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ABSTRACT

Face recognition (FR) from video necessitates simultaneously solv-
ing two tasks, recognition and tracking. To accommodate the video,
a time series state space model is introduced in a Bayesian ap-
proach. Given this model, the goal reduces to estimating the pos-
terior distribution of the state vector given the observations up to
the present. The Sequential Importance Sampling (SIS) technique
is invoked to generate a numerical solution to this model. How-
ever, the ultimate goal is to estimate the posterior distribution of
the identity of humans for recognition purposes. Presented here
are two methods to approximate the above distribution under dif-
ferent experimental scenarios.

1. INTRODUCTION

Bayesian analysis of video has recently gained significant attention
in the computer vision community since the seminal work by Isard
and Blake [1]. In their effort to solve the problem of visual track-
ing, they introduced a time series state space model parameterized
by a tracking state vector (e.g. affine parameters) and developed
the CONDENSATION algorithm to provide a numerical approxima-
tion to the posterior distribution of the state vector, and to propa-
gate it over time according to the state equation. This has been
extended to many areas [2, 3], including face recognition [4, 5, 6].
Refer to [7, 8] for surveys and [9] for experiments on face recog-
nition.

Experiments reported in [9] evaluate still-to-still scenarios, where

the gallery and the probe consist of both still facial images. Some
well-known still-to-still FR approaches include Principal Compo-
nent Analysis (PCA) [10], Linear Discriminant Analysis (LDA)
[11,12], and Elastic Graph Matching (EGM)[13]. Typically, recog-
nition is performed based on an abstract representation of an im-
age after suitable geometric and photometric normalizations are
performed.

Following [9], we define the gallery and probe as follows: the
gallery consists of still facial templates and and the probe consists
of video sequences containing the facial region. There are many
instances where still-to-video algorithms are useful. Denote the
gallery setas H = {I1, I», ..., In}, indexed by the identity vari-
able n, which lies in a finite sample spaceN' = {1,2,...,N}.
We also adopt the time series state space model to characterize
the evolving dynamics or/and identity in the probe video. Let z;
be the state vector and y. be the observation respectively at time
t. Given this model, the goal reduces to computing the posterior
distribution of the state vector given the observations up to time
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t, denoted by m¢(z:) = pe(zelyo:¢) With yo.e = {yo,y1,...,9¢}-
The SIS technique can be invoked to generate a numerical solu-
tion. Ultimately, we need to estimate the posterior distribution of
the identity, m¢ (n:) = pe(ne|yo:¢), where n; is the human identity
variable at time ¢.

Presented here are two methods for approximating the dis-
tribution m¢(n:) under different experimental scenarios but same
still-to-video setup. Method | [5] parameterizes the model with
only an affine tracking state, denoted by 6., and approximates
and propagates +(6;) using the SIS algorithm. The distribution
w(ne) is estimated by marginalizing 7+ (6;) over a proper affine
region around the posterior mean E(z:). Method Il [6] param-
eterizes the model with the affine tracking state 8, and the recog-
nizing identity variable n:, approximates and propagates the joint
distribution (8¢, n¢) using the SIS algorithm. The distribution
wt(ne) is a free estimate from w4 (6:, n:), i.e., the true marginal
distribution of 7+ (6, m:).

Section 2 introduces a general time series state space model
and briefly reviews the SIS algorithm that approximates its so-
lution. Sections 3 and 4 respectively describe the experimental
scenarios and presents the two aforementioned methods and their
results. Section 5 concludes the paper.

2. SISALGORITHM

A general time series state space model consists of the following
three components:
1. State equation governing the state evolution:

Ty = gt(mt_l,ut);t Z 1, (1)

where u, is the state noise and g.(_, .) the state evolving function.
Denote the state transition probability as ps(z¢|z:—1).
2. Observation equation depicting the observational behavior:

ye = he(e, ve);t > 1, 2

where v is the observation noise and h.(., .) the observation func-
tion. Denote the likelihood as p(y:|x:).
3. Prior probability po(xo) and statistical independence:

ug Lous,vp Lvgjt,s>1&t+#s. 3)

Using this model, we attempt to compute the filtering poste-
rior probability 7 (x:) = p(z¢|yo:+). If the model is linear with
Gaussian noise, it is analytically solvable by a Kalman filter which
essentially propagates the mean and variance of a Gaussian dis-
tribution over time. For nonlinear and non-Gaussian cases, an ex-
tended Kalman filter (EKF) is proposed to arrive at an approximate



analytic solution. Recently, the SIS technique, a special case of
Monte Carlo method, [1, 14, 15, 16] has been used to provide a
numerical solution and to propagate an arbitrary distribution over
time.

The essence of Monte Carlo method is to represent an arbitrary
probability distribution 7(z) closely by a set of discrete samples.
It is ideal to draw i.i.d. samples {z™ }*_, from m(x). However
it is often difficult to implement, especially for non-trivial distri-
butions. Instead, a set of samples {z™}*_, is drawn from an
importance function g(z) which is easy to sample from, then a
weight

,w(m) — W(x(m))/g(x(m)) 4)

is assigned to each sample. This technique is called Importance
Sampling (IS). It can be shown[16] that the importance sample set
S = {(z"),w'™)}M_, is properly weighted to the target dis-
tribution 7(z). To accommodate a video, importance sampling
is used in a sequential fashion, which leads to SIS. SIS propagates
S:—1 according to the sequential importance function g (z+|x:—1),
and calculates the weight using

wi = wi—1pe(Ye|Te)pe (Te|Te-1)/ g (Te|Ti—1). ®)

For a complete description of the SIS method, refer to [14, 16].

3. METHODI

This method[5] has been tested on a database containing 19 sub-
jects. In building the database, each person was asked to sit on a
chair at a fixed distance from the camera so that the scale was ap-
proximately the same for all persons, and to move his/her head and
make any desired facial expression, simulating an automatic teller
machine or access control scenario. Fig. 1 shows some sample
frames from a probe video and some templates in the gallery.
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Fig. 1. I. Sample frames from the video (top) and templates (bot-
tom). The templates will be referred to as face 1, face 2, ..., etc.,
counting from left, and obviously face 3 in the bottom row is the
true hypothesis.

The state vector x; is taken to be affine tracking parameter 6;,
which obeys a first-order Gaussian-Markov model, i.e., the transi-
tion probability, assumed time-invariant p(6:|6:—1), obeys a Gaus-
sian distribution. In addition, a local deformation is introduced to
account for the residual motion due to inaccuracies in affine mod-
eling and other factors such as facial expressions. The observation
yq is taken to be Gabor-filtered jets [13] defined on a sparse grid,
shown in Fig. 2. Note that it is the grid in the template image
that undergoes the affine motion and local deformation. The local
deformation is implemented by performing a local search around
each grid point for its best match when updating the likelihood

measurement. The likelihood is assumed to be time-invariant and
modeled as a truncated Gaussian:

(V2moo) texp{—(e+)?/(208)} if |es| <
K otherwise,
(6)
where § is a threshold and K a constant. The error e is computed
as

p(y:|6:) =

1 I3 g9 @
N S 1IN - 1171,
where Ny is the number of jets, J the jet for the j-th grid point
in the template and J& its counterpart in the current frame. It
needs to be emphasized that J9 is found by first applying to the
grid the affine motion with 6, followed by a local search.

Using SIS, the tracking problem can be numerically solved by
approximating (). For pure tracking, we let the template be
the facial part in the first frame. Fig. 2 shows some pure tracking
results. For both tracking and recognition, we use templates in the
gallery set. In order to evaluate 7¢(n: = n) for template n in the
gallery, we first invoke SIS to obtain ;(6:), then compute it as
follows:

7Tt(’l’l,t = TL) = /Aﬂ't(gt)det, (8)

where A is a proper region interval around the posterior mean
E(6:). The complete algorithm I is summarized below.

Algorithm |

Initialization: Rectify the template grid onto the first frame
using EGM. Draw M random samples from po(6o).

Tracking and Recognition:

Tracking: at time ¢ > 0, invoke the SIS algorithm to obtain
an updated set of samples for ¢ (6:). To compute the likelihood
of each sample, a local search around each node is performed to
account for the deformation before computing the matching error.

Recognition and Mean Shape Evaluation: at any time ¢ >
0, the tracked set of jets is given by E.(6:), plus a local search;
and a final matching score is calculated using the mean shape; the
posterior probability is computed in an interval around E (6;).

Fig. 2 shows pure tracking results with tracked grid points su-
perimposed on the image. Even under difficult situations as shown
in Fig. 2, tracking is successfully maintained. Fig. 3 shows the pos-
terior probability ¢ (n:) and the matching scores computed using
the mean shape.

Fig. 2. 1. Tracking results. Note the rotation in depth in the upper
row and the large in-plane rotation in the lower row.
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Fig. 3. I. Posterior probabilities and matching scores. Solid line is
from the true hypothesis (face 3 in Fig.2). Dashed lines are from
face 1 (left) and face 5 (right) corresponding to wrong hypotheses,
respectively.

4. METHOD I1

This method[6] has been tested on a database collected as part of
the HumanlD project by by National Institute of Standards and
Technology and University of South Florida researchers. It con-
tains 30 subjects walking towards a camera in order to simulate
typical scenarios in visual surveillance. There are 30 subjects, each
having one face template in the gallery and one video in the probe.
The complete face gallery is shown in Fig. 4. Fig. 5 gives some
example frames in one probe video. Note that the gallery was cap-
tured under different lighting circumstances from the probe and
that the face in the probe is of low resolution, small size, and con-
siderable scale change.

Bﬂ"‘l“ lﬁ

Fig. 4. 11. The face gallery (upper) with image size 48x42. The top
10 eigenfaces (lower).

The time series state space model is now parameterized by
both affine tracking parameters and identity variable, respectively
characterizing the dynamics and identity of human, i.e., z: =
(gt, nt). So, pt(wt|wt_1) = pt(gtlet_1)pt (nt|nt_1). We assume
that p; (6¢|6:—1) is a time-invariant Gaussian, and that there is tem-
poral invariance in the identity, i.e., p:(nt|ni—1) = i(nt — ne—1),
where 4(.) is an indicator function. The observation y; is taken
to be a reconstructed image from top 300 principal components

Fig. 5. 1l. Example frames in one probe video. The image size
is 720x480 while the actual face size ranges approximately from
20x20 in the first frame to 60x60 in the last frame.

or eigenfaces (see Fig. 4 for the top 10 eigenfaces) and it is mod-
eled as a transformed, noise-corrupted version of some template
in the gallery, i.e.,f(y¢,0:) = In, + ve, Where f(.,.) is time-
invariant image transformation function. Assume the likelihood to
be a time-invariant truncated Laplacian.

X Yexp(—|lve|[/N)  if ||ve <4é
pulpmg = { RN IS g
where 4§ is a threshold and K a constant.

By employing the SIS technique, the joint distribution of the
state vector and the identity variable, (6, n+), is estimated at
current time and then propagated to the next, governed by the
evolving equations for the state vector and the identity variable.
The posterior distribution of the identity variable, w:(n:), is just a
free estimate, i.e., the marginal of 7 (6, nt). Algorithm Il is sum-
marized below. We have worked with two versions of Algorithm
11. Algorithm lla is a brute-force implementation; Algorithms Ilb
is a more efficient implementation. Details are in [6].

Algorithm 1

Initialization: Draw M random samples jointly from po(6o)
and the uniform prior po(no)..

Tracking and Recognition:

Tracking: attime ¢ > 0, invoke the SIS algorithm to obtain an
updated set of samples for 7 (6:, nt).

Recognition: at any time ¢ > 0, marginalizing 7;(6:, n:)
over 6 gives rise to 7 (n;). Conditional entropy H (n|yo.¢) and
MMSE estimate of §; are computed accordingly.

Fig. 6 presents the plot of the posterior probability m:(n:)
against frame instance for probe video shown in Fig. 5. Suppose
that the correct identity is ¢. From Fig. 6, we can easily observe
that the posterior probability 7 (c) increases as time proceeds and
eventually approaches 1, and all others 7 (n: # ¢) go to 0 finally.
Refer to [6] for a justification for such convergence and more de-
tailed discussions on the evolution of ¢ (n;).



To change a viewing angle, we use the notion of entropy [17],
which essentially measures the average uncertainty about a ran-
dom variable. It is well known that among all distributions tak-
ing values on {1,..., N}, the uniform distribution yields maxi-
mum log, NV and the degenerate case yields the minimum 0, i.e.,
0 < H < log, N. In the context of this problem, conditional
entropy H (n:|yo:+) captures the evolving uncertainty of the iden-
tity variable given observations yo.¢. However, the knowledge of
p(yo:¢) is needed to compute H (n¢|yo:¢), we simply assume that it
is degenerate in the actual observations ¢o.+ since we observe only
this particular sequence, i.e., p(yo:t) = 6(yo:t — Fo:t). Now,

H(nelyor) = — Y p(nelijo:t) log, p(nelo:t). (10)
nt €N

Fig. 7 presents the conditional entropy H (n|yo.+) against ¢ and
the MMSE estimate of the scale parameter a; against ¢, both ob-
tained using Algorithm lla. Fig. 7 shows the decreasing con-
ditional entropy H (n¢|yo.») and the increasing scale parameter,
which matches with the scenario: a subject walking towards a cam-
era. In Fig. 5, the tracked face is superimposed on the image using
a black bounding box.
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Fig. 6. 1. Posterior probability 7 (n:) against time instance, ob-
tained by Algorithm Ila (left) and Algorithm I1b (right).
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Fig. 7. Il. Conditional entropy H (n|yo.:) (left) and MMSE es-
timate of scale parameter (right) against time instance. Both are
obtained using Algorithm I1b.

5. CONCLUSION

We have presented Bayesian methods for face recognition from a
probe video, compared with a gallery of still templates. In both
cases, a time series state space model is need to accommodate the
video and SIS algorithms provide the numerical solutions to the
model. But, the posterior probability of the identity given the ob-
servations up to present, 7 (n;), is estimated using different strate-

gies. In addition, the still templates in the gallery can be general-
ized [18] to videos.
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