprints and face images.

Biometric signatures of a person characterize the phygicdd or behavioral characteristics. Physiological bio-
metrics are innate or naturally occuring, while behavitiametrics arise from mannerisms or traits that are learned
or acquired. Table | lists commonly used biometrics. Biamedechnologies provide the foundation for an extensive
array of highly secure identi cation and personal veri at solutions. Compared to conventional identi cation and
veri cation methods based on personal identi cation nums@INs) or passwords, biometric technologies offer
many advantages. First, biometrics are individualizedstrahile passwords may be used or stolen by someone
other than the authorized user. Also, biometric is very eoient since there is nothing to carry or remember. In
addition, biometric technologies are becoming more adeunad less expensive.

Among all biometrics listed in Table I, the face is a very w@mne because it is the only biometric belonging

to both physiological and behavioral categories. While thesplogical part of the face has been widely exploited
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Type Examples

Physiological biometric§  DNA, face, ngerprint, hand geometry,
iris, pulse, retinal, and body odor

Behavioral biometrics | Face, gait, handwriting, signature, and voice

TABLE |

A list of physiological and behavioral biometrics.

for face recognition, the behavioral part has not yet bedly fovestigated. In addition, as reported in [19], [43],
face enjoys many advantages over other biometrics bectissa hatural, non-intrusive, and easy-to-use biometric.
For example [19], among six biometrics of face, nger, hamdice, eye, and signature, face biometric ranks the
rst in the compatibility evaluation of a machine readahlavel document (MRTD) system in terms of six criteria:
enrollment, renewal, machine-assisted identity veriaatrequirements, redundancy, public perception, anchgtor
requirements and performance. Probably the most impoigatire of acquiring the face biometric signature is that
no cooperation is required during data acquisition.

Besides applications related to identi cation and vertiom such as access control, law enforcement, ID and
licensing, surveillance, etc., face recognition is alsefulsin human-computer interaction, virtual reality, dzdae
retrieval, multimedia, computer entertainment, etc. 334, [[62] for recent summaries on face recognition appli-

cations.

B. Experimental perspective

Face recognition mainly involves the following three ta§k8]:

= Veri cation. The recognition system determines if the quéace image and the claimed identity match.

= |denti cation. The recognition system determines the titgrof the query face image.

= Watch list. The recognition system rst determines if thertity of the query face image is in the watch list

and, if yes, then identify the individual.
Figure 1 illustrates the above three tasks and correspgndigtrics used for evaluation. Among three tasks, the
watch list task is the most dif cult one.

This chapter focuses only on the identi cation task. Weddtice a face recognition test protocol FERET [45]
widely followed in the face recognition literature. FERE&rds for “facial recognition technology'. FERET assumes
the availability of the following three sets, namely a tiag set, a gallery set, and a probe set. The training set
is provided for the recognition algorithm to learn the featuthat are capable of characterizing the whole human
face space. The gallery and probe sets are used in the tattigg. The gallery set contains images with known
identities and the probe set with unknown identities. Tlypathm associates descriptive features with the images in
the gallery and probe sets and determines the identitielsegptobe images by comparing their associated features

with features associated with gallery images.
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Fig. 1. Three face recognition tasks: veri cation, identi catipmwatch list (courtesy to P.J. Phillips.)

C. Theoretical perspective

Face recognition is by nature an interdisciplinary redeai®a, involving researchers from pattern recognition,
computer vision and graphics, image processing/undetistgn statistical computing and machine learning. In
addition, automatic face recognition algorithms/systemes often guided by the psychophysics and neural studies
on how humans perceive faces. A good summary of researchcerpfrception is presented in [40]. We now focus
on the theoretical implication of pattern recognition fbettask of face recognition.

We present a hierarchical study of face pattern. There ae® tkevels forming the hierarchy: pattern, visual
pattern, and face pattern, each associated with a corrésgptheory of recognition. Accordingly, face recognition
approaches can be grouped into three categories.

1) Pattern and pattern recognitionBecause face is rst a pattern, any pattern recognition h¢dl] can be
directly applied to a face recognition problem. In geneesalector representation is used in pattern recognition.
A common way of deriving such a vector representation fronDafae image, say of sizBl £ N, is through a
“vectorization' operator that stacks all pixels in a par@ order, say a raster-scanning order, tdVN £ 1 vector.
Obviously, given an arbitrarfN £ 1 vector, it can be decoded into & £ N image by an inverse-"vectorization'
operator. Such a vector representation corresponds tastibg@erception viewpoint in the psychophysics literatur
[6].

Subspace methods are pattern recognition techniqueswwiihked in various face recognition approaches.
Two well-known appearance-based recognition schemeizeautdrincipal component analysis (PCA) and linear

discriminant analysis (LDA). PCA performs [23] an eigeredmposition of the covariance matrix and conse-
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guently minimizes the reconstruction error in the mean sgganse. LDA minimizes the within-class scatter while
maximizing the between-class scatter. The PCA approadt insace recognition is also known as the "Eigenface'
approach [54]. The LDA approach [12] used in face recognii® referred to as the "Fisherface' approach [3]
since LDA is also known as Fisher discriminant analysis.tlierr PCA and LDA have been combined (LDA
after PCA) as in [60] to obtain improved recognition. Othebspace methods such as independent component
analysis (ICA) [1], local feature analysis (LFA) [41], pratilistic subspace [38], [39], multi-exemplar discrimma
analysis [69] have also been used. A comparison of thes@aabsnethods is reported in [39]. Other than subspace
methods, classical pattern recognition tools such as heaetaorks [33], learning methods [44], and evolutionary
pursuit/genetic algorithms [35] have also been applied.

One concern in a regular pattern recognition problem is these of dimensionality' since usuallyl and
N themselves are quite large numbers. In face recognitiocaus® of limitations in image acquisition, practical
face recognition systems store only a small number of sasnmée subject. This further aggravates the “curse of
dimensionality' problem.

2) Visual pattern and visual recognitiorin the middle of the hierarchy sits visual pattern. Face issaal pattern
in the sense that it is a 2D appearance of a 3D object captyredh imaging system. Certainly, visual appearance
is affected by the con guration of the imaging system. Amigliration of the imaging system is presented in Figure
2.
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Fig. 2. An illustration of the imaging system.

There are two distinct characteristics of the imaging systeghotometric and geometric.

= The photometric characteristics are related to the lighsiaurce distribution in the scene. Figure 3 shows the
face images of a person captured under varying illuminatmmditions. Numerous models have been proposed

to describe the illumination phenomenon, i.e., how thetligavels when it hits the object. In addition to its
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relationship with the light distribution such as light dition and intensity, an illumination model is in general
also relevant to surface material properties of the illated object.
= The geometric characteristic is about the camera progedi® the relative positioning of the camera and
the object. Camera properties include camera intrinsiarpaters and camera imaging models. The imaging
models widely studied in the computer vision literature arémographic, scale orthographic, and perspective
models. Due to projective nature of the perspective model,arthographic or scale-orthograhic models are
used in the face recognition community. The relative positig of the camera and the object results in pose
variation, a key factor in determining how the 2D appeararare produced. Figure 3 shows the face images
of a person captured at varying poses.
Studying photometric and geometric characteristics is afnine key problems in the object recognition litera-
ture and consequently visual recognition under illumioratand pose variations is the main challenge for object
recognition. A full review of the visual recognition litdtae is beyond the scope of the chapter. However, face

recognition addressing the photometric and geometridermges is still in a nascent stage.
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Fig. 3. Examples of the face images of one PIE [52] object under tiferdnt illumination and poses. The images are of 42& 40.

Approaches to face recognition under illumination vadatare usually treated as extensions of research efforts on
illumination models. For example, if a simpli ed Lambentiae ectance model ignoring the shadow pixels [49], [59]
is used, rank-3 subspace can be constructed to cover appeararbitrarily illuminated by a distant point source.

Similar low-dimensional subspace [2] can be found in the bartian model that includes attached shadows. Face
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recognition is conducted by checking if a query face imags In the object-speci ¢ illumination subspace. To
generalize from the object-speci ¢ illumination subspdoeclass-speci ¢ illumination subspace, bilinear models
are used in [15], [50], [66]. Most face recognition apprasxhddressing pose variations use view-based appearance
representations [8], [17], [42]. Face recognition undefatns in illumination and poses is more dif cult compdre

to recognition when only one variation is present. Propaggaioaches in the literature include [5], [16], [18], [55],
[67], among which the 3D morphable model [5] yields the besbgnition performance. The feature-based approach
[27] is reported to be partially robust to illumination andse variations.

Another important extension of visual pattern recognitisrin exploiting video. The ubiquitousness of video
sequences calls upon novel recognition algorithms baseddens. Because a video sequence is a collection of still
images, face recognition from still images certainly applio video sequences. However, an important property of a
video sequence is its temporal dimension or dynamics. Ree®mchophysical and neural studies [25] demonstrate
the role of movement in face recognition: Famous faces asiee® recognize when presented in moving sequences
than in still photographs, even under a range of differepésyof degradations. Computational approaches utilizing
such temporal information include [30], [26], [63], [64§4]. Clearly, due to the free movement of human face and
uncontrolled environments, issues like illumination arabe variations still exist. Besides these issues, locajizi
faces or face segmentation in a cluttered environment iros/gkquences is very challenging too.

In surveillance scenarios, further challenges includer pageo quality and lower resolution. For example, the
face region can be as small 85£ 15. Most feature-based approaches [5], [27] need face imagageas large as
128£ 128 The attractiveness of the video sequence is that the vidmddes multiple observations with temporal
continuity.

3) Face pattern and face recognitiorit the top of the hierarchy lies the face pattern. The faceepaspecializes
the visual pattern by specializing the object to be a humee.faherefore, face-speci ¢ properties or charactesstic

should be taken into account when performing face recagniti

Fig. 4. (a) Appearances of a person with different facial exprassifrom [37]). (b) Appearances of a person at different affesm [28]).
= Expression and deformatioflumans exhibits emotions. The natural way to express thdiensois through
facial expressions, yielding patterns under nonrigid datdgions. The non-rigidity introduces very high degrees

of freedom and perplexes the recognition task. Figure 4@ys the face images of a person exhibiting different
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expressions. While face expression analysis has attracketdod attention [4], [53], recognition under facial
expression variation has not been fully explored.

= Aging.Face appearances vary signi cantly with age and such vanistare speci ¢ to an individual. Theoretical
modeling of aging [28] is very dif cult due to the individuakd variation. Figure 4(b) shows the face images
of a person at different ages.

> Face surfaceOne speciality of the face surface is its bilateral symmelhe symmetry constraint has been
widely exploited in [51], [61], [66]. In addition, surfacetegrability is an inherent property of any surface,
which has also been used in [14], [59], [66].

= Self-similarity. There is a strong visual similarity among face images ofedét individuals. Geometric
positioning of facial features such as eyes, noses, mougtigs,are similar across individuals. Early face
recognition approaches in the 70's [21], [22] used the dista between feature points to describe the face and
achieved some success. Also, the properties of face surmfaterials are similar within the same race. As a
consequence of visual similarity, the “shapes' of the fameearance manifolds belonging to different subjects
are similar. This is the foundation of approaches [39], [B&]t attempt to capture the “shape' characteristics
using the so-called intra-person space.

= Makeup, cosmetic, etdhese factors are very individualized and unpredictabteethan the effect of glasses
which has been studied in [3], effects induced by other factwe not widely understood in the recognition

literature. However, modeling these factors can be usefufiaice animation in the computer graphics literature.

D. A unied approach

A wide array of face recognition approaches has been prdposthe literature. Early face recognizers [1], [3],
[12], [23], [38], [39], [41], [54] yielded unsatisfactoryesults especially when confronted with variations in pose,
illumination, expression, etc. In addition, the recogrszeave been further hampered by the registration requiteme
as the images that the recognizers process contain tramefloappearances of the object.

Recent advances in face recognition have focused on faogniion under illumination and pose variations
[2], [5], [8], [17], [50], [56], [66], [67]. Face recognitio under variations in expression and aging have been less
investigated.

While most recognizers process a single image, there is aimgointerest in using a group of images [13],
[29], [30], [32], [36], [48], [57], [64]. In terms of the tragformations embedded in the group or the temporal
continuity between the transformations, the group can teeindependent or not. Examples of the independent
group (I-group) are face databases that store multipleaappees for one object. Examples of the dependent group
are video sequences. If temporal information is stripphd, tideo sequences reduce to I-groups. Whenever we
refer to video sequences, we imply dependent groups of imiage

We attempt to propose a uni ed approach [68] which possedse$ollowing features:

= |t processes either a single image or a group of images (imguthe I-group and video sequences) in a

universal manner.
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2 |t handles the localization problem, pose, illuminationd a&xpression variations.
= The identity description could be either discrete or camiums. The continuous identity encoding typically
arises from a subspace modeling.
2 |t is probabilistic and integrates all the available evickesn
We elaborate the proposed framework and point out its ptigseand connections with various approaches in
Section Il. In Section 1ll, we substantiate the frameworkhwiwo instances: face recognition from a group of still

images and from a video sequences.

Il. FRAMEWORK OF PROBABILISTIC IDENTITY CHARACTERIZATION

Suppose® represents the identity in an abstract manner. It can beredliscrete- or continuous- valued. If we
have anN -class problem®is discrete taking value ifil; 2;:::; N g. If we associate the identity with image intensity
or feature vectors derived from say subspace projecti®ns,continuous-valued. Given a group of imaggs =
fy1:Y,; iy g containing the appearances of the same but unknown idgmittigabilistic identity characterization
is equivalent to nding the posterior probability(®jy;.1 ).

As the image only contains a transformed version of the objee also need to associate with it a transformation
parameteny, which lies in a transformation spade. Here the term “transformation' is a loose word to model
the variations involved, be it warping, pose, illuminatiar expressions. The transformation spé&ceas usually
application-dependent. Af ne transformation is often dde compensate for the localization problem. To handle
illumination variation, the estimates of lighting diremiare used. If pose variations are involved, a 3D transftoma
is needed or a discrete set is used if we quantize the connuigw space. Suppose that the dimension of the
transformation spacg isr.

We assume that the prior probability &fis ¥{®), which is assumed to be, in practicenan-informativeprior.

A non-informative prior is uniform in the discrete case arghted as a constant, sayin the continuous case.

The key to our probabilistic identity characterization ssfallows:

p(®jyi:T) I ®)p(y,.1]®)

Y{®) P(Yy1iteT; ®)p(HeT )dp:T
Mot
Z

Y
Y(®) P(Yeike; ®)p(Hejba:t; 1)dpeT; 1)
HuT t=1

where the following rules, namely (@pservational conditional independenaad (b)chain rulg are applied:

N4
(@) p(yrrilT;®) = p(YJike; ®); 3
t=1
Y .
(0 p(u:t) = Pkt 1); P(Hejko) = p(k): (3
t=1

Equation (1) involves two key quantities: tbbservation likelihoog(y,jik; ®) and thestate transition probability

pP(kjtat; 1). The former is essential to the recognition task, the ideakdeing that it possesses a discriminative
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power in the sense that it always favors the correct idemtity disfavors the others; the latter is also very helpful
especially when processing video sequences, which camstitee search space.
We now study two special cases ofpkj:t; 1)-

1) Independent group (I-group)in this case, the transformatiofg;;t = 1;2;:::;Tg are independent of each

other, i.e.
p(uljp-l:ti 1) = P(p): 4)
Equation (1) then becomes
v Z
P(®yy.r)/ A®) P(Yiike; ®)p(He)dik: (5)
t=1 Mt

In this context, the probabilitp (k) can be regarded as a prior far, which is often assumed to be Gaussian with
meanﬁt or non-informative.

The most widely studied case in the literature is when 1, i.e. there is only a single image in the group. Due
to its importance, sometime we will distinguish it from thgroup (withT > 1) depending on the context. We
will present in Section 1I-A the shortcomings of many conpemary approaches.

It all boils down to how to compute the integral in (5). Howevia real applications it is dif cult to directly
compute it and numerical techniques are often used.

2) Video sequencen the case of a video sequence, temporal continuity betweecessive video frames implies
that the transformationfsy;t = 1;2;:::; Tg follow a Markov chain. Without loss of generality, we assumest-

order Markov chain, i.e.
P(Mejbot; 1) = P(KM 1): (6)

Equaiton (1) becomes
z

Y
P(®ly,.1) | A®) P(Yeibe; ®)P(Hejbe; 1)dpaT: (1)

Mt t=1
The difference between (5) and (7) is whether the produstifiside or outside the integral. In (5), the product
lies outside the integral, which divides the quantity o&neist into “small' integrals that can be computed ef cigntl
while (7) does not have such a decomposition, causing catipoal dif culty.
3) Difference from Bayesian estimatio@ur framework is very different from the traditional Bayasiparameter
estimation setting, where a certain parametdas estimated from the i.i.d. observatiofig;; X; :::; Xr g generated
from a parametric densitg(xj ). If we assume that has a prior probability{ ), then the posterior probability

p("jxy.7) is computed as

v
pC ixur) I YO )p(xurj )= Y0)  p(xj ) (8)

t=1
and used to derive the parameter estimateOne should not confuse our transformation parampterith the
parameter . Notice that is xed in p(xj ) for differentt's. However, eacly, is associated with g . Also, ®

is different from™ in the sense tha® describes the identity and helps to describe the parametric density.
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To make our framework more general, we can also incorpotate tparameter by letting the observation

likelihood bep(yju; ®; ). Equation (1) then becomes

P(®y,1) | A®) F)Z(Y1:Tj®) )

Y(®  p(YpriteTi®; )p(HeT)Y( )dprd

MLt

vV
Y{®) p(ythk;®;_)P(Mju1:ti )Y )dpe:rd ]

t=1
wherepy.t and™ are assumed to be statistically independent. In this chapte will focus only on (1) as if we

already know the true parameterin (9). This greatly simpli es our computation.

A. Recognition Setting and Issues

Equation (1) lays a theoretical foundation, which is ursatifor all recognition settings: (i) recognition is based
on a single image (an I-group with = 1), an I-group withT , 2, or a video sequence; (ii) the identity signature
is either discrete- or continuous-valued; and (iii) thextfarmation space takes into account all available vaniati
such as localization and variations in illumination andeos

1) Discrete identity signaturein a typical pattern recognition scenario, say Mrclass problem, the identity

signature fory,.;, ®, is determined by the Bayesian decision rule:

®=arg min . P(®jy;.7): (10)

Usually p(yju; ®) is a class-dependent density, either pre-speci ed or kghrn

2) Continuous identity signaturetf the identity signature is continuous-valued, two redtign schemes are
possible. The rst is to derive a point estima®(e.g. conditional mean, mode) frop(®jy,.;) to represent the
identity of the image groug,.; . Recognition is performed by matchid@s belonging to different groups of images

using a metrik(:;:). Say,®, is for group 1 and®, for group 2, the point distance
Ri = k(®r; @) (12)

is computed to characterize the difference between grougsd12.
Instead of comparing the point estimates, the second schiiraetly compares different distributions that
characterize the identities for different groups of imagdserefore, for two groups 1 and 2 with the corresponding

posterior probabilitiep(®;) andp(®.), we use the following expected distance [58]
zZ Z

ko = _ k(@1 @)p(®)p(E2)d®:d®: (12)

®1

Ideally, we wish to compare the two probability distributsousing quantities such as the Kullback-Leibler distance
[9]. However, computing such quantities is numerically lpbitive when® is of high dimensionality.

The second scheme is preferred as it utilizes completeststadi information, while the rst one based on point
estimates uses partial information. For example, if onlg tonditional mean is used, the covariance structure

or higher-order statistics is not used. However, there asumstances when the rst scheme is appropriate: the
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11

posterior distributiorp(®jy,.7) is highly peaked or even degenerate®atThis might occur when (i) the variance
parameters are taken to be very small; or (ii) weTego to 1 , i.e. keep observing the same object for a long
time.

To evaluate the expected distarfcewe resort to importance sampling [47]. Other sampling églres such as
Monte Carlo Markov chain [47] can also be applied. Suppos, thay for group 1, the importance function is

d1(®y), and weighted sample setﬁ®(i);w§”gi':1 , the expected distance is approximated as

P P S ' .
Cda g wiwd ke &)
St PP o (13)
izt W1' =1 Wa
The point distance is approximated as
P () (1) J (1) (i)
, - W' ® =1 W ®;
Ql;Z k( IIJ) ::- L (i)l ; 'JI; ﬁ 1) ): (14)
w w.

3) The effects of the transformatiofEven though recognition based on a single image has beenpite for
a long time, most efforts assume only one alignment paranjend compute the probabilitp(yj{l; ®. Any
recognition algorithm computing some distance measure beathought of as using a properly de ned Gibbs

distribution. The underlying assumption is that

p(W) = +(ui [; (15)

wherex(:) is an impulse function. Using (15), (5) becomes
Z

P(®Y) / ®) plyik @i Hdp= U®)p(yifi;®: (16)
H

R
Incidentally, if the Laplace's method [47] is used to appnoate the integral up(yju;®)p(u)du and the maxi-

mizer {is = arg min , p(yji; ®p(y) does not depend o®, sayfis = {i, then
Z

pP(®y) /  YA®) p(yju; ®p(Wdu (17)
u

q__
@pyik®p@ (21751 (D]
I A®Ppyil;®);
wherel (p) is anr £ r matrix ( is the dimension ofheta) whoseij ' element is

i () = i 7@53551“):

This gives rise to the same decision rule as implied by (16) @so partly explains why the simple assumption

(18)

(15) can work in practice.
The alignment parameter is therefore very crucial for atitg good recognition performance. Even a slightly
erroneousﬁ may affect the recognition system signi cantly. It is vergrie cial to have a continuous densipfL)

such as a Gaussian or even be non-informative since mamggitiah of p(; ®y) over [ yields a robust estimate
of p(®jy).
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12

In addition, our Bayesian framework also provides a way timege the best alignment parameter using the
posterior probability: 7
p(Hy) / . p(yiK; ®¥(®)d®: (19)

4) Asymptotic behaviorsWhen we have an I-group or a video sequence, we are oftengtedrim discovering the
asymptotic (or large-sample) behaviors of the posterisiriutionp(®jy,.) whenT is large. In [64], the discrete
case of® in a video sequence is studied. However it is very challapginextend this study to a continuous case.
Experimentally (refer to Section 11I-A.2), we nd thgi(®jy,.+) becomes more and more peakedTaincrease,

which seems to suggest a degenerancy in the true @&jue.

IIl. | NSTANCES OFPROBABILISTIC IDENTITY CHARACTERIZATION
A. Face recognition from a group of still images

The main challenge is to specify the likelihopdyju; ®. Practical considerations require that (i) the identity
encoding coef cient® should be compact so that our target space wigeresides is low dimensional; and (i®
should be invariant to transformations and tightly clustieso that we can safely focus on a small portion of the
spaces.

Inspired by the popularity of subspace analysis, we asstiaetihe observatioy can be well explained by a
subspace, whose basis vectors are encoded in a matrix ddmok i.e. there exist linear coef cient® such that
y ¥2 B®. Clearly, ® naturally encodes the identity. However, the observatindeu the transformation condition
(parameterized by) deviates from the canonical condition (parameterizeddy(8 under which theB matrix is
de ned. To achieve an identity encoding that is invarianthe transformation, there are two possible ways. One
way is to inverse-warp the observatignfrom the transformation conditiop to the canonical conditionﬁ and
the other way is to warp the basis matéxfrom the canonical conditioﬁ to the transformation conditiop. In
practice, inverse-warping is typically dif cult. For exaie, we cannot easily warp an off-frontal view to a frontal
view without explicit 3D depth information that is unavdila. Hence, we follow the second approach, which is
also known asnalysis-by-synthesiepproach. We denote the basis matrix under the transfaymatinditionp by
B,.

1) Subspace identity encoding — Invariant to localizatidlumination, and pose:The localization parameter,
denoted by', includes the face location, scale and in-plane rotatigpichlly, an af ne transformation is used. We
absorb the localization parametein the observation using fy;"g, where theT f:;"g is a localization operator,
cropping the region of interest and normalizing it to matdthwhe size of the basis.

The illumination parameter, denoted byis a vector specifying the illuminant direction (and irgéw if required).
The pose parameter, denoted Ayis a continuous-valued random variable. However, pracsgstems [8], [17]

often discretize this due to the dif culty in handling 3D tdD2projection. Suppose the quantized pose set is

views and a xed illumination to form a very long vectoY: =[y%: ;y%. ;5 yVe ]T. To further achieve invariance
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to illuminations, we invoke the Lambertian re ectance midgnoring the shadow pixels. Now, is actually a 3-D
vector describing the illuminant. We now follow [67] to degia bilinear algorithm that is summarized as follows.

Since ally''s are illuminated by the samg, the Lambertian model gives,

Y- = W,: (20)
Following [66], we assume that o
W= @ Wi; (21)
i=1
and we have
X
Y- = QW ; (22)
i=1
whereW;'s are illumination-invariant bilinear basis ar®l = [®';®?;::: ;®“]T provides an illuminant-invariant

identity signature. The bilinear basis can be easily ledwae shown in [15], [66]. Thu® is also pose-invariant
because, for a given view, we take the part ity corresponding to this view and still have
U
yh = ew; (23)
i=1

WhereWiA take the part ilW; corresponding to viewA.

We focus on the following likelihood:
PUYIM) = P(Y"; i A ®) = Z1, expfi D(Tfy;"g;B A ®)g; (24)

whereD(y; B,®) is some distance measure ahd e is the so-called partition function which plays a normétiiza

role. In particular, if we takéD as
D(Tfy;"g;B.A® =(Tfy;"gi B.a® T8 Y(Tfy;"gi B.a®)=2; (25)

with a given§ (say§ = %#1 wherel is an identity matrix), then (24) becomes a multivariate €s@n and the
partition functionZ .a.¢ does not depend on the parameters any more. However, eveghtli®4) is a multivariate
Gaussian, the posterior distributig®jy;. ) is no longer Gaussian.

2) Experimental ResultsiWe use a portion of the “illum' subset of the PIE database.[bB]s part includes 68
subject under 12 lighting sources and at 9 poses. In totahave68c 1219 = 7344 images. Figure 3 displays
one PIE object under illumination and pose variations.

We randomly divide the 68 subjects into two parts. The rst S4bjects are used in the training set and the
remaining 34 subjects are used in the gallery and probelsé&tgguaranteed that there is no identity overlap among
the training, gallery, probe sets.

During training, the images are pre-preprocessed by aligthe eyes and mouth to desired positions. No ow
computation is carried on for further alignment. After the4processing step, the face image is of size 48 by 40,
i.e.d =48140 = 1920. Also, we only study gray images by taking the average of élag green, and blue channels

of their color versions.
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The training set is used to learn the basis maixor the bilinear basi®V;'s. As mentioned beforgy includes
the illumination direction and the view posé, where, is a continuous-valued random vector ahis a discrete
random variable taking values fr; 2;:::;Vg with p=9.

The images belonging to the remaining 34 subjects are usegdlkesy and probe sets. To form a gallery set of
the 34 subjects, for each subject, we use an I-group of 12amagder all the illuminations under one pd?,e
(e.g. one row of Figure 3); to form a probe set, we use |-grauper the other posA,. We mainly concentrate
on the case with#, 6 A;. Thus, we have a8 = 72 tests, with each test giving rise to a recognition score. The
1-NN (nearest neighbor) rule is applied to nd the identity &2 probe I-group.

During testing, we no longer use the pre-processed imagkshanefore the unknown transformation parameter
includes the af ne localization parameter, the light difexn, and the discrete pose. The prior distributiofi';)
is assumed to be Gaussian, whose mean is found by a backgsobt@ction algorithm and whose covariance
matrix is manually speci ed. Numerical computation is cantkd as in [68]. The metrik(:;:) actually used in

our experiments is the correlation coef cient:

kOGy) = F(xTy)2g= (X x)(y Ty)g: (26)

Figure 5 shows the marginal posterior distribution of thet elemen®"' of the identity variable®, i.e.,p(®"jy;.7),
with different T's. From Figure 5, we notice that (i) the posterior probapifp(®'jy,.+) has two modes, which
might fail those algorithms using the point estimate, aditibecomes more peaked and tightly-supportedNas

increases, which empirically supports the asymptotic biehanentioned in Section II-A.

)
o

a'ly)

¢
p(a'ly,,

(b)

1
p@’ly,,,)

5
0.05,
(C) c22 02 37 05 c27 c29 11 c14 c34 (d)

Fig. 5. The posterior distributionp(®jy;.1) with differentT's: (a) p(®'jy,); (b) p(®jy,); and (c) p(®*jy,.1, ), and (d) the posterior
distribution p(Ajy;.;, ). Notice thatp(®'jy,.1 ) has two modes and becomes more peaked ascreases.

Figure 6 shows the recognition rates for all the 72 tests.elmegal, when the poses of the gallery and probe sets

November 5, 2004 DRAFT



15

are far apart, the recognition rates decrease. The bestyakts for recognition are those in frontal poses and the

worst gallery sets are those in pro le views.

Fig. 6. The recognition rates of all tests. (a) Our method basedkogb) Our method based oR. (c) The PCA approach [54]. (d) The KL
approach. Notice the different ranges of values for difiemmethods and the diagonal entries should be ignored.

For comparison, Table Il shows the average recognitiorsrite four different methods: our two probabilistic
approaches using and R, respectively, the PCA approach [54], and the statistipglr@ach [48] using the KL
distance. When implementing the PCA approach, we learneaherigeface subspace from all the training images,
stripping their illumination and pose conditions; whileghementing the KL approach, we t a Gaussian density on
every I-group and the learning set is not used. Our appraasigai cantly outperform the other two approaches
due to transformation-invariant subspace modeling. Theagproach [48] performs even worse than the PCA
approach simply because no illumination and pose learrsingséd in the KL approach while the PCA approach
has a learning algorithm based on image ensembles takerr difffFent illuminations and poses (though this

speci ¢ information is stripped).

Method k R | PCA | KL [48]
Rec. Rate (top 1) 82% | 76% | 36% 6%
Rec. Rate (top 3) 94% | 91% | 56% 15%

TABLE I

Recognition rates of different methods.

As mentioned earlier in Section 11-A.3, we can infer the gfmmmation parameters using the posterior probability
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p(MWy,.7). Figure 5 also shows the obtainp@4jy,.;,) for one probe I-group. In this case, the actual posé 3s5
(i.e. cameracy7), which has the maximum probability in Figure 5(d). Simiyawe can nd an estimate fot,

which is quite accurate as the back ground subtraction igthgoralready provides a clean position.

B. Face recognition from a video sequence

Face recognition from a video inevitably requires solvirghbtracking and recognition tasks. Visual tracking
models the inter-frame appearance differences and viggalgnition models the appearance differences between
the video frames and gallery images. Simultaneous trackimg) recognition [64], [65] provides a mechanism
of jointly modeling inter-frame appearance differenced #me appearance differences between video frames and
gallery images. Here we focus on the case when the identiigble is discrete. In addition, we assume that the
gallery set consists of imagé#$; h,;:::; hy g, with eachhg for the ®" individual.

1) Simultaneous tracking and recognitioit:is easy to show that the derivation of probabilistic idgntharac-
terization is equivalent to a time series state space maddisting of the following three components: the motion
transition equation, the identity equation, and the olst@m likelihood. This de nes the recognition task as a
statistical inference problem, which can be solved usintgiga Ilters. We brie y review the state space model.

Motion transition equation:In its most general form, the motion model can be written as
=0k 1su), t, 1 (27)

where u; is noise in the motion model, whose distribution determines the amtstate transition probability
P(kjkk; 1). The functiong(:;:) characterizes the evolving motion and it could be a functearned of ine or
given a priori. One of the simplest choice is an additive fiorg i.e.,px = p; 1 + U.

Choice of |, is application dependent. The af ne motion parameter igrofised when there is no signi cant
pose variation in the video sequence. However, if a 3-D faodehis used, 3-D motion parameters should be used
accordingly. In the experiments presented below, wausas the af ne motion parameter agy:; ;) as the additive
function.

Identity equation: Assuming that the identity does not change as time proceesldiave
& =®,;q; t, L (28)

In practice, one may assume a small transition probabikttyvben identity variables to increase the robustness.
Observation likelihood:In the simplest form, we assume that the transformed obSenvies a noise-corrupted

version of some still template in the gallery, i.e.,

2t = Ty 9= he, +vi; t, 1 (29)

B

wherev; is the observation noisat timet, whose distribution determines the likelihopdy,j®:; Lt).
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Particle Iter for solving the model:We assume statistical independence between all noiseblesiand prior
knowledge on the distributions(p) andp(®y) (uniform prior in fact). Given this model, our goal is to couate
the posterior probabilitp (®jy;.;). It is in fact a probability mass function (PMF) sin@ only takes values from
N = f1;2;::;;Ng, as well as a marginal probability p{®; 1kjy,.;), which is a mixed-type distribution. Therefore,
the problem is reduced to computing the posterior proligbili

Since the model is nonlinear and non-Gaussian in natures theo analytic solution. We invoke a particle lter
[10], [20], [24], [34] to provide numerical approximations the posterior distributiop(®; kjy;.;). Also, for this
mixed-type distribution, we can greatly improve the conagiohal load by judiciously utilizing the discrete nature
of the identity variable as in [64]. We [64] also theoretiggusti ed the evolving behavior of the recognition

densityp(®jy,..) under a weak assumption.

(a)

(b) (c)

(d) (e)

Fig. 7. (a) The face gallery with image size beiB £ 26. (b-e): Four example frames in one probe video with image being720£ 480
while the actual face size ranges approximately f@@£ 20 in the rst frame to60£ 60 in the last frame. Notice the signi cant illumination

variations between the probe and the gallery.

2) Experimental Resultstn the experiments presented below, we use video sequeritesubjects walking in
a slant path towards the camera. There are 30 subjects, aatigtone face template. There are one face gallery
and one probe set. The face gallery is shown in Figure 7. Thbepcontains 30 video sequences, one for each

subject. Figure 7 gives some example frames extracted froermpoobe video. As far as the imaging conditions are
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concerned, the gallery is very different from the probe eesly in lighting. This is similar to the “fc' test prototo
of the FERET test [45]. These images/videos were colledsdpart of the HumanID project, by researchers in
National Institute of Standards and Technology and Unitsersf South Florida.

Case 1: Tracking and Recognition using Laplacian Densiye rst investigate the performance under the
following setting: We use an af ne motion parameter, a timeariant rst-order Markov Gaussian motion transition

model, and a “truncated' Laplacian observation likelih@sdfollows.

P1(Yii®; k) = LAP(KT fy, kg i he K %; ) (30)
where,k:k is sum of absolute distancé and ’81 are manually specied, and

LAP(X: % 3 = < Yilexp(i x=%) if x- ¢% (31)
¥ Lexp(i ¢) otherwise

The recognition decision is based on (10). Table Il shovet the recognition rate is very poor, only 13% of
the time the top match is the correct match. The main reastimisthe “truncated' Laplacian density is far from
suf cient to capture the appearance difference betweenptiobe and the gallery, thereby indicating a need for
improved appearance modeling. Nevertheless, the tracdngracy® is reasonable with 83% successfully tracked
because we are using multiple face templates in the galtetsatk the speci c face in the probe video. After all,
faces in both the gallery and the probe sets belong to the sks® of human face and it seems that the appearance
change is within the class range.

Case 2: Pure Tracking using Laplacian Densityt Case 2, we measure the appearance change within the probe
video as well as the noise in the background. To this end, wedance a dummy templafg,, a cut version in the

rst frame of the video. De ne the observation likelihoodrftracking as

P2(Yiitk) = LAP(KT fy,; k@i Tok; ¥2; é2); (32)

where¥, and¢, are set manually. The other setting, such as motion pararaetemodel, is the same as in Case
1. We still can run the particle Iter algorithm to perform jgutracking.

Table Il shows that 87% are successfully tracked by thip&rracking model, which implies that the appearance
within the video remains similar. Figure 8(a) shows the @ost probabilityp(®jy;.;) for the video sequence in
Figure 7. Starting from unifornp(®) = N 1, the posterior probability for the correct identity appebas one as
time proceeds, and all others decrease to zero. This egobéhavior is characterized by the notion of entropy as
shown in Figure 8(b). Also, the tracking results, inferreoi p(1jy,.,), are illustrated in Figure 7.

Case 3: Tracking and Recognition using Probabilistic SalegpDensity: As mentioned in Case 1, we need a

new appearance model to improve the recognition accuraeyus¥ the approach suggested by Moghaddam et al.

1We inspect the tracking results by imposing the MMSE motioimegte on the nal frame as shown in Figure 7 and determine if tragk
is successful or not for this sequence. This is done for gjuseces and tracking accuracy is de ned as the ratio of timeben of sequences
successfully tracked to the total number of all sequences.

November 5, 2004 DRAFT



19

N

ty
o o o
I e

206

w

@
=06

abili
o o
@
o b
o
o

0.4

conditional entropy
N
@

[
)

posterior prob:
o o
oW

0.3

cumulative matcl

o
s

=}

o

5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40 5 10 15 20 25 30
time instance (a) time instance (b) rank (C)

Fig. 8. (a): Posterior probabilityp(®jy;.;). (b): Entropy of posterior probabilityp(®jy;.;). (c): Cumulative match curves for the dataset.

Case Case 1| Case 2| Case 3| Case 4| Case 5
Tracking accuracy 83% 87% 93% 100% NA
Recognition w/in top 1 match| 13% NA 83% 93% 57%
Recognition w/in top 3 matches 43% NA 97% 100% 83%

TABLE Il

Algorithm performances for ve cases.

[39] due to its computational ef ciency and high recognitiaccuracy. However, in our implementation, we model
only intra-personal variations instead of both intra/exgersonal variations for simplicity.

We need at least two facial images for one identity to cowstitue intra-personal space (IPS). Apart from the
available gallery, we crop out the second image from theovigiesuring no overlap with the frames actually used
in probe videos. Figure 9(a) shows a list of such images. Goenpith Figure 7 to see how the illumination varies
between the gallery and the probe.

We then t a probabilistic subspace density [39] on top of tR&. It proceeds as follows: a regular PCA is
performed for the IPS. Suppose the eigensystem for the IP§ jse;)g,; , whered is the number of pixels and
.1, i, . d-Only tops principal components corresponding to ®pigenvalues are then kept while the residual
components are considered as isotropic. We refer the readbe original paper [39] for full details. Figure 9(b)
show the eigenvectors for the IPS. The density is writtenoliews:

P 2 .
exp(i 3 54 %) enli5)
(21/45:2\4;5:1 _1:29 (21/41)54((11 5)=2 g

s

Qps ()= f

(33)

P
wherey; = el x for i = 1;2;::;;s is thei™ principal component ok, 22 = kxk? | = >, y? is the reconstruction

error, andyz= ( id: o1 .i)=(di 0). Itis easy to write the likelihood as follows:

P3(Yii®; k) = Qps (TTy,; kg i he,): (34)

Table 11l lists the performance by using this new likelihooeasurement. It turns out that the performance is

signi cantly better that in Case 1, with 93% tracked sucbdfs and 83% recognized as the top 1 match. If we
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consider the top 3 matches, 97% are correctly identi ed.

@)

(b)

(©

Fig. 9. (a): The second facial images for training probabilisticndéty. (b): The top 10 eigenvectors for the IPS. (c): Thedbichages cropped
out from the largest frontal view.

Case 4: Tracking and Recognition using Combined DendityCase 2, we have studied appearance changes
within a video sequence. In Case 3, we have studied the agppmarchange between the gallery and the probe. In

Case 4, we attempt to take advantage of both cases by intngdaacombined likelihood de ned as follows:

Pa(Yei®; k) = Pa(Y®; He)pa(Ybk) (35)

Again, all other setting is as in Case 1. We now obtain the pediormance so far: no tracking error, 93% are
correctly recognized as the rst match, and no error in redgn is seen when the top 3 matches are considered.
Case 5: Still-to-still Face RecognitioniTo make a comparison, we also performed an experiment d+icstill
face recognition. We selected the probe video frames withbtst frontal face view (i.e. biggest frontal view) and
cropped out the facial region by normalizing with respectht® eye coordinates manually speci ed. This collection
of images is shown in Figure 9(c) and it is fed as probes intillat still face recognition system with the learned
probabilistic subspace as in Case 3. It turns out that thegrétion result is 57% correct for the top one match,
and 83% for the top 3 matches. The cumulative match curve€&se 1 and Cases 3-5 are presented in Figure
8(c). Clearly, Case 4 is the best among all. We also impleeaktite original algorithm by Moghaddam et al. [39],

i.e., both intra/extra-personal variations are considletiee recognition rate is similar to that obtained in Case 5.

IV. CONCLUSIONS

The chapter presented a hierarchical framework for facéepatand face recognition theory. Current face
recognition approaches are classi ed according to theicginents in this framework. We then proposed a uni ed

framework in which many approaches can be cast. Two instamege given to as examples of the framework:
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one on recognition from groups of still images under vaoiagi and the other on recognition from video sequences

within which tracking and recognition interacts.
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