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Abstract  

A novel multi-regions based particle fil-
ters that effectively deals with occlusion 
problem in people tracking has been pro-
posed in this paper. After locating multi-
ple key regions, the algorithm uses sev-
eral nearly independent particle filters 
(NIPF) to track each region which will be 
influenced by the proximity and/or be-
havior of other regions. Comparing with 
the tracking method based on independ-
ent particle filter, the proposed algorithm 
is more effective in solving long-time 
partial or total occlusion problem. And 
the performance advantage the nearly in-
dependent particle filters in comparison 
with a joint filter is significant. This is 
demonstrated by the experimental results.  

Keywords: Object tracking, Particle Fil-
ter, Occlusion. 

1. Introduction 

Recently, video tracking has received 
wide attention from researchers. And it 
becomes significantly more challenging 
when occlusion happens, especially in 
people tracking problem, which is con-
cerned in this work. The people tracking 
literature contains two classical ap-
proaches to the problem of occlusion. 
One way is training a classifier which can 
differentiate the target and the noise, and 
the other is the object segmentation and 
matching scheme. Besides, Gennari[1] 
deals with occlusion using JPDF (Joint 

Probabilistic Data Associative Filter). 
Zhou [2] judges the occlusion by Huber 
estimation and search the target by parti-
cle filter. However, these methods fail 
under difficult and complex conditions, 
and the occlusion problem is still a chal-
lenging task in people tracking.  

In this paper, we address the problem 
of occlusion, an issue not handled by tra-
ditional methods. Our approach is in-
spired by the observation that, body can 
be divided into multiple sub-regions, thus, 
when occlusion happens, state of the 
body part being occluded can be implied 
by the other parts. Based on this consid-
eration, this paper applied nearly inde-
pendent particle filters (NIPF) in tracking 
multiple body regions to deal with the 
occlusion problem. The proposed algo-
rithm is based on the well-known particle 
filter [3-6], which offers a degree of ro-
bustness to unpredictable motion and can 
correctly handle complicated, nonlinear 
measurement models. When dealing with 
multiple body regions, simply running 
one individual particle filter for each re-
gion is not a viable option, because the 
regions of the body have inter relations 
which play an important role in tracking 
multiple region. While the joint particle 
filter suffers from exponential complexity 
in the number of tracked targets, n. We 
have found that using n nearly independ-
ent particle filters for n regions, each run-
ning in a low-dimensional space, can ap-
proximate the optimal joint tracker by 
judging the occlusion based on single-
target predictions from the previous time 
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step. The result is a set of trackers that are 
coupled only when necessary.  

The rest of this paper is organized as 
follows: Section 2 presents the appear-
ance model adopted. And the proposed 
nearly independent particle filters based 
on multi-regions is detailed in Section3. 
Section 4 summaries the proposed algo-
rithm. And experimental results are pro-
vided in Section 5. Finally, conclusions 
are given to highlight major merits and 
current limitations of the proposed ap-
proach. 

2. Appearance Model 

Color tracking of objects is a well 
known problem that has been tackled us-
ing several approaches. A color model 
can be represented by a histogram where 
each bin represents a color region. The 
HSV color space [7] is a very popular ap-
proach for this problem because it is rela-
tively invariable to illumination changes. 
In this paper, the hue, saturation and 
value information are quantized as 

64hn = , 8sn = , and 1vn = . So, the re-
sulting histogram is composed by m = 

hn × sn × vn  = 512  bins. 
Let the region of the image employed 

to create the color model be a rectangle 
region centered at cx  and of size s . 

1,...,{ }i i nx =  are the locations of the interior 
pixels of the region. We define a function 

2: {1... }b R m→  which associates to the 
pixel at location ix the index ( )ib x  of the 
histogram bin corresponding to the color 
u  of that pixel. Then, the color density 
distribution for each bin ( )p u of the re-
gion is calculated in the following way: 

1
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n
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i
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=

= −∑  where the parameter 

κ is the Kronecker delta function.  
We found that the probability one pixel 

belongs to the object decrease when it 

becomes far away from the region center. 
Considering this space information of the 
pixels, we weight the pixel less as it be-
comes far away from the center by the 
function:  
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Where r  is the ratio of the distance from 
the pixel to the region center and s . Thus, 
the color model p = 1,...,{ ( )}u mp u = of the 
region is: 
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|| ||c ix x− represents the distance from 
the pixel to the center. The resulting his-
togram is normalized as ( ) 11

m p uu =∑ =  by 
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Once the color model p  is created, it 
can be compared with other color 
model q using the Bhattacharyya coeffi-
cient [8] which has an important feature 
that both color models can be compared 
even if they have been created using re-
gions of different sizes. In the case of a 
discrete distribution it can be expressed 
as follows: 

1
[ , ] ( ) ( )

m

u
p q p u q uρ

=

= ∑         (2) 

The value [ , ]p qρ  gives a similarity 
measure of two color models in the range 
[0, 1], where 1 means that both color 
models are identical, and it decreases as 
they differ. 

3. The proposed method 

To deal with the occlusion problem in 
people tracking, we locate n  regions on 
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the body, and the state of the whole body 
can be represented by the joint state of 
these regions. Thus, when occlusion hap-
pens, the region being occluded can be 
predicted correctly by other regions. And 
by this way, we can solve the occlusion 
problem. Our method is based on Particle 
filter (PF) which use multiple discrete 
“particles” to represent the belief distribu-
tion over the location of a tracked target. 
When dealing with the multiple regions 
tracking problem which can be looked as 
a multiple targets tracking problem, the 
independent or joint particle filters can be 
used. However, the body parts don’t 
move independently, so the independent 
particle filters can not work, while the 
joint particle filter suffers from the com-
putation complexity. So, this paper pro-
poses a new particle filter method which 
runs nearly independent particle filters in 
body parts. 
3.1. particle filter 

We review particle filter to introduce 
notation and to facilitate understanding of 
the new components.  

In the Bayes filtering paradigm, we re-
cursively update the posterior distribution 
over the current  state tX given all obser-
vations 1: 1 2{ , ,..., }t tZ Z Z Z@ up to and in-
cluding time t , as follows: 

1: 1( | ) ( | ) ( | )t t t t t tP X Z cP Z X P X X −= ∫  

1 1: 1 1( | )t t tP X Z dX− − −  
where the likelihood ( | )t tP Z X  ex-
presses the measurement model and 

1( | )t tP X X −  is the motion model. In a 
particle filter we approximate the poste-
rior 1 1: 1( | )t tP X Z− − recursively as a set of 
weighted N  samples 1 1 1{ , }r r N

t t rX ω− − = ,  
where 1

r
tω − is the weight for particle. 

Given this, we can use a Monte Carlo ap-
proximation of the integral and get:                

1:( | ) ( | )t t t tP X Z cP Z X≈       

1 1( | )r r
t t t

r
P X Xω − −∑                          (3) 

One way to view a particle filter is as 
an importance sampler for this distribu-
tion. Specifically, N samples are drawn 
from the proposal distribution 
       1 1( ) ( | )s r r

t t t t t
r

X q X P X Xω − −∑: @   (4) 

And then weighted by the likelihood 
( | )s s

t t tP Z Xω = . Where r and s are the 
index of particle at 1t −  and t , respec-
tively. 
3.2. Multi-Regions tracking 

3.2.1 Undirected Graph based model 
We describe the joint of multiple body 

regions at frame t  as an undirected 
graph ( , )V E , where the nodes V repre-
sent the regions and the edges E specify 
a neighborhood relationship. As shown in 
fig. 1a, 1,...,{ }it i nV X ==  and { ( , )}it jtE X Xφ= , 
where ( ,itXφ )jtX  describes the relation-
ship between the state itX  and jtX  of 
regions ,i j if the corresponding edge ex-
its. To describe the undirected graph at 
frame t , we firstly construct the relation-
ship model , , ,

,{ ( , )}i j i j i j
i j ER R dθ ∈= = ， 

     
(a)                  (b) 

 Fig.1: (a)The undirected graph,(b) The defini-
tion of φ . 

 
where ,i jd and ,i jθ are the distance and 
angle from i jX X to the motion direc-
tion(Fig. 1b).  Then, the function φ  is 
computed as follows: 

( , )it jt d dX X k f k fθ θφ = +                (5) 
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Where, df , fθ are the distance and an-
gle factor defined as below, and 

dk , kθ are their weights, respectively. 
, ,

, ,

, ,
, ,
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The domain of φ  is [0,1]. , ,| |i j i j
td d−  

is the absolute value of the difference, 
and dδ , θδ  are used to define their permit-
ted maximum, ,i j

td , ,i j
tθ are the distance 

and angle at frame t . 
3.2.2 The proposed nearly independent 
particle filters 

To track multiple associated regions 
with relationships, we define the nearly 
independent particle filters as follows. At 
frame t , the posterior distribution of the 
state of region i  factors as: 

(1: )( | ) ( | )it i t it itP X Z cP Z X≈ ×  

( 1) ( 1)
,

( , ) ( | )r r
it jt i t it i t

ri j E

X X P X Xφ ω − −
∈

×∑∏       (6) 

we sample from the proposal distribution 
function 

( 1) ( 1)( ) ( | )s r r
it it i t it i t

r
X q X P X Xω − −= ∑:   (7) 

by drawing a mixture component at ran-
dom, and then moving each individual 
target independently. Then, we weight 
each of the particles s

itX  at region i  by 
( | ) ( , )

it jt

s s s s
it it it

ij E

P Z X X Xω φ
∈

≈ ∏              (8) 

We can see, the trackers are not fully 
independent, because they consider the 
locations of other targets when scoring 
particles. In particular, according to the 
undirected graph ( , )V E at time t , we 
penalize particles that fulfill the relation-
ship model ,i jR  less. 
3.2.3 The joint estimate scheme 

To estimate the location of the target, 
instead of computing the mean of all the 
associated particles, we construct a region 
relationship based estimate scheme using 

the defined undirected graph. The state of 
the region i at frame t  is estimated as 
¶

, 1

( ( , ))
N

s s s s
it jt jt jt jt ji

i j E s

X k l X X Xϕ
∈ =

= × ×∑ ∑   (9) 

Where, the state ¶itX of region i  is es-
timated jointly by computing sum of all 
the associated regions’ weighted states 
acting on the region i  , and the weight 
is jtk (see next section). Furthermore, the 
associated regions’ acting states is com-
puted by all acting states ( s

tjX ×  ( , )s s
tj tiX Xϕ , 

1,...,s N= ) of the particles of the re-
gion s

tjX  weighted s
jtl ,where ( , )s s

tj tiX Xϕ is 

obtained by ,i jR (see next section for de-
tail). As shown in formula above, the 
state ¶

itX of region i  is estimated by all 
the associated regions’ particles, thus, 
when occlusion happens, the state of the 
region being occluded can be estimated 
correctly by this joint estimate scheme. 

4. Summary 

To give a clear description of the pro-
posed scheme, we describe the flow of 
the algorithm as follows. 

Step 1: Initialization: At the first and 
second frame of the image sequence, lo-
cate the location of n regions as the 
state 0 1, , 1,...,i iX X i n= . And construct the 
motion model ( 1) 1,...,( | )it i t i nP X X − = for each 
region, the appearance model Q= { iq＝ 

1,... 1,...,{ ( )} }i u m i nq u = =  and relationship model 
, , ,{ ( ,i j i j i jR R dθ= =  ,)}i j E∈ . 

Step 2: At each time step t , the poste-
rior over the state of region i  at time 

1t −  is represented by a set of N  
weighted samples ( 1) ( 1) 1{ , }r r N

i t i t rX ω− − = . We 

then create N  new particles 1{ , }s s N
it it sX ω =  

by importance sampling, using the mo-
tion model (7) as the proposal distribution 
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for region i . Do the follows N times itera-
tively. 

(1) Resample: Pick a sample ( 1)
r
i tX −  

with probability ( 1)
r
i tω − . 

(2) Apply the motion model: 
( 1)( | )r

it i tP X X − to obtain a newly state
it

sX . 

(3) Score: Assign a weight s
itω  to the 

state
it

sX according to (8).  
    (a) We model the observation 

1,...{ ( )}s s
it it u mp p u =＝ according to formula 

(2). And Compute the similarity s
itb  which 

is ( | )s
it itP Z X  in formula (2) between the 

observation s
itp and model iq . 

(b) Get the distance and an-
gle ,i j

td , ,i j
tθ and compute ( , )

it jt

s sX Xφ  

based on the model , , ,( , )i j i j i jR dθ= ac-
cording to formula (5) , where ,i j E∈ . 
The relationship function penalizes the 
particles that fulfill the relationship model 

,i jR  less. 
(c) Apply the weight updating func-

tion (8) to obtain the new weight s
itω  of 

particle
it

sX . 
Step 3: Estimate: Then, estimate the 

state µ
itX  of region i , 1,...,i n= ,by the 

joint estimate scheme, according to (9)  
(1) Compute the sum of the weight 

1

N
s

j j
s

C b
=

= ∑ of all particles for each re-

gion , 1,...,j j n= ,and
1

n

j
j

C C
=

= ∑ , then the 

weight jtk of region j  in estimate the 

state of region i  is js
tj

C
k

C
= . 

(2) Obtain the function ( , )s s
tj tiX Xϕ ac-

cording to , , ,( , )i j i j i jR dθ= , 1,...,j n= . 

(3) Estimate the state µ
itX  of region 

i according to (9). 

Summary up, the particle filters em-
ployed in this paper are nearly independ-
ent because they consider the locations of 
other targets when scoring particles and 
estimating the state, while sample parti-
cles independently. By this way, the mul-
tiple regions can be tracked jointly with 
less computation complexity, and when 
some region is occluded, its state can be 
estimated correctly jointly by other re-
gions. 

5. Experimental results 

We evaluated our approach by tracking 
through three kinds of video, and present 
quantitative results as well as a graphical 
comparison of the different tracker meth-
odologies which are joint and independ-
ent particle filters. While a theoretically 
optimal joint filter is too computationally 
expensive to track multiple regions, we 
show that multiple nearly independent 
trackers generate tracks of similar quality 
to those generated by a joint tracker in 
occlusion situation, but at a substantially 
lower cost. 

  In the experiment, taking two regions 
as an example, we compare three meth-
odologies in the effectiveness and compu-
tation complexity, which are independent 
PF, joint PF and the proposed PF, testing 
on three kinds of video: simulation video, 
CAVIAR [9] and the video captured by 
us, and taking two regions as example. In 
Fig. 2, when occlusion happens, the pro-
posed PF can track the multiple regions 
successfully. Fig. 3 gives the comparison 
between the proposed PF with the other 
two methods testing on simulation video 
which has the feature of nolinear and 
nongaussian, in which we can see that the 
independent PF fail in dealing with oc-
clusion, while the joint PF and the pro-
posed PF succeed. This is because the in-
dependent PF track each region inde-
pendently, and one region’s failure track-
ing can not be rectified by the other re-
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gions as did in joint PF. Furthermore, we 
compute the time consume at each frame 
of the proposed method and joint PF in 
table 1, in which the proposed method 
spent much less time than the joint PF. As 
a conclusion, the proposed PF method 

can track people successfully as joint par-
ticle filter with less time, which demon-
strates the effectiveness of the propose 
method. 

 

   
(a) 

   
(b) 

   
(c) 

Fig.2. Tracking result of the proposed method: (a) (b) (c) are the result on three kinds of video.  

 
(a)                                                              (b) 

 
(c)                                                            (d) 

Fig. 3. The comparison between the proposed PF and the other method. (a) the tracking result at x 
direction in region 1, (b) the tracking result at x direction in region 2, (c) the tracking result at y 
direction in region 1, (d) the tracking result at y direction in region 2. 
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Table. 1: The time consuming of the proposed method and joint particle filters. 

 Video1(s) Video2(s) Video3(s) 
The proposed method 1.437 1.547 1.39 
Joint particle filters 2.953 3.016 2.937 

6. Conclusions 

Through locating some key regions on 
the people, this paper proposed a nearly 
independent particle filters in tracking 
multiple regions to deal with the occlu-
sion problem in people tracking.  While a 
theoretically optimal joint filter is too 
computationally expensive to track mul-
tiple targets at once, we show that multi-
ple nearly independent trackers generate 
tracks of similar quality to those gener-
ated by a joint tracker, but at a substan-
tially lower cost. 

However, more complex interactions 
are possible when conditioning on differ-
ent body parts, and much more complex-
ity undirected graph should be construct 
to express the interactions of multiple re-
gions, which can be of our further re-
search. 
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