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Abstract

Recognition of h uman faces using a gallery of still or video images and a prob e set of videos is sys-

tematically in v estigated using a probabilistic framew ork. In stil l-to-vide o recognition, where the gallery

consists of still images, a time series state space mo del is prop osed to fuse temp oral information in a

prob e video, whic h sim ultaneously c haracterizes the kinematics and iden tit y using a motion ve ctor and

an identity variable , resp ectiv ely . The join t p osterior distribution of the motion v ector and the iden tit y

v ariable is estimated at eac h time instan t and then propagated to the next time instan t. Mar ginalization

o v er the motion v ector yields a robust estimate of the p osterior distribution of the iden tit y v ariable. A

computationally e�cien t se quential imp ortanc e sampling algorithm is dev elop ed to pro vide a n umerical

solution to the mo del. Theoretical deriv ations under w eak assumptions demonstrate that, due to the

propagation of the iden tit y v ariable o v er time, a de gener acy in the p osterior probabilit y of the iden tit y

v ariable is exploited to giv e impro v ed recognition.

The gallery is generalized to videos in order to realize vide o-to-vide o recognition. An exemplar-b ase d

le arning strategy is adopted to automatically select video represen tativ es from the gallery , serving as

mixture cen ters in an up dated lik eliho o d measure. The SIS algorithm is applied to appro ximate the

p osterior distribution of the motion v ector, the iden tit y v ariable, and the exemplar index, and the

marginal distribution of the iden tit y v ariable pro duces the recognition result. The mo del form ulation is

v ery general and allo ws a v ariet y of image represen tations and transformations.

Exp erimen tal results using videos collected b y NIST/USF and CMU illustrate the e�ectiv eness of

this approac h in b oth still-to-video and video-to-video scenarios with appropriate mo del c hoices.

Key Wor ds: F ace recognition (FR), still-to-video, video-to-video, time series state space mo del,

sequen tial imp ortance sampling (SIS), exemplar-based learning (EBL).
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1. In tro duction

Probabilistic video analysis has recen tly receiv ed signi�can t atten tion in the computer vision com-

m unit y since the seminal w ork of Isard and Blak e [4]. In their e�ort to solv e the problem of visual

trac king, they in tro duced a time series state space mo del parameterized b y a trac king motion v ector

(e.g. a�ne transformation parameters), denoted b y �

t

. The C ONDENSA TION algorithm w as dev elop ed

to pro vide a n umerical appro ximation to the p osterior distribution of the motion v ector at time t giv en

the observ ations up to t , i.e., � ( �

t

) = p ( �

t

j z

0: t

) where z

0: t

= ( z

0

; z

1

; : : : ; z

t

) and z

t

is the observ ation at

time t , and to propagate it o v er time according to the kinematics. This algorithm has b een extended to

man y areas [5 , 15 , 23 ], including h uman face recognition (FR) [14 ]. In this pap er, w e will systematically

in v estigate the incorp oration of temp oral information in a video sequence for the FR task.

FR has b een an extensiv e researc h area for a long time. Refer to [1, 2 ] for surv eys and [3] for rep orts

on exp erimen ts. The exp erimen ts rep orted in [3] ev aluate stil l-to-stil l scenarios, where the gallery and

the prob e set b oth consist of still facial images. Some w ell-kno wn still-to-still FR approac hes include

Principal Comp onen t Analysis (PCA) [9 ], Linear Discriminan t Analysis (LD A) [10 , 11 ], and Elastic

Graph Matc hing (EGM) [12 ]. T ypically , recognition is p erformed based on an abstract represen tation

of the face image after suitable geometric and photometric registrations.

F ollo wing [3], w e de�ne a stil l-to-vide o scenario: the gallery consists of still facial templates and

the prob e set consists of video sequences con taining the facial region. Denote the gallery b y I =

f I

1

; I

2

; : : : ; I

N

g , indexed b y the iden tit y v ariable n , whic h lies in a �nite sample space N = f 1 ; 2 ; : : : ; N g .

Though signi�can t researc h has b een conducted on still-to-still recognition, researc h e�orts on still-to-

video recognition are less common due to the follo wing c hallenges [2 ] in t ypical surv eillance applications:

p o or video qualit y , signi�can t illumination and p ose v ariations, and lo w image resolution. Most video-

based recognition systems [13 ] do the follo wing: the face is �rst detected and then trac k ed o v er time.

When a frame satisfying certain criteria (size, p ose) is acquired, recognition is p erformed using a still-

to-still recognition tec hnique. T o do this, the face part is cropp ed from the frame and transformed or

registered using appropriate transformations.

There are sev eral unresolv ed issues in the ab o v e approac h: criteria for selecting go o d frames and

estimation of parameters for registration. Also, still-to-still recognition do es not e�ectiv ely exploit

temp oral information. A common strategy , whic h selects sev eral go o d frames, p erforms recognition on

eac h frame and then v otes on these recognition results for a �nal solution, is rather ad ho c .

Man y of these di�culties can b e o v ercome b y the prop osed probabilistic framew ork. T o fuse temp oral

information, a time series state space mo del is adopted to c haracterize the ev olving kinematics and

iden tit y in the prob e video. Three basic comp onen ts of the mo del are:

� a motion e quation go v erning the kinematic b eha vior of the trac king motion v ector,

� an identity e quation go v erning the temp oral ev olution of the iden tit y v ariable,

� an observation e quation depicting the observing b eha vior b y establishing a link b et w een the motion

v ector and the iden tit y v ariable.

Using the sequen tial imp ortance sampling (SIS) [4, 6 , 7 , 8] tec hnique, the join t p osterior distribution

of the motion v ector and the iden tit y v ariable, i.e., � ( n

t

; �

t

) = p ( n

t

; �

t

j z

0: t

), is estimated at eac h time

instan t and then propagated to the next time instan t as go v erned b y motion and iden tit y equations. The

marginal distribution of the iden tit y v ariable, � ( n

t

) = p ( n

t

j z

0: t

), is estimated to pro vide a recognition

result. An SIS algorithm is dev elop ed to appro ximate the distribution � ( n

t

) in the still-to-video scenario.

It ac hiev es computational e�ciency o v er the C ONDENSA TION algorithm b y considering the discrete

nature of the iden tit y v ariable.

The still templates in the gallery can b e generalized to video sequences in order to realize vide o-to-

vide o recognition. In video-to-video recognition, exemplars and their prior probabilities are learned from

the gallery videos to serv e as still templates in the still-to-video scenario. P erson n ma y ha v e a collection
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of sev eral exemplars, sa y C

n

= f c

n

1

; c

n

2

; : : : ; c

n

K

n

g indexed b y k . The lik eliho o d is then mo deled as a

mixture densit y with exemplars as mixture cen ters. W e �rst compute the join t distribution � ( n

t

; k

t

; �

t

)

using the SIS algorithm and marginalize it to yield � ( n

t

). In the exp erimen ts rep orted here, the sub ject

w alks on a treadmill with his/her head mo ving naturally , giving rise to signi�can t v ariations across p oses.

The prop osed metho d successfully cop es with these p ose v ariations, as evidenced b y the exp erimen tal

results.

It is w orth emphasizing that (i) our mo del can tak e adv an tage of an y still-to-still recognition algo-

rithm [9 , 10, 11 , 12 ] b y em b edding an y distance measure used b y suc h an algorithm in to our lik eliho o d

measuremen t; and (ii) it allo ws a v ariet y of image represen tations and transformations.

The organization of this pap er is as follo ws: Section 2 reviews some related studies on video-based

FR. Section 3 in tro duces the time series state space mo del for recognition and establishes the time-

ev olving b eha vior of � ( n

t

) under some w eak assumptions. Section 4 brie
y reviews the SIS principle

from the viewp oin t of a general state space mo del and dev elops an SIS algorithm to solv e the still-to-

video recognition problem, with sp ecial emphasis on its computational e�ciency . Section 5 describ es the

exp erimen tal scenarios for still-to-video recognition and presen ts results using the HID data collected

b y NIST/USF and the CMU MoBo database. In Section 6, Subsection 6.1 presen ts the exemplar-based

learning algorithm, and Subsection 6.2 describ es some mo di�cations in the mo del and an algorithm

that accommo dates video-to-video recognition. Exp erimen tal results for the video-to-video recognition

problem using CMU data are presen ted in Subsection 6.3. Section 7 concludes the pap er.

2. Related Literature

Nearly all video-based recognition systems apply still-image-based recognition to selected go o d frames.

The face images are w arp ed in to fron tal views whenev er p ose and depth information ab out the faces is

a v ailable [13 ].

In [27 , 18 , 26 ], RBF (Radial Basis F unction) net w orks are used for trac king and recognition purp oses.

The system in [27 ] uses an RBF net w ork for recognition. Since no w arping is done, the RBF net w ork

has to learn the individual v ariations as w ell as p ossible transformations. The p erformance app ears

to v ary widely , dep ending on the size of the training set. In [18 ], face trac king is based on an RBF

net w ork to pro vide feedbac k to a motion clustering pro cess. Go o d trac king results w ere demonstrated,

but p erson authen tication results w ere referred to as future w ork. [26 ] presen ts a fully automatic p erson

authen tication system that uses video break, face detection, and authen tication mo dules and cycles

o v er successiv e video images un til a high recognition con�dence is reac hed. During op eration, the face

is trac k ed, face images are normalized and then used for authen tication with an RBF net w ork. This

system w as tested on three image sequences; the �rst w as tak en indo ors with one sub ject, the second

w as tak en outdo ors with t w o sub jects, and the third w as tak en outdo ors with one sub ject in storm y

conditions. P erfect results w ere rep orted on all three sequences, when v eri�ed against a database of 20

still face images.

In [19] a system called PersonSp otter is describ ed. This system is able to capture, trac k and recognize

a p erson w alking to w ard or passing a stereo CCD camera. It has sev eral mo dules, including a head trac k er

and a landmark �nder. The landmark �nder uses a dense graph consisting of 48 no des learned from

25 example images to �nd landmarks suc h as ey es and nose tip. An elastic graph matc hing sc heme is

emplo y ed to iden tify the face.

A m ultimo dal-based p erson recognition system is describ ed in [13 ]. This system consists of a face

recognition mo dule, a sp eak er iden ti�cation mo dule, and a classi�er fusion mo dule. The most reliable

video frames and audio clips are selected for recognition. 3D information ab out the head is used to detect

the presence of an actual p erson as opp osed to an image of that p erson. Recognition and v eri�cation

rates of 100% w ere ac hiev ed for 26 registered clien ts.

In [16 ], recognition of faces o v er time is implemen ted b y constructing a face iden tit y surface. The

face is �rst w arp ed to a fron tal view, and its Kernel Discriminan t Analysis (KD A) features o v er time
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form a tra jectory . It is sho wn that the tra jectory distances accum ulate recognitiv e evidence o v er time.

In [14 ] a generic approac h to sim ultaneous ob ject trac king and v eri�cation is prop osed. The approac h

is based on p osterior probabilit y densit y estimation using sequen tial Mon te Carlo metho ds [4, 6, 7, 8].

T rac king is form ulated as a probabilit y densit y propagation problem and the algorithm also pro vides

v eri�cation results. Ho w ev er, there w as no systematic ev aluation of recognition p erformance. There

are signi�can t di�erences b et w een our approac h and the algorithm describ ed in [14 ]; w e highligh t these

di�erences in Section 7.

Blac k and Jepson [15 ] used a C ONDENSA TION -based algorithm to matc h temp oral tra jectories. Mo d-

els of temp oral tra jectories, arising from gestures and facial expressions, are trained b eforehand and

matc hed against h uman motions in a new image sequence. The join t p osterior distribution of mo del

selection, lo cal stretc hing, scaling, and p osition ev olv es as time pro ceeds.

3. A Mo del for Recognition in Video

In this section w e presen t details on ho w w e establish the propagation mo del for recognition and

discuss its impact on the p osterior distribution of the iden tit y v ariable under some w eak assumptions.

3.1. A Time Series State Space Mo del for Recognition

W e use the follo wing mathematical notation:

� An image I . It could b e represen ted using ra w in tensit y v alues I ( R ) in the image region R , or

abstract features extracted from I ( R ), suc h as PCA or LD A features.

� A transformed v ersion of image I , T

�

f I g , with tr ansformation ve ctor � 2 �, a con tin uous sample

space. The transformation can b e either geometric, photometric, or b oth. If I is represen ted b y

abstract features, so is T

�

f I g .

� A gallery I = f I

1

; I

2

; : : : ; I

N

g , indexed b y an identity variable n lying in a �nite sample space

N = f 1 ; 2 ; : : : N g . I

n

is the still template for the iden tit y n , whic h ma y or ma y not b e registered

b eforehand. Here it is assumed that eac h iden tit y has only one represen tativ e still facial image.

� �

t

is the tr ansformation ve ctor or the motion ve ctor , n

t

the iden tit y v ariable, and z

t

the observation ,

resp ectiv ely , at time instan t t . x

t

= ( n

t

; �

t

) is the over al l state ve ctor . z

0: t

= ( z

0

; z

1

; : : : ; z

t

) is a

collection of observ ations up to time t .

A time series state space mo del for recognition can no w b e describ ed as follo ws:

1. Motion equation:

�

t

= g ( �

t � 1

; u

t

); t � 1 ; (1)

where u

t

is noise in the motion mo del and g ( :; : ) c haracterizes the ev olving motion, b oth as functions

of t .

2. Iden tit y equation:

n

t

= n

t � 1

; t � 1 ; (2)

assuming that the iden tit y do es not c hange o v er time.

3. Observ ation equation:

T

�

t

f z

t

g = I

n

t

+ v

t

; t � 1 ; (3)

where v

t

is observation noise at time instan t t , and assuming that the transformed observ ation is

a noise-corrupted v ersion of some still template in the gallery .

3



4. Prior distributions:

p ( �

0

j z

0

) ; p ( n

0

j z

0

) : (4)

5. Noise distributions:

p ( u

t

) ; p ( v

t

); t � 1 : (5)

The noise distribution p ( u

t

) determines the motion state transition probabilit y p ( �

t

j �

t � 1

), and

p ( v

t

) determines the observ ation lik eliho o d p ( z

t

j n

t

; �

t

).

6. Statistical indep endence:

n

0

? �

0

; u

t

? v

s

; t; s � 1

u

t

? u

s

; v

t

? v

s

; t; s � 1 & t 6= s (6)

where ? indicates statistical indep endence.

Using the o v erall state v ector x

t

, Eqs. (1) and (2) can b e com bined in to one state equation (in a

normal sense) whic h is completely describ ed b y the o v erall state transition probabilit y

p ( x

t

j x

t � 1

) = p ( n

t

j n

t � 1

) p ( �

t

j �

t � 1

) : (7)

Giv en this mo del, our goal is to compute the p osterior probabilit y � ( n

t

). It is in fact a probabilit y

mass function (PMF), as w ell as a marginal probabilit y of � ( n

t

; �

t

), whic h is a mixture distribution.

Therefore, the problem is reduced to computing the p osterior probabilit y .

3.2. The P osterior Probabilit y of the Iden tit y V ariable

It is v ery in teresting to study the ev olution of the p osterior probabilit y � ( n

t

) as time pro ceeds since

the iden tit y v ariable do es not c hange b y assumption, i.e., p ( n

t

j n

t � 1

) = � ( n

t

� n

t � 1

), where � ( : ) is a

discrete impulse function at the origin.

Using time recursion, the Mark o v prop erties, and the statistical indep endence em b edded in the mo del,

w e can easily deriv e

p ( n

0: t

; �

0: t

j z

0: t

) = p ( n

0: t � 1

; �

0: t � 1

j z

0: t � 1

)

p ( z

t

j n

t

; �

t

) p ( n

t

j n

t � 1

) p ( �

t

j �

t � 1

)

p ( z

t

j z

0: t � 1

)

= p ( n

0

; �

0

j z

0

)

t

Y

s =1

p ( z

s

j n

s

; �

s

) p ( n

s

j n

s � 1

) p ( �

s

j �

s � 1

)

p ( z

s

j z

0: s � 1

)

= p ( n

0

j z

0

) p ( �

0

j z

0

)

t

Y

s =1

p ( z

s

j n

s

; �

s

) � ( n

s

� n

s � 1

) p ( �

s

j �

s � 1

)

p ( z

s

j z

0: s � 1

)

: (8)

Therefore, b y marginalizing o v er �

0: t

and n

0: t � 1

, w e get

p ( n

t

= l j z

0: t

) = p ( l j z

0

)

Z

�

0

: : :

Z

�

t

p ( �

0

j z

0

)

t

Y

s =1

p ( z

s

j l ; �

s

) p ( �

s

j �

s � 1

)

p ( z

s

j z

0: s � 1

)

d�

t

: : : d�

0

: (9)

Th us � ( n

t

= l ) is determined b y the prior distribution p ( n

0

= l j z

0

) and the pro duct of the lik eliho o d

functions,

Q

t

s =1

p ( z

s

j l ; �

s

). If a uniform prior is assumed, then

Q

t

s =1

p ( z

s

j l ; �

s

) is the only determining

factor.

Supp ose that the follo wing t w o conditions hold:

� (A) The prior probabilit y for eac h iden tit y is the same,

p ( n

0

j z

0

) = 1 = N ; n

0

2 N ; (10)
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� (B) F or the correct iden tit y l 2 N , there exists a constan t � > 1 suc h that

p ( z

t

j l ; �

t

) � � p ( z

t

j n

t

; �

t

); t � 1 ; n

t

2 N ; n

t

6= l : (11)

A trivial c hoice of � is the lo w er b ound on the lik eliho o d ratio, i.e.

� = inf

t � 1 ;n

t

6= l;�

t

2 �

p ( z

t

j l ; �

t

)

p ( z

t

j n

t

; �

t

)

: (12)

Section 7 discusses the empirical c hoice of � .

Substitution of Eqs. (10) and (11) in to Eq. (9) giv es

p ( l j z

0: t

) � �

t

p ( n

t

j z

0: t

); n

t

2 N ; n

t

6= l ; (13)

where �

t

=

Q

t

s =1

� . Since

P

N

n

t

=1

p ( n

t

j z

0: t

) = 1, it is easy to see that for the correct iden tit y ,

p ( l j z

0: t

) � p ( l j z

0: t � 1

) : (14)

In other w ords, the p osterior probabilit y of the correct h yp othesis is non-decreasing as time pro ceeds.

More in terestingly , from Eq. (13) w e ha v e

( N � 1) p ( l j z

0: t

) � �

t

N

X

n

t

=1 ;n

t

6= l

p ( n

t

j z

0: t

) = �

t

(1 � p ( l j z

0: t

)) ; (15)

i.e.

p ( l j z

0: t

) �

�

t

�

t

+ N � 1

: (16)

Since � > 1 and p ( l j z

0: t

) � 1,

lim

t !1

p ( l j z

0: t

) = 1 ; (17)

implying that � ( n

t

) degenerates to the iden tit y l for some su�cien tly large t .

Ho w ev er, all these deriv ations are based on conditions (A) and (B). Though it is easy to satisfy

condition (A), di�cult y arises in practice in satisfying condition (B) for all the frames in the sequence.

F ortunately , as w e will see in the exp erimen t in Section 5, n umerically this degeneracy is still reac hed

ev en if condition (B) is satis�ed only for most but not all frames in the sequence. This issue is also

addressed in Section 7.

T o measure the ev olving uncertain t y remaining in the iden tit y v ariable as observ ations accum ulate,

w e use the notion of en trop y [17 ]. Giv en a PMF p ( x ); x 2 N , the en trop y is de�ned as

H ( x ) = �

X

x 2N

p ( x ) log

2

p ( x ) : (18)

En trop y essen tially measures the a v erage uncertain t y ab out the random v ariable x with PMF p ( x ). It

is w ell kno wn that among all distributions taking v alues on f 1 ; : : : ; N g , the uniform distribution yields

a maxim um log

2

N and the degenerate case yields the minim um 0, i.e., 0 � H � log

2

N . Similarly ,

conditional en trop y is de�ned as

H ( x j y ) = �

X

y

p ( y )

X

x

p ( x j y ) log

2

p ( x j y ) : (19)

In the con text of this problem, conditional en trop y H ( n

t

j z

0: t

) captures the ev olving uncertain t y of the

iden tit y v ariable giv en observ ations z

0: t

. Ho w ev er, kno wledge of p ( z

0: t

) is needed to compute H ( n

t

j z

0: t

).

W e assume it degenerates to an impulse around the actual observ ations ~z

0: t

since w e observ e only this

particular sequence, i.e., p ( z

0: t

) = � ( z

0: t

� ~z

0: t

). No w

H ( n

t

j z

0: t

) = �

X

n

t

2N

p ( n

t

j ~z

0: t

) log

2

p ( n

t

j ~z

0: t

) : (20)

Under the conditions men tioned ab o v e, w e exp ect H ( n

t

j z

0: t

) to decrease as time pro ceeds.
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4. Sequen tial Imp ortance Sampling Algorithm

Consider a general time series state space mo del fully determined b y (i) the o v erall state transition

probabilit y p ( x

t

j x

t � 1

), (ii) the observ ation lik eliho o d p ( z

t

j x

t

), and (iii) the prior probabilit y p ( x

0

) and

statistical indep endence: u

t

? u

s

; v

t

? v

s

; t 6= s . W e wish to compute the p osterior probabilit y � ( x

t

) =

p ( x

t

j z

0: t

).

If the mo del is linear with Gaussian noise, it is analytically solv able b y a Kalman �lter whic h es-

sen tially propagates the mean and v ariance of a Gaussian distribution o v er time. F or nonlinear and

non-Gaussian cases, an extended Kalman �lter (EKF) and its v arian ts ha v e b een prop osed to arriv e

at an appro ximate analytic solution [29 ]. Recen tly , the SIS tec hnique, a sp ecial case of the Mon te

Carlo metho d [4 , 8 , 6, 7 ], has b een used to pro vide a n umerical solution and to propagate an arbitrary

distribution o v er time.

4.1. Imp ortance Sampling

The essence of the Mon te Carlo metho d is to represen t an arbitrary probabilit y distribution � ( x )

closely b y a set of discrete samples. It w ould b e ideal to dra w i.i.d. samples f x

( m )

g

M

m =1

from � ( x ).

Ho w ev er, this is often di�cult to implemen t, esp ecially for non-trivial distributions. Instead, a set of

samples f x

( m )

g

M

m =1

is dra wn from an imp ortanc e function g ( x ) whic h is easy to sample from, and a

w eigh t

w

( m )

= � ( x

( m )

) =g ( x

( m )

) (21)

is then assigned to eac h sample. This tec hnique is called Imp ortanc e Sampling (IS). It can b e sho wn [7]

that the imp ortanc e sample set S = f ( x

( m )

; w

( m )

) g

M

m =1

is pr op erly weighte d to the target distribution

� ( x ). T o accommo date a video, imp ortance sampling is used in a sequen tial fashion, whic h leads to SIS.

SIS propagates S

t � 1

according to the se quential imp ortanc e function , sa y g ( x

t

j x

t � 1

), and calculates the

w eigh t using

w

t

= w

t � 1

p ( z

t

j x

t

) p ( x

t

j x

t � 1

) =g ( x

t

j x

t � 1

) : (22)

In the C ONDENSA TION algorithm [4 ], g ( x

t

j x

t � 1

) is tak en to b e p ( x

t

j x

t � 1

) and Eq. (22) b ecomes

w

t

= w

t � 1

p ( z

t

j x

t

) ; (23)

In fact, Eq. (23) is implemen ted b y �rst resampling the sample set S

t � 1

according to w

t � 1

and then

up dating the w eigh t w

t

using p ( z

t

j x

t

). F or a complete description of the SIS metho d, refer to [7 , 8].

The follo wing t w o prop ositions are useful for guiding the dev elopmen t of the SIS algorithm.

Pr oposition 1. When � ( x ) is a PMF de�ne d on a �nite sample sp ac e, the pr op er sample set should

c onsist of al l samples in the sample sp ac e.

Pr oposition 2. If a set of weighte d r andom samples f ( x

( m )

; y

( m )

; w

( m )

) g

M

m =1

is pr op er with r esp e ct

to � ( x; y ) , then a new set of weighte d r andom samples f ( y

0 ( k )

; w

0

( k )

) g

K

k =1

, which is pr op er with r esp e ct

to � ( y ) , the mar ginal of � ( x; y ) , c an b e c onstructe d as fol lows:

1) R emove r ep etitive samples fr om f y

( m )

g

M

m =1

to obtain f y

0

( k )

g

K

k =1

, wher e al l y

0

( k )

's ar e distinct;

2) Sum the weights w

( m )

b elonging to the same sample y

0

( k )

to obtain the weight w

0

( k )

, i.e.,

w

0

( k )

=

M

X

m =1 ;y

( m )

= y

0

( k )

w

( m )

: (24)
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4.2. Algorithms and Computational E�ciency

In this framew ork, the p osterior probabilit y � ( n

t

; �

t

) is represen ted b y a set of indexe d and weighte d

samples

S

t

= f ( n

( m )

t

; �

( m )

t

; w

( m )

t

) g

M

m =1

(25)

where n

t

is the ab o v e index. By Prop osition 2, w e can sum the w eigh ts of the samples b elonging to the

same index n

t

to obtain a prop er sample set f n

t

; �

n

t

g

N

n

t

=1

with resp ect to the p osterior PMF � ( n

t

).

A straigh tforw ard implemen tation of the C ONDENSA TION algorithm (Fig. 1) for sim ultaneous trac k-

ing and recognition is not e�cien t in terms of its computational load. Since N = f 1 ; 2 ; : : : ; N g is a

coun table sample space, w e need N samples for the iden tit y v ariable n

t

according to Prop osition 1. As-

sume that, for eac h iden tit y v ariable n

t

, J samples are needed to represen t �

t

. Then w e need M = J � N

samples in total. F urther assume that one resampling step tak es T

r

units of time ( ut ), one predicting

step tak es T

p

ut , one up dating step tak es T

u

ut , the normalizing step tak es T

n

ut , and the marginalizing

step tak es T

m

ut . In the up dating step, there are t w o substeps: computing the transformed image

T

�

t

f z

t

g , and ev aluating the lik eliho o d p ( z

t

j n

t

; �

t

), taking T

t

and T

l

ut resp ectiv ely . Ob viously , the total

computation time to deal with one video frame is J � N � ( T

r

+ T

p

+ T

t

+ T

l

) + T

n

+ T

m

ut . It is

w ell kno wn that computing the transformed image is m uc h more exp ensiv e than the other op erations,

i.e., T

t

>> max ( T

r

; T

p

; T

l

). Therefore, as the n um b er of templates N gro ws, the computational load

increases dramatically .

Since the sample space N is coun table, an exhaustiv e searc h is p ossible. Mathematically , w e relax

the random sampling in the iden tit y v ariable n

t

b y constructing samples as follo ws: for eac h �

( j )

t

,

(1 ; �

( j )

t

; w

( j )

t; 1

) ; (2 ; �

( j )

t

; w

( j )

t; 2

) ; : : : ; ( N ; �

( j )

t

; w

( j )

t;N

) :

W e in fact use the follo wing notation for the sample set:

S

t

= f ( �

( j )

t

; w

( j )

t

; w

( j )

t; 1

; w

( j )

t; 2

; : : : ; w

( j )

t;N

) g

J

j =1

; (26)

with w

( j )

t

=

P

N

n =1

w

( j )

t;n

.

Based on this, w e can �rst resample the `marginal' sample set f ( �

( j )

t � 1

; w

( j )

t � 1

) g

J

j =1

to arriv e at �

0

( j )

t � 1

's.

After resampling, w e set w

0

( j )

t � 1

= 1 and w

0

( j )

t � 1 ;n

= w

( j )

t � 1 ;n

=w

( j )

t � 1

for all j = 1 ; 2 ; : : : ; N . W e then predict the

�

( j )

t

's using p ( �

t

j �

0

( j )

t � 1

). Finally , the propagation of the join t distribution requires the follo wing w eigh ting

step:

w

( j )

t;n

= w

0

( j )

t � 1 ;n

� p ( z

t

j n; �

( j )

t

) : (27)

The prop osed algorithm is summarized in Fig. 2.

The crux of this algorithm lies in that, instead of propagating random samples on b oth the motion

v ector and the iden tit y v ariable, w e can k eep the samples of the iden tit y v ariable �xed and let those of

the motion v ector b e random. Also, w e propagate only the marginal distribution for motion trac king,

but w e still propagate the join t distribution for recognition purp oses.

Compared to the C ONDENSA TION algorithm, the prop osed algorithm is more e�cien t and accurate

since its total computation time is J � ( T

r

+ T

p

+ T

t

) + J � N � T

l

+ T

n

+ T

m

ut , a tremendous impro v emen t

o v er C ONDENSA TION when dealing with a large database since the ma jorit y computational time J � T

t

do es not dep end on N . T o appreciate its accuracy , consider the follo wing case for the C ONDENSA TION

algorithm: all samples b elonging to iden tit y n

t

= l , where l is the correct h yp othesis, are dra wn with a

bias in �

t

. More sp eci�cally , though p ( z

t

j l ; �

t

) > p ( z

t

j n

t

; �

t

) holds pro vided that the same �

t

is applied

on b oth sides, di�eren t �

t

's can b e c hosen in a biased w a y to disob ey this inequalit y . The prop osed

algorithm eliminates suc h a bias.
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5. Still-to-Video based F ace Recognition

In this section w e describ e the still-to-video scenarios actually used in our exp erimen ts and their

practical mo del c hoices, follo w ed b y the results obtained. Tw o databases w ere used in the still-to-video

exp erimen ts.

Database-1 con tains video sequences with sub jects w alking to w ards a camera in order to sim ulate

scenarios t ypical of visual surv eillance. There are 30 sub jects, eac h ha ving one face template. The face

gallery is sho wn in Fig. 3. The prob e set con tains 30 video sequences, one for eac h sub ject. Fig. 4 sho ws

some example frames in one prob e video and Fig. 5 sho ws a set of face images cropp ed b y hand from

prob e videos and then normalized. Note that the gallery is captured under di�eren t circumstances from

the prob e and that the prob e has considerable v ariation in scale. These images w ere collected, as part

of the HumanID pro ject, b y researc hers at the National Institute of Standards and T ec hnology and the

Univ ersit y of South Florida.

Database-2 comes from the Carnegie-Mellon Univ ersit y Motion of the Bo dy (MoBo) database [28 ],

whic h w as collected under the HumanID pro ject. There are 25 sub jects. The video sequences sho w the

individuals w alking on a treadmill so that they mo v e their heads naturally . Di�eren t w alking st yles ha v e

b een sim ulated to assure a v ariet y of conditions that are lik ely to app ear in real life: walking slow ly ,

walking fast , inclining , and c arrying an obje ct . Therefore, four videos p er p erson and 99 videos in total

(with one c arrying video missing ) are a v ailable. During recording of the videos, illumination conditions

do not alter. Eac h video consists of 300 frames (480 � 640 pixels p er frame) captured at 30 Hz. The

inner face regions in these videos con tain b et w een 30 � 30 and 40 � 40 pixels.

Only 25 slowWalk videos are used as prob es in the still-to-video exp erimen t while all 99 videos are in

used in the video-to-video exp erimen t. Some example images from the videos ( slowWalk ) are sho wn in

Fig. 10. Fig. 3 sho ws the face gallery in Database-2 with facial images in almost fron tal views cropp ed

from the prob e videos and then normalized using their ey e p ositions.

5.1. Mo del Choices

The mo del parameters used in the exp erimen ts are c hosen as follo ws.

1. Image represen tation. F or Database-1, an image reconstructed from the top 300 principal comp o-

nen ts or eigenfaces [9] is used to represen t the face. Fig. 3 sho ws the top 10 eigenfaces. F or Database-2,

the ra w in tensit y v alues are used.

2. Geometric transformation is only a�ne. Sp eci�cally , � = ( a

1

; a

2

; a

3

; a

4

; t

x

; t

y

) where f a

1

; a

2

; a

3

; a

4

g

are deformation parameters and f t

x

; t

y

g are 2-D translation parameters. This is a reasonable appro xima-

tion since there is no signi�can t out-of-plane motion as the sub ject w alks to w ards the camera. Regard-

ing the photometric transformation, only histogram equalization is p erformed to partially comp ensate

for con trast v ariations. The complete transformation T

�

f z g is as follo ws: a�ne transform z using

f a

1

; a

2

; a

3

; a

4

g , crop out the region of in terest at p osition f t

x

; t

y

g with the same size as the still template

in the gallery , and p erform histogram equalization.

3. Prior distribution p ( �

0

j z

0

) is a Gaussian whose mean comes from the initial face detector and

whose co v ariance matrix is man ually sp eci�ed.

4. Noise distribution p ( u

t

) is a Gaussian whose mean and co v ariance matrix are man ually sp eci�ed.

Also function g ( :; : ) in Eq. (1) is assumed to b e an addition function. F urthermore, p ( u

t

) is not time-

v arying. This is essen tially a �rst-order Mark o v Gaussian mo del with constan t v elo cit y . Giv en the

scenario that the sub ject is w alking to w ards the camera, the scale increases with time. Ho w ev er, under

p ersp ectiv e pro jection, this increase is no longer linear so that the constan t-v elo cit y mo del is not optimal.

Ho w ev er, exp erimen tal results sho w that as long as the samples of � can co v er the motion, this mo del is

su�cien t.

5. The noise distribution p ( v

t

) or the lik eliho o d p ( z

t

j n

t

; �

t

) could in general b e functions of dis-

tance b et w een T

�

t

f z

t

g and I

n

t

, sa y d ( T

�

t

f z

t

g ; I

n

t

). This can b e an y distance metric used in still-to-still
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recognition algorithms. Here, w e tak e it to b e a `truncated' Laplacian:

p ( z

t

j n

t

; �

t

) /

�

�

� 1

exp( �k v

t

k =� ) if k v

t

k � ��

�

� 1

exp( � � ) otherwise

(28)

where k I ( R ) k =

P

r 2 R

j I ( r ) j , and � and � are man ually sp eci�ed. F urthermore, p ( v

t

) is not time-v arying.

The Gaussian distribution is widely used as a noise mo del, accoun ting for sensor noise, digitization noise,

etc. Ho w ev er, giv en the observ ation equation v

t

= T

�

t

f z

t

g � I

n

t

, the dominan t part of v

t

b ecomes the

high-frequency residual if �

t

is not prop er, and it is w ell kno wn that the high-frequency residuals of

natural images are more Laplacian-lik e. The `truncated' Laplacian is used to pro vide a c hance for the

samples to accommo date abrupt motion c hanges.

5.2. Exp erimen tal Results

F or Database-1, Fig. 6 presen ts the plot of the p osterior probabilit y � ( n

t

), and Fig. 7 the conditional

en trop y H ( n

t

j z

0: t

) and the MMSE estimate of the scale parameter a

1

, all against t . In Fig. 4, the trac k ed

face is sup erimp osed on the image using a b ounding b o x.

Supp ose the correct iden tit y for Fig. 4 is l . F rom Fig. 6, w e can easily observ e that the p osterior

probabilit y � ( n

t

= l ) increases as time pro ceeds and ev en tually approac hes 1, and all other � 's for n

t

6= l

go to 0. Fig. 7 plots the decrease in the conditional en trop y H ( n

t

j z

0: n

) and the increase in the scale

parameter, whic h matc hes with the scenario: a sub ject w alking to w ards a camera.

T able 1 summarizes the a v erage recognition p erformance and computational time of C ONDENSA TION

and the prop osed algorithm when applied to Database-1. As far as p erformance is concerned, there is no

signi�can t di�erence b et w een the t w o algorithms, with the prop osed one giving sligh tly b etter results.

Ob viously , the prop osed algorithm is more e�cien t than the C ONDENSA TION algorithm. It is ab out 10

times faster, as sho wn in T able I. This exp erimen t w as implemen ted in C++ on a PC with a P-I I I650

CPU and 512M RAM, with the n um b er of motion samples J c hosen to b e 200 and the n um b er of

templates in the gallery N to b e 30.

The relativ ely lo w recognition rate is due to the fact that the prob e video w as tak en outdo ors with

the sun casting a strong shado w on the face, while the gallery w as tak en indo ors. Compare the images

in Figs. 3 and 5. This is somewhat similar to the F C test rep orts in [3]. Histogram equalization is not

able to accoun t for illumination c hanges e�ectiv ely . As a comparison, w e used the images sho wn in Fig.

5 as prob es to p erform still-to-still face recognition using the eigenface approac h [9]. The recognition

result is less than 30% for the top matc h.

Algorithm C ONDENSA TION Prop osed

Recognition rate within top 1 matc h 47% 50%

Recognition rate within top 3 matc hes 70% 77%

Time p er frame 22s 2.1s

T ABLE 1

P erformances of algorithms when applied to Database-1.

The recognition result for Database-2 is presen ted in Fig. 8. Compared to Database-1, b etter

p erformance is ac hiev ed b ecause there is no illumination c hange. Ho w ev er, due to the p ose v ariations

presen t in the database, using one fron tal view is not su�cien t to represen t one face class. This motiv ates

us to obtain more represen tativ e views for one face class, leading to the discussions in the follo wing

sections.
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6. Video-to-Video based F ace Recognition

In this section w e in tro duce our vide o-to-vide o based face recognition approac h. It enhances the

stil l-to-vide o approac h b y taking an en tire video, instead of a single image, to represen t the face of an

individual. The vide o-to-vide o based approac h has t w o stages. In the �rst learning stage, exemplars ,

whic h are selected represen tativ es from the ra w video, are automatically extracted from gallery videos.

The exemplars are used to summarize the gallery video information. In the second part, exemplars

are then used as cen ters for probabilistic mixture distributions for trac king and recognition pro cesses.

Probabilistic metho ds are attractiv e in this con text as they allo w systematic handling of uncertain t y and

an elegan t w a y of fusing temp oral information.

In Subsection 6.1 w e presen t the learning stage and explain, ho w the exemplars are generated from

a gallery video. In Subsection 6.2 w e explain ho w trac king and recognition is p erformed. In Subsection

6.3 w e presen t exp erimen tal results on the 99 video sequences of 25 individuals in Database-2.

6.1. Exemplar-based Learning

In order to realize vide o-to-vide o recognition, a probabilistic mo del needs to b e learned from eac h

gallery video V . Denote the gallery b y V = f V

1

; V

2

; : : : ; V

N

g . W e tak e an approac h whic h is similar

to the ones prop osed in [20 , 21 ]. These t w o approac hes ha v e in common that they try to �nd a set of

exemplars that b est describ e the set of training images, i.e., that minimize the exp ected distance b et w een

the giv en set of images Z = f z

1

; z

2

; : : : ; z

J

g and a set of exemplars (cluster cen ters) C = f c

1

; c

2

; : : : ; c

K

g :

E f d ( Z ; C ) g : (29)

In other w ords, let Z = f z

1

; z

2

; : : : ; z

J

g again b e the sequence of video images. It is b eing searc hed

for a set of exemplars C = f c

1

; c

2

; : : : ; c

K

g suc h that

p ( z

t

) =

X

c 2C

Z

�

p ( z

t

j � ; c ) p ( � j c ) p ( c ) d� (30)

is maximal for all t . Here, p ( z

t

j � ; c ) is the observ ation equation, giv en b y

p ( z

t

j x ) � p ( z

t

j � ; c )

/ exp

�

�

1

2 �

2

d ( T

�

f z

t

g ; c )

�

; (31)

where the c hoice of � dep ends on the c hoice of d .

In [20 ], a K -means clustering tec hnique is applied to minimize Eq. (30), and in [21 ] an EM approac h

is used. In spite of the essen tial di�erences b et w een these approac hes, they su�er from the follo wing

dra wbac ks:

� They �nd K exemplars, where K has to b e giv en in adv ance. F or face recognition this dra wbac k

is restrictiv e: Clearly , in Eq. (29) the distance measure d ma y b e c hosen arbitrarily and for

face recognition it is preferable to c ho ose one of the w ell-ev aluated ones (PCA, LD A, etc.) [3].

Thresholds and v ariances for eac h of these measures that minimize misclassi�cation are kno wn and

considering them requires a dynamic c hoice of the n um b er of clusters rather than a static one.

� They ha v e to store the training data in order to compute the clusters, whic h b ecomes di�cult for

long video streams.

Inspired b y the probabilistic in terpretation of the RBF neural net w ork [22 ], w e dev elop ed an online

tec hnique to learn the exemplars: A t eac h time step t , p ( z

t

j � ; c ) of Eq. (30) is maximized. If p ( z

t

j � ; c ) < �

for some � (whic h dep ends on the c hoice of d ) then T

�

f z

t

g is added to the set of exemplars.

The details of the learning algorithm are as follo ws:
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1. The �rst step is the alignmen t- or trac king-step: a cluster k and a deformation � 2 � are found

suc h that d ( T

�

f z

t

g ; c

k

) is minimized:

�

t

 � arg min

�

min

k

d ( T

�

f z

t

g ; c

k

) and (32)

k

t

 � arg min

k

d ( T

�

t

f z

t

g ; c

k

)

2. The second step generates a new cluster cen ter, if necessary: if

p ( z

t

j �

t

; c

k

t

) < �

then

C  � C [ fT

�

t

f z

t

gg ;

Coun t the n um b er of times, count ( k

t

) = count ( k

t

) + 1, that cluster c

k

t

appro ximated image z

t

b est.

3. Rep eat steps 1 and 2 un til all the frames in the video are pro cessed.

4. Compute the mixture w eigh ts �

k

/ count ( k ).

The result of this learning pro cedure is

1. a set C = f c

1

; c

2

; : : : ; c

K

g of aligned exemplars c

k

2. a prior �

k

for eac h of the exemplars c

k

.

Clearly , the more carefully the set � is c hosen, the few er exemplars are generated. Allo wing �,

e.g., to comp ensate only for translations, exemplars are generated to comp ensate for scale c hanges and

rotation.

Giv en a gallery V of videos, the ab o v e has to b e carried out for eac h video. During recognition, as

will b e explained in the next section, the exemplars are used as cen ters of mixture mo dels.

The ab o v e learning algorithm is motiv ated b y the online learning approac hes to arti�cial neural

net w orks (ANNs) [24 , 25 ]. Clearly , man y kinds of enhancemen ts can b e attempted (top ology preserving

maps, neigh b orho o d relations, etc.). An online learning algorithm for exemplars used during testing

could allo w, in a b o otstrapping manner, learning new exemplars from prob e videos.

In [26 ] a similar learning approac h w as presen ted. Unlik e our approac h, face images are not nor-

malized with resp ect to �, whic h results in a far larger n um b er of clusters. In [27 ] a `Unit F ace' RBF

mo del is prop osed where for eac h individual, a single RBF net w ork is trained. The authors ha v e also

in v estigated di�eren t geometrical normalizations and ha v e exp erimen ted with a prepro cessing step, suc h

as the application of a `di�erence of Gaussians' or Gab or w a v elets.

The goal of b oth of [26] and [27 ] w as to build a represen tation of face in tensit y b y using an RBF

net w ork. W e w an t to mak e it clear that this is exactly what w e do not w an t! Our in ten tion is to c ho ose

a w ell-kno wn face represen tation (suc h as PCA) in advanc e . Then w e learn the di�eren t exemplars of a

single face. The adv an tage is that in this w a y w e inherit the \face recognition capabilities" of the PCA,

LD A, etc. tec hniques.

6.2. T rac king and Recognition with Multiple Exemplars

After applying the learning algorithm w e ha v e for eac h individual n a set of exemplars C

n

=

f c

n

1

; c

n

2

; : : : ; c

n

K

n

g . In order to recognize individuals with m ultiple exemplars, our SIS approac h has

to b e dev elop ed further.
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Exemplars as Mixtur e Centers

T o tak e in to accoun t a set of exemplars C

n

= f c

n

1

; c

n

2

; : : : ; c

n

K

n

g for individual n , w e re�ne the lik eliho o d

computation of Eq. (31) as follo ws:

p ( z

t

j x ) � p ( z

t

j n; � )

/

X

c 2C

n

p ( z

t

j � ; c ) p

n

( c ) (33)

/

X

c 2C

n

exp

�

�

1

2 �

2

d ( T

�

f z g ; c )

�

�

n

c

: (34)

The exemplars in C

n

t

are used as the mixture cen ters of a join t distribution; p

n

t

( c ) = �

n

t

c

is the prior

for mixture cen ter c of individual n

t

.

Dynamic Mo del

In Section 5, a dynamic mo del for Eq. (1) has to b e giv en in adv ance. Here, ho w ev er, while learning

exemplars from video sequences, a dynamic mo del can also b e learned. In Eq. (7)

p ( x

t

j x

t � 1

) � p ( �

t

; n

t

j �

t � 1

; n

t � 1

)

de�nes the probabilit y of the state v ariable c hanging from x

t � 1

to x

t

. Learning of a dynamic mo del has

b een discussed in [20 ].

Computation of Posterior Distribution

The p osterior probabilit y distribution � ( n

t

; k

t

; �

t

) (where n refers to the individual and k to the

exemplar index) is represen ted b y a set of M indexed and w eigh ted particles

n �

n

( m )

; k

( m )

; �

( m )

; w

( m )

�o

t

m =1 :::M

: (35)

Note that w e ha v e, for b etter readabilit y , indexed the en tire set with t , instead of eac h comp onen t. Since

all exemplars for eac h p erson are aligned, w e do not ha v e to treat the di�eren t exemplars for a single

p erson separately . W e can therefore increase e�ciency if w e rewrite (35) as:

8

>

>

<

>

>

:

2

6

6

4

n

( m )

; 1 ; �

( m )

; w

( m )

1

.

.

.

n

( m )

; K

n

( m )

; �

( m )

; w

( m )

K

n

( m )

3

7

7

5

9

>

>

=

>

>

;

t

m =1 ::: M

0

: (36)

Set (36) is a set of K

n

( m )

� 4 dimensional matrices, and eac h matrix represen ts one particle, where

K

n

( m )

=

�

�

�

C

n

( m )

�

�

�

. W e can no w easily marginalize o v er C

n

( m )

to compute the p osterior probabilit y � ( n

t

; �

t

):

W e get with

^w

( m )

=

K

n

( m )

X

k =1

�

n

( m )

k

w

k

( m )

(37)

a new set of w eigh ted sample v ectors:

n�

n

( m )

; �

( m )

; ^w

( m )

�o

t

m =1 ::: M

0

: (38)

In Eq. (37), �

n

( m )

k

is the prior of exemplar k of p erson n

( m )

.

T o compute the iden tit y from the particle set (38) w e marginalize o v er � as in Eq. (24).
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6.3. Exp erimen tal Results

W e ha v e tested the video-to-video-based recognition algorithm on 99 video sequences of 25 di�eren t

individuals in Database-2. As men tioned b efore, there are four w alking st yles: walking slow ly , walking

fast , inclining and c arrying an obje ct . Therefore, four videos p er p erson are a v ailable. In the exp erimen ts

w e used one or t w o of the video t yp es as gallery videos for training, while the remaining ones w ere used

as prob es for testing.

F rom eac h gallery video, a �rst face sample w as cropp ed b y hand. Based on this sample, the training

pro cess w as initiated. F our examples of automatically extracted exemplar sets are sho wn in Fig. 11

(extracted from the slowWalk videos). The top ro w sho ws the exemplars of sub jects 04006 and 04079

(six exemplars eac h). The leftmost exemplar in eac h of the t w o sets is the hand-extracted one. The

second and third ro ws of Fig. 11 sho w the exemplars of sub ject 04015, and the fourth and �fth ro ws the

exemplars of sub ject 04022. The top left exemplar of eac h of the t w o sets is again the hand-extracted

one. Clearly , the n um b er of generated exemplars dep ends on the v ariet y of di�eren t views that app ear

in the gallery video. T o generate these exemplars, w e set � = 0 : 65 and the standard deviation p er pixel

to � = 0 : 4. Increasing � to � = 0 : 5 decreases the n um b er of exemplars b y roughly a factor of t w o.

During testing, these exemplar galleries w ere used to compute, o v er time, the p osterior probabilities

� ( n

t

). It is in teresting to see ho w the p osterior probabilities dev elop o v er time. Examples of this can b e

seen in Fig. 12. The dashed line refers to the correct h yp othesized iden tit y , and the other �v e curv es

refer to the probabilities of the top matc hing iden tities other than the true one. One can see in the left

and righ t plots that the dashed line (true h yp othesis) increases quic kly to 1. In order to consider al l

the frames of the video, w e restart the algorithm after con v ergence. Recognition is established b y that

iden tit y to whic h the SIS con v erged most often.

Examples illustrating the robustness as w ell as the limits of our approac h are sho wn in Figs. 11,

12, 13 and 14: Due to the sev ere di�erences b et w een the gallery exemplars (deriv ed from \slo wW alk")

in Fig. 11 (4th and 5th ro ws) and the prob e video (see sample images from the prob e video in Fig.

13), the recognition of sub ject 04022 w as not successful (Fig. 12, top). On the other hand, in spite of

the di�erences b et w een the gallery exemplars and the prob e video, sub ject 04079 w as alw a ys recognized

successfully (Fig. 12, b ottom). The ma jor problems that w e encoun tered during our exp erimen ts w ere:

1. Some sub jects app eared v ery di�eren t in the gallery video and in the prob e videos: This w as the

case for ab out 50% of the failed exp erimen ts.

2. Some sub jects lo ok ed do wn while w alking: This w as the case for roughly 10 sub jects (Fig. 15).

In some cases, where the sub ject lo ok ed do wn in the gallery as w ell as in the prob e, this w asn't

necessarily a problem, but in other cases (see Fig. 15, left), it led to misclassi�cation.

Clearly , b oth problems can b e solv ed b y using more gallery videos. W e therefore did a second set of

exp erimen ts, where t w o videos w ere used as a gallery video, while the testing w as carried out on the

remaining t w o videos. The o v erall recognition results for one and t w o gallery videos are summarized

in T able 2. The `g' indicates whic h videos w ere used in the gallery . The gallery con tained 25 di�eren t

individuals; ho w ev er, for the \carrying" video set, only 24 di�eren t individuals w ere a v ailable.

In [20 ] it is demonstrated that the dynamic information can also b e learned. W e ha v e done extensiv e

exp erimen ts to com bine facial and dynamic information for recognition. Ho w ev er, w e ha v e observ ed that

the dynamic information of p ersons can c hange sev erely with w alking sp eed. W e ha v e therefore not used

that information for recognition.

Video images from our test data w ere con v erted from color to gra y v alue images, but no further

pro cessing w as done. Throughout our exp erimen ts w e used the Euclidean distance measure. The set of

deformations � included scale and translation. Shear and rotation w ere not considered.
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slo w fast incline carrying

g 100% 96% 92%

92% g 100% 96%

100% 96% g 96%

88% 96% 92% g

g g 100% 96%

g 100% g 100%

g 100% 96% g

100% g g 96%

100% g 100% g

100% 100% g g

slo w fast incline carrying

g 96% 92% 88%

92% g 92% 92%

96% 96% g 96%

88% 88% 83% g

g g 96% 92%

g 100% g 100%

g 96% 96% g

100% g g 96%

92% g 96% g

100% 96% g g

T ABLE 2

Ov erall recognition rates in p ercen t for � = 0 : 4 (left), and � = 0 : 5 (righ t). The `g' indicates the video

used as gallery .

7. Discussion and Conclusions

W e ha v e presen ted a systematic metho d for face recognition from a prob e video, compared with

a gallery of still templates. A time series state space mo del is used to accommo date the video, and

SIS algorithms pro vide the n umerical solutions to the mo del. This probabilistic framew ork, whic h

o v ercomes man y di�culties arising in con v en tional recognition approac hes using video, is registration-

free and a v oids the need for selecting go o d frames. It turns out that an immediate recognition decision

can b e made in our framew ork due to the degeneracy of the p osterior probabilit y of the iden tit y v ariable.

The conditional en trop y can also serv e as a go o d indication of the con v ergence. In addition, the still

templates in the gallery are generalized to videos b y learning exemplars from the gallery video. The still-

to-video framew ork then p erforms recognition from prob e videos. It is sho wn b y our exp erimen ts that

this video-to-video algorithm ac hiev es b etter p erformance than the still-to-video algorithm. Ho w ev er,

in order to sho w that our approac h is capable of recognizing faces in practice, one needs to w ork with

m uc h larger face databases.

Once the exemplars are generated, they could theoretically b e used as gallery images in a multiple-

stil l-to-multiple-stil l (or stil l-to-multiple-stil l ) face recognition approac h. Here, recognition w ould b e

based on pairwise computation of the distance measure d ( � ; � ). If w e use one of the image represen tations

that are already w ell kno wn for face recognition (suc h as PCA) and an appropriate distance measure, w e

can consider the tec hniques that w ere tested in the FERET test [3 ] as a \baseline" for our metho d. This

means that w e can predict the recognition results for our still-to-video and video-to-video recognition

metho ds, and the FERET p erformances are lo w er b ounds.

The follo wing issues are w orth y of in v estigation in the future.

1. The assumption that iden tit y do es not c hange as time pro ceeds, i.e., p ( n

t

j n

t � 1

) = � ( n

t

� n

t � 1

),

could b e relaxed b y ha ving nonzero transition probabilities b et w een di�eren t iden tit y v ariables. Using

nonzero transition probabilities will enable an easier transition to the correct c hoice if the initial c hoice

is incorrect, making the algorithm more robust.

2. Choice of the lik eliho o d distribution p ( z

t

j n

t

; �

t

) and condition (B). In general, the smaller

d ( T

�

t

f z

t

g ; I

n

t

) is, the higher the lik eliho o d p ( z

t

j n

t

; �

t

) and the higher the p osterior p ( n

t

j z

0: t

). In this

sense, an accurate solution to this problem is determined b y the basic problem: ho w can w e �nd an

e�cien t distance metric d or ho w w ell is condition (B) satis�ed? Fig. 9 plots, against the logarithm of
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the scale parameter, the `a v erage' lik eliho o d of the correct iden tit y

1

N

X

n 2N

p ( I

n

j n; � ) ;

and of the incorrect iden tities

1

N ( N � 1)

X

m 2N ;n 2N ;m 6= n

p ( I

m

j n; � ) ;

of the face gallery as w ell as the `a v erage' lik eliho o d ratio, i.e., the ratio b et w een the ab o v e t w o quan tities.

The observ ation is that only within a narro w `band' is condition (B) w ell satis�ed. Therefore, the success

of the SIS algorithm dep ends on ho w w ell the samples lie in a similar `band' in the high-dimensional

a�ne space. Also, the lo w er b ound � in condition (B) is to o strict. If w e tak e the mean of the `a v erage'

lik eliho o d ratio sho wn in Fig. 9 as an estimate of � ( roughly 1.5 ), Eq. (16) tells us that after 20 frames,

the probabilit y p ( l j y

0: t

) reac hes 0.99! Ho w ev er, this do es not happ en in the exp erimen ts due to noise in

the observ ations and incomplete parameterization of the transformations.

3. Resampling. In the recognition algorithm, the marginal distribution f ( �

( j )

t � 1

; w

0

( j )

t � 1

) g

J

j =1

is sam-

pled to obtain the sample set f ( �

( j )

t

; 1) g

J

j =1

. This ma y cause problems in principle since there is no

conditional indep endence b et w een �

t

and n

t

giv en y

0: t

. Ho w ev er, in a practical sense, this is not a big

disadv an tage b ecause the purp ose of resampling is to \pro vide c hances for the go o d streams (samples)

to amplify themselv es and hence rejuv enate the sampler to pro duce a b etter result for future states as

the system ev olv es" [7]. The resampling sc heme can b e simple random sampling with w eigh ts (as in

C ONDENSA TION ), residual sampling, or a lo cal Mon te Carlo metho d.

4. Computational load. As men tioned earlier, t w o imp ortan t n um b ers a�ecting the computation

are J , the n um b er of motion samples, and N , the size of the database. (i) The c hoice of J is an op en

question in the statistics literature. In general, larger J 's pro duce more accurate results. (ii) The c hoice

of N dep ends on the application. Since a small database w as used in this exp erimen t, this is not a big

issue here. Ho w ev er, the computational burden ma y b e excessiv e if N is large. One p ossibilit y is to use a

con tin uous parameterized represen tation, sa y 
 , instead of a discrete iden tit y v ariable n . The task then

reduces to computing p ( 


t

; �

t

j y

0: t

). W e then can easily rank the gallery using the estimated 


t

.

5. W e highligh t the di�erences from Li and Chellappa's approac h [14 ]. In [14 ], basically only the

trac king motion v ector is parameterized in the state-space mo del. The iden tit y is used only in the

initialization step to rectify the template on to the �rst frame of the sequence. In our approac h, ho w ev er,

b oth the trac king motion v ector and the iden tit y v ariable are parameterized in the state-space mo del,

whic h o�ers us one more degree of freedom and leads to a di�eren t approac h to deriving the solution.

The SIS tec hnique is used in b oth approac hes to n umerically appro ximate the p osterior probabilit y

giv en the observ ations. Again, in [14 ], the p osterior probabilit y of the motion v ector and the v eri�cation

probabilit y are estimated b y marginalizing on a prop er region of state space, rede�ned at eac h time

instan t. Ho w ev er, w e alw a ys compute the join t densit y , i.e., the p osterior probabilit y of the motion v ector

and the iden tit y v ariable, and the p osterior probabilit y of the iden tit y v ariable is just a free estimate

b y marginalizing o v er the motion v ector. Note that there is no time propagation of the v eri�cation

probabilit y in [14 ], while w e alw a ys propagate the join t densit y . One consequence is that w e guaran tee

that

P

n

t

2

N

p ( n

t

j z

0: t

) = 1, but there is no suc h guaran tee in [14 ]. The approac h of [14] in some sense is

more lik e a batc h metho d b y running the algorithm for di�eren t templates, while ours is truly recursiv e.

Another imp ortan t consequence is that in our approac h the degeneracy in the correct iden tit y ev en tually

leads to immediate decisions, while no suc h decision can b e readily made from the v eri�cation probabilit y

in [14]. In addition, in terms of trac king accuracy , if the wrong template is recti�ed on the �rst frame

in the initialization step, the trac king is more lik ely to b e attracted to the noisy bac kground, while our

approac h is more robust since w e consider all templates at the same time.
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FIG. 1 The C ONDENSA TION algorithm.
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FIG. 2 The prop osed algorithm.
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FIG. 3 Upp er ro w: The face gallery in Database-1. Middle ro w: The top 10 eigenfaces for Database-1.

Bottom ro w: The face gallery in Database-2. All images are normalized to 48x42.
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FIG. 4 Example frames in one prob e video in Database-1. The image size is 720x480 while the actual

face size ranges from appro ximately 20x20 in the �rst frame to 60x60 in the last frame.

FIG. 5 F acial images cropp ed from prob e videos in Database-1 and then normalized.
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FIG. 6 P osterior probabilit y � ( n

t

) against time instan t, obtained b y the the C ONDENSA TION algorithm

(left) and the prop osed algorithm (righ t).
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FIG. 7 Conditional en trop y H ( n

t

j z

0: t

) (left) and MMSE estimate of scale parameter (righ t) against

time instan t. Both are obtained using the prop osed algorithm.
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FIG. 8 Cum ulativ e matc h curv e for Database-2.
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FIG. 9 Left: The `a v erage' lik eliho o d of the correct h yp othesis and incorrect h yp otheses against the log

of the scale parameter. Righ t: The `a v erage' lik eliho o d ratio against the log of the scale parameter.
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FIG. 10 Sample images from the videos ( slowWalk ) in Database-2.
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FIG. 11 Exemplars of di�eren t p ersons in the gallery videos ( slowWalk ).
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FIG. 12 Tw o t ypical probabilit y ev olutions. The top ro w w as an unsuccessful recognition, and the

b ottom ro w w as a successful one. The graphs plot the top �v e matc hes; the dashed line refers to the

true h yp othesis. The x -axis refers to the time t . The top graph sho ws the curv e of sub ject 04022, and

the b ottom graph sho ws a t ypical curv e (here, sub ject 04079). Compare the top graph with the image

in Fig. 13.

FIG. 13 Sample frames 1, 35, 81, 100 of a prob e video. One observ es large di�erences from the gallery

video. In this case recognition w as not successful.
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FIG. 14 Sample frames 1, 9, 40, 72 of a prob e video. One observ es large di�erences from the gallery

video. In this case, ho w ev er, recognition was successful.

FIG. 15 F ailure examples, where the galleries w ere not su�cien t to recognize the sub jects.
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