
Beyond One Still Image: Face Recognition from Multiple Still
Images or Video Sequence

Shaohua Kevin Zhou1 and Rama Chellappa2

1Integrated Data Systems Department

Siemens Corporate Research, Princeton, NJ 08540

Email: f kzhoug@scr.siemens.com

2Center for Automation Research and

Department of Electrical and Computer Engineering

University of Maryland, College Park, MD 20742

Email: f ramag@cfar.umd.edu

Abstract

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

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

a video sequence is an emerging topic. Although a group of still images or a video sequence

can be treated as a single still image in a degenerate manner,additional properties are present

in multiple still images and/or video sequences. In this chapter, we summarize three properties

manifested in multiple still images and/or video sequence.Then we review recently proposed

approaches utilizing the manifested properties. Finally,we forecast feasible approaches that

could realize the full potentials of multiple still images or video sequences.

Index Terms

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

from video, statistical analysis.



I. I NTRODUCTION

While face recognition (FR) from a single still image has been extensively studied over a

decade, FR based on a group of still images (also referred to as multiple still images) or a

video sequence is an emerging topic. This is mainly evidenced by the growing increase in the

literature. For instance, a research initiative called Face Recognition Grand Challenge [1] has

been organized. One specific challenge directly addresses the use of multiple still images that

is reportedly to improve the recognition accuracy significantly [3]. Recently a workshop jointly

held with CVPR 2004 was devoted to face processing in video [2]. It is predictable that with

the ubiquity of video sequences, face recognition based on video sequences will become more

and more popular.

It is obvious that multiple still images or a video sequence can be regarded as a single still

image in a degenerate manner. More specifically, suppose that we have a single-still-image-

based FR algorithmA (or the base algorithm) by some means, we can construct an assembly

recognition algorithm based on multiple still images or a video sequence by combining multiple

base algorithms denoted byA i ’s. EachA i takes a different single imagey i as input, coming from

the multiple still images or video sequences. The combiningrule can be additive, multiplicative,

and so on.

Here is a concrete example of such construction. Suppose that the still-image-based FR uses

the nearest distance classification rule, the recognition algorithm A performs the following:

A : n̂ = arg min
n=1 ;2;:::;N

d(y; x [n]); (1)

whereN is the number of individuals in the gallery set,d is the distance function,x [n] represents

the nth individual in the gallery set, andy is the probing single still image. Equivalently, the

distance function can be replaced by a similarity functions. The recognition algorithm becomes:

A : n̂ = arg max
n=1 ;2;:::;N

s(y; x [n]): (2)

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

The common choices ford include the following:

² Cosine angle:

d(y; x [n]) = 1 ¡ cos(y; x [n]) = 1 ¡
yTx [n]

jj y jj ¢ jjx [n]jj
(3)



² Distance in subspace:

d(y; x [n]) = jjPTf y ¡ x [n]gjj2 = f y ¡ x [n]gTPPTf y ¡ x [n]g; (4)

whereP is a subspace projection matrix. Some common subspace methods include principal

component analysis (a.k.a. eigenface [48]), linear discriminant analysis (a.k.a Fisherface [7],

[17], [54]), independent component analysis [6], local feature analysis [35], intrapersonal

subspace [34], [61] etc.

² ‘Generalized’ Mahanalobis distance:

k(y; x [n]) = f y ¡ x [n]gTWf y ¡ x [n]g; (5)

where theWmatrix plays a weighting role. IfW= PPT, then the ‘generalized’ Mahanalobis

distance reduces to the distance in subspace. IfW= § ¡ 1 with § being a covariance matrix,

then the ‘generalized’ Mahanalobis distance reduces to theregular Mahanalobis distance.

Using the base algorithmA defined in (1) as a building block, we can easily construct various

assembly recognition algorithms [16] based on a group of still images and a video sequence. By

denoting a group of still images and a video sequence byf y t ; t = 1; 2; :::; Tg, the recognition

algorithmA t for y t is simply

A t : n̂ = arg min
n=1 ;2;:::;N

d(y t ; x [n]): (6)

Some commonly used combining rules are listed in Table I.

Method Rule

Minimum arithmetic mean n̂ = arg min n=1,2,...,N
1
T

∑T
t=1 d(y t; x [n])

Minimum geometric mean n̂ = arg min n=1,2,...,N
T
√∏T

t=1 d(y t; x [n])

Minimum median n̂ = arg min n=1,2,...,N f medt=1,2,...,T d(y t; x [n])g

Minimum minimum n̂ = arg min n=1,2,...,N f mint=1,2,...,T d(y t; x [n])g

Majority voting n̂ = arg maxn=1,2,...,N
∑T

t=1 J[A t(y) == n]

TABLE I

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

In the above, thenth individual in the gallery set is represented by a single still image x [n].

This can be generalized to use multiple still images or a video sequencef x [n]
s ; s = 1; 2; : : : ; K sg.



Similarly, the resulting assembly algorithm is to combine the base algorithms denoted byA ts ’s:

A ts : n̂ = arg min
n=1 ;2;:::;N

d(y t ; x [n]
s ): (7)

Even though the assembly algorithms might work well in practice, clearly, the overall recog-

nition performance of the assembly algorithm is solely based on the base algorithm and hence

designing the base algorithmA (or the similarity functionk) is of ultimate importance. Therefore,

the assembly algorithms completely neglect additional properties possessed by multiple still

images or video sequences.

Three additional properties are available for multiple still images and/or video sequences:

1) [P1: Multiple observations]. This property is directly utilized by the assembly algorithms.

One main disadvantage of the assembly algorithms is thead hoccombining rule. However,

theoretic analysis based on multiple observations can be derived.

2) [P2: Temporal continuity/Dynamics]. Successive frames in the video sequences are

continuous in the temporal dimension. Such continuity, coming from facial expression,

geometric continuity related to head and/or camera movement, or photometric continuity

related to changes in illumination, provides an additionalconstraint for modeling face

appearance. In particular, temporal continuity can be further characterized using dynamics.

For example, facial expression and head movement when an individual participates certain

activity result in structured changes in face appearance. Depiction of such structured change

(or dynamics) further regularizes FR.

3) [P3: 3D model]. This means that we are able to reconstruct 3D model from a group of

still images and a video sequence. Recognition can then be based on the 3D model. Using

the 3D model provides possible invariance to pose and illumination.

Clearly, the first and third properties are shared by multiplestill images and video sequences.

The second property is solely possessed by video sequences.We will elaborate these properties

in Section III.

The properties manifested in multiple still images and video sequences present new challenges

and opportunities. On one hand, by judiciously exploiting these features, we can design new

recognition algorithms other than those of assembly nature. On the other hand, cares should be

exercised when exploiting these properties. In Section IV,we review various face recognition

approaches utilizing these properties in some sense. Generally speaking, the newly designed



algorithms are advantageous to the assembly ones in terms ofrecognition performance, compu-

tational efficiency, etc.

Studying the recognition algorithms from the perspective of additional properties is very ben-

eficial. First of all, we can easily categorize the algorithms available in the literature accordingly.

Secondly, we can forecast (as in Section V) new approaches that can be developed to realize

the full potentials of multiple still images or video sequences.

There are two recent survey papers [12], [55] on FR in the literature. In [12], FR is in its early

age and none of the reviewed approaches was video-based. In [55], video-based recognition is

identified as one key topic. Even though it had been reviewed quite intensively, video-based

approaches were presented with no structure. For example, all video-based approaches were not

categorized. In this chapter, we attempt to bring out new insights through studying the three

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

II. BASICS OFFACE RECOGNITION

We begin this section by introducing three FR tasks: verification, identification, and watch list.

We also address the concept of training, gallery, and probe sets and present various recognition

settings based on different types of inputs used in the gallery and probe sets.

A. Veri�cation, identi�cation, and watch list

Face recognition mainly involves the following three tasks[37]:

1) Verification. The recognition system determines if the query face image and the claimed

identity match.

2) Identification. The recognition system determines the identity of the queryface image by

matching it with a database of images with known identities,assuming that the identity is

inside the database.

3) Watch list. The recognition system first determines if the identity of the query face image

is on the stored watch list and, if yes, then identifies the individual.

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

the three tasks, the watch list task is the most difficult one.The present chapter focuses only on

the identification task.



Fig. 1. Three FR tasks: verification, identification, watch list (courtesy ofP.J.Phillips [37]).

B. Gallery, probe, and training sets

We here follow a FR test protocol FERET [36] widely observed inthe FR literature. FERET

assumes availability of the following three sets, namely one training set, one gallery set, and

one probe set. The gallery and probe sets are used in the testing stage. The gallery set contains

images with known identities and the probe set with unknown identities. The algorithm associates

descriptive features with the images in the gallery and probe sets and determines the identities

of the probe images by comparing their associated features with those features associated with

gallery images.

According to the imagery utilized in the gallery and probe sets, we can define the following

nine recognition settings as in Table II. For instance, themStill-to-Videosetting utilizes multiple

still images for each individual in the gallery set and a video sequence for each individual in

the probe set. The FERET test investigated thesStill-to-sStill recognition setting and the Face

Recognition Grand Challenge studies three settings:sStill-to-sStill, mStill-to-sStill, 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-mStill mStill-to-mStill Video-to-mStill

A video sequence sStill-to-Video mStill-to-Video Video-to-Video

TABLE II

RECOGNITION SETTINGS BASED ON A SINGLE STILL IMAGE, MULTIPLE STILL IMAGES AND A VIDEO SEQUENCE.

The need of a training set in addition to the gallery and probesets is mainly motivated by

that fact that thesStill-to-sStillrecognition setting is used in the FERET. We illustrate this using

a probabilistic interpretation of the still-image-base FRalgorithm exemplified by Eq. (1).

The following two conditions are assumed:

² All classes have the same prior probabilities, i.e.,

¼(n) =
1
N

; n = 1; 2; : : : ; N: (8)

² Each class possesses a multivariate densityp[n](y) that shares a common functional formf

of the quantityd(y; x [n]).

p[n](y) = f(d(y; x [n])) ; n = 1; 2; : : : ; N: (9)

The densityf can have various forms. For example, it can be a normal density with a mean

x [n] and an isotropic covariance matrix¾2I,

p[n](y) / expf¡
jjy ¡ x [n]jj 2

2¾2
g; (10)

where the functionf(t) / expf¡ t2

2¾2 g andd(y; x [n]) = jjy ¡ x [n]jj .

With these assumptions, we follow a maximum a posteriori (MAP) decision rule to perform

classification, i.e.,

A : n̂ = arg max
n=1 ;2;:::;N

p(njy) = arg max
n=1 ;2;:::;N

¼(n)p[n](y)

= arg max
n=1 ;2;:::;N

p[n](y) = arg min
n=1 ;2;:::;N

d(y; x [n]): (11)

The purpose of the training set is provided for the recognition algorithm to learn the density

function f. For example, in subspace methods, the training set is used to learn the projection

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



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

generalization across the identities in the training and testing stages is possible.

III. PROPERTIES

The multiple still images and video sequence are different from a single still image because

they possess additional properties not cherished by a stillimage. In particular, three properties

manifest themselves, which motivated various approaches recently proposed in the literature.

Below, we analyze the three properties one by one.

A. [P1: Multiple observations]

This is the most commonly used feature of multiple still images and video sequence. If only

this property is concerned, a video sequence reduces to a group of still images with the temporal

dimension stripped. In other words, every video frame is treated as a still image. Another implicit

assumption is that all face images are normalized before subjecting to subsequent analysis.

The assembly algorithms utilize this property in a straightforward fashion. However, as men-

tioned earlier, the combining rules are ratherad hoc, which leaves room for a systematic

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

servationsf y1; y2; : : : ; yT g. Once an appropriate representation is fixed, a recognitionalgorithm

can be accordingly designed.

Various ways of summarizing multiple observations have been proposed. We will review

detailed approaches in section IV, including [23], [24], [53], [50], [64], [65]. In terms of the

summarizing rules, these approaches can be grouped into four categories.

1) One image or several images:Multiple observationsf y1; y2; : : : ; yT g are summarized into

one imageŷ or several imagesf ŷ1; ŷ2; :::; ŷmg (with m < T ). For instance, one can use the

mean or the median off y1; y2; : : : ; yT g as the summary imagêy . Clustering techniques can be

invoked to produce multiple summary imagesf ŷ1; ŷ2; :::; ŷmg. In terms of recognition, we can

simply apply the still-image-based face recognition algorithm based on̂y or f ŷ1; ŷ2; :::; ŷmg.

This applies to all nine recognition settings listed in Table II.

2) Matrix: Multiple observationsf y1; y2; : : : ; yT g form a matrix1 Y = [ y1; y2; : : : ; yT ]. The

main advantage of using the matrix representation is that wecan rely on the rich literature of

1Here we assume that each imagey i is ‘vectorized’.



matrix analysis. For example, various matrix decompositions can be invoked to represent the

original data more efficiently. Metrics measuring similarity between two matrices can be used

for recognition.

This applies to themStill-to-mStill, Video-to-mStill,Video-to-mStill, andVideo-to-Videorecog-

nition settings. Suppose that thenth individual in the gallery set has a matrixX[n], we determine

the identity of of a probe matrixY as

n̂ = arg min
n=1 ;2;:::;N

d(Y; X[n]); (12)

whered is a matrix distance function.

3) Probability density function (PDF):In this rule, multiple observationsf y1; y2; : : : ; yT g

are regarded as independent realizations drawn from an underlying distribution. PDF estimation

techniques such as parametric, semi-parametric, and non-parametric methods [15] can be utilized

to learn the distribution.

In themStill-to-mStill, Video-to-mStill, Video-to-mStill, andVideo-to-Videorecognition settings,

recognition can be performed by comparing distances between PDF’s, such as Bhattacharyya

and Chernoff distances, Kullback-Leibler divergence, and so on. More specifically, suppose that

thenth individual in the gallery set has a PDFp[n](x), we determine the identity of a probe PDF

q(y) as

n̂ = arg min
n=1 ;2;:::;N

d(q(y); p[n](x)) ; (13)

whered is a probability distance function.

In the mStill-to-sStill, Video-to-sStill, sStill-to-mStill, andsStill-to-Videosettings, recognition

becomes a hypothesis testing problem. For example, in thesStill-to-mStill setting, if we can

summarize the multiple still images in query into a pdf, sayq(y), then recognition is to test

which gallery imagex [n] is mostly likely to be generated byq(y).

n̂ = arg max
n=1 ;2;:::;N

q(x [n]): (14)

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

densityp[n](y), then given a probe single still imagey , recognition checks the following:

n̂ = arg max
n=1 ;2;:::;N

p[n](y): (15)

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

that the densityp[n](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 the common f function in thesStill-to-sStill

setting.

4) Manifold: In this rule, face appearances of multiple observations form a highly nonlinear

manifold P . Manifold learning has recently attracted a lot of attention. Examples include [40],

[46].

After characterizing the manifold, FR reduces to (i) comparing two manifolds if we are in the

mStill-to-mStill, Video-to-mStill, Video-to-mStill, andVideo-to-Videosettings and (ii) comparing

distances from one data point to different manifolds if we are in themStill-to-sStill, Video-to-

sStill, sStill-to-mStill, andsStill-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 manifoldQ, its identity

is determined as

n̂ = arg min
n=1 ;2;:::;N

d(Q; P [n]); (16)

whered calibrates the distance between two manifolds.

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

n̂ = arg min
n=1 ;2;:::;N

d(y; P [n]); (17)

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

B. [P2: Temporal continuity/Dynamics]

PropertyP1 strips the temporal dimension available in the video sequence. In this property

P2, we bring back the temporal dimension and hence, the property P2 only holds for video

sequence.

Successive frames in a video sequence are continuous in the temporal dimension. The conti-

nuity arising from dense temporal sampling is two-fold: theface movement is continuous and

the change in appearance is continuous.

Temporal continuity provides an additional constraint formodeling face appearance. For

example, smoothness of face movement is used in face tracking. As mentioned earlier, it is

implicitly assumed that all face images are normalized before utilization of the propertyP1 of

multiple observations. For the purpose of normalization, face detection is independently applied



on each image. When temporal continuity is available, tracking can be applied instead of detection

to perform normalization of each video frame.

Temporal continuity also plays an important role for recognition. Recently psychophysical

evidence [25] reveals that moving faces are more recognizable. Computational approaches to

incorporating temporal continuity for recognition are reviewed in section IV. In addition to

temporal continuity, face movement and face appearance often follow certain dynamics. In other

words, changes in movement and appearance are not random. Understanding dynamics is also

important for FR.

C. [P3: 3D model]

This means that we are able to reconstruct 3D model from a group of still images and a video

sequence. This leads to the literature of light field rendering that takes multiple still images as

input and structure from motion (SfM) that takes a video sequence as input. Even though SfM

has been studied for more than two decades, current SfM algorithms are not reliable enough

for accurate 3D model reconstruction. Researchers therefore incorporate or solely use prior 3D

face models (that are acquired beforehand) to derive the reconstruction result. In principle, 3D

model provides the possibility of resolving pose and illumination variations.

The 3D model possesses two components: geometric and photometric. Geometric component

describes the depth information of the face and photometriccomponent depicts the texture map.

The SfM algorithm is more focused on recovering the geometric component, whereas the light

field rendering method is more on recovering the photometriccomponent.

Recognition can then be performed directly based on the 3D model. More specifically, for any

recognition setting, suppose that, galley individuals aresummarized into 3D modelsfM [n]; n =

1; 2; : : : ; Ng. For multiple observations of a probe individual that are summarized into a 3D

modelN , its identity is determined as

n̂ = arg min
n=1 ;2;:::;N

d(N ; M [n]); (18)

whered calibrates the distance between two models.

For one probe still imagey , its identity is determined as

n̂ = arg min
n=1 ;2;:::;N

d(y; M [n]); (19)



whered calibrates the cost of generating a data point from a model.

It is interesting to note that Face Recognition Grand Challenge (FRGC) [1] also proposed

the challenge of comparing 3D face models but obtained from alaser scan not from a 3D

reconstruction algorithm.

IV. REVIEW

In this section, we review the FR approaches utilizing the three properties. Our review

mainly emphasizes the technical detail of the reviewed approaches. Other issues like recognition

performance, computational efficiency are also addressed wherever applicable.

A. Approaches utilizing[P1: Multiple observations]

Four rules of summarizing multiple observations have been presented. In general, different

data representations are utilized to describe multiple observations and corresponding distance

functions based on the presentations are invoked for recognition.

1) One image or several images:Representing multiple observations into one image or several

images and then applying assembly recognition algorithms are essentially still-image-based and

hence approached along this line are not reviewed here.

2) Matrix: Yamaguchiel al. [53] proposed the so-calledMutual Subspace Method(MSM)

method. In this method, the matrix representation is used and the similarity function between

two matrices is defined as the angle between two subspaces of the matrices (also referred to

as principal angle or canonical correlation coefficient). Suppose that the columns ofX and Y

represent two subspacesUX andUY, the principle angleµ between the two subspaces is defined

as

cos(µ) = max
u2UX

max
v2UY

uTv
p

uTu
p

vTv
: (20)

It can be shown that the principle angleµ is equal to the largest singular value of the matrix

UT
XUY whereUX and UY are orthogonal matrices encoding the column bases of theX and Y

matrices, respectively.

In general, the leading singular values of the matricesUT
XUY defines a series of principal

anglesf µkg’s.

cos(µk) = max
u2UX

max
v2UY

uTv
p

uTu
p

vTv
(21)



subject to:

uTui = 0; vTv i = 0; i = 1; 2; : : : ; k ¡ 1: (22)

Yamaguchiel al. [53] recorded a database of 101 individuals posing variation in facial

expression and pose. They discovered that the MSM method is more robust to noisy input image

or face normalization error than the still-image-based method that is referred to as conventional

subspace method (CSM) in [53]. As shown in Figure 2, the similarity function of the MSM

method is more stable and consistent than that of the CSM method.

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

Wolf and Shashua [50] extended computation of the principalangles into a nonlinear feature

spaceH called reproducing kernel Hilbert space (RKHS) [42] inducedby a positive definite

kernel function. This kernel function represents an inner product between two vectors in the

nonlinear feature space that is mapped from the original data space (sayR d) via a nonlinear

mapping functionÁ. Suppose thatx; y 2 R d, the kernel function is

k(x; y) = Á(x)TÁ(y): (23)



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

is required. Therefore, as long as we are able to cast all computations into inner product, we can

invoke the ‘kernel trick’ to lift the original data space to an RKHS. Since the mapping function

Á is nonlinear, the nonlinear characterization of the data structure is captured to some extent.

Popular choices for the kernel functionk are polynomial kernel, radial basis function (RBF)

kernel, neural network kernel, etc. Refer to [42] for their definitions.

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

versionsÁ(X) andÁ(Y). A ‘kernelized’ matrixÁ(X) of X = [ x1; x2; : : : ; xn ] is defined asÁ(X) =

[Á(x1); Á(x2); : : : ; Á(xn )]. The key is to evaluate the matrixUT
Á(X)UÁ(Y) defined in RKHS. In [50],

Wolf and Shashua showed the computation using the ‘kernel trick’.

Another contribution of Wolf and Shashua [50] is that they further proposed a positive kernel

function taking matrix as input. Given such a kernel function, it can be readily plugged into

a classification scheme such as support vector machine (SVM)[42] to take advantage of the

SVM’s discriminative power. Face recognition using multiple still images, coming from a tracked

sequence, were studied and the proposed kernel principal angels slightly outperforms other non-

kernel versions.

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

to as matrix kernels). More specifically, the following two functions are kernel functions.

k² (X; Y) = tr (XTY); k?(X; Y) = det(XTY); (24)

wheretr anddet are matrix trace and determinant. They are called as matrix trace and determi-

nant kernels. Using them as building blocks, Zhou [65] constructed more kernels based on the

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

matrix.

kU² (X; Y) = tr (UT
XUY); kU?(X; Y) = det(UT

XUY); (25)

kÁ² (X; Y) = tr (Á(X)TÁ(Y)); kÁ?(X; Y) = det(Á(X)TÁ(Y)); (26)

kUÁ² (X; Y) = tr (UT
Á(X)UÁ(Y)); kUÁ?(X; Y) = det(UT

Á(X)UÁ(Y)): (27)

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

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



relative entropy for recognition. The KL divergence between two normal densitiesp1 = N(¹ 1; § 1)

andp2 = N(¹ 2; § 2) can be explicitly computed as

KL (p1jjp2) =
∫

x
p1(x) log

p1(x)
p2(x)

dx (28)

=
1
2

log(
j§ 2j
j§ 1j

) +
1
2

tr ((¹ 1 ¡ ¹ 2)T§ ¡ 1
2 (¹ 1 ¡ ¹ 2) + § 1§ ¡ 1

2 ) ¡
d
2

;

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

asymmetric. To make it symmetric, one can use

JD (p1; p2) =
∫

x
(p1(x) ¡ p2(x)) log

p1(x)
p2(x)

dx = KL (p1jjp2) + KL (p2jjp1) (29)

=
1
2

tr ((¹ 1 ¡ ¹ 2)T(§ ¡ 1
1 + § ¡ 1

2 )(¹ 1 ¡ ¹ 2) + § 1§ ¡ 1
2 + § 2§ ¡ 1

1 ) ¡ d:

Shakhnoarovichet al. [43] achieved better performance than the MSM approach by Yamaguchi

el al. [53] on a dataset including 29 subjects.

Other than the KL divergence, probabilistic distance measures such as Chernoff distance and

Bhattacharyya distance can be used too. The Chernoff distanceis defined and computed in the

case of normal density as:

JC (p1; p2) = ¡ logf
∫

x
p®2

1 (x)p®1
2 (x)dxg (30)

=
1
2

®1®2(¹ 1 ¡ ¹ 2)T[®1§ 1 + ®2§ 2]¡ 1(¹ 1 ¡ ¹ 2) +
1
2

log
j®1§ 1 + ®2§ 2j
j§ 1j®1 j§ 2j®2

;

where®1 > 0, ®2 > 0 and ®1 + ®2 = 1 . When®1 = ®2 = 1=2, the Chernoff distance reduces

to the Bhattacharyya distance.

In [23], Jebara and Kondon proposed probability product kernel function

k(p1; p2) =
∫

x
pr

1(x)pr
2(x)dx; r > 0: (31)

When r = 1=2, the kernel functionk reduces to the so-called Bhattacharyya kernel since it is

related to the Bhattacharyya distance. Whenr = 1 , the kernel functionk reduces to the so-called

expected likelihood kernel. In practice, we can simply use the kernel functionk as a similarity

function.

However, the normal assumption can be ineffective when modeling nonlinear face appearance

manifold. To absorb the nonlinearity, mixture models or non-parametric densities are used in

practice. For such cases, one has to resort to numerical methods for computing the probabilistic



distances. Such computation is not robust since two approximations are invoked: one in estimating

the density and the other one in evaluating the numerical integral.

In [64], Zhou and Chellappa modeled the nonlinearity througha different approach: kernel

methods. As mentioned earlier, the essence of kernel methods is to combine a linear algorithm

with a nonlinear embedding, which maps the data from the original vector space to a nonlinear

feature space called reproducing kernel Hilbert space (RKHS). But, no explicit knowledge of

the nonlinear mapping function is needed as long as the involved computations can be cast

into inner product evaluations. Since a nonlinear functionis used, albeit in an implicit fashion,

Zhou and Chellappa[64] achieved a new approach to study thesedistances and investigate their

uses in a different space. To be specific, analytic expressions for probabilistic distances that

account for nonlinearity or high-order statistical characteristics of the data can be derived. On a

dataset involving 15 subjects presenting appearances withpose and illumination variations, the

probabilistic distance measures performed better than their non-kernel counterparts.

Recently, Arandjelovíc and Cipolla [5] used resistor-average distance (RAD) for video-based

recognition.

RAD (p1; p2) = ( KL (p1jjp2)¡ 1 + KL (p2jjp1)¡ 1)¡ 1: (32)

Further, computation of the RAD was conducted on the RKHS to absorb nonlinearity of face

manifold. Some robust techniques such as synthesizing images to account for small localiza-

tion errors and RANSAC algorithms to reject outliers were introduced to achieve improved

performance.

4) Manifold: Fitzgibbon and Zisserman [18] proposed to compute a joint manifold distance

to cluster appearances. A manifold is captured by subspace analysis which is fully specified by

a mean and a set of basis vectors. For example, a manifoldP can be represented as

P = f mp + Bpuju 2 Ug (33)

wheremp is the mean andBp encodes the basis vectors. In addition, the authors invokedaffine

transformation to overcome geometric deformation. The joint manifold distance betweenP and

Q is defined as

d(P; Q) = min
u;v ;a;b

kT(mp + Bpu; a) ¡ T(mq + Bqv; b)k2 + E(a) + E(b) + E(u) + E(v); (34)



whereT(x; a) transforms imagex using affine parametera andE(a) is the prior cost incurred

by invoking the parametera.

In experiments, Fitzgibbon and Zisserman [18] performed automatic clustering of faces in

feature-length movies. To reduce the lighting effect, the face images are high-passed filtered

before subjecting to clustering. The authors reported thatsequence-to-sequence matching presents

a dramatic computational speedup when compared with pairwise image-to-image matching.

Identity surface is a manifold, proposed by Liet al. in [31], that depicts face appearances

presented in multiple poses. The pose is parameterized by yaw ® and tilt µ. Face image at(®; µ)

is first fitted to a 3D point distribution model and an active appearance model. After the pose

fitting, the face appearance is warped to a canonical view to provide a pose-free representation

from which a nonlinear discriminatory feature vector is extracted. Suppose that the feature vector

is denoted byf , the functionf (®; µ) defines the identity surface that is pose-parameterized. In

practice, since only a discrete set of views are available, the identity surface is approximated

by piece-wise planes. The manifold distance between two manifolds P = f f p(®; µ)g and Q =

f f q(®; µ)g is defined as

d(Q; P) =
∫

®

∫

µ
w(®; µ)d(f q(®; µ); f p(®; µ))d®dµ: (35)

wherew(®; µ) is a weight function.

A video sequence corresponds to a trajectory traced out in the identity surface. Suppose that

video frames sample the pose space atf ®j ; µj g, the following distance
∑

j wj d(f q(®j ; µj ); f p(®j ; µj ))

is used for video-based FR. Figure 3 illustrated the identitysurface and trajectory. In the

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

B. Approaches utilizing[P2: Temporal continuity/Dynamics]

Simultaneous tracking and recognition is an approach proposed by Zhou and Chellappa

[56], [58] that systematically studied how to incorporate temporal continuity in video-based

recognition. Zhou and Chellappa modeled two tasks involved,namely tracking and recognition, in

one probabilistic framework. A time series model is used, with the state vector(nt ; µt ) wherent is

the identity variable andµt is the tracking parameter, and the observationy t (i.e. the video frame).

The time series model is fully specified by the state transition probabilityp(nt ; µt jnt ¡ 1; µt ¡ 1) and

the observational likelihoodp(y t jµt ; nt ).



Fig. 3. Identity surface and trajectory. Video-based face recognition reduces to matching two trajectories on identity surfaces

(reproduced from Liel al. [31]).

The task of recognition is to compute the posterior recognition probability p(nt jy0:t ) where

y0:t = f y0; y2; : : : ; y tg2 . Using time recursion, Markov properties, and statisticalindependence

embedded in the model, one can easily derive:

p(n0:t ; µ0:t jy0:t ) = p(n0:t ¡ 1; µ0:t ¡ 1jy0:t ¡ 1)
p(y t jnt ; µt )p(nt jnt ¡ 1)p(µt jµt ¡ 1)

p(y t jy0:t ¡ 1)

= p(n0; µ0jy0)
t∏

s=1

p(ysjns; µs)p(nsjns¡ 1)p(µsjµs¡ 1)
p(ysjy0:s¡ 1)

= p(n0jy0)p(µ0jy0)
t∏

s=1

p(ysjns; µs)±(ns ¡ ns¡ 1)p(µsjµs¡ 1)
p(ysjy0:s¡ 1)

: (36)

Therefore, by marginalizing overµ0:t andn0:t ¡ 1, one obtains

p(nt = ljy0:t ) = p(l jy0)
∫

µ0

: : :
∫

µt
p(µ0jy0)

t∏

s=1

p(ysjl; µs)p(µsjµs¡ 1)
p(ysjy0:s¡ 1)

dµt : : : dµ0: (37)

Thus p(nt = ljy0:t ) is determined by the prior distributionp(n0 = ljy0) and the product of the

likelihood functions,
∏t

s=1 p(ysjl; µs). If a uniform prior is assumed, then
∏t

s=1 p(ysjl; µs) is the

only determining factor which accumulates the evidence.

2A dummy observationy0 is introduced for convenience in notation.



0 5 10 15 20 25 30 35 40

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

time instance

p
o

st
er

io
r 

p
ro

b
ab

ili
ty

Fig. 4. Top row: the gallery images. Bottom row: The first (left) and the last (middle) frames of the video sequences with

tracking results indicated by the box and the posterior probabilityp(ntjy0:t).

As this model is nonlinear with non-Gaussian noise, the joint posterior distribution of the

motion vector and the identity variable is approximated at each time instant using a compu-

tationally efficient sequential importance sampling (SIS)algorithm and then propagated to the

next time instant. Marginalization over the motion vector yields a robust estimate of the posterior

distribution of the identity variable. Empirical results as in Figure 4 demonstrate that, due to the

propagation of the identity variable over time, a degenerate condition in the posterior probability

of the identity variable is achieved to obtain improved recognition.

In the experiments reported in [58], using a database of 30 subjects whose appearances present

in the probe videos are very different from those in the gallery set, simultaneous tracking

and recognition achieved improvement in both tracking accuracy and recognition performance,

compared with pure tracking and still-image-based recognition. The proposed framework in [58]

is rather general and accommodates various model choices. The more effective the model choices

are, the better performance in tracking and recognition is expected. In the work of Zhouet al.

[59], the enhanced tracking and recognition models are invoked to handle a challenging dataset

with abounding pose and illumination variations which actually fails the earlier approach [58].

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



and Zhou [26], [58] extended the approach in [56] to handle video sequence in the gallery set.

Representative exemplars are learned from the gallery videosequences to depict individuals.

Then simultaneous tracking and recognition [56] was invoked to handle video sequences in the

probe set. Li and Chellappa [30] also proposed an approach somewhat similar to [56]. In [30],

only tracking was implemented using SIS and recognition scores were subsequently derived

based on tracking results. A detailed comparison between [56] and [30] is found in [57].

Lee et al. [28] performed video-based face recognition using probabilistic appearance man-

ifolds. The main motivation is to model appearances under pose variation, i.e., a generic ap-

pearance manifold consists of several pose manifolds. Since each pose manifold is represented

using a linear subspace, the overall appearance manifold isapproximated by piecewise linear

subspaces. The learning procedure is based on face exemplars extracted from a video sequence.

K-means clustering is first applied and then for each clusterprincipal component analysis is

used for a subspace characterization.

In addition, the transition probabilities between pose manifolds are also learned. The temporal

continuity is directly captured by the transition probabilities. In general, the transition probabili-

ties between neighboring poses (such as frontal pose to leftpose) are higher than those between

far-apart poses (such as left pose to right pose). Recognition also reduces to computing posterior

distribution.

In experiments, Leeet al. compared three methods that use temporal information differently:

the proposed method with learned transition matrix, the proposed method with uniform transition

matrix (meaning that temporal continuity is lost), and majority voting. The proposed method with

learned transition matrix achieved a significantly better performance than the other two methods.

Liu and Chen [32] proposed to use adaptive hidden Markov model(HMM) to depict the

dynamics. HMM is a statistical tool to model time series. Usually, HMM is denoted by¸ =

(A; B; ¼), whereA is the state transition probability matrix,B is the observation PDF, and¼ is

the initial state distribution. Given a probe video sequence Y, its identity is determined as

n̂ = arg max
1;2;:::;N

= p(Yj¸ n ); (38)

where p(Yj¸ n ) is the likelihood of observing the video sequenceY given the modeļ n . In

addition, when certain contains hold, HMM̧n was adapted to accommodate the appearance

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



results on various datasets demonstrated advantages of adaptive HMM.

Aggarwal et al. [4] proposed a system identification approach for video-based FR. The face

sequence is treated as a first-order auto-regressive and moving averaging (ARMA) random

process.

µt+1 = Aµt + v t ; y t = Cµt + wt ; (39)

where v t » N (0; Q) and wt » N (0; R). System identification is equivalent to estimating the

parametersA, C, Q, andR from the observationsf y1; y2; : : : ; yT g. Once system is identified or

each video sequence is associated with its parameters, video-to-video recognition uses various

distance metrics constructed based on the parameters. Promising experimental results (over 90%)

were reported when significant pose and expression variations are present in the video sequences.

Facial expression analysis is also related to temporal continuity/dynamics, but not directly

related to FR. Examples of expression analysis include [8], [47]. A review of face expression

analysis is beyond the scope of this chapter.

C. Approaches utilizing[P3: 3D model]

There is a large body of literature on SfM. However, the current SfM algorithms cannot

reconstruct the 3D face model reliably. There are three difficulties in the SfM algorithm. The

first lies in the ill-posed nature of the perspective camera model that results in instability of the

SfM solution. The second is that face model is not a truly rigid model especially when the face

presents facial expression and other deformations. The final difficulty is related to the input to

the SfM algorithm. This is usually a sparse set of feature points provided by a tracking algorithm

that itself has its own flaw. Interpolation from a sparse set of feature points to a dense set is

very inaccurate.

To relieve the first difficulty, orthographic and paraperspective models are used to approximate

the perspective camera model. Under such approximate models, the ill-posed problem becomes

well-posed. In Tomasi and Kanade [45], the orthographic model were used and a matrix factor-

ization principle was discovered. The factorization principle was extended to the paraperspective

camera model in Poelman and Kanade [38]. Factorization under uncertainty was considered in

[10], [22].

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

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



Fig. 5. Nonrigid shape and motion recovery. (a)(d) Input images. (b)(e) Reconstructed face shapes seen from novel views.

(c)(f) The wireframe models demonstrate the recovered facial deformations such as mouth opening and eye closure. (Courtesy

of J. Xiao.

It was shown that factorization can be still be obtained. Brand [10] considered such factorization

under uncertainty. Xiaoet al. [51] discovered a closed form solution to nonrigid shape and

motion recovery. Figure 5 shows the recovered face models obtained by Xiaoet al. [51].

From sparse to dense is always a difficult task. To overcome this, a dense face model is used

instead of interpolation. However, the dense face model is only a generic model and hence not

appropriate for a specific individual. Bundle adjustment [19], [44] is a method that adjust the

generic model directly to accommodate the video observation. Roy-Chowdhury and Chellappa

[41] took a different approach to combine the 3D face model recovered from the SfM algorithm

with the generic prior face model.

The SfM algorithm mainly recovers the geometric component of the face model, i.e., the

depth value of every pixel. Its photometric component is naively set to the appearance in one

reference video frame. Image-based rendering method, on the other hand, directly recover the

photometric component of the 3D model. Light field rendering[21], [29] in fact bypass the stage

of recovering the photometric of the 3D model but rather recover the novel views directly. The



light field rendering methods [21], [29] relax the requirement of calibration by a fine quantization

of the pose space and recover a novel view by sampling the captured data that form the so-

called light field. The ‘eigen’ light field approach developed by Grosset al. [20] assumes a

subspace assumption of the light field. In Zhou and Chellappa [62], the light field subspace

and the illumination subspace are combined to arrive at a bilinear analysis. Figure 6 shows the

rendered images at different views and light conditions. Another line of research relate to 3D

model recovery is the visual hull methods [27], [33]. But, thevisual hull method assumes that

the shape of the object is convex, which is not always satisfied by the human face, and also

requires accurate calibration information. Direct use of visual hull for FR is not found in the

literature.

To characterize both the geometric and photometric components of the 3D face model, Blanz

and Vetter [9] fitted a 3D morphable model to a single still image. The 3D morphable model

uses a linear combination of dense 3D models and a linear combination of texture maps. In

principle, the 3D morphable model can be fitted to multiple images. The 3D morphable model

can be thought of an extension of 2D active appearance model [13] to 3D, but the 3D morphable

model uses dense 3D models. Xiaoet al. [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 model, there are few approach

performing FR directly using the 3D model. Blanz and Vetter [9] implicitly did so by using the

combining coefficients for recognition.

V. FORECAST

In the Section IV, we have reviewed the approaches that utilize the three properties. Although

they usually achieved good recognition performance, they have their own assumptions or lim-

itations. For example, the Gaussian distribution used in Shakhnoarovichet al. [43] is easily

violated by pose and illumination variations. The hidden Markov model used in Liu and Chen

[32] poses a strong constraint on the change of face appearance that is not satisfied by video

sequences that contain an arbitrarily moving face.

In this section, we forecast possible new approaches. Thesenew approaches either arise

from new representation for more than one still image or extend the capability of the existing

approaches.
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A. New representation

In the matrix representation, multiple observations are encodes using a matrix. In other words,

each observation is an image that is ‘vectorized’. The ‘vectorization’ operator ignores the spatial

relationship of the pixels.

To fully characterize the spatial relationship, a tensor can be used in lieu of matrix. Here, a

tensor is understood as a 3-D array. Tensor representation is used in Vasilescu and Terzopoulos

[49] to learned a generic model of the face appearance for allhumans, at different views, and

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



in the literature.

In principle, the PDF representation is very general. But in the experiment, a certain parametric

form is assumed without justification such as in Shakhnoarovich et al. [43]. Other PDF forms

can be employed. The key is to find an appropriate density thatcan depict the face appearance.

The same problem happens to the manifold description. With the advance 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 modeling of face appearances of all

humans. While the images in the gallery set is related to an individualized modeling of face

appearance belonging to the same person. If there is enough number of observations, one can

build an accurate model of the face for each individual in thegallery set and hence the knowledge

of the training set is not necessary. If the number of images is not sufficiently large, one should

combine the knowledge of generic modeling with the individualized modeling to describe the

identity signature.

C. 3D model comparison

As mentioned in Section IV-C, comparison between two 3D models has not been fully

investigated yet. In particular, direct comparison of the geometric component of the 3D model is

rather difficult because the correspondence between two 3D models cannot be easily established.

Current approaches [52] warp the model to frontal view and usethe frontal 2D face appearance

for recognition. However, these approaches are very sensitive to illumination variation. Gener-

alized photometric stereo [60] can be incorporated into these approaches for a more accurate

model.

The most sophisticated 3D model is to use a statistical description. In other words, both the

geometric componentg and the texture componentf have their distributions, sayp(g) andp(f ),

respectively. Such distributions can be learned from the multiple 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 only one of the three properties.

However, these properties are not contradictory in the sense that more than one property can be



unified to achieve further improvements.

Probabilistic identity characterization proposed by Zhouand Chellappa [63] is an instance of

integrating the propertiesP1 andP2. 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 propertiesP1 and P3, where the PDF part of

the propertyP1 is used.

VI. CONCLUSIONS

We have presented the emerging literature on FR using more than one still image, e.g., multiple

still images or video sequence. In a degenerate manner, FR from more than one image can be

reduced to recognition based on a single still image. Such treatment ignores the properties

additionally possessed by more than one image. We have also proposed three properties that are

widely used in the literature, namelymultiple observations, temporal continuity/dynamics, and3D

model. We have then reviewed the approaches utilizing the three properties and forecasted feasible

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