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Abstra
tRe
ognition of human fa
es using a gallery of still or video images and a probe set of videos is sys-temati
ally investigated using a probabilisti
 framework. In still-to-video re
ognition, where the gallery
onsists of still images, a time series state spa
e model is proposed to fuse temporal information in aprobe video, whi
h simultaneously 
hara
terizes the kinemati
s and identity using a motion ve
tor andan identity variable, respe
tively. The joint posterior distribution of the motion ve
tor and the identityvariable is estimated at ea
h time instant and then propagated to the next time instant. Marginalizationover the motion ve
tor yields a robust estimate of the posterior distribution of the identity variable. A
omputationally eÆ
ient sequential importan
e sampling algorithm is developed to provide a numeri
alsolution to the model. Theoreti
al derivations under weak assumptions demonstrate that, due to thepropagation of the identity variable over time, a degenera
y in the posterior probability of the identityvariable is exploited to give improved re
ognition.The gallery is generalized to videos in order to realize video-to-video re
ognition. An exemplar-basedlearning strategy is adopted to automati
ally sele
t video representatives from the gallery, serving asmixture 
enters in an updated likelihood measure. The SIS algorithm is applied to approximate theposterior distribution of the motion ve
tor, the identity variable, and the exemplar index, and themarginal distribution of the identity variable produ
es the re
ognition result. The model formulation isvery general and allows a variety of image representations and transformations.Experimental results using videos 
olle
ted by NIST/USF and CMU illustrate the e�e
tiveness ofthis approa
h in both still-to-video and video-to-video s
enarios with appropriate model 
hoi
es.Key Words: Fa
e re
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1. Introdu
tionProbabilisti
 video analysis has re
ently re
eived signi�
ant attention in the 
omputer vision 
om-munity sin
e the seminal work of Isard and Blake [4℄. In their e�ort to solve the problem of visualtra
king, they introdu
ed a time series state spa
e model parameterized by a tra
king motion ve
tor(e.g. aÆne transformation parameters), denoted by �t. The CONDENSATION algorithm was developedto provide a numeri
al approximation to the posterior distribution of the motion ve
tor at time t giventhe observations up to t, i.e., �(�t) = p(�tjz0:t) where z0:t = (z0; z1; : : : ; zt) and zt is the observation attime t, and to propagate it over time a

ording to the kinemati
s. This algorithm has been extended tomany areas [5, 15, 23℄, in
luding human fa
e re
ognition (FR) [14℄. In this paper, we will systemati
allyinvestigate the in
orporation of temporal information in a video sequen
e for the FR task.FR has been an extensive resear
h area for a long time. Refer to [1, 2℄ for surveys and [3℄ for reportson experiments. The experiments reported in [3℄ evaluate still-to-still s
enarios, where the gallery andthe probe set both 
onsist of still fa
ial images. Some well-known still-to-still FR approa
hes in
ludePrin
ipal Component Analysis (PCA) [9℄, Linear Dis
riminant Analysis (LDA) [10, 11℄, and Elasti
Graph Mat
hing (EGM) [12℄. Typi
ally, re
ognition is performed based on an abstra
t representationof the fa
e image after suitable geometri
 and photometri
 registrations.Following [3℄, we de�ne a still-to-video s
enario: the gallery 
onsists of still fa
ial templates andthe probe set 
onsists of video sequen
es 
ontaining the fa
ial region. Denote the gallery by I =fI1; I2; : : : ; INg, indexed by the identity variable n, whi
h lies in a �nite sample spa
e N = f1; 2; : : : ; Ng.Though signi�
ant resear
h has been 
ondu
ted on still-to-still re
ognition, resear
h e�orts on still-to-video re
ognition are less 
ommon due to the following 
hallenges [2℄ in typi
al surveillan
e appli
ations:poor video quality, signi�
ant illumination and pose variations, and low image resolution. Most video-based re
ognition systems [13℄ do the following: the fa
e is �rst dete
ted and then tra
ked over time.When a frame satisfying 
ertain 
riteria (size, pose) is a
quired, re
ognition is performed using a still-to-still re
ognition te
hnique. To do this, the fa
e part is 
ropped from the frame and transformed orregistered using appropriate transformations.There are several unresolved issues in the above approa
h: 
riteria for sele
ting good frames andestimation of parameters for registration. Also, still-to-still re
ognition does not e�e
tively exploittemporal information. A 
ommon strategy, whi
h sele
ts several good frames, performs re
ognition onea
h frame and then votes on these re
ognition results for a �nal solution, is rather ad ho
.Many of these diÆ
ulties 
an be over
ome by the proposed probabilisti
 framework. To fuse temporalinformation, a time series state spa
e model is adopted to 
hara
terize the evolving kinemati
s andidentity in the probe video. Three basi
 
omponents of the model are:� a motion equation governing the kinemati
 behavior of the tra
king motion ve
tor,� an identity equation governing the temporal evolution of the identity variable,� an observation equation depi
ting the observing behavior by establishing a link between the motionve
tor and the identity variable.Using the sequential importan
e sampling (SIS) [4, 6, 7, 8℄ te
hnique, the joint posterior distributionof the motion ve
tor and the identity variable, i.e., �(nt; �t) = p(nt; �tjz0:t), is estimated at ea
h timeinstant and then propagated to the next time instant as governed by motion and identity equations. Themarginal distribution of the identity variable, �(nt) = p(ntjz0:t), is estimated to provide a re
ognitionresult. An SIS algorithm is developed to approximate the distribution �(nt) in the still-to-video s
enario.It a
hieves 
omputational eÆ
ien
y over the CONDENSATION algorithm by 
onsidering the dis
retenature of the identity variable.The still templates in the gallery 
an be generalized to video sequen
es in order to realize video-to-video re
ognition. In video-to-video re
ognition, exemplars and their prior probabilities are learned fromthe gallery videos to serve as still templates in the still-to-video s
enario. Person n may have a 
olle
tion1



of several exemplars, say Cn = f
n1 ; 
n2 ; : : : ; 
nKng indexed by k. The likelihood is then modeled as amixture density with exemplars as mixture 
enters. We �rst 
ompute the joint distribution �(nt; kt; �t)using the SIS algorithm and marginalize it to yield �(nt). In the experiments reported here, the subje
twalks on a treadmill with his/her head moving naturally, giving rise to signi�
ant variations a
ross poses.The proposed method su

essfully 
opes with these pose variations, as eviden
ed by the experimentalresults.It is worth emphasizing that (i) our model 
an take advantage of any still-to-still re
ognition algo-rithm [9, 10, 11, 12℄ by embedding any distan
e measure used by su
h an algorithm into our likelihoodmeasurement; and (ii) it allows a variety of image representations and transformations.The organization of this paper is as follows: Se
tion 2 reviews some related studies on video-basedFR. Se
tion 3 introdu
es the time series state spa
e model for re
ognition and establishes the time-evolving behavior of �(nt) under some weak assumptions. Se
tion 4 brie
y reviews the SIS prin
iplefrom the viewpoint of a general state spa
e model and develops an SIS algorithm to solve the still-to-video re
ognition problem, with spe
ial emphasis on its 
omputational eÆ
ien
y. Se
tion 5 des
ribes theexperimental s
enarios for still-to-video re
ognition and presents results using the HID data 
olle
tedby NIST/USF and the CMU MoBo database. In Se
tion 6, Subse
tion 6.1 presents the exemplar-basedlearning algorithm, and Subse
tion 6.2 des
ribes some modi�
ations in the model and an algorithmthat a

ommodates video-to-video re
ognition. Experimental results for the video-to-video re
ognitionproblem using CMU data are presented in Subse
tion 6.3. Se
tion 7 
on
ludes the paper.2. Related LiteratureNearly all video-based re
ognition systems apply still-image-based re
ognition to sele
ted good frames.The fa
e images are warped into frontal views whenever pose and depth information about the fa
es isavailable [13℄.In [27, 18, 26℄, RBF (Radial Basis Fun
tion) networks are used for tra
king and re
ognition purposes.The system in [27℄ uses an RBF network for re
ognition. Sin
e no warping is done, the RBF networkhas to learn the individual variations as well as possible transformations. The performan
e appearsto vary widely, depending on the size of the training set. In [18℄, fa
e tra
king is based on an RBFnetwork to provide feedba
k to a motion 
lustering pro
ess. Good tra
king results were demonstrated,but person authenti
ation results were referred to as future work. [26℄ presents a fully automati
 personauthenti
ation system that uses video break, fa
e dete
tion, and authenti
ation modules and 
y
lesover su

essive video images until a high re
ognition 
on�den
e is rea
hed. During operation, the fa
eis tra
ked, fa
e images are normalized and then used for authenti
ation with an RBF network. Thissystem was tested on three image sequen
es; the �rst was taken indoors with one subje
t, the se
ondwas taken outdoors with two subje
ts, and the third was taken outdoors with one subje
t in stormy
onditions. Perfe
t results were reported on all three sequen
es, when veri�ed against a database of 20still fa
e images.In [19℄ a system 
alled PersonSpotter is des
ribed. This system is able to 
apture, tra
k and re
ognizea person walking toward or passing a stereo CCD 
amera. It has several modules, in
luding a head tra
kerand a landmark �nder. The landmark �nder uses a dense graph 
onsisting of 48 nodes learned from25 example images to �nd landmarks su
h as eyes and nose tip. An elasti
 graph mat
hing s
heme isemployed to identify the fa
e.A multimodal-based person re
ognition system is des
ribed in [13℄. This system 
onsists of a fa
ere
ognition module, a speaker identi�
ation module, and a 
lassi�er fusion module. The most reliablevideo frames and audio 
lips are sele
ted for re
ognition. 3D information about the head is used to dete
tthe presen
e of an a
tual person as opposed to an image of that person. Re
ognition and veri�
ationrates of 100% were a
hieved for 26 registered 
lients.In [16℄, re
ognition of fa
es over time is implemented by 
onstru
ting a fa
e identity surfa
e. Thefa
e is �rst warped to a frontal view, and its Kernel Dis
riminant Analysis (KDA) features over time2



form a traje
tory. It is shown that the traje
tory distan
es a

umulate re
ognitive eviden
e over time.In [14℄ a generi
 approa
h to simultaneous obje
t tra
king and veri�
ation is proposed. The approa
his based on posterior probability density estimation using sequential Monte Carlo methods [4, 6, 7, 8℄.Tra
king is formulated as a probability density propagation problem and the algorithm also providesveri�
ation results. However, there was no systemati
 evaluation of re
ognition performan
e. Thereare signi�
ant di�eren
es between our approa
h and the algorithm des
ribed in [14℄; we highlight thesedi�eren
es in Se
tion 7.Bla
k and Jepson [15℄ used a CONDENSATION-based algorithm to mat
h temporal traje
tories. Mod-els of temporal traje
tories, arising from gestures and fa
ial expressions, are trained beforehand andmat
hed against human motions in a new image sequen
e. The joint posterior distribution of modelsele
tion, lo
al stret
hing, s
aling, and position evolves as time pro
eeds.3. A Model for Re
ognition in VideoIn this se
tion we present details on how we establish the propagation model for re
ognition anddis
uss its impa
t on the posterior distribution of the identity variable under some weak assumptions.3.1. A Time Series State Spa
e Model for Re
ognitionWe use the following mathemati
al notation:� An image I . It 
ould be represented using raw intensity values I(R) in the image region R, orabstra
t features extra
ted from I(R), su
h as PCA or LDA features.� A transformed version of image I , T�fIg, with transformation ve
tor � 2 �, a 
ontinuous samplespa
e. The transformation 
an be either geometri
, photometri
, or both. If I is represented byabstra
t features, so is T�fIg.� A gallery I = fI1; I2; : : : ; INg, indexed by an identity variable n lying in a �nite sample spa
eN = f1; 2; : : : Ng. In is the still template for the identity n, whi
h may or may not be registeredbeforehand. Here it is assumed that ea
h identity has only one representative still fa
ial image.� �t is the transformation ve
tor or the motion ve
tor, nt the identity variable, and zt the observation,respe
tively, at time instant t. xt = (nt; �t) is the overall state ve
tor. z0:t = (z0; z1; : : : ; zt) is a
olle
tion of observations up to time t.A time series state spa
e model for re
ognition 
an now be des
ribed as follows:1. Motion equation: �t = g(�t�1; ut); t � 1; (1)where ut is noise in the motion model and g(:; :) 
hara
terizes the evolving motion, both as fun
tionsof t.2. Identity equation: nt = nt�1; t � 1; (2)assuming that the identity does not 
hange over time.3. Observation equation: T�tfztg = Int + vt; t � 1; (3)where vt is observation noise at time instant t, and assuming that the transformed observation isa noise-
orrupted version of some still template in the gallery.3



4. Prior distributions: p(�0jz0); p(n0jz0): (4)5. Noise distributions: p(ut); p(vt); t � 1: (5)The noise distribution p(ut) determines the motion state transition probability p(�tj�t�1), andp(vt) determines the observation likelihood p(ztjnt; �t).6. Statisti
al independen
e: n0 ? �0; ut ? vs; t; s � 1ut ? us; vt ? vs; t; s � 1 & t 6= s (6)where ? indi
ates statisti
al independen
e.Using the overall state ve
tor xt, Eqs. (1) and (2) 
an be 
ombined into one state equation (in anormal sense) whi
h is 
ompletely des
ribed by the overall state transition probabilityp(xtjxt�1) = p(ntjnt�1)p(�tj�t�1) : (7)Given this model, our goal is to 
ompute the posterior probability �(nt). It is in fa
t a probabilitymass fun
tion (PMF), as well as a marginal probability of �(nt; �t), whi
h is a mixture distribution.Therefore, the problem is redu
ed to 
omputing the posterior probability.3.2. The Posterior Probability of the Identity VariableIt is very interesting to study the evolution of the posterior probability �(nt) as time pro
eeds sin
ethe identity variable does not 
hange by assumption, i.e., p(ntjnt�1) = Æ(nt � nt�1), where Æ(:) is adis
rete impulse fun
tion at the origin.Using time re
ursion, the Markov properties, and the statisti
al independen
e embedded in the model,we 
an easily derivep(n0:t; �0:tjz0:t) = p(n0:t�1; �0:t�1jz0:t�1)p(ztjnt; �t)p(ntjnt�1)p(�tj�t�1)p(ztjz0:t�1)= p(n0; �0jz0) tYs=1 p(zsjns; �s)p(nsjns�1)p(�sj�s�1)p(zsjz0:s�1)= p(n0jz0)p(�0jz0) tYs=1 p(zsjns; �s)Æ(ns � ns�1)p(�sj�s�1)p(zsjz0:s�1) : (8)Therefore, by marginalizing over �0:t and n0:t�1, we getp(nt = ljz0:t) = p(ljz0) Z�0 : : : Z�t p(�0jz0) tYs=1 p(zsjl; �s)p(�sj�s�1)p(zsjz0:s�1) d�t : : : d�0: (9)Thus �(nt = l) is determined by the prior distribution p(n0 = ljz0) and the produ
t of the likelihoodfun
tions, Qts=1 p(zsjl; �s). If a uniform prior is assumed, then Qts=1 p(zsjl; �s) is the only determiningfa
tor.Suppose that the following two 
onditions hold:� (A) The prior probability for ea
h identity is the same,p(n0jz0) = 1=N ; n0 2 N ; (10)4



� (B) For the 
orre
t identity l 2 N , there exists a 
onstant � > 1 su
h thatp(ztjl; �t) � �p(ztjnt; �t); t � 1; nt 2 N ; nt 6= l: (11)A trivial 
hoi
e of � is the lower bound on the likelihood ratio, i.e.� = inft�1;nt 6=l;�t2� p(ztjl; �t)p(ztjnt; �t) : (12)Se
tion 7 dis
usses the empiri
al 
hoi
e of �.Substitution of Eqs. (10) and (11) into Eq. (9) givesp(ljz0:t) � �tp(ntjz0:t); nt 2 N ; nt 6= l; (13)where �t =Qts=1 �. Sin
e PNnt=1 p(ntjz0:t) = 1, it is easy to see that for the 
orre
t identity,p(ljz0:t) � p(ljz0:t�1): (14)In other words, the posterior probability of the 
orre
t hypothesis is non-de
reasing as time pro
eeds.More interestingly, from Eq. (13) we have(N � 1)p(ljz0:t) � �t NXnt=1;nt 6=l p(ntjz0:t) = �t(1� p(ljz0:t)); (15)i.e. p(ljz0:t) � �t�t +N � 1 : (16)Sin
e � > 1 and p(ljz0:t) � 1, limt!1 p(ljz0:t) = 1; (17)implying that �(nt) degenerates to the identity l for some suÆ
iently large t.However, all these derivations are based on 
onditions (A) and (B). Though it is easy to satisfy
ondition (A), diÆ
ulty arises in pra
ti
e in satisfying 
ondition (B) for all the frames in the sequen
e.Fortunately, as we will see in the experiment in Se
tion 5, numeri
ally this degenera
y is still rea
hedeven if 
ondition (B) is satis�ed only for most but not all frames in the sequen
e. This issue is alsoaddressed in Se
tion 7.To measure the evolving un
ertainty remaining in the identity variable as observations a

umulate,we use the notion of entropy [17℄. Given a PMF p(x);x 2 N , the entropy is de�ned asH(x) = �Xx2N p(x) log2 p(x): (18)Entropy essentially measures the average un
ertainty about the random variable x with PMF p(x). Itis well known that among all distributions taking values on f1; : : : ; Ng, the uniform distribution yieldsa maximum log2N and the degenerate 
ase yields the minimum 0, i.e., 0 � H � log2N . Similarly,
onditional entropy is de�ned asH(xjy) = �Xy p(y)Xx p(xjy) log2 p(xjy): (19)In the 
ontext of this problem, 
onditional entropyH(ntjz0:t) 
aptures the evolving un
ertainty of theidentity variable given observations z0:t. However, knowledge of p(z0:t) is needed to 
ompute H(ntjz0:t).We assume it degenerates to an impulse around the a
tual observations ~z0:t sin
e we observe only thisparti
ular sequen
e, i.e., p(z0:t) = Æ(z0:t � ~z0:t). NowH(ntjz0:t) = � Xnt2N p(ntj~z0:t) log2 p(ntj~z0:t): (20)Under the 
onditions mentioned above, we expe
t H(ntjz0:t) to de
rease as time pro
eeds.5



4. Sequential Importan
e Sampling AlgorithmConsider a general time series state spa
e model fully determined by (i) the overall state transitionprobability p(xtjxt�1), (ii) the observation likelihood p(ztjxt), and (iii) the prior probability p(x0) andstatisti
al independen
e: ut ? us; vt ? vs; t 6= s. We wish to 
ompute the posterior probability �(xt) =p(xtjz0:t).If the model is linear with Gaussian noise, it is analyti
ally solvable by a Kalman �lter whi
h es-sentially propagates the mean and varian
e of a Gaussian distribution over time. For nonlinear andnon-Gaussian 
ases, an extended Kalman �lter (EKF) and its variants have been proposed to arriveat an approximate analyti
 solution [29℄. Re
ently, the SIS te
hnique, a spe
ial 
ase of the MonteCarlo method [4, 8, 6, 7℄, has been used to provide a numeri
al solution and to propagate an arbitrarydistribution over time.4.1. Importan
e SamplingThe essen
e of the Monte Carlo method is to represent an arbitrary probability distribution �(x)
losely by a set of dis
rete samples. It would be ideal to draw i.i.d. samples fx(m)gMm=1 from �(x).However, this is often diÆ
ult to implement, espe
ially for non-trivial distributions. Instead, a set ofsamples fx(m)gMm=1 is drawn from an importan
e fun
tion g(x) whi
h is easy to sample from, and aweight w(m) = �(x(m))=g(x(m)) (21)is then assigned to ea
h sample. This te
hnique is 
alled Importan
e Sampling (IS). It 
an be shown [7℄that the importan
e sample set S = f(x(m); w(m))gMm=1 is properly weighted to the target distribution�(x). To a

ommodate a video, importan
e sampling is used in a sequential fashion, whi
h leads to SIS.SIS propagates St�1 a

ording to the sequential importan
e fun
tion, say g(xtjxt�1), and 
al
ulates theweight using wt = wt�1p(ztjxt)p(xtjxt�1)=g(xtjxt�1): (22)In the CONDENSATION algorithm [4℄, g(xtjxt�1) is taken to be p(xtjxt�1) and Eq. (22) be
omeswt = wt�1p(ztjxt); (23)In fa
t, Eq. (23) is implemented by �rst resampling the sample set St�1 a

ording to wt�1 and thenupdating the weight wt using p(ztjxt). For a 
omplete des
ription of the SIS method, refer to [7, 8℄.The following two propositions are useful for guiding the development of the SIS algorithm.Proposition 1. When �(x) is a PMF de�ned on a �nite sample spa
e, the proper sample set should
onsist of all samples in the sample spa
e.Proposition 2. If a set of weighted random samples f(x(m); y(m); w(m))gMm=1 is proper with respe
tto �(x; y), then a new set of weighted random samples f(y0(k); w0(k))gKk=1, whi
h is proper with respe
tto �(y), the marginal of �(x; y), 
an be 
onstru
ted as follows:1) Remove repetitive samples from fy(m)gMm=1 to obtain fy0(k)gKk=1, where all y0(k)'s are distin
t;2) Sum the weights w(m) belonging to the same sample y0(k) to obtain the weight w0(k), i.e.,w0(k) = MXm=1;y(m)=y0(k) w(m): (24)
6



4.2. Algorithms and Computational EÆ
ien
yIn this framework, the posterior probability �(nt; �t) is represented by a set of indexed and weightedsamples St = f(n(m)t ; �(m)t ; w(m)t )gMm=1 (25)where nt is the above index. By Proposition 2, we 
an sum the weights of the samples belonging to thesame index nt to obtain a proper sample set fnt; �ntgNnt=1 with respe
t to the posterior PMF �(nt).A straightforward implementation of the CONDENSATION algorithm (Fig. 1) for simultaneous tra
k-ing and re
ognition is not eÆ
ient in terms of its 
omputational load. Sin
e N = f1; 2; : : : ; Ng is a
ountable sample spa
e, we need N samples for the identity variable nt a

ording to Proposition 1. As-sume that, for ea
h identity variable nt, J samples are needed to represent �t. Then we need M = J �Nsamples in total. Further assume that one resampling step takes Tr units of time (ut), one predi
tingstep takes Tp ut, one updating step takes Tu ut, the normalizing step takes Tn ut, and the marginalizingstep takes Tm ut. In the updating step, there are two substeps: 
omputing the transformed imageT�tfztg, and evaluating the likelihood p(ztjnt; �t), taking Tt and Tl ut respe
tively. Obviously, the total
omputation time to deal with one video frame is J � N � (Tr + Tp + Tt + Tl) + Tn + Tm ut. It iswell known that 
omputing the transformed image is mu
h more expensive than the other operations,i.e., Tt >> max(Tr; Tp; Tl). Therefore, as the number of templates N grows, the 
omputational loadin
reases dramati
ally.Sin
e the sample spa
e N is 
ountable, an exhaustive sear
h is possible. Mathemati
ally, we relaxthe random sampling in the identity variable nt by 
onstru
ting samples as follows: for ea
h �(j)t ,(1; �(j)t ; w(j)t;1 ); (2; �(j)t ; w(j)t;2 ); : : : ; (N; �(j)t ; w(j)t;N ):We in fa
t use the following notation for the sample set:St = f(�(j)t ; w(j)t ; w(j)t;1 ; w(j)t;2 ; : : : ; w(j)t;N )gJj=1; (26)with w(j)t =PNn=1 w(j)t;n.Based on this, we 
an �rst resample the `marginal' sample set f(�(j)t�1; w(j)t�1)gJj=1 to arrive at �0(j)t�1's.After resampling, we set w0(j)t�1 = 1 and w0(j)t�1;n = w(j)t�1;n=w(j)t�1 for all j = 1; 2; : : : ; N . We then predi
t the�(j)t 's using p(�tj�0(j)t�1). Finally, the propagation of the joint distribution requires the following weightingstep: w(j)t;n = w0(j)t�1;n � p(ztjn; �(j)t ): (27)The proposed algorithm is summarized in Fig. 2.The 
rux of this algorithm lies in that, instead of propagating random samples on both the motionve
tor and the identity variable, we 
an keep the samples of the identity variable �xed and let those ofthe motion ve
tor be random. Also, we propagate only the marginal distribution for motion tra
king,but we still propagate the joint distribution for re
ognition purposes.Compared to the CONDENSATION algorithm, the proposed algorithm is more eÆ
ient and a

uratesin
e its total 
omputation time is J �(Tr+Tp+Tt)+J �N �Tl+Tn+Tm ut, a tremendous improvementover CONDENSATION when dealing with a large database sin
e the majority 
omputational time J � Ttdoes not depend on N . To appre
iate its a

ura
y, 
onsider the following 
ase for the CONDENSATIONalgorithm: all samples belonging to identity nt = l, where l is the 
orre
t hypothesis, are drawn with abias in �t. More spe
i�
ally, though p(ztjl; �t) > p(ztjnt; �t) holds provided that the same �t is appliedon both sides, di�erent �t's 
an be 
hosen in a biased way to disobey this inequality. The proposedalgorithm eliminates su
h a bias. 7



5. Still-to-Video based Fa
e Re
ognitionIn this se
tion we des
ribe the still-to-video s
enarios a
tually used in our experiments and theirpra
ti
al model 
hoi
es, followed by the results obtained. Two databases were used in the still-to-videoexperiments.Database-1 
ontains video sequen
es with subje
ts walking towards a 
amera in order to simulates
enarios typi
al of visual surveillan
e. There are 30 subje
ts, ea
h having one fa
e template. The fa
egallery is shown in Fig. 3. The probe set 
ontains 30 video sequen
es, one for ea
h subje
t. Fig. 4 showssome example frames in one probe video and Fig. 5 shows a set of fa
e images 
ropped by hand fromprobe videos and then normalized. Note that the gallery is 
aptured under di�erent 
ir
umstan
es fromthe probe and that the probe has 
onsiderable variation in s
ale. These images were 
olle
ted, as partof the HumanID proje
t, by resear
hers at the National Institute of Standards and Te
hnology and theUniversity of South Florida.Database-2 
omes from the Carnegie-Mellon University Motion of the Body (MoBo) database [28℄,whi
h was 
olle
ted under the HumanID proje
t. There are 25 subje
ts. The video sequen
es show theindividuals walking on a treadmill so that they move their heads naturally. Di�erent walking styles havebeen simulated to assure a variety of 
onditions that are likely to appear in real life: walking slowly,walking fast, in
lining, and 
arrying an obje
t. Therefore, four videos per person and 99 videos in total(with one 
arrying video missing ) are available. During re
ording of the videos, illumination 
onditionsdo not alter. Ea
h video 
onsists of 300 frames (480 � 640 pixels per frame) 
aptured at 30 Hz. Theinner fa
e regions in these videos 
ontain between 30� 30 and 40� 40 pixels.Only 25 slowWalk videos are used as probes in the still-to-video experiment while all 99 videos are inused in the video-to-video experiment. Some example images from the videos (slowWalk) are shown inFig. 10. Fig. 3 shows the fa
e gallery in Database-2 with fa
ial images in almost frontal views 
roppedfrom the probe videos and then normalized using their eye positions.5.1. Model Choi
esThe model parameters used in the experiments are 
hosen as follows.1. Image representation. For Database-1, an image re
onstru
ted from the top 300 prin
ipal 
ompo-nents or eigenfa
es [9℄ is used to represent the fa
e. Fig. 3 shows the top 10 eigenfa
es. For Database-2,the raw intensity values are used.2. Geometri
 transformation is only aÆne. Spe
i�
ally, � = (a1; a2; a3; a4; tx; ty) where fa1; a2; a3; a4gare deformation parameters and ftx; tyg are 2-D translation parameters. This is a reasonable approxima-tion sin
e there is no signi�
ant out-of-plane motion as the subje
t walks towards the 
amera. Regard-ing the photometri
 transformation, only histogram equalization is performed to partially 
ompensatefor 
ontrast variations. The 
omplete transformation T�fzg is as follows: aÆne transform z usingfa1; a2; a3; a4g, 
rop out the region of interest at position ftx; tyg with the same size as the still templatein the gallery, and perform histogram equalization.3. Prior distribution p(�0jz0) is a Gaussian whose mean 
omes from the initial fa
e dete
tor andwhose 
ovarian
e matrix is manually spe
i�ed.4. Noise distribution p(ut) is a Gaussian whose mean and 
ovarian
e matrix are manually spe
i�ed.Also fun
tion g(:; :) in Eq. (1) is assumed to be an addition fun
tion. Furthermore, p(ut) is not time-varying. This is essentially a �rst-order Markov Gaussian model with 
onstant velo
ity. Given thes
enario that the subje
t is walking towards the 
amera, the s
ale in
reases with time. However, underperspe
tive proje
tion, this in
rease is no longer linear so that the 
onstant-velo
ity model is not optimal.However, experimental results show that as long as the samples of � 
an 
over the motion, this model issuÆ
ient.5. The noise distribution p(vt) or the likelihood p(ztjnt; �t) 
ould in general be fun
tions of dis-tan
e between T�tfztg and Int , say d(T�tfztg; Int). This 
an be any distan
e metri
 used in still-to-still8



re
ognition algorithms. Here, we take it to be a `trun
ated' Lapla
ian:p(ztjnt; �t) / � ��1 exp(�kvtk=�) if kvtk � ����1 exp(��) otherwise (28)where kI(R)k =Pr2R jI(r)j, and � and � are manually spe
i�ed. Furthermore, p(vt) is not time-varying.The Gaussian distribution is widely used as a noise model, a

ounting for sensor noise, digitization noise,et
. However, given the observation equation vt = T�tfztg � Int , the dominant part of vt be
omes thehigh-frequen
y residual if �t is not proper, and it is well known that the high-frequen
y residuals ofnatural images are more Lapla
ian-like. The `trun
ated' Lapla
ian is used to provide a 
han
e for thesamples to a

ommodate abrupt motion 
hanges.5.2. Experimental ResultsFor Database-1, Fig. 6 presents the plot of the posterior probability �(nt), and Fig. 7 the 
onditionalentropyH(ntjz0:t) and the MMSE estimate of the s
ale parameter a1, all against t. In Fig. 4, the tra
kedfa
e is superimposed on the image using a bounding box.Suppose the 
orre
t identity for Fig. 4 is l. From Fig. 6, we 
an easily observe that the posteriorprobability �(nt = l) in
reases as time pro
eeds and eventually approa
hes 1, and all other �'s for nt 6= lgo to 0. Fig. 7 plots the de
rease in the 
onditional entropy H(ntjz0:n) and the in
rease in the s
aleparameter, whi
h mat
hes with the s
enario: a subje
t walking towards a 
amera.Table 1 summarizes the average re
ognition performan
e and 
omputational time of CONDENSATIONand the proposed algorithm when applied to Database-1. As far as performan
e is 
on
erned, there is nosigni�
ant di�eren
e between the two algorithms, with the proposed one giving slightly better results.Obviously, the proposed algorithm is more eÆ
ient than the CONDENSATION algorithm. It is about 10times faster, as shown in Table I. This experiment was implemented in C++ on a PC with a P-III650CPU and 512M RAM, with the number of motion samples J 
hosen to be 200 and the number oftemplates in the gallery N to be 30.The relatively low re
ognition rate is due to the fa
t that the probe video was taken outdoors withthe sun 
asting a strong shadow on the fa
e, while the gallery was taken indoors. Compare the imagesin Figs. 3 and 5. This is somewhat similar to the FC test reports in [3℄. Histogram equalization is notable to a

ount for illumination 
hanges e�e
tively. As a 
omparison, we used the images shown in Fig.5 as probes to perform still-to-still fa
e re
ognition using the eigenfa
e approa
h [9℄. The re
ognitionresult is less than 30% for the top mat
h.Algorithm CONDENSATION ProposedRe
ognition rate within top 1 mat
h 47% 50%Re
ognition rate within top 3 mat
hes 70% 77%Time per frame 22s 2.1sTABLE 1Performan
es of algorithms when applied to Database-1.The re
ognition result for Database-2 is presented in Fig. 8. Compared to Database-1, betterperforman
e is a
hieved be
ause there is no illumination 
hange. However, due to the pose variationspresent in the database, using one frontal view is not suÆ
ient to represent one fa
e 
lass. This motivatesus to obtain more representative views for one fa
e 
lass, leading to the dis
ussions in the followingse
tions. 9



6. Video-to-Video based Fa
e Re
ognitionIn this se
tion we introdu
e our video-to-video based fa
e re
ognition approa
h. It enhan
es thestill-to-video approa
h by taking an entire video, instead of a single image, to represent the fa
e of anindividual. The video-to-video based approa
h has two stages. In the �rst learning stage, exemplars,whi
h are sele
ted representatives from the raw video, are automati
ally extra
ted from gallery videos.The exemplars are used to summarize the gallery video information. In the se
ond part, exemplarsare then used as 
enters for probabilisti
 mixture distributions for tra
king and re
ognition pro
esses.Probabilisti
 methods are attra
tive in this 
ontext as they allow systemati
 handling of un
ertainty andan elegant way of fusing temporal information.In Subse
tion 6.1 we present the learning stage and explain, how the exemplars are generated froma gallery video. In Subse
tion 6.2 we explain how tra
king and re
ognition is performed. In Subse
tion6.3 we present experimental results on the 99 video sequen
es of 25 individuals in Database-2.6.1. Exemplar-based LearningIn order to realize video-to-video re
ognition, a probabilisti
 model needs to be learned from ea
hgallery video V . Denote the gallery by V = fV1; V2; : : : ;VNg. We take an approa
h whi
h is similarto the ones proposed in [20, 21℄. These two approa
hes have in 
ommon that they try to �nd a set ofexemplars that best des
ribe the set of training images, i.e., that minimize the expe
ted distan
e betweenthe given set of images Z = fz1; z2; : : : ; zJg and a set of exemplars (
luster 
enters) C = f
1; 
2; : : : ; 
Kg:E fd(Z ; C)g : (29)In other words, let Z = fz1; z2; : : : ; zJg again be the sequen
e of video images. It is being sear
hedfor a set of exemplars C = f
1; 
2; : : : ; 
Kg su
h thatp(zt) =X
2C Z� p(ztj�; 
)p(�j
)p(
)d� (30)is maximal for all t. Here, p(ztj�; 
) is the observation equation, given byp(ztjx) � p(ztj�; 
)/ exp �� 12�2 d(T�fztg; 
)� ; (31)where the 
hoi
e of � depends on the 
hoi
e of d.In [20℄, a K-means 
lustering te
hnique is applied to minimize Eq. (30), and in [21℄ an EM approa
his used. In spite of the essential di�eren
es between these approa
hes, they su�er from the followingdrawba
ks:� They �nd K exemplars, where K has to be given in advan
e. For fa
e re
ognition this drawba
kis restri
tive: Clearly, in Eq. (29) the distan
e measure d may be 
hosen arbitrarily and forfa
e re
ognition it is preferable to 
hoose one of the well-evaluated ones (PCA, LDA, et
.) [3℄.Thresholds and varian
es for ea
h of these measures that minimize mis
lassi�
ation are known and
onsidering them requires a dynami
 
hoi
e of the number of 
lusters rather than a stati
 one.� They have to store the training data in order to 
ompute the 
lusters, whi
h be
omes diÆ
ult forlong video streams.Inspired by the probabilisti
 interpretation of the RBF neural network [22℄, we developed an onlinete
hnique to learn the exemplars: At ea
h time step t, p(ztj�; 
) of Eq. (30) is maximized. If p(ztj�; 
) < �for some � (whi
h depends on the 
hoi
e of d) then T�fztg is added to the set of exemplars.The details of the learning algorithm are as follows:10



1. The �rst step is the alignment- or tra
king-step: a 
luster k and a deformation � 2 � are foundsu
h that d(T�fztg; 
k) is minimized:�t  � argmin� mink d(T�fztg; 
k) and (32)kt  � argmink d(T�tfztg; 
k)2. The se
ond step generates a new 
luster 
enter, if ne
essary: ifp(ztj�t; 
kt) < �then C  � C [ fT�tfztgg ;Count the number of times, 
ount(kt) = 
ount(kt) + 1, that 
luster 
kt approximated image ztbest.3. Repeat steps 1 and 2 until all the frames in the video are pro
essed.4. Compute the mixture weights �k / 
ount(k).The result of this learning pro
edure is1. a set C = f
1; 
2; : : : ; 
Kg of aligned exemplars 
k2. a prior �k for ea
h of the exemplars 
k.Clearly, the more 
arefully the set � is 
hosen, the fewer exemplars are generated. Allowing �,e.g., to 
ompensate only for translations, exemplars are generated to 
ompensate for s
ale 
hanges androtation.Given a gallery V of videos, the above has to be 
arried out for ea
h video. During re
ognition, aswill be explained in the next se
tion, the exemplars are used as 
enters of mixture models.The above learning algorithm is motivated by the online learning approa
hes to arti�
ial neuralnetworks (ANNs) [24, 25℄. Clearly, many kinds of enhan
ements 
an be attempted (topology preservingmaps, neighborhood relations, et
.). An online learning algorithm for exemplars used during testing
ould allow, in a bootstrapping manner, learning new exemplars from probe videos.In [26℄ a similar learning approa
h was presented. Unlike our approa
h, fa
e images are not nor-malized with respe
t to �, whi
h results in a far larger number of 
lusters. In [27℄ a `Unit Fa
e' RBFmodel is proposed where for ea
h individual, a single RBF network is trained. The authors have alsoinvestigated di�erent geometri
al normalizations and have experimented with a prepro
essing step, su
has the appli
ation of a `di�eren
e of Gaussians' or Gabor wavelets.The goal of both of [26℄ and [27℄ was to build a representation of fa
e intensity by using an RBFnetwork. We want to make it 
lear that this is exa
tly what we do not want! Our intention is to 
hoosea well-known fa
e representation (su
h as PCA) in advan
e. Then we learn the di�erent exemplars of asingle fa
e. The advantage is that in this way we inherit the \fa
e re
ognition 
apabilities" of the PCA,LDA, et
. te
hniques.6.2. Tra
king and Re
ognition with Multiple ExemplarsAfter applying the learning algorithm we have for ea
h individual n a set of exemplars Cn =f
n1 ; 
n2 ; : : : ; 
nKng. In order to re
ognize individuals with multiple exemplars, our SIS approa
h hasto be developed further. 11



Exemplars as Mixture CentersTo take into a

ount a set of exemplars Cn = f
n1 ; 
n2 ; : : : ; 
nKng for individual n, we re�ne the likelihood
omputation of Eq. (31) as follows:p(ztjx) � p(ztjn; �)/ X
2Cn p(ztj�; 
)pn(
) (33)/ X
2Cn exp �� 12�2 d(T�fzg; 
)��n
 : (34)The exemplars in Cnt are used as the mixture 
enters of a joint distribution; pnt(
) = �nt
 is the priorfor mixture 
enter 
 of individual nt.Dynami
 ModelIn Se
tion 5, a dynami
 model for Eq. (1) has to be given in advan
e. Here, however, while learningexemplars from video sequen
es, a dynami
 model 
an also be learned. In Eq. (7)p(xtjxt�1) � p(�t; ntj�t�1; nt�1)de�nes the probability of the state variable 
hanging from xt�1 to xt. Learning of a dynami
 model hasbeen dis
ussed in [20℄.Computation of Posterior DistributionThe posterior probability distribution �(nt; kt; �t) (where n refers to the individual and k to theexemplar index) is represented by a set of M indexed and weighted parti
lesn�n(m); k(m); �(m); w(m)�otm=1:::M : (35)Note that we have, for better readability, indexed the entire set with t, instead of ea
h 
omponent. Sin
eall exemplars for ea
h person are aligned, we do not have to treat the di�erent exemplars for a singleperson separately. We 
an therefore in
rease eÆ
ien
y if we rewrite (35) as:8>><>>:2664 n(m); 1; �(m); w(m)1...n(m);Kn(m) ; �(m); w(m)Kn(m) 37759>>=>>;tm=1:::M 0 : (36)Set (36) is a set of Kn(m) � 4 dimensional matri
es, and ea
h matrix represents one parti
le, whereKn(m) = ���Cn(m) ���. We 
an now easily marginalize over Cn(m) to 
ompute the posterior probability �(nt; �t):We get with ŵ(m) = Kn(m)Xk=1 �n(m)k wk(m) (37)a new set of weighted sample ve
tors:n�n(m); �(m); ŵ(m)�otm=1:::M 0 : (38)In Eq. (37), �n(m)k is the prior of exemplar k of person n(m).To 
ompute the identity from the parti
le set (38) we marginalize over � as in Eq. (24).12



6.3. Experimental ResultsWe have tested the video-to-video-based re
ognition algorithm on 99 video sequen
es of 25 di�erentindividuals in Database-2. As mentioned before, there are four walking styles: walking slowly, walkingfast, in
lining and 
arrying an obje
t. Therefore, four videos per person are available. In the experimentswe used one or two of the video types as gallery videos for training, while the remaining ones were usedas probes for testing.From ea
h gallery video, a �rst fa
e sample was 
ropped by hand. Based on this sample, the trainingpro
ess was initiated. Four examples of automati
ally extra
ted exemplar sets are shown in Fig. 11(extra
ted from the slowWalk videos). The top row shows the exemplars of subje
ts 04006 and 04079(six exemplars ea
h). The leftmost exemplar in ea
h of the two sets is the hand-extra
ted one. These
ond and third rows of Fig. 11 show the exemplars of subje
t 04015, and the fourth and �fth rows theexemplars of subje
t 04022. The top left exemplar of ea
h of the two sets is again the hand-extra
tedone. Clearly, the number of generated exemplars depends on the variety of di�erent views that appearin the gallery video. To generate these exemplars, we set � = 0:65 and the standard deviation per pixelto � = 0:4. In
reasing � to � = 0:5 de
reases the number of exemplars by roughly a fa
tor of two.During testing, these exemplar galleries were used to 
ompute, over time, the posterior probabilities�(nt). It is interesting to see how the posterior probabilities develop over time. Examples of this 
an beseen in Fig. 12. The dashed line refers to the 
orre
t hypothesized identity, and the other �ve 
urvesrefer to the probabilities of the top mat
hing identities other than the true one. One 
an see in the leftand right plots that the dashed line (true hypothesis) in
reases qui
kly to 1. In order to 
onsider allthe frames of the video, we restart the algorithm after 
onvergen
e. Re
ognition is established by thatidentity to whi
h the SIS 
onverged most often.Examples illustrating the robustness as well as the limits of our approa
h are shown in Figs. 11,12, 13 and 14: Due to the severe di�eren
es between the gallery exemplars (derived from \slowWalk")in Fig. 11 (4th and 5th rows) and the probe video (see sample images from the probe video in Fig.13), the re
ognition of subje
t 04022 was not su

essful (Fig. 12, top). On the other hand, in spite ofthe di�eren
es between the gallery exemplars and the probe video, subje
t 04079 was always re
ognizedsu

essfully (Fig. 12, bottom). The major problems that we en
ountered during our experiments were:1. Some subje
ts appeared very di�erent in the gallery video and in the probe videos: This was the
ase for about 50% of the failed experiments.2. Some subje
ts looked down while walking: This was the 
ase for roughly 10 subje
ts (Fig. 15).In some 
ases, where the subje
t looked down in the gallery as well as in the probe, this wasn'tne
essarily a problem, but in other 
ases (see Fig. 15, left), it led to mis
lassi�
ation.Clearly, both problems 
an be solved by using more gallery videos. We therefore did a se
ond set ofexperiments, where two videos were used as a gallery video, while the testing was 
arried out on theremaining two videos. The overall re
ognition results for one and two gallery videos are summarizedin Table 2. The `g' indi
ates whi
h videos were used in the gallery. The gallery 
ontained 25 di�erentindividuals; however, for the \
arrying" video set, only 24 di�erent individuals were available.In [20℄ it is demonstrated that the dynami
 information 
an also be learned. We have done extensiveexperiments to 
ombine fa
ial and dynami
 information for re
ognition. However, we have observed thatthe dynami
 information of persons 
an 
hange severely with walking speed. We have therefore not usedthat information for re
ognition.Video images from our test data were 
onverted from 
olor to gray value images, but no furtherpro
essing was done. Throughout our experiments we used the Eu
lidean distan
e measure. The set ofdeformations � in
luded s
ale and translation. Shear and rotation were not 
onsidered.
13



slow fast in
line 
arryingg 100% 96% 92%92% g 100% 96%100% 96% g 96%88% 96% 92% gg g 100% 96%g 100% g 100%g 100% 96% g100% g g 96%100% g 100% g100% 100% g g
slow fast in
line 
arryingg 96% 92% 88%92% g 92% 92%96% 96% g 96%88% 88% 83% gg g 96% 92%g 100% g 100%g 96% 96% g100% g g 96%92% g 96% g100% 96% g gTABLE 2Overall re
ognition rates in per
ent for � = 0:4 (left), and � = 0:5 (right). The `g' indi
ates the videoused as gallery.7. Dis
ussion and Con
lusionsWe have presented a systemati
 method for fa
e re
ognition from a probe video, 
ompared witha gallery of still templates. A time series state spa
e model is used to a

ommodate the video, andSIS algorithms provide the numeri
al solutions to the model. This probabilisti
 framework, whi
hover
omes many diÆ
ulties arising in 
onventional re
ognition approa
hes using video, is registration-free and avoids the need for sele
ting good frames. It turns out that an immediate re
ognition de
ision
an be made in our framework due to the degenera
y of the posterior probability of the identity variable.The 
onditional entropy 
an also serve as a good indi
ation of the 
onvergen
e. In addition, the stilltemplates in the gallery are generalized to videos by learning exemplars from the gallery video. The still-to-video framework then performs re
ognition from probe videos. It is shown by our experiments thatthis video-to-video algorithm a
hieves better performan
e than the still-to-video algorithm. However,in order to show that our approa
h is 
apable of re
ognizing fa
es in pra
ti
e, one needs to work withmu
h larger fa
e databases.On
e the exemplars are generated, they 
ould theoreti
ally be used as gallery images in a multiple-still-to-multiple-still (or still-to-multiple-still) fa
e re
ognition approa
h. Here, re
ognition would bebased on pairwise 
omputation of the distan
e measure d(�; �). If we use one of the image representationsthat are already well known for fa
e re
ognition (su
h as PCA) and an appropriate distan
e measure, we
an 
onsider the te
hniques that were tested in the FERET test [3℄ as a \baseline" for our method. Thismeans that we 
an predi
t the re
ognition results for our still-to-video and video-to-video re
ognitionmethods, and the FERET performan
es are lower bounds.The following issues are worthy of investigation in the future.1. The assumption that identity does not 
hange as time pro
eeds, i.e., p(ntjnt�1) = Æ(nt � nt�1),
ould be relaxed by having nonzero transition probabilities between di�erent identity variables. Usingnonzero transition probabilities will enable an easier transition to the 
orre
t 
hoi
e if the initial 
hoi
eis in
orre
t, making the algorithm more robust.2. Choi
e of the likelihood distribution p(ztjnt; �t) and 
ondition (B). In general, the smallerd(T�tfztg; Int) is, the higher the likelihood p(ztjnt; �t) and the higher the posterior p(ntjz0:t). In thissense, an a

urate solution to this problem is determined by the basi
 problem: how 
an we �nd aneÆ
ient distan
e metri
 d or how well is 
ondition (B) satis�ed? Fig. 9 plots, against the logarithm of

14



the s
ale parameter, the `average' likelihood of the 
orre
t identity1N Xn2N p(Injn; �);and of the in
orre
t identities 1N(N � 1) Xm2N ;n2N ;m6=n p(Imjn; �);of the fa
e gallery as well as the `average' likelihood ratio, i.e., the ratio between the above two quantities.The observation is that only within a narrow `band' is 
ondition (B) well satis�ed. Therefore, the su

essof the SIS algorithm depends on how well the samples lie in a similar `band' in the high-dimensionalaÆne spa
e. Also, the lower bound � in 
ondition (B) is too stri
t. If we take the mean of the `average'likelihood ratio shown in Fig. 9 as an estimate of � ( roughly 1.5 ), Eq. (16) tells us that after 20 frames,the probability p(ljy0:t) rea
hes 0.99! However, this does not happen in the experiments due to noise inthe observations and in
omplete parameterization of the transformations.3. Resampling. In the re
ognition algorithm, the marginal distribution f(�(j)t�1; w0(j)t�1)gJj=1 is sam-pled to obtain the sample set f(�(j)t ; 1)gJj=1. This may 
ause problems in prin
iple sin
e there is no
onditional independen
e between �t and nt given y0:t. However, in a pra
ti
al sense, this is not a bigdisadvantage be
ause the purpose of resampling is to \provide 
han
es for the good streams (samples)to amplify themselves and hen
e rejuvenate the sampler to produ
e a better result for future states asthe system evolves" [7℄. The resampling s
heme 
an be simple random sampling with weights (as inCONDENSATION), residual sampling, or a lo
al Monte Carlo method.4. Computational load. As mentioned earlier, two important numbers a�e
ting the 
omputationare J , the number of motion samples, and N , the size of the database. (i) The 
hoi
e of J is an openquestion in the statisti
s literature. In general, larger J 's produ
e more a

urate results. (ii) The 
hoi
eof N depends on the appli
ation. Sin
e a small database was used in this experiment, this is not a bigissue here. However, the 
omputational burden may be ex
essive if N is large. One possibility is to use a
ontinuous parameterized representation, say 
, instead of a dis
rete identity variable n. The task thenredu
es to 
omputing p(
t; �tjy0:t). We then 
an easily rank the gallery using the estimated 
t.5. We highlight the di�eren
es from Li and Chellappa's approa
h [14℄. In [14℄, basi
ally only thetra
king motion ve
tor is parameterized in the state-spa
e model. The identity is used only in theinitialization step to re
tify the template onto the �rst frame of the sequen
e. In our approa
h, however,both the tra
king motion ve
tor and the identity variable are parameterized in the state-spa
e model,whi
h o�ers us one more degree of freedom and leads to a di�erent approa
h to deriving the solution.The SIS te
hnique is used in both approa
hes to numeri
ally approximate the posterior probabilitygiven the observations. Again, in [14℄, the posterior probability of the motion ve
tor and the veri�
ationprobability are estimated by marginalizing on a proper region of state spa
e, rede�ned at ea
h timeinstant. However, we always 
ompute the joint density, i.e., the posterior probability of the motion ve
torand the identity variable, and the posterior probability of the identity variable is just a free estimateby marginalizing over the motion ve
tor. Note that there is no time propagation of the veri�
ationprobability in [14℄, while we always propagate the joint density. One 
onsequen
e is that we guaranteethat Pnt2N p(ntjz0:t) = 1, but there is no su
h guarantee in [14℄. The approa
h of [14℄ in some sense ismore like a bat
h method by running the algorithm for di�erent templates, while ours is truly re
ursive.Another important 
onsequen
e is that in our approa
h the degenera
y in the 
orre
t identity eventuallyleads to immediate de
isions, while no su
h de
ision 
an be readily made from the veri�
ation probabilityin [14℄. In addition, in terms of tra
king a

ura
y, if the wrong template is re
ti�ed on the �rst framein the initialization step, the tra
king is more likely to be attra
ted to the noisy ba
kground, while ourapproa
h is more robust sin
e we 
onsider all templates at the same time.15
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Initialize a sample set S0 = f(n(m)0 ; �(m)0 ; 1)gMm=1 a

ording to prior distributionsp(n0jz0) and p(�0jz0).For t = 1; 2; : : :For m = 1; 2; : : : ;MResample St�1 = f(n(m)t�1; �(m)t�1 ; w(m)t�1)gMm=1 to obtain a new sample (n0(m)t�1 ; �0(m)t�1 ; 1).Predi
t sample by drawing (n(m)t ; �(m)t ) from p(ntjn0(m)t�1 ) and p(�tj�0(m)t�1 ).Update weight using �(m)t = p(ztjn(m)t ; �(m)t ).EndNormalize ea
h weight using w(m)t = �(m)t =PMm=1 �(m)t .Marginalize over �t to obtain weight �nt for nt.End FIG. 1 The CONDENSATION algorithm.
Initialize a sample set S0 = f(�(j)0 ; N; 1; :::; 1)gJj=1 a

ording to prior distributionp(�0jz0).For t = 1; 2; : : :For j = 1; 2; : : : ; JResample St�1 = f(�(j)t�1; w(j)t�1)gJj=1 to obtain a new sample(�0(j)t�1; 1; w0(j)t�1;1; : : : ; w0(j)t�1;N ), where w0(j)t�1;n = w(j)t�1;n=w(j)t�1 for n = 1; 2; : : : ; N .Predi
t sample by drawing (�(j)t ) from p(�tj�0(j)t�1).For n = 1; : : : ; NUpdate weight using �(j)t;n = w0(j)t�1;n � p(ztjn; �(j)t ).EndEndNormalize ea
h weight using w(j)t;n = �(j)t;n=PNn=1PJj=1 �(j)t;n and w(j)t =PNn=1 w(j)t;n.Marginalize over �t to obtain weight �nt for nt.End FIG. 2 The proposed algorithm.
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FIG. 3 Upper row: The fa
e gallery in Database-1. Middle row: The top 10 eigenfa
es for Database-1.Bottom row: The fa
e gallery in Database-2. All images are normalized to 48x42.
19



FIG. 4 Example frames in one probe video in Database-1. The image size is 720x480 while the a
tualfa
e size ranges from approximately 20x20 in the �rst frame to 60x60 in the last frame.

FIG. 5 Fa
ial images 
ropped from probe videos in Database-1 and then normalized.20
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FIG. 6 Posterior probability �(nt) against time instant, obtained by the the CONDENSATION algorithm(left) and the proposed algorithm (right).
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FIG. 7 Conditional entropy H(ntjz0:t) (left) and MMSE estimate of s
ale parameter (right) againsttime instant. Both are obtained using the proposed algorithm.
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FIG. 8 Cumulative mat
h 
urve for Database-2.

−1 −0.5 0 0.5 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

log of scale parameter

lik
el

ih
oo

d

correct
incorrect

−1 −0.5 0 0.5 1
0

1

2

3

4

5

6

7

8

log of scale parameter

lik
el

ih
oo

d 
ra

tio

FIG. 9 Left: The `average' likelihood of the 
orre
t hypothesis and in
orre
t hypotheses against the logof the s
ale parameter. Right: The `average' likelihood ratio against the log of the s
ale 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�erent persons in the gallery videos (slowWalk).
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FIG. 12 Two typi
al probability evolutions. The top row was an unsu

essful re
ognition, and thebottom row was a su

essful one. The graphs plot the top �ve mat
hes; the dashed line refers to thetrue hypothesis. The x-axis refers to the time t. The top graph shows the 
urve of subje
t 04022, andthe bottom graph shows a typi
al 
urve (here, subje
t 04079). Compare the top graph with the imagein Fig. 13.

FIG. 13 Sample frames 1, 35, 81, 100 of a probe video. One observes large di�eren
es from the galleryvideo. In this 
ase re
ognition was not su

essful. 25



FIG. 14 Sample frames 1, 9, 40, 72 of a probe video. One observes large di�eren
es from the galleryvideo. In this 
ase, however, re
ognition was su

essful.

FIG. 15 Failure examples, where the galleries were not suÆ
ient to re
ognize the subje
ts.
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