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While most face recognition algorithms take still images agrobe inputs, this chap-
ter presents a video-based face recognition approach thatakes video sequences
as inputs. Since the detected face might be moving in the vide sequence, we in-
evitably have to deal with uncertainty in tracking as well as that in recognition.
Rather than resolving these two uncertainties separatelypur strategy is to perform
simultaneous tracking and recognition of human faces from avideo sequence.

In general, a video sequence is a collection of still imagesp still-image-based
recognition algorithms can always be applied. An important property of a video se-
quence, however, is its temporal continuity. While this property has been exploited
for tracking, it has not been used for recognition. In this chapter, we systematically
investigate how temporal continuity can be incorporated fa video-based recogni-
tion.

Our probabilistic approach solves still-to-video recogniion, where the gallery
consists of still images and the probes are video sequences.time series state
space model is proposed to fuse temporal information in a ptwe video, which si-
multaneously characterizes the kinematics and identity ugng a motion vector and
an identity variable, respectively. The joint posterior di stribution of the motion vec-
tor and the identity variable is estimated at each time instant and then propagated
to the next time instant. Marginalization over the motion ve ctor yields a robust
estimate of the posterior distribution of the identity vari able. A computationally
e cient sequential importance sampling (SIS) algorithm is used to estimate the pos-
terior distribution. Empirical results demonstrate that, due to the propagation of
the identity variable over time, a degeneracy in posterior gobability of the identity
variable is achieved.

The organization of the chapter is as follows: Section 1 setthe framework for
face recognition in video. Section 2 covers in detail all thecomponents of the si-
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multaneous tracking and recognition approach. Section 3 pgsents some techniques
for enhancing tracking and recognition accuracy via modehg inter-frame appear-
ance and appearance changes between video frames and gallénages. Section 4
addresses future research issues and discussions.

1 Review

Probabilistic video analysis has recently gained signi cant attention in the com-
puter vision community since the seminal work of Isard and Bhke [1]. In their
e ort to solve the problem of visual tracking, they introduc ed a time series state
space model parameterized by a tracking motion vector (e.ga ne transformation
parameters), denoted by ;. The CONDENSATION algorithm was developed to pro-
vide a numerical approximation to the posterior distributi on of the motion vector

and z; is the observation at time t, and to propagate it over time according to
the kinematics. The CONDENSATION algorithm, also known as the particle lter,
was originally proposed [2] in the signal processing literure and has been used to
solve many other vision tasks [3, 4], including human face mognition [5]. In this
chapter, we will systematically investigate the application of particle Iter for face
recognition in a video sequence.

Face recognition has been an active research area for a longrne. Refer to [6, 7]
for surveys and [8] for reports on experiments. Experimentseported in [8] evaluate
still-to-still scenarios, where the gallery and the probe st consist of both still facial
images. Some well-known still-to-still face recognition @proaches include Principal
Component Analysis [9], Linear Discriminant Analysis [10, 11], and Elastic Graph
Matching [12]. Typically, recognition is performed based @ an abstract represen-
tation of the face image after suitable geometric and photoretric transformations
and corrections.

Following [8], we de ne a still-to-video scenario: the galery consists of still fa-
cial templates and the probe set consists of video sequencesntaining the facial
region. Denote the gallery asl = flq;l5;:::;1n 0, indexed by the identity vari-

research has been conducted on still-to-still recognitionresearch e orts on still-to-
video recognition, are relatively fewer due to the followirg challenges [7] in typical
surveillance applications: poor video quality, signi cant illumination and pose vari-
ations, and low image resolution. Most existing video-base recognition systems
([13] and references in [7]) attempt the following: the facds rst detected and then
tracked over time. Only when a frame satisfying certain criteria (size, pose) is ac-
quired, recognition is performed using still-to-still recognition technique. For this,
the face part is cropped from the frame and transformed or reigtered using appro-
priate transformations. This approach attempts to resolve uncertainties in tracking
and recognition sequentially and separately and needs a cédria for selecting good
frames and estimation of parameters for registration. Also still-to-still recognition
does not e ectively exploit temporal information.
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To overcome these di culties, we propose a tracking-and-reognition approach,
which attempts to resolve uncertainties in tracking and reamgnition simultaneously
in a uni ed probabilistic framework. To fuse temporal infor mation, the time series
state space model is adopted to characterize the evolving kematics and identity
in the probe video. Three basic components of the model are:

a motion equation governing the kinematic behavior of the tracking motion
vector,

an identity equation governing the temporal evolution of the identity variable,

an observation equation establishing a link between the madbn vector and the
identity variable.

Using the SIS [14, 15, 16] technique, the joint posterior digibution of the motion
vector and the identity variable, i.e., p(nt; tjzo:t) is estimated at each time instant
and then propagated to the next time instant governed by motion and identity equa-
tions. The marginal distribution of the identity variable, i.e., p(ntjzo:t), is estimated
to provide the recognition result. An SIS algorithm is presented to approximate the
distribution p(n¢jzo.t) in the still-to-video scenario. It achieves computationd e -
ciency over its CONDENSATION counterpart by considering the discrete nature of
the identity variable.

It is worth emphasizing that (i) our model can take advantage of any still-to-still
recognition algorithm [9, 10, 11, 12] by embedding distanceneasures used therein
in our likelihood measurement; and (ii) it allows a variety of image representations
and transformations. Section 3 presents an enhancement thoique by incorporat-
ing more sophisticated appearance-based models. The appaace models are used
for tracking (modeling inter-frame appearance changes) ath recognition (modeling
appearance changes between video frames and gallery imajjesespectively. Ta-
ble 1 summarizes the proposed approach and others, in term aising temporal
information.

Process Operation Use of temporal information
Visual tracking Modeling the inter-frame In tracking
di erences
Visual recognition Modeling the di erence between Not related
probe and gallery images
Tracking-then-recognition {Combining tracking and recognition Only in tracking
sequentially
Tracking-and-recognition | Unifying tracking and recognition |In both tracking and recognition.

Table 1. A summary of the proposed approach and others.
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2 Simultaneous Tracking and Recognition from Video

In this section, we rst present the details on the propagation model for recognition
and discuss its impact on the posterior distribution of idertity variable. We then
proceed to solve the model using the SIS algorithms.

2.1 A Time Series State Space Model for Recognition

The recognition model consists of the following components

Motion equation
In its most general form, the motion model can be written as

t=0(t pu); t0L 1)

where u; is noise in the motion model, whose distribution determinesthe mo-
tion state transition probability p( ¢j + 1). The function g(:;:) characterizes the
evolving motion and it could be a function learned o ine or gi ven a priori. One
of the simplest choice is an additive function, i.e., 1 = 1 + U, which leads
to a rst-order Markov chain.

The choice of ; is dependent on the application. A ne motion parameters are
often used when there is no signi cant pose variation availdle in the video
sequence. However, if a 3-D face model is used, 3-D motion aneters should
be used accordingly.

Identity equation

Assuming that the identity does not change as time proceedswe have

n=ng 1, t 1 (2)

In practice, one may assume a small transition probability between identity
variables to increase the robustness.

Observation equation

By assuming that the transformed observation is a noise-caupted version of
some still template in the gallery, the observation equation can be written as

T fzig=In +v; t 1 (3)

whereVv; is observation noise at timet, whose distribution determines the obser-
vation likelihood p(z:jn:; ), and T ,fz g is a transformed version of the obser-
vation z;. This transformation could be either geometric or photometic or both.
However, when confronting sophisticated scenarios, this wdel is far from suf-
cient. One should use a more realistic likelihood function as shown in Section
3.

Statistical independence

We assume statistical independence between all noise vab&esu;'s and v;'s.
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Prior distribution
The prior distribution p(nojze) is assumed to be uniform, i.e.,

. 1
p(Nojzo) = N No=1;2::::N: 4)

In our experiments, p( o0j2Zo) is assumed to be Gaussian, whose mean comes from
an initial detector or a manual input and whose covariance marix is manually
speci ed.

Using an overall state vectorx; = (n¢; t), EQ. (1) and (2) can be combined into
one state equation (in a normal sense) which is completely deribed by the overall
state transition probability

p(Xtjxt 1) = p(nggne 1)p( ¢ ¢ 1) - 5)

Given this model, our goal is to compute the posterior probalility p(n:jzo:t).
It is in fact a probability mass function (PMF) since n; only takes values from
N = f1;2;::;;Ng, as well as a marginal probability of p(n¢; tjzo:t), which is a
mixed distribution. Therefore, the problem is reduced to canputing the posterior
probability.

The Posterior Probability of Identity Variable

The evolution of the posterior probability p(n:jzo.t) as time proceeds is very in-
teresting to study as the identity variable does not change ly assumption, i.e.,
p(ngjny 1) = (n¢ n¢ 1), where (:) is a discrete impulse function at zero, i.e.
(x) =1 if x =0; otherwise, (x)=0.
Using time recursion, Markov properties, and statistical independence embedded
in the model, we can easily derive:

p(zejne; )p(nejne 1)p( ¢f ¢ 1)
p(ztjzo:r 1)

p(zijni; )p(nijni )pCij i 1)

P(zijzo:i 1)

P(No:t; o:tjZo:t) = P(Not 15 ot 1jZoit 1)

R
p(no; ojzo)
i=1

p(zijni; ) (i ni 1)p(ij i 1): (©)

W
Nojz jz '
P(Nojzo)p( o] 0)' P(zijzo:i 1)

i=1

Therefore, by marginalizing over o.; and ng.; 1, we obtain the marginal poste-
rior distribution for the identity |,

Z Z Yt

p(Nt = jjzot) = p(No = jjzo)  ::: p( 0j2o)

i

0 t =1

p(ziji; PCiii 1), ..., .
p(ziizoq 1) diiid o
(7)
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Thus p(n; = jjzot) is determined % the prior distribution p(ng = jjzo) and the
produyct of the likelihood functions, ?:1 p(zijj; ). If a uniform prior is assumed,
then it:l p(zjj; i) is the only determining factor.

If we further assume that, for the correct identity 1 2 N , there exists a constant

> 1 such that,
p(zjne =1, )  p(@jne=1J; ¢); t 1Lj2N;j 61 (8)

we have been able to show [30] that the posterior probabilityfor the correct identity
I, p(n; = ljzo.t), is lower-bounded by an increasing curve which convergestl.

To measure the evolving uncertainty remaining in the identity variable as ob-
servations accumulate, we use the notion of entropy [18]. Irthe context of this
problem, conditional entropy H (n;jzo:t) is used. However, the knowledge op(zo:t)
is needed to computeH (n¢jzot). We assume that it degenerates to an impulse
at the actual observations zy.; since we observe only this particular sequence, i.e.,
P(zo:t) = (Zot  Zo:t). Now,

X
H(ntjzoy) = P(NtjZo:t) 09, P(NtjZo:t): 9)
n¢2N

We expect that H (n;jzo.;) decreases as time proceeds since we start from an equi-
probable distribution to a degenerate one.

2.2 Sequential Importance Sampling Algorithm

Consider a general time series state space model fully deteined by (i) the overall
state transition probability p(xtjx; 1), (ii) the observation likelihood p(z:jx:), and
(iii) prior probability p(xo) and statistical independence among all noise variables.
We wish to compute the posterior probability p(xtjzo:t).

If the model is linear with Gaussian noise, it is analytically solvable by a Kalman
Iter which essentially propagates the mean and variance ofa Gaussian distribution
over time. For nonlinear and non-Gaussian cases, extended dman lter and its
variants have been used to arrive at an approximate analyticsolution [19]. Recently,
the SIS technique, a special case of Monte Carlo method, [184, 15] has been used
to provide a numerical solution and propagate an arbitrary distribution over time.

Importance Sampling

The essence of Monte Carlo method is to represent an arbitrar probability distri-
bution (x) closely by a set of discrete samples. It is ideal to draw i.d. samples
fx(MgM_ from (x). However it is often dicult to implement, especially for
non-trivial distributions. Instead, a set of samples fx(MgM_, is drawn from an
importance function g(x) which is easy to sample from, then a weight

w(m = (X(m))=g(x(m)) (10)
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is assigned to each sample. This technique is called Impontee Sampling. It can
be shown[15] that the importance sample seSS = f(x(M);w(™)gM_, is properly
weighted to the target distribution (x). To accommodate a video, importance
sampling is used in a sequential fashion, which leads to SISSIS propagatesS; ;
according to the sequential importance function, sayg(x:jX; 1), and calculates the
weight using

Wi = Wi 1p(ZejXe)P(XejXe 1)=a(XejXt 1): (11)

In the CONDENSATION algorithm, g(x:jx; 1) is taken to be p(xjx; 1) and Eq.
(11) becomes
We = We 1p(ZejXt); (12)

In fact, Eq. (12) is implemented by rst resampling the sample setS; 1 according
to w; 3 and then updating the weight w; using p(z:jx;). For a complete description
of the SIS method, refer to [15, 16].

The following two propositions are useful for guiding the derelopment of the
SIS algorithm.

Proposition 1. When (x) is a PMF de ned on a nite sample space, the proper
sample set should exactly include all samples in the samplpase.

Proposition 2. If a set of weighted random sampleg (x(M);y(M;w(M)g¥_ s
proper with respect to (x;y), then a new set of weighted random sampldgy®); w’())gK_, |
which is proper with respect to (y), the marginal of (Xx;y), can be constructed as
follows:

1) Remove the repetitive samples fronfy(™gM_  to obtain fy'®gk_, , where all
y'()'s are distinct;

2)0(kS)um the weightw(™) belonging to the same samplg’®¥) to obtain the weight

w® e,

O(k) X (m) (m) O(k)
w = w (y y ). (13)

m=1

Algorithms and Computational E ciency

In the context of this framework, the posterior probability p(n:; tjzo:t) is repre-
sented by a set of indexed and weighted samples

S = f(ni™; Mw{™)gh_, (14)

with n; as the above index. By Proposition 2, we can sum the weights dhe samples
belonging to the same indexn; to obtain a proper sample setf n;; ntgr’\,‘t -, with
respect to the posterior PMF p(n¢jzo:t).

A straightforward implementation of the C ONDENSATION algorithm for si-
multaneous tracking and recognition is not e cient in terms of its computational
load. SinceN = f1;2;:::;Ngis a countable sample space, we nedd samples for
the identity variable n; according to Proposition 1. Assume that, for each identity
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variable n¢, J samples are needed to represent;. Hence, we needM = J N
samples in total. Further assume that one resampling step tkes T, seconds §),
one predicting step T, s, computing one transformed imageT; s, evaluating like-
lihood once T, s, one updating step T, s. Obviously, the bulk of computation is
J N (T, + T, + Ty + T)) s to deal with one video frame as the computational
time for the normalizing step and the marginalizing step is regligible. It is well
known that computing the transformed image is much more expasive than other
operations, i.e., Ty >> max(T,; Tp; Ti). Therefore, as the number of templatesN
grows, the computational load increases dramatically.

There are various approaches in the literature for reducingthe computational
complexity of the CONDENSATION algorithm. In [20], random particles are guided
by deterministic search. Assumed density ltering approac [21], dierent from
CONDENSATION , is even more e cient. Those approaches are general and do o
explicitly exploit the special structure of the distributi on in this setting: a mixed
distribution of continuous and discrete variables. To this end, we propose the fol-
lowing algorithm.

As the sample spaceN is countable, an exhaustive search of sample spaé¢ is
possible. Mathematically, we release the random samplingni the identity variable
n; by constructing samples as follows: for eacht(”,

@ Piwii@ Piwdys g 1wl
We in fact use the following notation for the sample set,

Se= 00w wdiwd)s s wi gl (15)

with Wt(]) = P r’\]'zl Wt(;]n). The proposed algorithm is summarized in Fig. 1.

Thus, instead of propagating random samples on both motion ector and iden-
tity variable, we can keep the samples on the identity variade xed and let those
on the motion vector be random. Although we propagate only the marginal distri-
bution for motion tracking, we still propagate the joint dis tribution for recognition
purposes.

The bulk of computation of the proposed algorithmisJ (T, + T+ Ty)+J N
T, s, a tremendous improvement over the traditional CONDENSATION algorithm
when dealing with a large database since the majority compudtional time J T,
does not depend onN .

2.3 Experimental Results

In this section we describe the still-to-video scenarios wed in our experiments and
model choices, followed by a discussion of results. Two dalbeses are used in the
still-to-video experiments.

Database-0 was collected outside a building. We mounted a deo camera on a
tripod and requested subjects to walk straight towards the amera in order to sim-
ulate typical scenarios in visual surveillance. Databasé includes one face gallery,
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Initialize a sample setSp = f( éj LS N R 1)gj“’=1 according to prior distribution

P( ojzo).
For t=1;2;:::

For j =1;2;:::;d _ _

Resample S 1 = f(P;wl)g; to obtain a new sample
%) o) e %j) h %) = W) =) —1:Dene N
(t LW Wy 1;N)’Werer Ln = Wy gn =W g for n =152 200N

Predict the sample by drawing( ) from p( «j )).
Compute the transformed image T (,fz0.
t

For n=1;:::;N
, 0 .
Update the weight using ) = w,")., p(zjn; ).

End

End . P, P .
Normalize ~ each weight using w) = =N J.J,l &) and
wi = TN

t n=1 tn -

Marginalize over . to obtain weight ,, for n;.
End

Fig. 1. The computationally e cient SIS algorithm.

and one probe set. The images in the gallery are listed in Fig2. The probe contains
12 videos, one for each individual. Fig. 2 gives some framen & probe video.

In Database-1, we have video sequences with subjects wallgrin a slant path
towards the camera. There are 30 subjects, each having oneda template. The
face gallery is shown in Fig. 3. The probe contains 30 video gsgences, one for each
subject. Fig. 3 gives some example frames extracted from ongrobe video. As far
as imaging conditions are concerned, the gallery is very dierent from the probe,
especially in lighting. This is similar to the 'FC' test prot ocol of the FERET test [8].
These images/videos were collected, as part of the HumanID npject, by National
Institute of Standards and Technology and University of South Florida researchers.

Table 2 summaries the features of the two databases.

Database Database-0 Database-1
No. of subjects 12 30
Gallery Frontal face Frontal face

Motion in probe Walking straight Walking straight
towards the camera|towards the camera
lllumination variation No Large

Pose variation No Slight

Table 2. Summary of the two databases.
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Fig. 2. Database-0. The 1st row: the face gallery with image size bgirB0x26. The 2nd
and 3rd rows: four example frames in one probe video with imageesibeing 320x240 while
the actual face size ranges approximately from 30x30 in thest frame to 50x50 in the last
frame. Notice that the sequence is taken under a well-contledl condition so that there are
no illumination or pose variations between the gallery and ¢hprobe.

Results for Database-0

We consider a ne transformation. Speci cally, the motion i s characterized by
= (a1;ap;az;as;ty; ty) where fay; ay; as; asg are deformation parameters and
ftx;tyg are 2-D translation parameters. It is a reasonable approximation since there
is no signi cant out-of-plane motion as the subjects walk towvards the camera. Re-
garding the photometric transformation, only zero-mean-unit-variance operator is
performed to partially compensate for contrast variations. The complete transfor-
mation T fzg is processed as follows: a ne transformz using f a;; as; as; asg, crop
out the interested region at position f t ; t,g with the same size as the still template
in the gallery, and perform zero-mean-unit-variance operson.
A time-invariant rst-order Markov Gaussian model with con stant velocity is
used for modeling motion transition. Given that the subject is walking towards the
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Fig. 3. Database-1. The 1st row: the face gallery with image size bgiil30x26. The 2nd and
3rd rows: 4 example frames in one probe video with image size lgeff20x480 while the actual
face size ranges approximately from 20x20 in the rst frame to0&60 in the last frame. Notice
the signi cant illumination variations between the probe ad the gallery.

camera, the scale increases with time. However, under persptive projection, this
increase is no longer linear, causing the constant-velogitmodel to be not optimal.
However, experimental results show that as long as the same$ of can cover the
motion, this model is su cient.

The likelihood measurement is simply set as a 'truncated' Lalacian:

pi(zijne; o) = L(KT fzeg In ki 1; 1) (16)
where, k:k is sum of absolute distance, 1 and 3 are manually speci ed, and

Texp( x=)if x

L(x;; )= lexp( ) otherwise

7
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Gaussian distribution is widely used as a noise model, accating for sensor noise,
digitization noise, etc. However, given the observation egation: v = T ,fzg Iy,,
the dominant part of v becomes the high-frequency residual if; is not proper,
and it is well known that the high-frequency residual of natural images is more
Laplacian-like. The 'truncated' Laplacian is used to give a'surviving' chance for
samples to accommodate abrupt motion changes.

Fig. 4 presents the plot of the posterior probability p(ntjzo:t), the conditional
entropy H (n¢jzo:t) an?_l, the minimum mean square error (MMSE) estimate of the
scale parametersc= = (a% + a3 + aZ + a)=2, all againstt. In Fig. 2, the tracked
face is superimposed on the image using a bounding box.

Suppose the correct identity for Fig. 2 isl. From Fig. 4, we can easily observe that
the posterior probability p(n: = ljzo:t) increases as time proceeds and eventually
approaches 1, and all othersp(n; = jjzot) for j 6 | go to 0. Fig. 4 also plots
the decrease in conditional entropyH (n¢jzo:t) and the increase in scale parameter,
which matches with the scenario of a subject walking towardsa camera.

Table 3 summarizes the average recognition performance andomputational
time of the CONDENSATION and the proposed algorithm when applied to Database-
0. Both algorithms achieved 100% recognition rate with top match. The proposed
algorithm is much more e cient than the C ONDENSATION algorithm. It is more
than 10 times faster as shown in Table I. This experiment wasmplemented in C++
on a PC with P-1lIl 1G CPU and 512M RAM with the number of motion s amples
J chosen to be 200, the number of templates in the galleryN to be 12.

Algorithm CONDENSATION (Proposed
Recognition rate within top 1 match 100% 100%
Time per frame 7s 0.5s

Table 3. Recognition performance of algorithms when applied to Databa0.

Results on Database-1
Case 1: Tracking and Recognition using Laplacian Density

We rst investigate the performance using the same setting & described in Section
2.3. Table 4 shows that the recognition rate is very poor, ony 13% are correctly
identi ed using top match. The main reason is that the 'trunc ated' Laplacian den-
sity is not able to capture the appearance di erence betweerthe probe and the
gallery, thereby indicating a need for more e ective appeaance modeling. Never-
theless, the tracking accuracy? is reasonable with 83% successfully tracked because

2 We manually inspect the tracking results by imposing the MMS E motion estimate on
the nal frame as shown in Figs. 2 and 3 and determine if tracki ng is successful or not
for this sequence. This is done for all sequences and the traking accuracy is de ned
as the ratio of the number of sequences successfully trackedo the total number of all
sequences.
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algorithm (top left) and the proposed algorithm (top right). Conditional entropy H (n¢jzo:t)
(bottom left) and MMSE estimate of scale parametessc (bottom right) against time t. The
conditional entropy and the MMSE estimate are obtained usintpe proposed algorithm.

we are using multiple face templates in the gallery to track te speci ¢ face in the
probe video. After all, faces in both the gallery and the probe belong to the same
class of human face and it seems that the appearance changevsthin the class
range.

Case 2: Pure Tracking using Laplacian Density

In Case 2, we measure the appearance change within the probédeo as well as the
noise in the background. To this end, we introduce a dummy terplate Ty, a cut
version in the rst frame of the video. De ne the observation likelihood for tracking
as

a(ztj +) = LKT fzzg  Tok; 2; 2); (18)

where , and ; are set manually. The other setting, such as motion parameteand
model, is the same as in Case 1. We still can run the GNDENSATION algorithm
to perform pure tracking.

Table 4 shows that 87% are successfully tracked by this simpltracking model,
which implies that the appearance within the video remains #milar.
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Case Case 1Case 4Case 3Case 4Case

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

Table 4. Performances of algorithms when applied to Databaske-

Case 3: Tracking and Recognition using Probabilistic Subsgze Density

As mentioned in Case 1, we need a new appearance model to impmothe recognition
accuracy. Of the many approaches suggested in the literatw, we decided to use the
approach suggested by Moghaddam et. al. [17] due to its compational e ciency
and high recognition accuracy. However, here we model onlyhe intra-personal
variations. Modeling both intra/extra-personal variatio ns is considered in Section
3.2.

We need at least two facial images for one identity to constrgt the intra-personal
space (IPS). Apart from the available gallery, we crop out the second image from the
video ensuring no overlap with the frames actually used in pobe videos. Fig. 5 (top
row) shows a list of such images. Compare with Fig. 3 to see hothe illumination
varies between the gallery and the probe.

We then t a probabilistic subspace density [26] on top of the IPS. It proceeds
as follows: a regular PCA is performed for the IPS. Suppose #h eigensystem for
the IPS is f( i;ei)gidzl, where d is the number of pixels and ; :: d- Only
top r principal components corresponding to tops eigenvalues are then kept while
the residual components are considered as isotropic. We &fthe reader to [26] for
full details. Fig. 5 (middle row) show the eigenvectors for he IPS. The density is
written as follows:

Q(x) = f (19)

P 2 2
o 3 1) enl 5)
(2 )=z~

{ 1:2g (2 )(d r):zg;
i=1 i
where the principal componentsy;'s, the reconstruction error 2, and the isotropic
noise variance are de ned as:

T 2 2 X 2 1
yi=e'x; 2= kxk y2  =(d 1) i (20)

i=1 i=r+l
It is easy to write the likelihood as follows:

P2(zijnt; t) = Qips (T fzeg  In,): (21)

Table 4 lists the performance by using this new likelihood masurement. It turns
out that the performance is signi cantly better that in Case 1, with 93% tracked
successfully and 83% correctly recognized within top 1 matt. If we consider the
top 3 matches, 97% are correctly identi ed.
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Fig. 5. Database-1. Top row: the second facial images for traininggivabilistic density. Middle
row: top 10 eigenvectors for the IPS. Bottom row: the facialnnages cropped out from the
largest frontal view.

Case 4: Tracking and Recognition using Combined Density

In Case 2, we have studied appearance changes within a videedgence. In Case 3,
we have studied the appearance change between the gallery éihe probe. In Case
4, we attempt to take advantage of both cases by introducing acombined likelihood
de ned as follows:

P3(zijne; ) = pa(zine; Az +) (22)
Again, all other setting is the same as in Case 1. We now obtairthe best perfor-
mance so far: no tracking error, 93% are correctly recognizkas the rst match,
and no error in recognition when top 3 matches are considered

Case 5: Still-to-still Face Recognition

We also performed an experiment for still-to-still face reognition. We selected the
probe video frames with the best frontal face view (i.e. biggst frontal view) and
cropped out the facial region by normalizing with respect to the eye coordinates
manually speci ed. This collection of images is shown in Fig5 (bottom row) and it
is fed as probes into a still-to-still face recognition sysem with the learned proba-
bilistic subspace as in Case 3. It turns out that the recogniton result is 57% correct
for the top one match, and 83% for the top 3 matches. Clearly, @se 4 is the best
among all.
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3 Enhancing Tracking and Recognition Accuracy

The general formulation of our recognition model leaves rom for enhancing track-
ing and recognition accuracy. In other words, one can emplogi erent model choices
tuned for speci ¢ scenarios. However, here we present ratlegeneral appearance-
based models. This technique includes enhanced approachieamodeling inter-frame
appearance changes for accurate tracking and modeling appence changes be-
tween probe video frames and gallery images for accurate regnition.

3.1 Modeling Inter-frame Appearance Changes

To model inter-frame appearance changes, a certain appeanae modelA; is needed.
In [28] and Section 2, a xed template, A; = T, is matched with observations to
minimize a cost function in the form of sum of squared distane (SSD). This is
equivalent to assuming that the noiseV is a normal random vector with zero mean
and a diagonal (isotropic) covariance matrix. At the other extreme, one could use a
rapidly changing model, for example, takingA; as the 'best' patch of interest in the
previous frame. However, a xed template cannot handle apparance changes in the
video, while a rapidly changing model is susceptible to drif. Thus, it is necessary
to have a model which is a compromise between these two caseghich leads to an
online appearance model [22].

Inter-frame appearance changes are also related to the main transition model.
In a visual tracking problem, it is ideal to have an exact motion model governing
the kinematics of the object. In practice, however, approxmate models are used.
There are two types of approximations commonly found in the lterature. (i) One
is to learn a motion model directly from a training video [1]. However such a model
may over t the training data and may not necessarily succeedwhen presented with
testing videos containing objects arbitrarily moving at di erent times and places.
Also one cannot always rely on the availability of training data in the rst place.
(ii) Secondly, a xed constant-velocity model with xed noi se variance is tted
for simplicity as in Section 2. Let ro be a xed constant measuring the extent of
noise. Ifro is small, it is very hard to model rapid movements; ifrg is large, it is
computationally ine cient since many more particles are needed to accommodate
large noise variance. All these factors make the use of suchraodel ine ective. In
our work, we overcome this by introducing an adaptive-velody model.

Adaptive Appearance Model

The adaptive appearance model assumes that the observatignare explained by
di erent causes, thereby indicating the use of a mixture dersity of components. In
[22], three components are used, namely thé/ -component characterizing two-frame
variations, the S-component depicting the stable structure within all past obser-
vations (though it is slowly-varying), and the L-component accounting for outliers
such as occluded pixels. However, in our implementation, whave incorporated only
the S, and W-components.
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As an option, in order to further stabilize our tracker one could use an F-
component which is a xed template that one is expecting to olserve most often.
For example, in face tracking this could be just the facial image as seen from a
frontal view. In the sequel, we derive the equations as if thee is an F-component.
However, the e ect of this component can be ignored by settilg its initial mixing
probability to zero.

We now describe our mixture appearance model. The appearaeamodel at time
t, At = TW;; S;; Frg, is a time-varying one that models the appearances presenti
all observations up to timet 1. It obeys a mixture of Gaussians, withW; S;; F;
as mixture centersf i¢; i = w;s;fg and their corresponding variancesf |2t 0=
w; s; f g and mixing probabilities f m; ; i = w;s; f g. Notice that fm;; i ; |2t D=
w;s; f g are 'images' consisting ofl pixels that are assumed to be is independent of
each other.

In summary, the observation likelihood is written as

Y X
PVt ¢) = p(Zij 1) = f mie GNZG); 0w () GG)g (23)

j=1 i=ws;f

where Nx; ; ?)is a normal density

NG =@ ) Peat g (0= ¢ (29)
Model Update

To keep our paper self-contained, we show how to update the etent appear-
ance model A; to Ay after 2, becomes available, i.e., we want to compute
the new mixing probabilities, mixture centers, and variances for time t + 1,
fMitsr; e Gars 1= wisifg.

It is assumed that the past observations are exponentially forgotten' with re-
spect to their contributions to the current appearance modé. Denote the exponen-
tial envelop by E (k) = exp( Lt k))for k t,where = np=log2,ny is the
half-life of the envelope in frames, and =1 exp( 1) to guarantee that the
area under the envelope is 1. We just sketch the updating equins as follows and
refer the interested readers to [22] for technical details ad justi cations.

The EM algorithm [27] is invoked. Since we assume that the pirls are indepen-
dent to each other, we can deal with each pixel separately. Ta following compu-
tation is valid for j =1;2;:::;d whered is the number of pixels in the appearance
model.

Firstly, the posterior responsibility probability is comp uted as

X
o 1)/ M INZeG) () &G 1= wsif & or(j)=1: (25)
i=w;s;f

Then, the mixing probabilities are updated as

Mit+1 ()= 0 ()+@ ) mie (), 1= wisif; (26)
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and the rst- and second-moment imagesf Mt+1; p=1;2g are evaluated as

Mpesa ()= 2P()0se (i) + (X ) Mpe(i); p=1;2 (27)
Finally, the mixture centers and the variances are updated &:
Y — Y — Ml;t+1(j). 2 i = MZ;t+1(j) 2 i
St+1 (J ) -  sit+l (J ) - _ms;t_+1 (J ) ' s;it+1 (J ) —ms;t+1 (J ) sit+1 (J ) (28)
Wt ()= went (1) = 2e)s G )= 320 (29)
Fur ()= e ()= Fi(); e ()= £20): (30)

Model Initialization

To initialize Ai, we setW; = S; = F; = Tp (with Ty supplied by a detection

algorithm or manually), fm; 1; 51; i = w;s;fg,and M. = ms.1Tp and My.g =
2 2

Ms;1 s:1 + TO-

Adaptive Velocity State Model

The state transition model we use possesses a term for modedj adaptive velocity.
The adaptive velocity in the state parameter is calculated wsing a rst-order linear
prediction based on the appearance di erence between two siwessive frames. The
previous particle con guration is incorporated in our prediction scheme.

Construction of the particle con guration involves the costly computation of
image warping (in our experiments, it usually takes about hdf of the computation
load). In a conventional particle Itering algorithm the pa rticle con guration is used
only to update the weight, i.e., computing weight for each paticle by comparing the
warped image with the online appearance model using the obsetion equation.
But, our approach in addition uses the particle con guration in the state transition
equation. In some sense, we 'maximally’ utilize the informdion contained in the
particles (without wasting the costly computation of image warping) since we use
it in both state and observation models.

Adaptive Velocity

With the availability of the sample set  ; = f t(j )1gf:1 and the image patches
)

of interest Yy 1 = fy, 1ng:1 with yt(j )1 = T fzg, for a new observationz;, we
t

can predict the shift in the motion vector (or adaptive velocity) = N
using a rst-order linear approximation [28, 23, 29], which essentially comes from
the constant brightness constraint, i.e., there exists a ; such that

T .fzg' % 1 (31)

Approximating T ,fz:g via a rst-order Taylor series expansion around '\t 1
yields
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T fzg' T~ fzg+ Ci( i 1)=Tn fzig+ Ci (32)
where C; is the Jacobian matrix.
Combining (31) and (32) gives
Yo 1T ~ fzg+ Cp o (33)

ie.,
t' BT~ fzg % 1); (34)

where B; is the pseudo-inverse of theC; matrix, which can be e ciently estimated
from the available data  ; and Y; ;.

Speci cally, to estimate B; we stack into matrices the di erences in motion
vectors and image patches, using; : and y; 1 as pivotal points:

R PN
Dol : (35)
Y, 1:[yt(1)1 Yo o1 i yt(J)l % 4l
The least square solution forB; is
Bi=( ¢ 1Y I)(Yt 1Yt 1— L (36)

However, it turns out that the matrix Y, ,Y; 1— is very often rank-de cient due to
the high dimensionality of the data (unless the number of theparticles exceeds the
data dimension). To overcome this, we use the singular valuelecomposition.

Y, ,= Usv' (37)
It can be easily shown that
Bi= ,,VsS U (38)
To gain some computational e ciency, we can further approximate
— T.
Bi=  1VgSy'Ug; (39)

by retaining the top g components. Notice that if only a xed template is used
[23], the B matrix is xed and pre-computable. But, in our case, the appearance is
changing so that we have to compute theB; matrix in each time step.

We also calculate the prediction error ; betweenyr = T» . fz:gthe updated
appearance modelA;. The error ; is de ned as below:

X oX _ i e
= A= 2 myg) AWy, (40)
i=w;s;f j=1 it (J )
We use the following model
e= Y 1F o+ ug (41)

where  is the predicted shift in the motion vector. The choice ofu; is discussed
below.
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Adaptive Noise

The value of  determines the quality of prediction. Therefore, if  is small, which
implies a good prediction, we only need noise with small vaence to absorb the
residual motion; if ¢ is large, which implies a poor prediction, we then need noise
with large variance to cover potentially large jumps in the motion state.

To this end, we useu; of the form u; = ry ug, wherer; is a function of ; and
Up is a 'standardized' random vector. In practice, we takeup as a Gaussian random
vector with zero mean and a given covariance matrix. Since; is 'variance'-type
measure, we use D

re =max(min(ro ¢ Mmax ); Fmin ); (42)

wherermin is the lower bound to maintain a reasonable sample coveragend rmax
is the upper bound to constrain computational load.

3.2 Modeling Appearance Changes between Frames and Gallery
Images

We adopt the maximum a posterori rule developed in [17] for tle recognition score
pn(ztjnt; ). Two subspaces are constructed to model appearance variains. The
intra-personal space (IPS) is meant to cover all the variatons in appearances be-
longing to the same person while the extra-personal space {S) is used to cover
all the variations in appearances belonging to di erent pegle. More than one facial
image per person is needed to construct the IPS. Apart from tle available gallery,
we crop out four images from the video ensuring no overlap wi frames used in
probe videos. The probabilistic subspace density (Eqg. (19)estimation method is
applied separately to the IPS and the EPS, yielding two di erent eigensystems. The
recognition scorepn (z:jnt; t) is nally computed as, assuming equal priors on the
IPS and the EPS,

QIPS (thztg |m) .
Qps (T fzg In)+ Qeps (T fzzg In,)

Pn(zijne; t) = (43)

3.3 The Complete Observation Likelihood

As in Section 2.3, we can construct a combined likelihood bydking the product of
Pa(znj t) and pn(zijne; ). To fully exploit the fact that all gallery images are in

frontal view, we also compute how likely the patchy; is in frontal view and denote
this score by pr (z;j ). We simply measure this by tting a PS density on top of

the gallery images [26], assuming that they are i.i.d. samg@s from the frontal face
space (FFS). It is easy to write p; (z;j () as follows:

Pr(ztj t) = Qrrs (T, fz0): (44)

If the patch is in frontal view, we accept a recognition scoreotherwise, we simply set
the recognition score as equiprobable among all identities.e., 1=N. The complete
likelihood p(z;jn¢; ¢) is now de ned as
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p(zing; o)/ pafpr pn+ (1 pr) N tg (45)

We also adjust the particle numberJ; based on the following two considerations.
(i) If the noise variance r; is large, we need more particles, while conversely, fewer
particles are needed for noise with small variance;. Based on the principle of
asymptotic relative e ciency [25], we should adjust the particle nhumber J; in a
similar fashion, i.e., J; = Jor¢=ro. (ii) As shown in Section 2.1, the uncertainty in
the identity variable n; is characterized by an entropy measureH; for p(n¢jzo:)
and H; is a non-increasing function (under one weak assumption). &cordingly we
increase the number of particles by a xed amountJsx if H; increases; otherwise
we deduct Jsix  from J;. Combining these two, we have

r .
Ji = ‘]Oé + i ( 1)He asH 2l (46)
wherei[] is an indication function.

3.4 Experimental results

We have applied our algorithm to tracking and recognizing hunan faces captured
by a hand-held video camera in o ce environments. There are B subjects in the
database. Fig. 6 lists all the images in the galley set and théop 10 eigenvectors for
the FFS, IPS, and EPS, respectively. Fig. 7 presents some fraes (with tracking

results) in the video sequence for 'Subject-2' featuring qite large pose variations,
moderate illumination variations, and quick scale changegback and forth toward

the end of the sequence).
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Fig. 6. Row 1-3: the gallery set with 29 subjects in frontal view. R
ten eigenvectors for the FFS, IPS, and EPS, respectively.
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Fig. 7. Example images in 'Subject-2' probe video sequence and thedkang results.
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Fig. 8. Results on the 'Subject-2' sequence. (a) Posterior probdities against timet for all
identities p(ntjzo:t), Nt = 1;2;:::;;N. The line close to 1 is for the true identity. (b) Scale
estimate against timet.

Tracking is successful for all the video sequences and a 100%cognition rate is
achieved, while the approach in Section 2 fails to track in seeral video sequences
due to its inability to handle signi cant appearance changes caused by pose and
illumination variations. The posterior probabilities p(n¢jzo.¢) with ny = 1;2;::N
obtained for the 'Subject-2' sequence are plotted in Fig. 84). It is very fast, taking
about less than 10 frames, to reach above 0.9 level for the ptesior probability
corresponding to 'Subject-2', while all other posterior probabilities corresponding to
other identities approach zero. This is mainly attributed t o the discriminative power
of the MAP recoghnition score induced by the IPS and EPS modehig. The approach
in Section 2 usually takes about 30 frames to reach 0.9 leveirge only intra-personal
modeling is adopted. Fig. 8(b) captures the scale change irhe 'Subject-2' sequence.
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4 |ssues and Discussions

We have presented a probabilistic model for recognizing humn faces present in
a video sequence and derived several important features eratdded in this frame-
work: (i) the temporal fusion of tracking and recognition; (ii) the evolution of the
posterior probability of the identity variable; (iii) the ¢ omputational e ciency of
the SIS algorithm for solving this model; and (iv) the generdity of this model by
incorporating more sophisticated appearance models.

Our current approach is appearance-based (to be more accuig image-intensity-
based). One limitation of the appearance-based learning ggoach is its di culty
in dealing with novel appearances not present in the trainirg stage. Such novel
appearances are easily produced by illumination, pose andagial expression varia-
tions, especially when a video sequence is used. To overcothe above limitations,
the following issues are worthy of further investigations.

1. Feature-based approach. It is ideal to have features dered from the image
intensities invariant to the above variations. A good examgde is the Elastic
Graph Matching (EGM) algorithm [12]. Filter responses from Gabor wavelets
are computed to form a sparse graph representation and recodion is based on
graph matching results. This representation is known to be p@rtially resistant
to illumination and pose variations. It is also robust to variations in facial
expression.

2. We have used only one template for each person in the gallerObviously we
can use multiple templates per person. The still templatesm the gallery can be
further generalized to video sequences in order to realizédeo-to-videorecogni-
tion. In [30], exemplars and their prior probabilities are learned from the gallery
videos to serve as still templates in the still-to-video scaario. A personn may
have a collection ofK, exemplars, sayC" = fcf;:::;q;: 1, g indexed by
k. The likelihood is modi ed as a mixture density with exemplars as mixture
centers. The joint distribution p(n¢;k:; tjzo:t) is computed using the SIS al-
gorithm and marginalized to yield p(n¢jzo:t). In the experiments reported in
[30], the subject walks on a tread-mill with his/her face moving naturally, giv-
ing rise to signi cant variations across poses. However, te proposed method
successfully copes with these pose variations (using exettaps) as evidenced
by the experimental results. Other learning methods can be pplied to the
gallery videos. For example, mixture of Gaussians can be udeto replace the
exemplar-learning procedure. Hidden Markov models can ats be used if the
person is involved in a particular activity.

3. The use of 3-D face model. There are some recent e orts on hdling pose and
illumination variation that invoke the 3-D face model, eith er explicitly or im-
plicitly. In [24], the 3-D face model is used explicitly to recover the unknown
pose. In [32], the 3-D face model is used implicitly to recouethe unknown illu-
mination. However, the above two methods are still-image-bsed. Incorporation
of these methods into our video-based recognition framewaris very appealing.
If explicit 3-D models are needed, how to capture such model é&comes an is-
sue. In [24], all 3-D models are recorded separately. The ohined 3-D models
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are very accurate but this need a manual operator. The alterative is to use a
structure from motion algorithm [33].
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