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Abstract This paper combines Markov Random Field and 
subspaces to perform object tracking. We first sample some 
particles using particle filter, and then divide each particle to 
patches. For each particle, we optimize each patch’s position and 
use Markov Random Field to represent the structure of the 
patches, including each patch’s own position and the relations 
between neighbor patches. We also evaluate each patch and the 
whole sub image according to their subspaces respectively. 
Experimental results demonstrated the efficiency of our method. 
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I.  INTRODUCTION 
Many features are used to perform object tracking, such as 

color, edge and sub-image. Based on color histogram, Bradski 
[1] proposed a new method: Camshift (Continuously Adaptive 
Mean-Shift) to perform object tracking. Comaniciu et al. [2] 
used the kernel method in tracking and proposed a new 
meanshift based tracking method with kernel method. Particle 
filter was also a widely used framework in tracking. Gordon 
[3] raised particle filter method to deal with non-Gaussian 
problems. Isard and Blake [4] introduced particle filter into 
object tracking. Ross [5] used IPCA (Incremental Primitive 
Components Analysis) and particle filter to perform object 
tracking. Zhang et al. [6] proposed a new particle filter based 
on Sequential Particle Swarm Optimization to perform tracking. To 
use the local information of the object, researchers proposed 
many methods which used multi-levels and patch matching. 
Ablavsky [7] used layered graphical models to track objects 
with particle filter. Wang and Yagi [8] decomposed the object 
to patches based on color similarity and spatial distribution. 
Zhang et al. [9] used graph embedding to discriminate 
foreground and background to perform tracking with particle 
filter. Markov random field (MRF) was also widely used in 
tracking to represent the structure of the object. Wang et al. 
[10] represented the image with two kinds of nodes: object 
nodes and pixel nodes and by minimizing an MRF energy, 
they simultaneously segment, track and sort by depth the 
objects. Yang and Wu [11] detected interest regions in each 
frame and used MRF to evaluate the interest regions in the 
framework of particle filter. Wu, et al. [12] formulated 
multiple objects tracking as classification task and 
patches-based Markov random field was used to present the 
spatial information existing between adjacent patches. 

In this paper, we combine the MRF information and 
subspace information together to represent the object. And we 

track the object in the framework of particle filter. Before 
evaluating the particles, we first optimize the particle patches. 
We use MRF to present the patch positions’ variances and use 
the appearance after patch optimization to compute the 
subspace likelihoods. Our novelties exist in the following 
points: First, for each particle we allow the patches overlap 
each other. And we optimize each patch in a new way which 
searches the optimal position of each patch within a computed 
search space. This optimization method can present the 
relations between neighbor patches’ positions in a simple and 
efficient way. And the local searching can present the patch’s 
local distortion efficiently. Second, for each particle we 
compute the mean of all patches. And we use the difference 
between each patch and the mean patch to define the weight 
of each patch in evaluating the particle according to each 
patch’s subspace. The mean patch is steady generally, and the 
difference can present efficiently the occlusion extent, 
distortion extent, etc. of each patch. Third, we compute the 
subspace error of particle’s sub image after each patch’s 
position is optimized. Using optimized appearance can reduce 
the influence of the appearance local distortion efficiently. 
The overview of our system is presented in Figure 1. 
   The rest of our paper is organized as follows: In Section II, 
we present the framework of particle filter. We present the 
MRF likelihood and the subspace likelihood in Section III and 
Section IV respectively. Experiments are shown in Section V 
and conclusion and future work are shown in Section VI. 
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Figure 1: Overview of our system 

II.  PARTICLE FILTER 

The particle filter is formed based on Bayesian formula. 
Given the observation sequence , the posteriori 
probability density of the object state is defined as 



(1) 

where  (composed of tx, ty, sx, sy) represents the object 
state at time t. Each particle is warped to a standard 32 32
sub-image. We define (tx, ty) as the coordinate of the bottom 
left point of the state rectangle in the frame image, and define 
sx, sy as the ratio of the object’s width and height to the 
standard sub-image’s width and height respectively. 

We assume that each component, e.g. tx, of the particle 
state, is independent of the others, and its distribution 
conforms to the Gaussian distribution, that is, 

, i=0,…,3. Here, 
represents the ith component, e.g. tx, of the state . We 
select the particle with the largest evaluation 
as the optimal particle at time t. Detail presentation of particle 
filter can be found in [4]. 

A. Warping the Particle 
We present the corresponding relationship between the 

standard sub image and the current particle with 
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where P is a point in the standard sub image,  is P’s 
corresponding point in the frame image. 

III. MARKOV RANDOM FIELD 
We divide each particle into 4×4 patches, which can overlap 

each other. The initial center of patch , is 
 in the standard sub image (Figure 2(a)). 

The size of each patch is 13×13. For the convenient of 
presentation, we represent the 16 patches in another form, 

. As the object appearance always varies 
locally along with the object motion, we optimize each 
patch’s position locally in section III (A). We define 

    (3) 

to evaluate the relations between different patches’ positions, 
and define 

     (4) 

to evaluate the position’s variance of each patch, where  is 
’s new center. Then the likelihood of the patches’ new 

positions is defined as 

  (5) 

 and  are presented in detail 
in Section III (B) (n=16). 

A. Optimizing the Patches 
As the object’s appearance always varies locally, for each 

candidate particle, we first optimize each patch’s position 
before evaluating the particle. We assume each patch’s size is 
not changed, so we only need to decide the position of the 
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Figure 2: Patches in the particle. Red point represents patch center. Points 
associated with the same blue edges directly are neighbors. (a) The grid of 
the patch centers. (b) Patch optimization. The black rectangle represents the 
search space of new center P0. 

(a)          (b)        (c) 
Figure 3: Patch optimization at frame 46 of the video corresponding to Figure 
7. (a) The top row: the mean of the patches used at frame 46. The bottom row: 
the mean of the sub-images used at frame 46. (b) The top: the patches before 
optimization. The bottom: the sub-image before optimization. (c) The top: the 
patches after optimization. The bottom: the sub-image after optimization. 

patch’s new center. The new center of patch  is not only 
decided by the similarity between the patch  and 
(Section IV (A)), but also influenced by neighbor patches. 
Thus both of the two kinds of information should be 
considered in deciding the patch’s new center. 

We optimize the patch’s position iteratively with a new 
method which combines neighbor relationship and local 
searching together. The 4 corner patches are not optimized in 
our program. In each iteration, the process contains two steps. 
In the first step, we define the search space for each patch. 
The search space is a 5 5 neighborhood around the patch’s 
base center and the patch’s new center is confined in the 
search space. The base center of  (P0 in Figure 2(b)) is 
defined as the average of the current centers of ’s neighbor 
patches (including ). Here, for the boundary patch  to be 
optimized, we define that the search space’s center is the  

Algorithm 1. Optimizing the patches 
Input:  , i=0,...,15; ,
Output: ; ;
Steps: 1. Define  with the initial center of 

each patch. 
2. For each of the 16 patches , do: 

       1) Decide the search space of .
       2) Search for the new optimal patch center  of 

 within the search space. 
       3) If not reach the maximum iteration number, back 

to 1). 
3. Obtain the new patch vector 

and the new sub image .



average of the centers of ’s neighbor patches (including )
which stay on the same boundary as . When the search 
space for each patch is defined, we turn to Step Two (i.e. the 
local search step). In Step Two, we consider each point 
within the search space of . If ’s corresponding patch 
(the center of which is at ) has the smallest L1 distance 
(sum of absolute differences at each image pixel) from 

,  is considered as ’s new center. We use the new 
patches and the new sub-image to compute the subspaces’ 
likelihoods. The method of obtaining the new sub-image is 
shown in Section IV (B). We define the frame image at time t
as , the new center of patch , i=0,...,15 is .

 is patch i after patch optimization. 
is defined in Section IV. Then the patch optimization method 
is summarized in Algorithm 1. 

B. Markov Random Field 
When having optimized the patches’ positions, we assume 

the distances between patch centers do not vary drastically. 
We use 

  (6) 

to compute the probability of the distance between  and 
, where  is a constant,  is the initial distance 

between  and  before the patch optimization. Here, we 
only consider pair of  and  when they are neighbors 
(Figure. 2(a)). We use 

       (7) 

to compute the distribution probability of ’s new center 
with respect to ’s initial center, where  is a constant. 

IV. SUBSPACES 
For each candidate particle, we use the subspaces of each 

patch and the whole sub-image to represent the object 
appearance. In computing each subspace, we unfold 
corresponding image matrix (patch image and the whole 
sub-image) to vector by row first. And we use the patch image 
and whole sub image which are not optimized to update 
corresponding subspaces every 5 frames. 

A. Single Patch 
Subspace is able to present the history information of object 

appearance efficiently. We obtain the subspace  of patch 
’s image vectors  by performing 

SVD  on ,
where  is the mean of the n image vectors [5]. When 
new frames come, we update the subspace in the incremental 
way. We define 

(8)

and obtain the new subspace by performing SVD on 
, where  is the average of the recent m

patch vectors. When obtaining , we can 
obtain 

(0)
(0) (0) (0) 0

' [ ] [ ]
0

T
iT

i i i

V
A U V B U B

I
 (9) 

Thus the new subspace of  can be obtained by performing 
SVD on , that is, (0)[ ]iU B ,
where  is an identity matrix. We only remain the k
eigenvectors of  corresponding to the k largest singular 
values of  to form the new subspace, where k is the degree 
of the new subspace. We update  in an incremental 
way as 

  (10) 

where  is a constant. 
For each particle, we compute the mean of all the patches 

and obtain a mean patch. The mean patch contains the 
appearance information of all the patches, and can tolerate 
with a few patches’ local distortion. As some patches may be 
occluded or vary abruptly, we give different patches different 
weights according to the probability of the differences 
between the patches and the mean patch. We define 

   (11) 

where  and  are the mean and the variance of the L1 
distance between patch i and the mean patch,  is the L1 
distance between patch i and the mean patch at frame n+k.

, i=0,…,15  are normalized with the sum to 1 constraint. 
Then we define 

 (12) 

as patch i’s weight at frame m+n. The likelihood of ,
according to subspace  is defined as 

 (13) 

where  is a constant. The likelihood of particle 
according to all its single patches is defined as 

  (14) 

B. Whole Sub-image 
The subspace of the whole sub-image of the candidate 

particle is also used to evaluate the candidate particle. We first 
refine the particle sub-image with the optimized patches. That 
is, move each optimized patch’s center to its corresponding 
initial point (the position of the initial center). The new patch 
image is added to the corresponding area of the initial particle 
sub-image. For each image pixel in the particle sub image, we 
use the average intensity of the pixels accumulated in the sub 



image point as this point’s new intensity value (Figure 3). The 
new sub image at frame t is defined as . We use 
to compute the likelihood of sub image. The subspace 
of the sub-images is computed in the similar way as in Section 
IV (A). For particle , its likelihood, according to , can 
be defined as 

 (15) 

where  is a constant. The whole evaluation of particle 
according to the 2 kinds of subspaces presented in section IV 
(A) and section IV (B) can be defined as 

   (16) 

With the Markov random field and the evaluation 
according to the 2 subspaces, we define the combined 
likelihood of particle  as 

  (17) 

where  is a constant. Here, we define =0.3. To weigh the 
importance of  and  in 
more easily, we first normalize  to [0, 1] in 
(17). That is, define the minimum value of 
among all the candidate particles as 0, the maximum value as 
1, all other particles’ values of  are projected 
into [0, 1] linearly.  is processed in the same way. 

V. EXPERIMENTS 
   We tested our method on 6 videos using VC++6.0 on a 
computer with CPU at 2.53 GHz, on the Win XP OS. Each 
experiment used 100 particles per frame in the method 
proposed by us. We used the first 5 frames to train our system 
in each experiment. We ran the patch optimization 2 times for 
each particle. We defined  as 0.92~0.96. The speed of our 
program was around 0.4 sec/frame. We compared our method 
with two classical tracking methods: Camshift and IPCA. We 
used the sum of distances between the 4 state rectangle edges 
and the ground truth to represent the errors. The test videos 
we used were from EC Funded CAVIAR project/IST 2001 
37540 [13] and [14]. 
   In Figure 4, we tested our method using both MRF 
likelihood and subspaces likelihood (MRF+SubS) with the 
method only using subspace likelihood (SubS). From the first 

#0   #54   #106   #150 

#0   #35   #71   #99 
Figure 4: First row (Experiment 1): A man walking from near to far. Second 
row (Experiment 2): A woman walking from right to left. The white 
rectangles represented MRF+SubS, and the red rectangles represented SubS. 

row of Figure 4, we could see that the appearance of the man 
had large variances and the man was occluded partly for some 
frames (e.g. frame 106). However, our method (MRF+SubS) 
was still able to track the object well and was more accurate 
than SubS. When tracking the object with our method, 
different patches had different variances and when computing 
the patch subspace likelihood, generally the patches with 
larger variances had higher importance to the final result. But 
the error according to patch subspaces sometimes was not 
caused as the patch belonged to a bad particle. That was, 
sometimes the error was caused due to the patch’s variance. 
Thus, as shown in Figure 5, we defined each patch’s weight 
according to the patch’s variance. In Figure 5, we could see 
that the patches corresponding to the man’s legs had small 
weights. That was because the areas of legs varied more 
drastically compared with other parts of the object appearance. 
SubS also computed the weight of each patch as MRF+SubS, 
but SubS did not use the MRF information to evaluate the 
particle. MRF was able to present efficiently the variance of 
each patch’s position with respect to the initial position and 
the variance of the distances between neighbor patches’ 
centers. Using MRF likelihood, we were able to constrain that 
the patches did not change drastically and the relations of 
neighbor patches about distance could be maintained to some 
extents. In the second row of Figure 4, we could see that at 
some frames the results of SubS drifted from the ground truth 
largely, while MRF+SubS was still able to track the objects 
relatively well by using the MRF likelihood information. The 
error maps of Figure 4 were shown in Figure 6 and the mean 
errors of the two methods were shown in Table 1. From 
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Figure 5: Weights of the 4 4 patches of the video corresponding to the first 
row of Figure 4 at frame 54. The patches of legs were corresponding to small 
y values. 
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Figure 6: Error maps. (a) Corresponding to the first row of Figure 4. (b) 
Corresponding to the second row of Figure 4. 

TABLE 1: MEAN ERRORS OF THE EXPERIMENTS IN FIGURE 4. 
SubS MRF+SubS 

Experiment 1 22.0 20.8 

Experiment 2 20.8 19.9 



#0   #15   #25   #40 

#0   #20   #46   #80 
Figure 7: A walking man taken by a skew camera. The red rectangle: 
Camshift. The yellow rectangle: IPCA(using particle filter). The white 
rectangle: our method. 

#0   #18   #30   #55 
Figure 6 and Table 1, we could see that generally MRF+SubS 
was able to perform more efficiently than SubS. 

In Figure 7, we tracked a walking man taken by a skew 
camera. The man’s gesture varied drastically and large area of 
background was included in the object area. However our 
method (MRF+SubS) still tracked the object well. IPCA [5] 
was a state of the art tracking method based on subspace. 
Camshift was also a classical method which represented the 
object by the statistical information of the object color 
appearance. We compared our method with the two methods 
in our paper. From Figure 7, we could see that our method 
was able to track the object more accurate than IPCA. That 
was because IPCA did not perform the patch optimization 
process as our method. The patch optimization was able to 
reduce efficiently the influence of the variance of the person’s 
gestures. IPCA directly used the original sub-image to 
compute the observation likelihood, but the optimal particle 
might not be selected due to the gesture’s variance. Thus, 
generally particles in IPCA were more easily drifted from the 
ground truth than our method. We also compared our method 
with Camshift. There was a large part of background which 
was included in the object area. As a result, the histogram 
model could not represent the object appearance accurately. 
From Figure 8, we could see that Camshift easily lost the 
tracking of the object. However, our method used the patch 
and sub-image information which could represent the spatial 
information efficiently, and was able to track the object more 
accurately. The error map of Figure 7 was shown in Figure 8. 
The mean errors of Camshift, IPCA and our method were 
174.4, 36.6 and 19.4 respectively. 

#0   #20   #40   #65 
Figure 9: First row: A woman’s head. Second row: A woman walking from 
far to near. Third row: A man walking from right to left with another man. 

But through the spatial information provided by the likelihood 
of MRF and subspaces, our method was still able to track the 
object efficiently. 

VI. CONCLUSION AND FUTURE WORK 
   In this paper, we have proposed a new method to perform 
object tracking. We combined the Markov random field and 
subspaces information to evaluate each particle and obtained 
efficient experimental results. In the future, we will consider 
using random patches in our method to represent different 
parts of the object more efficiently. 
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