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Abstract: In this article, we modeled image target tracking into reinforcement learning framework, and we 
proposed a two-step reinforcement learning algorithm for target tracking. In this algorithm, we set multiple 
tracker agent to track the pixel of target, the intention of reinforcement learning is to achieve tracking strategy of 
every tracker agent, we divided each learning step of tracker into two parts, one is to learn the division strategy, 
another is to learn the action strategy, every tracker agent shares the experiences they have learned.  
Simulation experimental results illustrate the feasibility and effectiveness of the algorithm.  
Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

With the rapid development of computer vision 
and image processing techniques, target tracking has 
been deeply used in the Military areas, such as 
Military Satellites, Theater Missile Defense, 
Reconnaissance Aircraft, Missile Guidance, and it is 
also widely used in Civil areas, such as video 
monitoring etc. Target tracking in image is the core 
technology in the research of target motion analysis, 
and it combines image processing, pattern 
recognition, computer vision, automation, and other 
disciplines. It can make analysis and tracking of 
moving objects in image sequences, and then 
evaluate the motion parameters of the target in each 
frame of image, such as two dimensional coordinates, 
etc. Then behavior understanding of the moving 
object can be implemented by making further 
processing and analysis to the motion parameters. In 

a word, target tracking has become one of the key 
research areas in the field of image processing. 

There are many traditional approaches for target 
tracking. Gomez et al. [1] developed an aerial vehicle 
stabilization system based on computer vision to 
perform tracking of a moving target on ground. Xu 
et al. [2] proposed a min-max approximation method 
to estimate the target location for tracking. Granstrom 
et al. [3] presented a random set based approach to 
track an unknown number of extended targets. 
Amodeo et al. [4] aimed to the issue of single target 
tracking in controlled mobility sensor networks and 
proposed a method for estimating the current position 
of a single target. Liu et al. [5] proposed a 
reinforcement learning based feature selection 
method for target tracking. Wang et al. [6] proposed 
to use a novel distributed Kalman filter to estimate 
the target position and avoid collision. Caterina 
et al. [7] proposed the concept of matrix of pixel 
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weights to preserve the structure of the  
target template.  

Reinforcement learning is a powerful machine 
learning approach, and it is essentially a dynamic 
programming based on Markov decision processes, 
and it has been one of the most important techniques 
to construct Agent [8, 9]. In reinforcement learning, 
the Agents the Agents achieve states of environment, 
choose proper action and get reward with uncertainty, 
based on these, the Agents learn optimal action 
strategy [10]. Reinforcement learning has solved the 
problem of single agent choosing optimal behavior 
strategies in environment of Markov decision 
process [11]. 

In this paper, we model target tracking problem as 
reinforcement learning problem, and proposed a two-
step reinforcement learning algorithm for target 
tracking in image. In the algorithm, we set multiple 
tracker agents to track the target in image, at first the 
algorithm makes task assignments to tracker agents 
dynamically, that is to say it assigned sub-goal to 
each tracker agent, then each tracker agent choose 
action to move to its sub-goal. After learning, the 
tracker agents will learn the optimal action strategies, 
so tracker agents can move to the target quickly, 
when all tracker agents move to (catch) the target that 
means target tracking is complete. 

The remainder of this paper is organized as 
follows. Section 2 described how to convert the target 
tracking problem into reinforcement learning 
problem. And Section 3 offers brief background 
knowledge about reinforcement learning. We 
proposed the new two-step reinforcement learning 
algorithm for target tracking in Section 4, and 
Section 5 presents experiments results. Finally, 
conclusions and recommendations for future work 
are summarized in Section 6. 
 
 

2. Problem Modeling 
 

Taking military aircraft tracking for example, the 
aim of target tracking is for each frame of the image, 
calculate the two-dimensional coordinates, as shown 
in Fig. 1(a). We propose to abstract and simplify the 
problem: find the coordinate of central pixel of the 
target in the image that composed of pixels, as shown 
in Fig. 1(b). Further more, we can represent the 
image as two-dimensional grid, and each element of 
the grid represents one or more pixels (can be set 
flexible according to actual situation) of the image, 
and the target is supposed to be represented as one 
cell of the grid. based on above setting, the target 
tracking can be completed by following steps: firstly, 
we set 4 tracker agents, as shown in Fig. 2(a), each 
tracker agent occupies a cell in the image grid, so the 
4 tracker agents compose a collaborative team whose 
aim is to track the target pixel. The initial state of the 
tracker agent can be set to four corner pixel of the 
image, as shown in Fig. 2(a). Tracker and Target can 
move at most one cell distance each time, and there 
are 5 actions to move: Up, Down, Left, Right, 

Standstill. So tracker can move in the image grid, any 
two trackers can not occupy same cell at the same 
time, when the 4 tracker agents move to the cell 
adjacent to the target pixel, that means tracking is 
successfully complete. For example, Fig. 2(b) is a 
successful finish status, so the pixel in the red frame 
is the target pixel. 
 
 

   
 

(a)                                         (b) 
 

Fig. 1. Abstraction of image target tracking. 
 
 

 
 

(a)                                           (b) 
 

Fig. 2. Image target tracking problem is modeled  
to a reinforcement learning problem. 

 
 

According to above modeling approach, target 
tracking is actually a procedure of four tracker agents 
pursuit the target Agent through teamwork. One of 
the most critical issues is how to design the tracking 
strategy of each tracker Agent, so that each tracker 
Agent can select the appropriate action to move to the 
target based on the current state and their own 
knowledge. Moreover, target tracking requires 
cooperation among the tracker Agents to. This is 
actually transformed into a multi-agent reinforcement 
learning problems, we can learn tracking strategy of 
tracker Agent, as well as the collaboration of multiple 
tracker agents via reinforcement learning approach. 
 
 

3. Reinforcement Learning 
 

The research of reinforcement learning focuses on 
how to make the agents have perception and action in 
an environment, and select the optimal sequence of 
actions to achieve their goals [12]. During the process 
of learning, every action of the agent in the 
environment will achieve a reward or punishment. 
The agent can learn to choose series of actions to 
obtain a cumulative maximum reward. 

Q-learning algorithm [13] is currently most 
widely used reinforcement learning algorithm, it can 
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learn the optimal action strategy by sampling from 
the environment. The definition of Q(s, a) is the 
maximum reward agent can get by use action a as the 
first action from state s. Thus, the optimal strategy of 
the agent is to choose the action with the maximum 
Q(s, a). In order to learn the Q function, the agent 
repeatedly observe the current state s, choose an 
action a and execute the action, then consider the 
reward r = r(s, a) and the new state s'. The agent 
updates each entry of Q(s, a) with the  
following rules: 

 

( , ) max ( , )
a

Q s a r Q s aγ
′

′ ′← +
 

 

Q-learning algorithm is actually to modify action 
strategies with the experience gained by the "trial and 
error", in order to obtain the strategy with the 
maximum reward. In the initial step of learning, the 
agent does not have any experience or knowledge, it 
can only rely on trial and error. During the learning, 
agent obtains knowledge and then uses the 
knowledge to modify action strategies [14]. 

Multi-agent system is composed of multiple 
autonomous agents, and the system completes 
complex tasks and solves complex problems through 
collaboration among agents [15, 16]. If traditional 
reinforcement learning algorithm for single agent is 
applied to the multi-agent environment, it will take 
long time to converge due to the size of the 
exponential state and action space. In order to reduce 
the scale of state and action space, distributed 
independent reinforcement learning method is used in 
general, but it is difficult to converge to the global 
optimal strategy, one of the reasons is traditional 
methods do not make division of tasks for each agent, 
or only make division of tasks for each agent with a 
fixed strategy before learning, i.e. assign each agent 
to a fixed sub-tasks, so that sub-tasks of each agent is 
constant during the learning, that makes each agent 
can not consider the team's global benefit, the 
learning result is just each agent's local optimal 
strategy for their sub-task, furthermore, the learning 
result an not adapt to the dynamic changes of  
the environment. 
 
 

4. The Proposed Approach for Image 
Target Tracking 

 
Aiming at the characteristics of image target 

tracking problem and to overcome the shortcomings 
of traditional reinforcement learning, in this paper we 
proposed a two-stage reinforcement learning 
algorithm for target tracking in image, we divided the 
learning procedure into two stages, one is "learning 
strategy of task division", that means make proper 
work division for the four tracker agents, in order to 
make them move to the target efficiently; the other 
stage is "learning strategy of action choice", i.e. 
perform reinforcement learning for action strategies 
of each tracker agent, so that each tracker agent can 

choose most appropriate behavior(action) to move to 
the target based on the current state. Now we 
described the two stages of the algorithm separately. 
 
 

4.1. Learning the Strategy for Task Division 
 

The condition of target tracking is that the four 
tracker agents in the image simultaneously occupy 
the four adjacent grids of target agent. The existing 
approaches are divided into two categories. One is to 
learn the tracking strategy directly without task 
divisions, these kinds of approaches have large 
blindness and low convergence speed. The second is 
to make task division only once before the start of the 
learning. In such approaches, the overall goal is 
decomposed into four sub-goals that occupying the 
up, down, left and right grids of target agent. The 
four tracker agents need to complete their sub-goals 
to achieve the overall goal. Then each tracker agent is 
assigned to a fixed sub-goal only before the learning 
process, tracker agents always track the fixed sub-
goal during the whole learning process. So if the 
tracker agent whose sub-goal is "occupy the left grid 
of the target" (hereafter referred to as tracker 
agent A) moves below the target agent, while the 
tracker agent whose sub-goal is "occupy the 
underside grid of the target" (hereafter referred to as 
tracker agent B) reached left of the target agent, in 
this situation, the algorithm can achieve the local 
optimum of individual A and B by the original 
learning strategy, but obviously this is not global 
optimal tracking strategy, i.e. it has low tracking 
speed. At this time, if the sub-goal of tracker agent A 
becomes "occupy the underside grid of the target", 
and the sub-goal of tracker agent B becomes "occupy 
the left grid of the target", and then the target will be 
tracked more quickly.  

So in this article, we proposed to dynamically 
distribute sub-goal, at each step, before each tracker 
agent choose action to move, the sub-goals will be 
redistributed, and the tracker agent track the target 
according to its new sub-goal. The strategy for 
redistributing sub-goals can be also achieved by 
reinforcement learning. In order to reduce the space 
of state-action, the state is represented by relative 
position of the target agent to tracker agent. 
Establishing a coordinate system in the two-
dimensional grid, the downward direction in the 
coordinate system is y-axis direction, and the 
direction from left to right on the horizontal axis is x 
axis, the length of side of grid equals to a unit in the 
coordinate system. Each tracker agent has a sensing 
radius, only when the target agent in the sensing 
range of the tracker agent, the tracker agent can 
perceive the target agent, this can be understood as 
the view of the tracker agent, tracker agent can only 
perceive the things within their range of view. When 
tracker agent perceives the target agent, the relative 
position of tracker and target agent can be 
represented as a tuple (xTracker–xTarget, yTracker–yTarget), in 
which (xTracker, yTracker) represents the current 



Sensors & Transducers, Vol. 166, Issue 3, March 2014, pp. 213-218 

 216

coordinate of tracker agent, and (xTarget, yTarget) 
represents the current coordinate of target agent. 
Because one sub-goal can not be distributed to two 
tracker agent at the same time, so using a four bit 
binary number as a mask to represent the distribution 
about the sub-goal of Right, Down, Left, Up, for 
example, 1001=9 represent that the sub-goals “Right” 
and “Up” have been distributed to some trackers, and 
the sub-goals “Down” and “Left” have not been 
distributed, the range of the mask is from 0000  
to 1111, and this corresponds to decimal number 0  
to 15, so the mask bit can be represented as a integer. 
During the process of learning the strategy of task 
division (i.e. sub-goal distribution), the state of each 
tracker agent can be represented as  
S1={xTracker–xTarget , yTracker–yTarget, mask}, the action 
space is the selection for four sub-goals, represented 
as a1={Right, Down, Left, Up}, the Q-value of each 
tracker agent can be updated according to the 
following rule:  
 

1

1
1 1 1 1 1 1 1( , ) max ( , )t t

a
Q S a r Q S aγ +

′
′= + , 

 

where r1 is the reward, for each tracker agent, if the 
sub-goal has been distributed to other tracker, then 
this distribution is unreasonable, and the tracker gets 
a negative reward, otherwise using the  
distance between tracker and target agent  
(xTracker–xSubgoal)2 +(yTracker–ySubgoal)2 to measure the 
quality of the distribution, if the distance between the 
tracker and the grid of the sub-goal is lower than the 
distance between the tracker and other sub-goal, i.e. 
the tracker agent has closer distance to the sub-goal 
than other sub-goal, then a big positive reward is 
achieved, otherwise a little positive reward is 
achieved. Because the tracking strategies of the  
four tracker agents can be shared, sharing the  
Q-value of each tracker agent to enhance the  
learning performance. 
 
 

4.2. Learning the Strategy for Action 
Selection 

 

For each tracker agent, the aim of this stage is to 
learn a strategy according to which each tracker agent 
can complete its own sub-goal. The actions of the 
tracker agents are {Up, Down, Left, Right, 
Standstill}. Using the relative coordinate of the 
tracker to its sub-goal to represent state, so the state 
can be represented as  

 

S2={xTracker–xsubgoal, yTracker–ysubgoal}, 
 

Fig. 3 shows the state space of tracker agent at 
each location when the sensing radius of tracker 
agent is 2, and its sub-goal is to occupy  
the left grid of the target agent. The action space  
a2 = {Up, Down, Left, Right, Standstill}, the update 
rules of Q value for each tracker agent are as follows:  

 

2

1
2 2 2 2 2 2 2( , ) max ( , )t t

a
Q S a r Q S aγ +

′
′= + , 

where r2 is the reward, after tracker agent choosing 
an action, if it get its sub-goal, it will get the 
maximum reward, if it reduces the distance to the 
sub-goal, it will get the second highest reward, and if 
the distance to the sub-goal is not changed, it will get 
0 reward. If the distance to the sub-goal is increased, 
it will get a negative reward. 
 
 

 
 

Fig. 3. The state for learning strategy for action selection. 
 
 

The state of the tracker agent has corresponding 
relationship. From Fig. 3, it can be seen that the state 
of the other three sub-goals can be converted to state 
space in Fig. 3 by rotating around the target agent. 
For example, the status of the state of the tracker 
agent whose sub-goal is occupying the upward of the 
target agent (0, -1) and the action is down is 
equivalent to the state of the tracker agent whose  
sub-goal is occupying the left of the target agent  
(-1, 0), and the action is right, and the corresponding 
Q value is also equivalent. So their behavioral 
strategies can be shared. So it can improve learning 
efficiency to share the Q function of tracker agents. 

In summary, the overall framework of the 
algorithm for each tracker agent is as follows: 

 
Algorithm Target Tracking based on reinforcement learning
/*Initialization*/ 
Q←0 
t ←0 
while not convergence do  

/*Learning the strategy for task division*/ 

Get current state 1
tS for task division; 

Choose an action a1 according to 1
tS and Q1; 

Execute action a1; 

Get sub-goal, reward r1 and next state
1

1
tS +

; 

Update Q1 with following rule: 

1

1
1 1 1 1 1 1 1( , ) max ( , )t t

a
Q S a r Q S aγ +

′
′= +  

/*Learning the strategy for action selection*/ 

Get state 2
tS  according to current sub-goal; 

Choose an action a2 according to 2
tS  and Q2; 

Execute action a2; 

Get reward r2 and next state
1

2
tS +

; 

Update Q2 with following rule: 

2

1
2 2 2 2 2 2 2( , ) max ( , )t t

a
Q S a r Q S aγ +

′
′= +  

t ← t+1 
end while 
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4. Simulated Experiment and Results 
 

In this paper we try to adopt reinforcement 
learning to target tracking, so in the simulated 
experiment, we use 10*10 two-dimensional grids to 
simulate the image, each grid represents one or more 
pixels of the image. The tracker and target agent can 
only move within the 10*10 grids, the initial position 
of each tracker agent is (0,0) , (0,9) , (9,0) , (9,9), and 
the initial position of the target agent is a  
random position.  

We make 6 experiments for comparison with the 
method with dynamic task division and the method 

without dynamic task division, in each experiment, 
given 500 frame simulated images, and perform 500 
times target tracking, then record the number of steps 
when track terminate, every 50 tracking are divided 
into one group, and take the average number of steps 
of the group, so each experiment has 10 group frame 
images. The number of steps of tracking reflects the 
speed of the tracking algorithm. Fig. 4 shows the 
comparison of number of steps for the two methods 
in the 6 experiments, in which abscissa represents the 
group number of the image frame, and the 
longitudinal coordinate represents the average steps 
for tracking. 
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Fig. 3. Comparison of the proposed method and traditional method. 
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5. Conclusions and Future Works 
 

In this article we convert the target tracking in 
image into reinforcement learning domain, we set 
multiple tracker agents to track the target agent, and 
present a two stage reinforcement learning algorithm 
for target tracking. In the algorithm, at each step, it 
first perform dynamic task division to each tracker 
agent, that is to divide a sub-goal to each tracker 
agent, then each tracker agent choose its action 
according to its current sub-goal. The learning 
algorithm divided the learning procedure into two 
parts, one is to learn the strategy for task division, 
and the other is to learn the strategy for action 
selection, each tracker agent shares Q function to 
enhance the efficiency. The method improved the 
efficiency to some extent, but each tracker agent 
performs distributed learning separately, so it is not a 
thorough global optimal method. In future, we will 
concentrate on how to make further cooperation 
among tracker agents by more interaction, so as to 
obtain more global optimal solution. Furthermore, we 
will apply the method into real application domain 
for validation. Zhu proposed some Bayesian network 
oriented machine learning methods [17-20], it is 
promising to use these strategies to enhance the 
action selection for target tracking, and this is also 
the work we will concentrate on in future. 
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