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Abstract: Correct data association between the 
measurements for the objects and the known tracks is an 
important content for vehicle tracking study, and is also 
the base for enhancing the precision of the state 
estimation for targets in road situation. Based on the 
evidence theory and fuzzy mathematics, a new data 
association method between the tracks and the 
measurements is proposed in the paper. The mass 
function is determined by using fuzzy mathematics, and a 
belief matrix is produced according to the evidence 
combination rule, then the decision is made by means of 
the maximum belief. The Monte Carlo simulation results 
indicate that the new method has a good association 
capacity. Compared with NN (nearest-neighbor) method 
and the cheap JPDAF method, the tracking accuracy has 
been improved. 

Keywords: multi-target, evidence combination, data 
association 

1 Introduction 

With the increasing number of road vehicles, many 
security problems are appear, and the safety problems 
become more important, it is necessary to develop active 
safety systems such as collision warning/avoidance 
(CW/CA) system or adaptive cruise control (ACC) 
systems etc. to protect the drivers and vehicles. Accurate 
tracking the multiple vehicles are the main content of 
CW/CA system or ACC systems. In general, most 
multiple target tracking algorithms were designed for air 
traffic applications, and the maneuver conditions of 
vehicles, the background noise, and clutter of an air 
environment are quite different from those of a road 
environment. So, the conventional multiple target tracking 
algorithms are not adequate for use in automotive radar 
applications, because of the complicated road 
environment of the reflected signals of many stationary 
objects, noise and clutter [1]. Therefore, a new or 
improved multi-target tracking method for the heavily 
cluttered road environment is required for safe collision 
avoidance system or adaptive cruise control system. 

A significant problem in multiple target tracking is 
the accurate data association of measurement to track. In a 
heavily cluttered environment, more than one 

measurement can be detected inside the validation region 
(gate) of a single track. If an incorrect measurement is 
associated with a track, the track could split, convergence 
or cause other track to diverge, and thus tracking could be 
prematurely terminated. In order to solve the problem, 
many other association methods are developed, such as 
the NN (nearest-neighbor) method, JPDAF (joint 
probability data association filter) method etc. However, 
these algorithms perform poorly when the tracks are 
crossing or close to each other and the JPDAF method 
only take into account a fixed number of targets and 
doesn’t initialize new tracks [2][3][4].  

Recently people working in the fusion of uncertain 
data have been interested in the Dempster-Shafer theory 
essentially because of two of its tools: (1) a nice and 
flexible way to represent uncertainty, be it total ignorance 
or any form of partial or total knowledge, that is more 
general than what the probabilistic approach provides, and 
(2) a rule to combine uncertain data, called the 
Dempster’s rule of combination, that seems to provide an 
excellent tool for data-aggregation. 

In order to treat with the uncertain and inaccuracy of 
sensor data, Rombaut[5] and Gruyer[6] using fuzzy logic 
and Dempster-Shafer theory to rebuilding the 
environment for intelligent vehicles, this allows firstly to 
follow the objects temporal evolution and secondly to 
increase the reliability of environment perception.  

In this paper the Dempster-Shafer theory was used in 
the data association process to solve the problem of 
correlation (data association) between the tracks (known 
targets) and the measurements (new targets). The Monte 
Carlo simulation proves that the correct association 
probability and tracking accuracy has been improved, 
compared with the NN method and the cheap JPDAF 
method. And the proposed method can adaptive to the 
situation that number of targets is uncertain, which is 
often barge up against in reality. 

The paper is organized as follows. Section 2 
introduces the characteristic of data association; section 3 
presents the evidence combination; section 4 gives the 
realization of the proposed method; section 5 the 
simulation results are presented; and the section 6 the 
conclusion.    
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2 The problem of data association 
The data association problem between the measurement 
and the tracks in target tracking is really an assignment 
problem, assigning the measurements to the tracks at time 
k . In order to reduce the computation complexity, the 
prediction of the target is used, which is determined by 
using kalman filter etc. So the purpose of the correlation 
(data association) was to assign the measurements ix (s-

dimension vector, ni ,...,2,1= )to the target predictions 

jv (s-dimension vector, mj ,...,2,1= ) , and the relations 
between the measurements and the tracks must be 
determined before the assigning. There are many methods 
to calculate the relations, such as the probability theory 
method, fuzzy mathematics method and evidence theory 
etc.  
3 The data association based on 
evidence theory 
3.1 Evidential reasoning method [7] 

The Dempeter-Shafer evidence theory provides a 
representation of ignorance by assigning a non-zero mass 
function to hypotheses. LetΘ be a finite set of mutually 
exclusive and exhaustive events or propositions of 
particular experiment, called the frame of discernment. 
The distribution of mass is defined on the set Θ2 of the 
subsets of Θ . And ]1,0[2: →Θm is called mass 
function or basic probability assignment (BPA) defined 
for every hypotheses A , such that the value )(Am  
belongs to the interval ]1,0[ and satisfies the following 
conditions: 

0)()1( =ϕm 1)()2( =∑
Θ⊆A

Am (1) 

Evidential theory proposes a combination rule, called 
Dempster’s rule of combination, which synthesizes basic 
probability assignments and yields a new basic probability 
assignment representing the fused information. The 
combination rule is known as the orthogonal sum, such as 

nmmmAm ⊕⊕= ...)( 21 .  

Let 1m and 2m be the basic probability assignments 
(mass functions), on the same frame of discernment, for 
belief functions 1Bel and 2Bel  respectively. If focal 

elements of 1Bel are sAA ,...,1 (if 0)( fiAm ,then iA is a 

focal element) and the focal elements of 2Bel are 

kBB ,...,1 , the total portion of belief exactly committed 
to A  is given by the orthogonal sum. 
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Where k  is called the normalization factor, which is 
often interpreted as a measure of conflict between the 
different sources. 
3.2 The framework of discernment   
In order to use the evidence theory, a reference 
discernment framework must be constructed firstly. For 
example, suppose there are three known targets in front of 
our vehicle at time k , and a measurement (new target) 
was detected by millimeter wave radar. In order to 
determine the relation between the known targets and the 
new targets, a discernment framework [5] is built as 

{ }∗=Θ ,,, 321 YYY , where the jY  means that the new 

measurement is original from the known target j , that is 
the measurement is a measurement of target j . And in 
order to be sure that the framework of discernment is 
really exhaustive, a last hypothesis noted “*” is added, 
which means that there no known targets associated with 
the measurement, that is the measurement is original from 
a new target, or a known target had disappeared. The 
possible state may be: 
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   (3) 
The definition of the mass function (basic probability 

assignment):  
:)(, jji Ym the mass function of the proposition that 

the measurement iX  is original from the known target j  ; 

:)(, jji Ym  the mass function of the proposition that 

the measurement iX  is not original from the known 
target j  ; 

)(, Θjim  : the mass function of the proposition that 

it is ignorance whether the measurement iX is original 
from the known target j or not ; 

:)(,. ∗im  The mass function of the proposition that 

the measurement iX is not original from any known 
target, that is the measurement has no relation with any 
known targets.  

In this mass distribution, first index i denotes the 
measurements and the second index j the known objects 
(predictions). If one index is replaced by a dot, then the 
mass is applied to all measurement or known objects 
according to the location of this dot. 
3.3 Evidence combination 
 According to the Dempster’s rule, the combination result 
of n mass sets is gotten in cascade. 
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the coefficient ,.iK  can be determined according 
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(7) 
3.4 Processing of the uncertainty  
Because the complexity of environment and the 
inaccuracy of sensors, there are some confliction and 
ambiguity in data association, such as, there are one 
known target or one measurement is in relation with two 
measurements or known targets; or if the first 
maximization gives a decision that the measurement iX  
is original from the known target j , but the second 
maximization may gives a contradictory decision. In order 
to solve the conflicts, and get a reliable decision, the 
decision is made as follows. First, two belief matrixes are 
got by exchange the position of the measurement and the 
tracks, and make a local decision according to the 
maximization rule. Then, if the decision from the first 
matrix is consistent with that of the second matrix, the 
decision is validate, otherwise the decision is ignored.  
3.5 Generation of mass function [8] 
The mass functions to be combined are generated 
according to the fuzzy similarity between two vectors. 
Then take a transform to get the mass function. Where the 
ℑ represents the fuzzy similarity of two vector, and jid ,  

is the distance form of ℑ , finally the mass function is got 
from jid , . The formulation is as follows:  

),min( ji

ji

YX
YX I
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4 Realization of the proposed method 
The realizations of data association based on D-S theory 
are as follows: 

Step 1. Starting from previous estimation 
)1|1( −− kkXt  and )1|1( −− kkPt  for 1=t  to T , 

determine the prediction )1|( −kkX t  and 

)1|( −kkPt  using kalman filter equation.. 
Step 2. Calculating mass functions between the 

prediction vector }...,,{ ,21 TxxxX =  and the 

measurement vector }...,,{ ,21 nyyyY = . 

Step 3. Calculate the belief matrix ,.iM between the 

measurement vector Y and the track vector X , according 
to the mass functions. 

,.iM  1Y  2Y  … 
cY  ∗  Θ 

1X  )( 1,.1 Ym  )( 2,.1 Ym  … )(,.1 cYm  )(,.1 ∗m  )(,.1 Θm  

2X  )( 1,.2 Ym  )( 2,.2 Ym  … )(,.2 cYm  )(,.2 ∗m  )(,.2 Θm  

… … … … …  … … 

nX  )( 1,. Ymn  )( 2,. Ymn  … )(,. cn Ym  )(,. ∗nm  )(,. Θnm  

Step 4. Calculate the belief matrix jM ., between the 

track vector X  and the measurement vector 
Y  ,according to the mass functions. 

jM .,
 

1X  2X  … 
nX  ∗  Θ 

1Y  )( 11., Xm  )( 21., Xm  … )(1., nXm  )(1., ∗m  )(1., Θm  

2Y  )( 12., Xm  )( 22., Xm  … )(2., nXm  )(2., ∗m  )(2., Θm  

… … … … …  … … 

cY  )( 1., Xm c  )( 2., Xm c
 … )(., nc Xm  )(., ∗cm  )(., Θcm  

Step 5. Finally decision. The correlation (data 
association) between the measurement vector and the 
track vector is similarity with the correlation between the 
track vector and the measurement vector. The 
matrix ,.iM and jM .,  can represent the relations between 
the tracks and the measurements. First, a local decision 
with the matrix ,.iM or jM ., was made according to the 
maximization rule. Then, if the decision from the first 
matrix is consistent with that of the second matrix, the 
decision is the finally decision, otherwise the decision is 
ignored. 
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Step 6. Updating the state and covariance by using 
kalman filter equation. 

Step 7. Repeat Steps 1-6 for different time 
increments.  
5 Simulation results 
The aim in this section is to test the performance of the 
proposed method, and compared with the NN method and 
the cheap JPDAF method. The measurement data of the 
range and the velocity were generated by adding random 
noiseand clutter to the true track measurements. The 
model trajectories of the four tracks[1] are shown in Fig.1 
along with the noisy range and clutter measurements(with 
the line represents the actual track, and “.” represents 
measurements, "*” represents clutter). The state equation 

of the target is )(
0

)(
0
1

)1( kv
T

kx
T
T

kx 







+








=+ , where 

)(kx  represents the state vector composed of position and 
velocity between the target and the self-vehicle. The four 
targets have the same state transition and measurement 
transition matrixes, the actual trajectories have the 
constant velocities of -4.2m/s, –5m/s, 5m/s, and 4m/s, and 
the initial range is 95m, 92m, 70m, and 65m. Using 
millimeter wave radar detects the position of targets, the 
deviation of the measurement noise has been selected as 

22 5.0 m=σ , and sample interval is sT 1.0= . 
To evaluate the performance of the proposed method, 

two criteria were used, one is the Root of Mean Square 
error, one is the Time Mean error, generally speaking, the 
two criteria can evaluate the tracking performance 
accurately. 

The definition of RMS error is: 

 ∑
=

−−=
M

j

Tjj kxkxkxkx
M

kerrorRMS
1

))(ˆ)())((ˆ)((1)(_    (13) 

Where )(kx , )(ˆ kx j stand for the true state of target and 
its estimation in the running j th at time k . M  is the 
times of Monte Carlo running. 
The definition of TM error is: 

∑
=

=
N

k
ke

N
T

1

)(1
                                                  (14)           

Where N represents the sample number. 
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Fig.1 Noisy track trajectories and clutter signal used in the 
simulation 

The monte carlo simulation has been tried for M=50. 
Fig.2 to Fig.4 depict the RMS position error, and Fig.5 to 
Fig.7 depict the RMS velocity error. jT  represents the 

TM error of target j . 
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Fig2. Position error of the proposed method 
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 Fig3. Position error of the NN method 
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 Fig4. Position error of the  cheap JPDAF method 
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Fig5. Velocity error of the proposed method 
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 Fig6. Velocity error of the NN method  
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Fig7. Velocity error of the  cheap JPDAF method 
From the above results, we know that the proposed 

method can get a high tracking accuracy for multiple 
target tracking in road situation, and has a higher correct 

probability compared with the NN method and the cheap 
JPDAF method, which are the conventional methods used 
in target tracking. The data association method using 
evidence theory is effective and easy to realize in clutter 
environment. 
6 Conclusion 
The accurate tracking of multiple vehicles is a very 
important consideration in the design of active safety 
system. In this paper, a data association method based on 
evidence theory and fuzzy logic is introduced, which uses 
fuzzy logic to determine the mass functions, combines the 
mass functions by using the Dempster-shafer’s rule, 
finally makes the decision according to the maximization 
rule. The proposed approach can avoid some problems 
encountered by other same kind of algorithms like PDAF 
which is not adjusted to target crossings, either the 
JPDAF which take into account a fixed number of targets 
and doesn’t initialize new tracks, or the MHT which has 
the combinatorial problems. Monte Carlo simulations 
have been provided to evaluate the performance of the 
method, and it is proved that the proposed method is 
simplicity, feasibility and efficiency, compared with the 
NN method.  
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