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Abstract
Occlusion is a difficult problem for appearance-based
target tracking, especially when we need to track multiple targets simultaneously and maintain the target identities during tracking. To cope with the occlusion problem
explicitly, this paper proposes a dynamic Bayesian network
which accommodates an extra hidden process for occlusion
and stipulates the conditions on which the image observation likelihood is calculated. The statistical inference of
such a hidden process can reveal the occlusion relations
among different targets, which makes the tracker more robust against partial even complete occlusions. In addition,
considering the fact that target appearances change with
views, another generative model for multiple view representation is proposed by adding a switching variable to select
from different view templates. The integration of the occlusion model and multiple view model results in a complex
dynamic Bayesian network, where extra hidden processes
describe the switch of targets’ templates, the targets’ dynamics, and the occlusions among different targets. The
tracking and inferencing algorithms are implemented by the
sampling-based sequential Monte Carlo strategies. Our experiments show the effectiveness of the proposed probabilistic models and the algorithms.

1

Introduction

Tracking targets based on their appearances play an important role in many applications such as intelligent human
computer interaction and video surveillance. For example,
before the detailed facial motion can be recovered and before the human identities can be recognized, we need to locate and track faces in video sequences. An effective way is
through matching and tracking face appearances. Since image appearances provide more comprehensive visual information to represent the targets, e.g., the faces, appearancebased tracking methods receive more and more attention.
However, if a target is partially or completely occluded,
its visual appearance would dramatically deviate from its
appearance template as we set for tracking. Thus, occlusion
becomes a special and difficult problem for appearancebased tracking. In addition, if we are concerned about mul-

tiple targets, explicit handling of occlusion is indispensable
for tracking, since occlusion would probably occur when
different targets interact.
This paper addresses the occlusion problem in the multiple target tracking scenario. Different from other works on
tracking multiple targets, this paper aims at solving the occlusion relationships besides keeping the trajectories. Our
method is based on a dynamic Bayesian network which
models the occlusion process explicitly. This model consists of multiple hidden Markov processes: the dynamics of
each individual target, and the process of the occlusion relation. In addition, the model describes the formation (or
generation) of the image observations, jointly conditioned
on the targets states and their occlusion relations. Then,
tracking is to infer the states of all these hidden Markov
chains based on the sequence of image observations.
In addition, we investigate two representations for the
appearances: i.e., single view and multiple views. The single view appearance is represented by an appearance template associated with a transformation that depicts the motion and deformation of the template. Since the appearances
change with views, we extend this “view+transformation”
representation to the multiple view case, by switching
among a set of templates and transformations. This mechanism is also modelled by a generative model which contains
a hidden switching process.
The combination of the occlusion modelling and the
multiple view representation results in a multilevel dynamic
Bayesian network. Due to the complexity in the structure
of the generative model, the inference of the model is approximated by the sampling-based sequential Monte Carlo
strategies. Various test sequences showed the effectiveness
of this approach to handle the occlusion situations.
The proposed approach accommodates the inference of
the occlusion relations of multiple targets and the switch
of multiple views into a probabilistic tracking framework.
Not limited to multiple face tracking, the proposed generative model is general and valid for many tracking scenarios
which need to handle occlusion explicitly.
The paper is organized as follows. Section 3 presents the
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dynamic Bayesian network for occlusion. The sequential
Monte Carlo strategy is described in Section 4. Section 5
presents the multiple view appearance model. The generative model that combines the occlusion model and multiple
view switching can also be found in Section 5. Experiments
are given in Section 6 and conclusions are in Section 7.

2

Previous Work

The target representations affect the effectiveness and
efficiency of tracking algorithms. Many approaches have
been studied based on different target representations,
e.g., image appearances [2, 3, 6, 9, 17] and geometrical
shapes [1, 7, 15]. Shape-based approaches are concerned
about the matching between shape models and image features. They need to deal with more ambiguities in tracking
but are less sensitive to lighting. On the other hand, since
massive image appearance data contain very rich information for characterizing targets, appearance-based methods
would not be sensitive to image resolutions, but special attention needs to be taken for deformation and lighting.
Many different types of appearance models have been
investigated, such as color appearances [3], eigen appearances [2], texture appearances [9], layered image template
appearances [17], and the appearances combining image
template and lighting [6]. All of these models parameterize
the appearances for target representations. Tracking targets
includes the estimation of these parameters.
There are two methodologies to this problem: bottom-up
and top-down. The bottom-up approaches generally formulate the problem as nonlinear optimization problems which
minimize some error functions, e.g., flow residue [2, 6] and
color discrepancy [3]. On the other hand, the top-down approaches adopt the idea of analysis-by-synthesis, by directly
verifying plenty of hypotheses [7, 15].
Most bottom-up algorithms are computationally more
efficient, but they are subject to the validation of the small
motion assumption, and it is hard for them to cope with occlusions unless the appearance model itself is robust against
occlusions. On the other hand, most top-down algorithms
involve more computation, but the motion estimation tends
to be more accurate and more robust. In addition, occlusion
can be modelled from top-down in the same framework.
The generative model approaches take a top-down
methodology, by modelling the hidden factors that would
affect the observed data [10]. Once the structure and the
parameters of the model are set, those hidden factors can
be inferred and the parameters can be learnt from the data.
As a special case, dynamic Bayesian networks model dynamic systems and temporal signals [16]. The inference of
the networks provides tracking results directly.
To track multiple appearances with occlusions, this paper describes a class of dynamic Bayesian networks that accommodates the hidden process of occlusion and model the
switching of the appearance templates of multiple views.

3

A Generative Model for Occlusion

We take a “view+transformation” approach to represent
the state of a target, which consist of an appearance template
T and a transformation H. The template T can be any kind
of templates, such as an image template, an edge map template, or a texture template. The transformation H can be
an affine transformation or a homography transformation.
To make the description clearer, we limit the description
to the situation of tracking two targets (i.e., A and B). We
denote the target state of target k at time t by Xkt . The trackB
ing task is to infer XA
t and Xt based on all the observed
image evidence Zt = {Z1 , · · · , Zt }, where Zt is the image measurement (or observation) at time t, i.e., to estimate
B
A
B
p(Xt |Zt ) = p((XA
t , Xt )|Zt ), where Xt = (Xt , Xt ).
We are concerned about the occlusions between these
targets, i.e., a target is occluded by a known object. This paper does not investigate a more challenging situation where
the target is occluded by a completely unknown object,
since no clue from the occluding object can be used for occlusion detection. But it will be part of our future work.
The tracking process can be viewed as the density propagation [7] from p(Xt−1 |Zt−1 ) to p(Xt |Zt ), and it is governed by the dynamic model p(Xt+1 |Xt ) and the observation model p(Zt |Xt ), since we have

p(Xt |Zt ) ∝ p(Zt |Xt ) p(Xt |Xt−1 )p(Xt−1 |Zt−1 )dXt−1
In addition, since the motion of two targets are indepenA
B
B
dent, we have p(Xt |Xt−1 ) = p(XA
t |Xt−1 )p(X t |Xt−1 ).
Then we have

A
B
A
p(Xt |Zt ) ∝ p(Zt |Xt , Xt ) p(XA
t |Xt−1 )
B
×p(XB
t |Xt−1 )p(Xt−1 |Zt−1 )dXt−1

If there is no occlusion between A and B, the obserB
vation likelihood p(Zt |XA
t , Xt ) can be uniquely determined. However, when one target occludes the other, the
occlusion relation has to be known before the likelihood
can be uniquely calculated, i.e., the likelihood should be
conditioned on the occlusion relations additionally. Let
αt ∈ {0, 1, 2} denote the occlusion relation,
 i.e., αt = 0
indicates no 
occlusion, αt= 1 indicates A B, and αt = 2
indicates B A, where means “occludes”. Then based
B
on the joint likelihood p(Zt |XA
t , Xt , αt ), we have

A
B
A
p(Xt , αt |Zt ) ∝ p(Zt |Xt , Xt , αt ) p(XA
t |Xt−1 )
B
×p(XB
t |Xt−1 )p(αt |αt−1 )p(Xt−1 , αt−1 |Zt−1 )dXt−1
(1)
where p(αt |αt−1 ) describes the transition of occlusion relation. Thus, based on Equation 1, the probabilistic dynamic
system can be illustrated by a factorized graphical model (a
factorized dynamic Bayesian network) in Figure 1.
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The posterior density of occlusion can be obtained
B
through integrating out XA
t and Xt from the joint posterior probability, i.e.,
 
B
A
B
p(αt |Zt ) =
p(XA
(2)
t , Xt , αt |Zt )dXt dXt
As a generative model, this dynamic Bayesian network
models the forwarding process of image formation. In the
graphical model, there are three hidden Markov processes,
B
{XA
t }, {Xt } and {αt }, which are to be inferred from the
observation data Zt , based on all the conditional probabilities as illustrated by arrows in the graph. Specifically, to
characterize the model, we need to model the dynamics of
A
B
B
the two targets p(XA
t |Xt−1 ) and p(Xt |Xt−1 ), the transition model p(αt |αt−1 ) of the occlusion process {αt }, and
B
the observation likelihood p(Zt |XA
t , Xt , αt ).
We employ a constant velocity model for the target dynamics p(Xkt |Xkt−1 ), k ∈ {A, B}. In addition, the transition p(αt |αt−1 ) of the occlusion process is described by a
finite state machine, i.e.,
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Figure 2: The occlusion relations of α = 1.

α t+1

Figure 1: A hidden process {αt } is accommodated in the dy-

A

where u is a pixel location in a region, and C indicates the
occluding target, i.e.,

αt = 0
 φ,
A,
αt = 1
C = C(αt ) =

B,
αt = 2
Then, the observation likelihood is modelled by:

D(Tt (u), It (u))
p(Zt |Xt , αt ) ∝ exp − u∈Rt
M (Rt )

(3)

where M (Rt ) is the number of pixels in the region Rt , and
D(Tt (u), It (u)) = |Tt (u) − It (u)|2 .
Specially attention should be taken for the case where
one target is fully occluded by the other one as illustrated
in Figure 3, since no image evidence can be used to support
the existence of the fully occluded target. Consequently,
the tracker would not be able to follow the occluded target
again. Under this circumstance, the regain of tracking the
RA

TA

RB=O

TB

Tα = [Tα (i, j)] = [p(αt = j|αt−1 = i)].
B
The observation likelihood p(Zt |XA
t , Xt , αt ) is modelled based on the innovations, i.e, the discrepancies between the predicted appearance and the actual image observations. Denote the predicted region of the k-th target at
time t by Rtk = R(Xkt ). Then, the predicted region of Xt
is the union of two targets’, i.e.,

B
A
RtB
Rt = R(Xt ) = R((XA
t , Xt )) = Rt

The actual image appearance observation is collected on the
predicted region Rt and denoted by I(Rt ). Denote the predB
icated appearance by Tt = T (XA
t , Xt , αt ) which depends
on the value of αt . As illustrated in Figure 2, we denote the
overlapping region of the two targets by

B
A
RtB
Ot = O(Xt ) = O((XA
t , Xt )) = Rt
which is independent of αt . Then, ∀u ∈ Rt ,
 A A
u ∈ RtA − Ot
 T (Xt (u)),
B
B
T (X (u)),
u ∈ RtB − Ot
Tt (u) =
 C tC
T (Xt (u)),
u ∈ Ot

Figure 3: Target B is fully occluded by A.
fully occluded target would depends on motion prediction
of target and the detection around the border of the occluding target. Such a mechanism can be implemented by reducing the likelihood of the full occlusion events. Then,
we have p(Zt |Xt , αt ) ∝ exp [−H(Zt , Xt , αt )], where
H(Zt , Xt , αt ) =
u∈RtA

4

D(TtA (u), It (u)) +
M (RtA ) +

B
u∈RtB D(Tt (u), It (u))
M (RtB )

(4)

Sequential Monte Carlo Tracking

The densely-connected structure of the factorized graphical model as shown in Figure 1 is complex. The structure
variational analysis can be taken to analyze the graphical
model [11]. Analytical results of a set of fixed-point equations were obtained based on some simplifications such as
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linear observation likelihood [5, 11]. In addition, the fixedpoint equations reveal a co-inference phenomenon [19].
However, in general, the exact probabilistic inference of the
hidden processes would be very difficult especially when
the observation likelihood is complicated.
On the other hand, statistical sequential Monte Carlo
strategies provide a computational approach to this problem [4, 13, 14], in which a probability density is approximated by a set of weighted particles. The evolution of the
set of particles according to the dynamic Bayesian network
characterizes the behavior of the dynamic system, and the
hidden processes can be recovered from the set of particles.
Many particle-based algorithms have been studied for visual tracking [7, 15, 19].
We take a sequential Monte Carlo approach to inferencing the factorized dynamic Bayesian network in Figure 1.
B
The posterior density p(XA
t , Xt , αt |Zt ) is represented by
A,(n)
B,(n)
(n)
, xt
, αt , π (n) }. The
a set of weighted particles {xt
sampling-based algorithm is summarized in Figure 4.
A,(n)

B,(n)

(n)

(n)

A,(n)

Generate {xt+1 , xt+1 , αt+1 , πt+1 } from {xt
A,(n)
(n)
(n)
, αt , πt }.
xt

,

1. Re-sampling.
A,(n)
B,(n)
(n)
, xt
, αt } to
Resample the particle set {xt
A,(n)
B,(n)
(n)
(n)
, xt
, αt } based on {πt }.
produce {xt
A,(n)

2. Prediction. For each (xt

B,(n)

, xt

(n)

, αt

):

(a) sample the density of the target dynamics
A,(n)
A,(n)
A
p(xA
;
t+1 |xt ) to produce xt+1 from xt
B
(b) sample the target dynamics p(xB
t+1 |xt ) to
B,(n)
B,(n)
produce xt+1 from xt
;

(c) sample the finite state machine Tα of
(n)
(n)
p(αt+1 |αt ) to produce αt+1 from αt .
3. Correction. Re-weight each particle by calculating the likelihood
(n)
πt+1

=

A,(n)
B,(n)
(n)
p(Zt+1 |xt+1 , xt+1 , αt+1 ).

Then normalize all the new weights to 1.
Figure 4: The sequential Monte Carlo algorithm for the factorized
dynamic Bayesian network in Figure 1.

Based on the weighted particle set at each time instant,
we obtain the estimation of the hidden states:
X̂kt

=

α̂t

=

n

k,(n) (n)
xt
πt ,
(n)

arg max
α

k = {A, B},
πt ,

(n)

αt

=α

α = {0, 1, 2}.

5

Switching Multiple Views

Most appearance-based methods are sensitive to view
changes and large deformations, since appearances are
view-based. Subspace-based techniques can be employed
to learn the appearance-based representations which are robust to views [12] and large appearance changes [2]. These
representations are suitable for target detection and recognition, but the dimensionality of the subspace is high for the
tracking tasks.
To model view changes, we simplify the subspace-based
approaches, and represent a target by maintaining a finite
set of examplar view templates, each of which is associated with a transformation, i.e.,{(T1 , H1 ), · · · , (TV , HV )}.
Denote an indicator variable by β ∈ {1, · · · , V }. Our
representation stipulates that the whole set of appearances
under different views can be divided into a set of nonoverlapped subsets represented by (Tβ , Hβ ). In other
words, for any appearance, a unique view template Tβ
and a suitable transformation exist. This method extends the “view+transoformation” approach to a “switch
view+transformation” representation in the spirit of the
Toyama and Blake’s examplar-based tracking [18].
This representation is different from subspace representations. In subspace methods, since an appearance is modelled by a linear/nonlinear combination of a set of appearance basis, the methods are global. On the other hand, our
“switch view+transformation” approach identifies a specific
“mode” (although it is a special case of linear combination),
and it is local, like a piece-wise spline in the appearance
space. Thus, our approach uses a switch β to switch among
different “modes” or views templates.
βA
t-1

βA
t

βA
t+1

A
X t-1

XA
t

A
X t+1

Z t-1

Zt

Zt+1

Figure 5: A discrete hidden process {βtA } is used to switch
among different views of the target A.

Accommodating this switching view representation in
the generative model, the dynamic Bayesian net for a signal target can be illustrated in Figure 5, where {βtA } is the
hidden process, and we have
A
A
A
A
A
A
A
A
p(XA
t+1 , βt+1 |Xt , βt ) = p(Xt+1 |Xt , βt+1 )p(βt+1 |βt )
A
A
where p(XA
t+1 |Xt , βt+1 ) describes the switch of view temA
|βtA ) models the transiplates and its dynamics, and p(βt+1
tion of the switch event which is stipulated by a finite state
machine:
A
A
A
TA
β = [Tβ (i, j)] = p(βt = j|βt−1 = i) .
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Although we can perform the structure variational analysis on this graphical model in Figure 5 (see [16]), a more
flexible approach for inferencing is again the sequential
Monte Carlo strategies. Similar to the mixed-state C ON DENSATION [8], a particle for the target A is represented as
A,(n)
A,(n)
(n)
{xt
, βt
, πt }. The evolution of the set of particles
is generated by the dynamic Bayesian net model. The estimate of the view is given by:
β̂tA
X̂A
t

=

(n)

arg max
β

πt ;
(n)

βt

(5)

=β

(n) A,(n) (n)
πt xt
πt .

=

(6)

(n)
βt =β̂tA

Naturally, the combination of the occlusion model in
Figure 1 and the model for switching views in Figure 5 results in a new dynamic Bayesian network as illustrated in
Figure 6, which models the occlusion of multiple targets as
well as multiple views. Taking the sequential Monte Carol

XA
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2

1.5
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A
X t+1

A
Xt
XB
t-1

2.5

βB
t+1

B
βt

βB
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because we found the results were not sensitive to Tα .
The tracking results can be seen in “occlusion.mpg”1 .
Some sample frames of the tracking results are shown in
Figure 7. In this experiment, the size of the particle set was
2000. When the two faces crossed, the tracker proved to
keep locking on the two faces with the right identities, because the occlusion relation was recovered during tracking,
which greatly helped to maintain the identities of different
targets. The occlusion was estimated by maximizing the a
posteriori in Equation 5. The recovered occlusion process
{αt } is shown in Figure 8. The estimates of the occlusion

βA
t+1

A
βt

βA
t-1

Since the overlapping can be directly calculated once
A,(n)
B,(n)
Xt
and Xt
are given, the uncertainty remained for
occlusion variable αt is either αt = 1 or α = 2. Then the
transition of {αt } is reduced to a two-state machine. In the
experiment, we set

0.8 0.2
, i, j ∈ {1, 2}. (7)
Tα = p(αj |αi ) =
0.2 0.8
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Figure 8: The recovered occlusion process {αt }.
Z t-1

α
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Zt

αt

Zt+1
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Figure 6: A hidden process {αt } controls the occlusion relations

among different targets and {βtk } switches among different views
for the k-th target, where k ∈ {A, B}.

relations were quite accurate, except for the frames where
the occlusion was about to occur or about to finish. But
this phenomenon was reasonable since the occlusion relations were weak and uncertain at those time instants. Since
a face went back and forth in front of the other face in the
sequence, the occlusion events α = 1 occurred in two time
intervals. This is clearly indicated in Figure 8.

methods similar as those in previous sections, the inference
of this dynamic Bayesian net is straightforward.

6

Experiments

The proposed methods have been applied to the task of
tracking two moving and occluding faces. We report the
experiments in three tracking scenarios including occlusion,
view changes and the combination of the two.
Our first experiment was concerned about the inference
of occlusions induced by the interaction of two targets, and
the generative model in Figure 1 applied. In this case, the
appearance of a face was represented by a single pre-trained
view template of the face and an affine transformation. The
tracking task was to estimate the affine parameters for both
templates as well as the occlusion relation when the two
faces crossed. We employed two types of view templates:
one was the image template, and the other was the texture
template based on wavelet transformations.

Figure 9: The three view templates used for the multiple appearances switching.

The second experiment was about the multiple view
model, and the generative model in Figure 5 applied. The
task was to track a single face but the motion of the face
contains out-plane rotations, which resulted in multiple distinguishable views. In this experiment, we exploited three
view templates: one front view, and two profile views, with
three homography transformations associated with each
1 All

results can be accessed from http://www.ece.nwu.edu/˜yingwu
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Figure 7: Two faces are tracked (in red or green) during the occlusion. One becomes dark if occluded. Their occlusion relations are
inferred and the identities of the two faces are maintained. (See “occlusion.mpg” for detail.)
template. The three templates are shown in Figure 9. Here,
β = 1/2/3 denotes left profile, front and right profile views,
respectively. The transition of the view switching process
{βt } was a three-state FSM:


0.8 0.15 0.05
0.8 0.1  .
(8)
Tβ = p(βj |βi ) =  0.1
0.05 0.15 0.8
The result for the single face with multiple views is
shown in the sequence “multiview.mpg”. Some sample frames are shown in Figure 10. The size of the particle set in the sequential Monte Carlo inference was 1000.
When the face turned, the correct view template was automatically selected and the tracker switched to this view
template and kept tracking. Since the particle set represents
the density, it implicitly keeps all the view hypotheses and
the priors of these hypotheses are propagated from previous
time instants. The calculation of the likelihood of the image observation given these view hypotheses can strengthen
or weaken these hypotheses. The one with the maximum
posterior probability was selected as the estimation of the
view template “mode” at each time instant. The recovered
process of mode switching is shown in Figure 11. We see
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Figure 11: The recovered switching process {βt }.
clearly from this figure that the person turns his head around
when he moves.
In the third experiment, we tracked two faces under occlusion and multiple views, and the method in Figure 6 applied. The same as the second experiment, we used a threeview templates with homography transformations. And Tα
B
used Equation 7, and TA
β and Tβ used Equation 8.
The sequence “occlu multiview.mpg” demonstrates the tracking result for the two faces with multiple
views. Some sample frames are shown in Figure 12. Due
to the complexity of the dynamic Bayesian net in Figure 6
used in this experiment, more particles are needed for effective Monte Carlo. We used 4000 particles to obtain the

result. By accommodating the processes of occlusion and
view switching, the tracker needs to infer more hidden factors based on the image observations, thus more computation is involved. But the payoff is huge: the tracker becomes
more robust and the recovered hidden factors provide quantitative clues for evaluating the tracking performance online.

7

Discussion and Conclusions

Appearance-based tracking is useful in many applications such as face tracking, but is confronted by the problem of occlusion, especially when multiple appearances
are concerned. This paper presents a generative model
to accommodate a hidden process of occlusion relations
among multiple targets. The likelihood of the image observation is conditioned on the configuration of the states
of multiple appearances as well as an occlusion relation
among them. Graphically, such a generative model is a
factorized dynamic Bayesian network with multiple hidden Markov chains. In addition, this paper also presents
a multiple view representation for appearances by a “switch
view+transformation” approach. Accommodating multiple views in the dynamic Bayesian network results in a
mode-switch model. The inference of the hidden processes
is made possible through particle-based sequential Monte
Carlo methods, by which the the mode and transformations
of different appearances as well as their occlusion relations
can be recovered.
The generative models explicitly represent the hidden
factors which affect the image observations, thus the recovery of these hidden factors would provide significant interpretation of the image sequences besides tracking. Since
analytical results are in general hard to obtain, when more
factors are included in the generative model, the computational complexity tends to be more tremendous. Thus, more
efficient Monte Carlo methods should be developed to ease
these computational issues. In addition, instead of presetting the parameters in the models, learning these parameters from training data would be more plausible. Our future
work will include these two issues.
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Figure 10: Tracking one face with out-plane rotations with the switching multiple view model. A suitable appearance template is selected
automatically at each time instant. (See “multiview.mpg” for detail.)

Figure 12: Two faces move across inducing occlusion, and the motion of the faces contains out-plane rotations. The occlusion (the
occluded one is shown in dark) are inferred and the suitable view templates are switched. (See “occlu multiview.mpg” for detail.)
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