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Abstract

While face recognition from a single still image has beerersively studied over a decade,

face recognition based on a group of still images (also mefgras multiple still images) or

a video sequence is an emerging topic. Although a group bfirsiages or a video sequence

can be treated as a single still image in a degenerate maradelitional properties are present

in multiple still images and/or video sequences. In thisptba we summarize three properties

manifested in multiple still images and/or video sequeiden we review recently proposed

approaches utilizing the manifested properties. Finallie forecast feasible approaches that

could realize the full potentials of multiple still imageswdeo sequences.
Index Terms

Face recognition from one still image, face recognitiomfraultiple still images, face recognition

from video, statistical analysis.



I. INTRODUCTION

While face recognition (FR) from a single still image has begtersively studied over a
decade, FR based on a group of still images (also referred todtiple still images) or a
video sequence is an emerging topic. This is mainly evidérmethe growing increase in the
literature. For instance, a research initiative calledeFRecognition Grand Challenge [1] has
been organized. One specific challenge directly addressesde of multiple still images that
is reportedly to improve the recognition accuracy signiftba[3]. Recently a workshop jointly
held with CVPR 2004 was devoted to face processing in videol{d$ predictable that with
the ubiquity of video sequences, face recognition basedideovsequences will become more
and more popular.

It is obvious that multiple still images or a video sequenaa be regarded as a single still
image in a degenerate manner. More specifically, supposewchave a single-still-image-
based FR algorithmA (or the base algorithm) by some means, we can construct @ambbs
recognition algorithm based on multiple still images or ded sequence by combining multiple
base algorithms denoted By’s. EachA; takes a different single imagg as input, coming from
the multiple still images or video sequences. The combinig can be additive, multiplicative,
and so on.

Here is a concrete example of such construction. Supposéhiatill-image-based FR uses

the nearest distance classification rule, the recognitigaridhm A performs the following:

A:n=arg min dy; x[M); (1)

whereN is the number of individuals in the gallery sdtis the distance functiorx™ represents
the " individual in the gallery set, ang is the probing single still image. Equivalently, the

distance function can be replaced by a similarity funcgoihe recognition algorithm becomes:

A:f=arg max s(y; x[y: (2)

In this chapter, we interchange the use of the distance anithsty functions if no confusion.

The common choices fait include the following:

= Cosine angle:
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= Distance in subspace:
dy;x") = jjPTfy i xIgji? = fy i xMgTPPTfy | xIMg; 4)

whereP is a subspace projection matrix. Some common subspace dseaticude principal
component analysis (a.k.a. eigenface [48]), linear disiciant analysis (a.k.a Fisherface [7],
[17], [54]), independent component analysis [6], localtdiea analysis [35], intrapersonal
subspace [34], [61] etc.

> ‘Generalized’ Mahanalobis distance:

k(y;x") = fy i xMgTwy ; xIg; (5)

where theWmatrix plays a weighting role. NV= PPT, then the ‘generalized’ Mahanalobis
distance reduces to the distance in subspacd&/=I i ! with § being a covariance matrix,
then the ‘generalized’ Mahanalobis distance reduces todpelar Mahanalobis distance.
Using the base algorithiA defined in (1) as a building block, we can easily construcioves
assembly recognition algorithms [16] based on a group bfistages and a video sequence. By
denoting a group of still images and a video sequencéygy t = 1;2;:::; Tg, the recognition

algorithm A for y, is simply

Ac:h=arg min d(y; xM): (6)

Some commonly used combining rules are listed in Table I.

Method Rule L

Minimum arithmetic mean A =argmin n=1,,.. N %I_I__;' d(y; x[nD)

Minimum geometric meanl A =argminn=12.. N |_-t|-:_1| d(y; x[nh

Minimum median A =argminn=12. ~nfmedi=1 1 d(yyxM)g

Minimum minimum A=argmin =1, nfmini=1, 1 d(yyx[M)g

Majority voting A =argmaxn=12,.N = J[ALlY)== n]
TABLE |

A LIST OF COMBINING RULES THE J FUNCTION USED IN MAJORITY VOTING IS AN INDICATOR FUNCTION

In the above, the™" individual in the gallery set is represented by a singld stiage x["!.

This can be generalized to use multiple still images or aovgEguencéx™; s=1;2;:::;Ksg.



Similarly, the resulting assembly algorithm is to combihe base algorithms denoted Bys's:

A :h=arg min  d(y; x[hy: (7)

Even though the assembly algorithms might work well in pcagtclearly, the overall recog-
nition performance of the assembly algorithm is solely dase the base algorithm and hence
designing the base algorith# (or the similarity functiork) is of ultimate importance. Therefore,
the assembly algorithms completely neglect additionaperties possessed by multiple still
images or video sequences.

Three additional properties are available for multipld sthages and/or video sequences:

1) [P1: Multiple observations]. This property is directly utilized by the assembly algomis.
One main disadvantage of the assembly algorithms istheoccombining rule. However,
theoretic analysis based on multiple observations can beede

2) [P2: Temporal continuity/Dynamics]. Successive frames in the video sequences are
continuous in the temporal dimension. Such continuity, iognfrom facial expression,
geometric continuity related to head and/or camera moveneerphotometric continuity
related to changes in illumination, provides an additiooahstraint for modeling face
appearance. In particular, temporal continuity can beéh&rrtharacterized using dynamics.
For example, facial expression and head movement when anduadl participates certain
activity result in structured changes in face appearanegpidiion of such structured change
(or dynamics) further regularizes FR.

3) [P3: 3D model]. This means that we are able to reconstruct 3D model from apgod
still images and a video sequence. Recognition can then leel lmasthe 3D model. Using
the 3D model provides possible invariance to pose and ilation.

Clearly, the first and third properties are shared by multgtlk images and video sequences.
The second property is solely possessed by video sequafifeewill elaborate these properties
in Section Il

The properties manifested in multiple still images and sidequences present new challenges
and opportunities. On one hand, by judiciously exploitihgse features, we can design new
recognition algorithms other than those of assembly natbrethe other hand, cares should be
exercised when exploiting these properties. In Sectionw¥,review various face recognition

approaches utilizing these properties in some sense. &Bnspeaking, the newly designed



algorithms are advantageous to the assembly ones in termesagnition performance, compu-
tational efficiency, etc.

Studying the recognition algorithms from the perspectivadditional properties is very ben-
eficial. First of all, we can easily categorize the algorighavailable in the literature accordingly.
Secondly, we can forecast (as in Section V) new approacletsctn be developed to realize
the full potentials of multiple still images or video seques.

There are two recent survey papers [12], [55] on FR in thedlitee. In [12], FR is in its early
age and none of the reviewed approaches was video-basesb]invideo-based recognition is
identified as one key topic. Even though it had been reviewdte gntensively, video-based
approaches were presented with no structure. For examplageo-based approaches were not
categorized. In this chapter, we attempt to bring out nevgiris through studying the three

additional properties. We proceed to the next section bgpiglating some basics of FR.

Il. BASICS OFFACE RECOGNITION

We begin this section by introducing three FR tasks: vetifica identification, and watch list.
We also address the concept of training, gallery, and preleand present various recognition

settings based on different types of inputs used in the iya#lad probe sets.

A. Veri cation, identi cation, and watch list

Face recognition mainly involves the following three taf&3]:

1) Verification. The recognition system determines if the query face imagktla@ claimed
identity match.

2) ldentification. The recognition system determines the identity of the qfecg image by
matching it with a database of images with known identiteessuming that the identity is
inside the database.

3) Watch list. The recognition system first determines if the identity @& tjuery face image
is on the stored watch list and, if yes, then identifies theviddal.

Figure 1 illustrates the above three tasks and correspgrstiatistics used for evaluation. Among

the three tasks, the watch list task is the most difficult driee present chapter focuses only on

the identification task.
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Fig. 1. Three FR tasks: verification, identification, watch list (courtesi.afPhillips [37]).

B. Gallery, probe, and training sets

We here follow a FR test protocol FERET [36] widely observedha FR literature. FERET
assumes availability of the following three sets, namelg tmaining set, one gallery set, and
one probe set. The gallery and probe sets are used in thegtestige. The gallery set contains
images with known identities and the probe set with unknayemiities. The algorithm associates
descriptive features with the images in the gallery and @re¢ts and determines the identities
of the probe images by comparing their associated featuitbstinose features associated with
gallery images.

According to the imagery utilized in the gallery and probé&ssee can define the following
nine recognition settings as in Table II. For instance,itigdill-to-Videosetting utilizes multiple
still images for each individual in the gallery set and a widequence for each individual in
the probe set. The FERET test investigated $B4ill-to-sStillrecognition setting and the Face
Recognition Grand Challenge studies three settissill-to-sStil] mStill-to-sStil] and mStill-
to-mStill



Proben Gallery A single still image| A group of still images| A video sequence
A single still image sStill-to-sStill mStill-to-sStill Video-to-sStill
A group of still images sStill-to-mSitill mSitill-to-mStill Video-to-mStill
A video sequence sStill-to-Video mStill-to-Video Video-to-Video
TABLE I

RECOGNITION SETTINGS BASED ON A SINGLE STILL IMAGEMULTIPLE STILL IMAGES AND A VIDEO SEQUENCE.

The need of a training set in addition to the gallery and predis is mainly motivated by
that fact that thesStill-to-sStillrecognition setting is used in the FERET. We illustrate tlsmg
a probabilistic interpretation of the still-image-base &Borithm exemplified by Eq. (1).

The following two conditions are assumed:

= All classes have the same prior probabilities, i.e.,
1/,(n):Nl;nzl;Z;:::;N: (8)
> Each class possesses a multivariate demityy) that shares a common functional fofm
of the quantityd(y; xI").
pMl(y) = f(d(y;x™); n=1;2::0;N: (9)
The densityf can have various forms. For example, it can be a normal gewsit a mean

x[" and an isotropic covariance matid#l,

R
ply) 1 expli L0 (10)

where the functiorf(t) / expfj %g andd(y;xM) = jjy i xMjj.
With these assumptions, we follow a maximum a posteriori flAlecision rule to perform

classification, i.e.,

Aih = arg max p(njy)=arg max ¥n)p"i(y)
= arg max p"(y)=arg min d(y;x"): (11)

The purpose of the training set is provided for the recognitlgorithm to learn the density
function f. For example, in subspace methods, the training set is wséghtn the projection

matrix P. Typically, the training set does not overlap with the galland probe sets in terms



of identity. This is based on that the same density funcfies used for all individuals and

generalization across the identities in the training arstirtg stages is possible.

IIl. PROPERTIES

The multiple still images and video sequence are differemifa single still image because
they possess additional properties not cherished by airs@ige. In particular, three properties
manifest themselves, which motivated various approackesntly proposed in the literature.

Below, we analyze the three properties one by one.

A. [P 1. Multiple observations]

This is the most commonly used feature of multiple still imagnd video sequence. If only
this property is concerned, a video sequence reduces taug ofastill images with the temporal
dimension stripped. In other words, every video frame iateé as a still image. Another implicit
assumption is that all face images are normalized beforgetitg to subsequent analysis.

The assembly algorithms utilize this property in a stréfigftard fashion. However, as men-
tioned earlier, the combining rules are ratred hog which leaves room for a systematic

exploration of this property. This leads to investigatiggtematic representations of multiple ob-

can be accordingly designed.
Various ways of summarizing multiple observations havenbpeoposed. We will review
detailed approaches in section IV, including [23], [24]3]5[50], [64], [65]. In terms of the

summarizing rules, these approaches can be grouped intcébegories.

invoked to produce multiple summary images;; ¥-; ::;; ¥, 0. In terms of recognition, we can
simply apply the still-image-based face recognition altpon based on} or f¢;¥%,; 5 ¥m0.
This applies to all nine recognition settings listed in Eabl

main advantage of using the matrix representation is thataverely on the rich literature of

!Here we assume that each imageis ‘vectorized'.



matrix analysis. For example, various matrix decompasg&ican be invoked to represent the
original data more efficiently. Metrics measuring simifarbetween two matrices can be used
for recognition.

This applies to thenStill-to-mStil] Video-to-mStilVideo-to-mStill and Video-to-Videaecog-
nition settings. Suppose that th# individual in the gallery set has a mati", we determine

the identity of of a probe matri¥ as

h=arg min  d(y;xX"); (12)

are regarded as independent realizations drawn from anrlymdgedistribution. PDF estimation
techniques such as parametric, semi-parametric, and a@metric methods [15] can be utilized
to learn the distribution.

In the mStill-to-mStil| Video-to-mStill Video-to-mStill andVideo-to-Videaecognition settings,
recognition can be performed by comparing distances betvirRizF’s, such as Bhattacharyya
and Chernoff distances, Kullback-Leibler divergence, amdrs. More specifically, suppose that

then™ individual in the gallery set has a PO@!(x), we determine the identity of a probe PDF

q(y) as
h=arg min  d(o(y);p"(x)):; (13)

whered is a probability distance function.

In the mStill-to-sStil) Video-to-sStill sStill-to-mStil] and sStill-to-Videosettings, recognition
becomes a hypothesis testing problem. For example, irs8t#i-to-mStill setting, if we can
summarize the multiple still images in query into a pdf, sfy), then recognition is to test

which gallery imagex!" is mostly likely to be generated by(y).

= [n]y.
N =arg n:rlr?gggN g(x™): (14)

Notice that this is different from thenStill-to-sStill setting, where each gallery object has a

densityp"l(y), then given a probe single still image recognition checks the following:

h=arg max p"y): (15)

Equation 15 is the same as the probabilistic interpretatfastill-image-based recognition, except

that the densityp!(y) for a differentn can have a different form. In such case, we in principle



no longer need a training set that is provided to learn thencont function in thesStill-to-sStill
setting.

4) Manifold: In this rule, face appearances of multiple observationshfarhighly nonlinear
manifold P. Manifold learning has recently attracted a lot of attemtiBxamples include [40],
[46].

After characterizing the manifold, FR reduces to (i) conmggatwo manifolds if we are in the
mStill-to-mSitil] Video-to-mSitill Video-to-mStill and Video-to-Videcsettings and (ii) comparing
distances from one data point to different manifolds if we ar the mSitill-to-sStil] Video-to-
sStill, sStill-to-mStil] and sStill-to-Videosettings.

For instance, in theVideo-to-Videosetting, galley videos are summarized into manifolds
fP [N:n=1;2;:::;Ng. For the probe video that is summarized into a manifQldits identity
is determined as

h=arg min d(Q;P™M); (16)

,,,,,,

whered calibrates the distance between two manifolds.

In the Video-to-sStillsetting, for the probe still imageg, its identity is determined as

h=arg min d(y;P"); (17)

whered calibrates the distance between a data point to a manifold.

B. [P2. Temporal continuity/Dynamics]

PropertyP 1 strips the temporal dimension available in the video segeien this property
P2, we bring back the temporal dimension and hence, the pypp2tonly holds for video
sequence.

Successive frames in a video sequence are continuous ierni@tal dimension. The conti-
nuity arising from dense temporal sampling is two-fold: thee movement is continuous and
the change in appearance is continuous.

Temporal continuity provides an additional constraint foodeling face appearance. For
example, smoothness of face movement is used in face tgackis mentioned earlier, it is
implicitly assumed that all face images are normalized teefdilization of the property 1 of

multiple observations. For the purpose of normalizatiacgefdetection is independently applied



on each image. When temporal continuity is available, tragkan be applied instead of detection
to perform normalization of each video frame.

Temporal continuity also plays an important role for redtgn. Recently psychophysical
evidence [25] reveals that moving faces are more recogleiz&bmputational approaches to
incorporating temporal continuity for recognition are iesved in section IV. In addition to
temporal continuity, face movement and face appearanee &dtlow certain dynamics. In other
words, changes in movement and appearance are not randaferdthnding dynamics is also

important for FR.

C. [P3: 3D model]

This means that we are able to reconstruct 3D model from apgobstill images and a video
sequence. This leads to the literature of light field remdgthat takes multiple still images as
input and structure from motion (SfM) that takes a video sege as input. Even though SfM
has been studied for more than two decades, current SfMiddgw are not reliable enough
for accurate 3D model reconstruction. Researchers ther@fcorporate or solely use prior 3D
face models (that are acquired beforehand) to derive thensdaction result. In principle, 3D
model provides the possibility of resolving pose and illnation variations.

The 3D model possesses two components: geometric and péintonGeometric component
describes the depth information of the face and photometmaponent depicts the texture map.
The SfM algorithm is more focused on recovering the geome&wmimponent, whereas the light
field rendering method is more on recovering the photometimponent.

Recognition can then be performed directly based on the 3Dembtbre specifically, for any
recognition setting, suppose that, galley individualssamamarized into 3D modefd ["l;n =
1;2;:::;Ng. For multiple observations of a probe individual that arenmarized into a 3D

model N, its identity is determined as

h=arg min d(N;M ); (18)

.....

whered calibrates the distance between two models.

For one probe still imagg, its identity is determined as

h=arg min dy;M™M); (19)



whered calibrates the cost of generating a data point from a model.
It is interesting to note that Face Recognition Grand Chadle(lgRGC) [1] also proposed
the challenge of comparing 3D face models but obtained frofasar scan not from a 3D

reconstruction algorithm.

IV. REVIEW

In this section, we review the FR approaches utilizing thee¢hproperties. Our review
mainly emphasizes the technical detail of the reviewed@gres. Other issues like recognition

performance, computational efficiency are also addressertever applicable.

A. Approaches utilizingP 1: Multiple observations]

Four rules of summarizing multiple observations have bemsented. In general, different
data representations are utilized to describe multipleesdasions and corresponding distance
functions based on the presentations are invoked for retmgn

1) One image or several imageRepresenting multiple observations into one image or skvera
images and then applying assembly recognition algorithraseasentially still-image-based and
hence approached along this line are not reviewed here.

2) Matrix: Yamaguchiel al. [53] proposed the so-calleblutual Subspace MethofMSM)
method. In this method, the matrix representation is usetithe similarity function between
two matrices is defined as the angle between two subspacdw ahatrices (also referred to
as principal angle or canonical correlation coefficieny)pgose that the columns of and Y

represent two subspackls andUy, the principle anglgt between the two subspaces is defined

as
uly
cosfy) = max max p——p——: (20)
u2Uy v2 ulu vlv

It can be shown that the principle angleis equal to the largest singular value of the matrix
U;r(Uy where Ux and Uy are orthogonal matrices encoding the column bases oXthed Y
matrices, respectively.

In general, the leading singular values of the matrib%Jy defines a series of principal

anglesf u.g’s.
g K9 T

u'v
cosfk) = max m

it Aanmdwm (21



subject to:
uTui:O;vTvizo; i=1;2:: ki Lt (22)
Yamaguchiel al. [53] recorded a database of 101 individuals posing vanaiio facial
expression and pose. They discovered that the MSM methodrie robust to noisy input image
or face normalization error than the still-image-basedhoetthat is referred to as conventional
subspace method (CSM) in [53]. As shown in Figure 2, the shityldunction of the MSM
method is more stable and consistent than that of the CSM mhetho

Z
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Fig. 2. Comparison between the CSM and MSM methods (reproduced Yesnaguchiel al. [53]).

Wolf and Shashua [50] extended computation of the princmglles into a nonlinear feature
spaceH called reproducing kernel Hilbert space (RKHS) [42] indudsda positive definite
kernel function. This kernel function represents an innerdpct between two vectors in the
nonlinear feature space that is mapped from the original dpaice (sayRY) via a nonlinear

mapping functionA. Suppose thax;y 2 R 9, the kernel function is

k(x;y) = Ax) TAy): (23)



This is called as ‘kernel trick’: once the kernel functikns specified, no explicit form of thA

is required. Therefore, as long as we are able to cast all otatipns into inner product, we can
invoke the ‘kernel trick’ to lift the original data space ta RKHS. Since the mapping function
A is nonlinear, the nonlinear characterization of the datactire is captured to some extent.
Popular choices for the kernel functidnare polynomial kernel, radial basis function (RBF)
kernel, neural network kernel, etc. Refer to [42] for theifimiéons.

Kernel principal angles between two matricésand Y are then based on their ‘kernelized’

Wolf and Shashua showed the computation using the ‘keriodd.tr

Another contribution of Wolf and Shashua [50] is that thegthar proposed a positive kernel
function taking matrix as input. Given such a kernel fungtitt can be readily plugged into
a classification scheme such as support vector machine (§¥2})to take advantage of the
SVM'’s discriminative power. Face recognition using mu#iptill images, coming from a tracked
sequence, were studied and the proposed kernel princigalsaslightly outperforms other non-
kernel versions.

Zhou [65] systematically investigated the kernel funcsidaking matrix as input (also referred

to as matrix kernels). More specifically, the following twanttions are kernel functions.
ke (% V) = tr (XTY); ko(X Y) = det(XTY); (24)

wheretr anddet are matrix trace and determinant. They are called as ma#e tand determi-
nant kernels. Using them as building blocks, Zhou [65] carcséd more kernels based on the

column basis matrix, the ‘kernelized’ matrix, and the cotubmasis matrix of the ‘kernelized’

matrix.
k(X Y) = tr (URUy); k(X Y) = det(URUy); (25)
Kae (X Y) = tr (AX) TACY)): Kao(X;Y) = det(A(X) TA(Y)): (26)
kuge 0% Y) = tr (Ul Usv)s KUso(X ) = det(U g Usey): (27)

3) Probability density function (PDF)Shakhnoaroviclet al.[43] proposed to use multivariate

normal density for summarizing face appearances and thiaaki-Leibler (KL) divergence or



relative entropy for recognition. The KL divergence betwé&&o normal densitiep, = N(* 1; 81)

andp, = N(* ,; 8,) can be explicitly computed as

]
- _ P1(X)
KL = [ d 28
(P4iipy) X p1(x)log 0,(X) X (28)
1 182

1 . . d
§|09(j§—1j + étr((lli 12)T§'21(11i 1,)+8185Y) o>

whered is the dimensionality of the data. One disadvantage of thedkirgence is that it is

asymmetric. To make it symmetric, one can use

1
. P1(X)
(P i py(x))log pi(X)

1 ) ) ) )
St (e 1 )T @It +850)(T0) 1) +8 18,1 +8,81) d:

Jo (P1; P2) dx = KL (pyjjp,) + KL (p,jipy) (29)

Shakhnoaroviclet al. [43] achieved better performance than the MSM approach lgaduchi
el al. [53] on a dataset including 29 subjects.

Other than the KL divergence, probabilistic distance mezssguch as Chernoff distance and
Bhattacharyya distance can be used too. The Chernoff distardefined and computed in the

case of normal density as:
(.

i logf XD(IDZ(X)D?l(X)dXQ (30)

1),g®81+ @83
2 181j®1j8 )%
where®, > 0,® > 0 and®, + ® = 1. When®, = ®, = 1=2, the Chernoff distance reduces

to the Bhattacharyya distance.

Je(p1;po)

1 )
SEE( i 1) [@i81+ @8] (tai 1o+

In [23], Jebara and Kondon proposed probability produché&efunction
(|

k(puip) = PLO)P(X)dX; 1> O (31)
Whenr = 1=2, the kernel functiork reduces to the so-called Bhattacharyya kernel since it is
related to the Bhattacharyya distance. When1l, the kernel functiork reduces to the so-called
expected likelihood kernel. In practice, we can simply use kernel functiork as a similarity
function.
However, the normal assumption can be ineffective when imgglaonlinear face appearance
manifold. To absorb the nonlinearity, mixture models or qpamametric densities are used in

practice. For such cases, one has to resort to numericabdeetbr computing the probabilistic



distances. Such computation is not robust since two apmaions are invoked: one in estimating
the density and the other one in evaluating the numericagjmat.

In [64], Zhou and Chellappa modeled the nonlinearity throagdiifferent approach: kernel
methods. As mentioned earlier, the essence of kernel metiso combine a linear algorithm
with a nonlinear embedding, which maps the data from their@igrector space to a nonlinear
feature space called reproducing kernel Hilbert space (RKBS8t, no explicit knowledge of
the nonlinear mapping function is needed as long as thevadotomputations can be cast
into inner product evaluations. Since a nonlinear funct®nsed, albeit in an implicit fashion,
Zhou and Chellappa[64] achieved a new approach to study thisseces and investigate their
uses in a different space. To be specific, analytic expressior probabilistic distances that
account for nonlinearity or high-order statistical chaeaistics of the data can be derived. On a
dataset involving 15 subjects presenting appearancespogh and illumination variations, the
probabilistic distance measures performed better than nloa-kernel counterparts.

Recently, Arandjelo\d and Cipolla [5] used resistor-average distance (RAD) foeeitlased

recognition.
RAD (py; p,) = (KL (paiipp)' * + KL (padipy) ) *: (32)

Further, computation of the RAD was conducted on the RKHS t@rébeonlinearity of face
manifold. Some robust techniques such as synthesizingasmég account for small localiza-
tion errors and RANSAC algorithms to reject outliers wereadticed to achieve improved
performance.

4) Manifold: Fitzgibbon and Zisserman [18] proposed to compute a jointifola distance
to cluster appearances. A manifold is captured by subspzalgsss which is fully specified by

a mean and a set of basis vectors. For example, a marifaien be represented as
P =1fm+ Bpuju 2 Ug (33)

wheremy, is the mean and, encodes the basis vectors. In addition, the authors invakate
transformation to overcome geometric deformation. Thetjmanifold distance betwedn and

Q is defined as

d(P;Q) = ur_{]/i_g_b KT(my+ Bou;a) i T(my+ qu;b)k2+ E(a)+ E(b)+ E(u)+ E(v); (34)



whereT (x;a) transforms image& using affine parametex andE (a) is the prior cost incurred
by invoking the parametea.

In experiments, Fitzgibbon and Zisserman [18] performetbraatic clustering of faces in
feature-length movies. To reduce the lighting effect, theefimages are high-passed filtered
before subjecting to clustering. The authors reportedgbatience-to-sequence matching presents
a dramatic computational speedup when compared with EErimnage-to-image matching.

Identity surface is a manifold, proposed by &i al. in [31], that depicts face appearances
presented in multiple poses. The pose is parameterizedyRyand tilt . Face image at®; 1)
is first fitted to a 3D point distribution model and an activgp@@rance model. After the pose
fitting, the face appearance is warped to a canonical viewduigle a pose-free representation
from which a nonlinear discriminatory feature vector isragted. Suppose that the feature vector
is denoted byf , the functionf (®; 1) defines the identity surface that is pose-parameterized. In
practice, since only a discrete set of views are availabie,identity surface is approximated
by piece-wise planes. The manifold distance between twofolda P = ff ,(®; g andQ =
ff 4(®; g is defined as

[ -
d(Q;P) = 0 uW(®; HA(f o(®; W T p(®; W) d®dp: (35)
wherew(®; 1) is a weight function.

A video sequence corresponds to a trajectory traced outeindémtity surface. Suppose that
video frames sample the pose spack&t 4 g, the following distance%: d(f (& ;1) T o(® 1))
is used for video-based FR. Figure 3 illustrated the identitlyface and trajectory. In the

experiments, 12 subjects were involved and a 100% recognéccuracy was achieved.

B. Approaches utilizingP 2: Temporal continuity/Dynamics]

Simultaneous tracking and recognition is an approach megdy Zhou and Chellappa
[56], [58] that systematically studied how to incorporaganporal continuity in video-based
recognition. Zhou and Chellappa modeled two tasks involradyely tracking and recognition, in
one probabilistic framework. A time series model is usedhwhe state vectdmn,; ) wheren; is
the identity variable ang is the tracking parameter, and the observayip(i.e. the video frame).
The time series model is fully specified by the state tramsigirobabilityp(n; tjn:; 1; ; 1) and

the observational likelihoo@(y jik; Nt)-
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Fig. 3. Identity surface and trajectory. Video-based face recognitdnaes to matching two trajectories on identity surfaces
(reproduced from Ll al. [31]).

The task of recognition is to compute the posterior recagmiprobability p(n¢jyq:) where

embedded in the model, one can easily derive:

(Y ne; K)P(NeNe; 1) P(KIM; 1)
P(Yt}Yo; 1)

E—p0sins; 1s)P(NsjNs; 1) P(ksibsi 1)

P(Nox; Mo:tJYor) =  P(No; 15 Mot Y ot; 1)

= No; Loj .
p( ° UOJYo) s=1 p(Ys]yO:si 1)
. . l@sns HNs j ni . i .
— p(nOJyo)p(Lbeo) J S HS)+( S.I S 1)p(Us“Js l). (36)
s=1 P(YsiYosi 1)

Therefore, by marginalizing ovgp.: andng.; 1, one obtains

A =l _
Fo He s=1 p(ysjyo:si 1)

Thusp(n; = ljyo:) is determined by the prior distributigp(ng = ljy,) and the product of the

Ve [ V3% (37)

likelihood functions, Ii‘p(ysjl; Ms). If a uniform prior is assumed, therlﬁI p(ysjl; Ks) is the

only determining factor which accumulates the evidence.

2A dummy observatiory, is introduced for convenience in notation.
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tracking results indicated by the box and the posterior probalg(itujy o.)-

As this model is nonlinear with non-Gaussian noise, thetjpmsterior distribution of the
motion vector and the identity variable is approximated athetime instant using a compu-
tationally efficient sequential importance sampling (Sé®)orithm and then propagated to the
next time instant. Marginalization over the motion vectmigs a robust estimate of the posterior
distribution of the identity variable. Empirical results m Figure 4 demonstrate that, due to the
propagation of the identity variable over time, a degemecandition in the posterior probability
of the identity variable is achieved to obtain improved ggution.

In the experiments reported in [58], using a database of Bfésts whose appearances present
in the probe videos are very different from those in the gglleet, simultaneous tracking
and recognition achieved improvement in both tracking eamuand recognition performance,
compared with pure tracking and still-image-based redamiThe proposed framework in [58]
is rather general and accommodates various model choibeanore effective the model choices
are, the better performance in tracking and recognitiorxgeeted. In the work of Zhoet al.
[59], the enhanced tracking and recognition models arekiestdo handle a challenging dataset
with abounding pose and illumination variations which atljufails the earlier approach [58].

In Zhou and Chellappa [56], the gallery consists of one stilhge per individual. Krueger



and Zhou [26], [58] extended the approach in [56] to handtke@isequence in the gallery set.
Representative exemplars are learned from the gallery vs@epences to depict individuals.
Then simultaneous tracking and recognition [56] was indoteehandle video sequences in the
probe set. Li and Chellappa [30] also proposed an approackwbat similar to [56]. In [30],
only tracking was implemented using SIS and recognitiorrecavere subsequently derived
based on tracking results. A detailed comparison betwe&hgbd [30] is found in [57].

Lee et al. [28] performed video-based face recognition using prdistici appearance man-
ifolds. The main motivation is to model appearances undee p@riation, i.e., a generic ap-
pearance manifold consists of several pose manifolds.eS#ach pose manifold is represented
using a linear subspace, the overall appearance manifagpsoximated by piecewise linear
subspaces. The learning procedure is based on face exsmegtesicted from a video sequence.
K-means clustering is first applied and then for each clugtercipal component analysis is
used for a subspace characterization.

In addition, the transition probabilities between pose ifiodats are also learned. The temporal
continuity is directly captured by the transition probétak. In general, the transition probabili-
ties between neighboring poses (such as frontal pose tpds#) are higher than those between
far-apart poses (such as left pose to right pose). Recogratgn reduces to computing posterior
distribution.

In experiments, Leet al. compared three methods that use temporal informationreiitey:
the proposed method with learned transition matrix, the@gsed method with uniform transition
matrix (meaning that temporal continuity is lost), and ni&ovoting. The proposed method with
learned transition matrix achieved a significantly beterfgrmance than the other two methods.

Liu and Chen [32] proposed to use adaptive hidden Markov m@d#MM) to depict the
dynamics. HMM is a statistical tool to model time series. &lsyy HMM is denoted by, =
(A; B;¥), whereA is the state transition probability matrii, is the observation PDF, arigis

the initial state distribution. Given a probe video sequeYicits identity is determined as

n=arg max = p(Yj, n); (38)

where p(Yj, ) is the likelihood of observing the video sequen¢egiven the model, . In
addition, when certain contains hold, HMM, was adapted to accommodate the appearance

changes in the probe video sequence that results in bettdelmg over time. Experimental



results on various datasets demonstrated advantages ptfvaddMM.
Aggarwal et al. [4] proposed a system identification approach for videedasR. The face
sequence is treated as a first-order auto-regressive anthgnaveraging (ARMA) random

process.
i1 = Ak + Ve Y= G+ (39)

wherev; » N (0;Q andw » N (0;R). System identification is equivalent to estimating the

each video sequence is associated with its parameters)-toedddeo recognition uses various
distance metrics constructed based on the parametersiditrgrexperimental results (over 90%)
were reported when significant pose and expression vargatce present in the video sequences.
Facial expression analysis is also related to temporalimabt/dynamics, but not directly
related to FR. Examples of expression analysis include fB]].[A review of face expression

analysis is beyond the scope of this chapter.

C. Approaches utilizingP 3: 3D model]

There is a large body of literature on SfM. However, the aur8fM algorithms cannot
reconstruct the 3D face model reliably. There are threecdiffes in the SfM algorithm. The
first lies in the ill-posed nature of the perspective cameoaehthat results in instability of the
SfM solution. The second is that face model is not a trulydrigiodel especially when the face
presents facial expression and other deformations. Thediffewulty is related to the input to
the SfM algorithm. This is usually a sparse set of featuratsgprovided by a tracking algorithm
that itself has its own flaw. Interpolation from a sparse defeature points to a dense set is
very inaccurate.

To relieve the first difficulty, orthographic and parapertpwe models are used to approximate
the perspective camera model. Under such approximate s)dtiel ill-posed problem becomes
well-posed. In Tomasi and Kanade [45], the orthographic ehedre used and a matrix factor-
ization principle was discovered. The factorization piphe was extended to the paraperspective
camera model in Poelman and Kanade [38]. Factorization rumgleertainty was considered in
[10], [22].

The second difficulty is often resolved by imposing a subspamstraint on the face model.

Bregleret al. [11] proposed to regularize the nonrigid face model by ushgglinear constrain.



Fig. 5. Nonrigid shape and motion recovery. (a)(d) Input imagege)tReconstructed face shapes seen from novel views.
(c)(f) The wireframe models demonstrate the recovered faciarahefiions such as mouth opening and eye closure. (Courtesy

of J. Xiao.

It was shown that factorization can be still be obtained. Brid®] considered such factorization
under uncertainty. Xiaet al. [51] discovered a closed form solution to nonrigid shape and
motion recovery. Figure 5 shows the recovered face modetEnaa by Xiaoet al. [51].

From sparse to dense is always a difficult task. To overcorise dhdense face model is used
instead of interpolation. However, the dense face modehig a generic model and hence not
appropriate for a specific individual. Bundle adjustment][]84] is a method that adjust the
generic model directly to accommodate the video obsematoy-Chowdhury and Chellappa
[41] took a different approach to combine the 3D face modebvered from the SfM algorithm
with the generic prior face model.

The SfM algorithm mainly recovers the geometric componenthe face model, i.e., the
depth value of every pixel. Its photometric component is/elgi set to the appearance in one
reference video frame. Image-based rendering method, emwttrer hand, directly recover the
photometric component of the 3D model. Light field rendef@d)], [29] in fact bypass the stage
of recovering the photometric of the 3D model but rather vecdhe novel views directly. The



light field rendering methods [21], [29] relax the requirerhef calibration by a fine quantization
of the pose space and recover a novel view by sampling theireaptdata that form the so-
called light field. The ‘eigen’ light field approach developby Grosset al. [20] assumes a

subspace assumption of the light field. In Zhou and Chellag2d fthe light field subspace

and the illumination subspace are combined to arrive atiadait analysis. Figure 6 shows the
rendered images at different views and light conditionsotAar line of research relate to 3D
model recovery is the visual hull methods [27], [33]. But, thsual hull method assumes that
the shape of the object is convex, which is not always salidfie the human face, and also
requires accurate calibration information. Direct use isual hull for FR is not found in the

literature.

To characterize both the geometric and photometric comyera the 3D face model, Blanz
and Vetter [9] fitted a 3D morphable model to a single still ggaThe 3D morphable model
uses a linear combination of dense 3D models and a linear ioatidn of texture maps. In
principle, the 3D morphable model can be fitted to multipleg®es. The 3D morphable model
can be thought of an extension of 2D active appearance mb8gtd 3D, but the 3D morphable
model uses dense 3D models. Xiabal. [52] proposed to combine a linear combination of 3D
sparse model and a 2D appearance model.

Although there are a lot of interests in recovering the 3D ehothere are few approach
performing FR directly using the 3D model. Blanz and Vettgrif@plicitly did so by using the

combining coefficients for recognition.

V. FORECAST

In the Section IV, we have reviewed the approaches thazetihe three properties. Although
they usually achieved good recognition performance, treyeltheir own assumptions or lim-
itations. For example, the Gaussian distribution used iakBhoarovichet al. [43] is easily
violated by pose and illumination variations. The hiddenrkéa model used in Liu and Chen
[32] poses a strong constraint on the change of face appssathat is not satisfied by video
sequences that contain an arbitrarily moving face.

In this section, we forecast possible new approaches. Thege approaches either arise
from new representation for more than one still image orrektihe capability of the existing

approaches.
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Fig. 6. The reconstruction results using the approach in Zhou and CpalI[6@]. Note that only the images for the rag,

are used for reconstructing all images here.

A. New representation

In the matrix representation, multiple observations a@das using a matrix. In other words,
each observation is an image that is ‘vectorized’. The @ezation’ operator ignores the spatial
relationship of the pixels.

To fully characterize the spatial relationship, a tensar ba used in lieu of matrix. Here, a
tensor is understood as a 3-D array. Tensor representatiosed in Vasilescu and Terzopoulos
[49] to learned a generic model of the face appearance fdmualians, at different views, and

under different illuminating conditions, etc. Howeverhgoaring two tensors is not investigated



in the literature.

In principle, the PDF representation is very general. Buhedéxperiment, a certain parametric
form is assumed without justification such as in Shakhnaehost al. [43]. Other PDF forms
can be employed. The key is to find an appropriate densitycdmatdepict the face appearance.
The same problem happens to the manifold description. Wehativance of manifold modeling,

FR based on manifold can be improved too.

B. Using the training set

The training set is usually used to provide a generic modetih face appearances of all
humans. While the images in the gallery set is related to aivithahlized modeling of face
appearance belonging to the same person. If there is enaugban of observations, one can
build an accurate model of the face for each individual inghkery set and hence the knowledge
of the training set is not necessary. If the number of imagew®t sufficiently large, one should
combine the knowledge of generic modeling with the indialized modeling to describe the

identity signature.

C. 3D model comparison

As mentioned in Section IV-C, comparison between two 3D n®dels not been fully
investigated yet. In particular, direct comparison of teemetric component of the 3D model is
rather difficult because the correspondence between two Giels cannot be easily established.

Current approaches [52] warp the model to frontal view andhesérontal 2D face appearance
for recognition. However, these approaches are very sensd illumination variation. Gener-
alized photometric stereo [60] can be incorporated intsehapproaches for a more accurate
model.

The most sophisticated 3D model is to use a statistical geger. In other words, both the
geometric componerg and the texture componehthave their distributions, sayg) andp(f ),
respectively. Such distributions can be learned from thédtiphe: still images/video sequence.

Probabilistic matching can then be applied for FR.

D. Utilizing more than one property

Most of the approaches reviewed in Section IV utilize onlye cof the three properties.

However, these properties are not contradictory in theesédmat more than one property can be



unified to achieve further improvements.

Probabilistic identity characterization proposed by Zlama Chellappa [63] is an instance of
integrating the propertieB1 andP 2. In Zhou and Chellappa [63], FR from multiple still images
and FR from video sequences are unified in one framework.

Statistical 3D model is a combination of the propertiets and P 3, where the PDF part of
the propertyP 1 is used.

VI. CONCLUSIONS

We have presented the emerging literature on FR using mareathe still image, e.g., multiple
still images or video sequence. In a degenerate manner, dfR ritore than one image can be
reduced to recognition based on a single still image. Suehtrtrent ignores the properties
additionally possessed by more than one image. We have alposed three properties that are
widely used in the literature, nametyultiple observationgemporal continuity/dynami¢cand3D
model We have then reviewed the approaches utilizing the threigegpties and forecasted feasible

approaches that could realize the full potentials of midtgtill images or video sequences.
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