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Abstract 
In this paper different Data Association Algorithms for multiple 
target tracking systems are discussed and compared. The aim is 
to find the best algorithm suitable for real-time hardware 
implementation. Simulations for the various algorithms were 
done using MATLAB. The comparison between the algorithms 
was based on CPU time and graphical display for the tracked 
values. 

1. Introduction 

An essential part of any surveillance system is the ability to 
efficiently track objects within the system’s range. The most 
important components of such a system are sensors and 
computer subsystems. The data obtained from the sensors are 
used in the computerized subsystem to confirm the target tracks. 

 One of the most significant tracking problems is that of 
tracking the states of unknown multiple maneuvering targets in 
the presence of severe clutter. There are numerous approaches 
and algorithms to address this problem. The tracking 
performance of such a tracking algorithm is mainly dependent 
on the accuracy of the target state estimator used. The most 
widely used state estimator is the Kalman filter. Other state 
estimators like the interacting multiple model (IMM) estimator 
is also used. The IMM estimator is effective for instances of 
tracking maneuvering targets. 

 The expected locations of the tracked targets are computed 
using the prediction models. These are the tracking filters 
referred to in the previous paragraph. The estimated positions of 
the targets will usually not coincide with the new set of 
measurements received from the sensors. The probability that a 
certain measurement represents a certain target can then be 
calculated. These probabilities are joint probabilities that are 
computed in the presence of the other measurements and targets. 
In some instances this can lead to great amounts of 
computations and memory use, justifying real-time hardware 
implementations. 

 In a Multi-Target Tracking (MTT) system the data received 
will consist of true targets, background clutter and false signals. 
The MTT sensor requires a broader field of view than in a 
Single Target Tracking (STT) system. The broader coverage 
ensures higher likelihood of target detection. Most modern 
surveillance systems make use of MTT systems. The most 

important element in the MTT system is the data processing 
stage, where the complex data associations and prediction are 
computed. 

 There are three main Data Association Methodologies of 
interest in a MTT system. These methodologies are Global 
Nearest Neighbor (GNN), Joint Probabilistic Data Association 
(JPDA) and Multiple Hypothesis Tracking (MHT). These 
methods increase in efficiency from GNN to JPDA to MHT but 
also increase in complexity and number of computations [1]. 
Taking into account the current development in computer 
capabilities it is possible to successfully implement these 
methods on a computerized system. 

 The MHT method creates multiple track hypotheses from 
the association of feasible observations and tracks. The final 
observation-to-track decisions can be deferred until more data 
becomes available from future scans. When new data is received 
the probable hypotheses are confirmed and improbable 
hypotheses are pruned. The JPDA methods update the track 
with a weighted sum of the feasible observations. All feasible 
observation-to-track associations are taken into consideration 
when calculating the weights (probability values). The state 
estimate of the track therefore does not depend on a single 
observation but on all observations falling inside the track gate. 
Multiple observations in a gate occur when gates overlap or 
clutter is detected inside a gate. Great amounts of processor 
power are needed when processing a large number of tracks in 
the above mentioned methods. 

 The JPDA method shows an exponential increase in 
computational time with an increase in targets. When 
constrained by the limited processor power available and a large 
number of tracks, the algorithms are still not real-time 
implementable. Several sub-optimal JPDA algorithms were 
proposed such as those of Roecker [4] and Ding et al. [12]. 

 The focus of this paper will be on different JPDA 
algorithms for Data Association in a MTT system. They will be 
evaluated according to complexity and computation towards 
possible real-time hardware implementation. 

 The historic optimal JPDA algorithm, as in [10], has five 
basic steps, namely 

1. Generation of a validation matrix. Binary matrix 
representing all feasible observation- track pairing (result 
of Gating). 



2. Generation of feasibility matrices from the validation 
matrix. This represents all the non-competing events in 
which an observation j is associated with only one track t 
except for t = 0. The t = 0 track is the clutter track 
(measurement originated from clutter). The number of 
feasibility matrices rapidly explodes as the number of 
tracks and observations increase. 

3. Calculation of the probabilities �jt for each track-
observation pair at time step k from the feasibility matrices. 

4. Updating the state estimate error covariance of the Kalman 
tracking filter. 

5. Updating the state estimate vector for each track using all 
plausible measurements, each multiplied by the appropriate 
scalar weighting coefficient �jt. 

 The last two steps as mentioned above are standard optimal 
linear filter operations, and will therefore not be discussed in 
this paper. 

 There are a few approaches of the JPDA algorithm that is 
of importance for this paper. These approaches are those of Van 
Wyk et al. [3], Fisher and Casasent [9] and Zhou & Bose [7]. 
The aim of this paper is to determine which of these algorithms 
are best suited for possible real-time implementation. A 
comparison between the algorithms will be based upon the CPU 
time needed to complete the algorithm, together with an analysis 
of a graphical display for the tracked simulation data. Factors 
like memory usage, computational complexity and number of 
computations will play a significant role in a real-time 
implementation. Therefore the above-mentioned algorithms will 
also be analysed for their complexity. 

 The conventional JPDA algorithm as well as the JPDA 
algorithms of Van Wyk et al. [3], Fisher and Casasent [9] and 
Zhou & Bose [7], will be discussed in section 2. The simulation 
is discussed in section 3 with the concluding remarks presented 
in section 5. 

2. The JPDA algorithm 

The following presents a brief explanation of the conventional 
JPDA Algorithm [7], [8], [9], [10]. The differences in the other 
JPDA algorithms used are also explained. Assume there are m 
measurements and n targets being tracked. The first step is to 
construct the binary validation matrix. The Validation matrix is 
an m × (n + 1) rectangular matrix, 
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 In the above matrix the value �j0 = 1 implies the 
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for j = 1,2,...,m, and t = 1,2,…,n. 

 The feasibility matrices are now generated from the 
validation matrix. These feasibility matrices are subject to the 
following two restrictions: 

1. Each measurement can have only one origin, whether it is a 
real target or clutter. 

2. No more than one measurement can originate from any 
given target. 

 Thus only one element per row may be chosen from the 
validation matrix so that there is at most one value per column. 

 The number of feasibility matrices increases exponentially 
with increases in m and n. These feasibility matrices provide a 
format in which to examine every possible observation-track 
combinations. This is also known as the individual events, �. All 
of these events may be represented by a feasible matrix, 

( ) ( )ˆ ˆ j t� �Ω χ = ω χ
 �  (3) 

 This consist of the unit values in the validation matrix, �, 
corresponding with the associations assumed in the event �. Ω̂  
is the same size as the validation matrix � with ˆ jtω = 1 only if 

measurement j is hypothesized to be either from clutter (t = 0) 
or from a target t (t � 0). 

 For each Ω̂  the conditional probability for the data 
association hypothesis, or the feasible event �, needs to be 
calculated. The simplified version of the formula from [10] is 
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where Z is the set of all measurements received up to time index 
k, c is a normalization constant, md the number of detected 
targets in the event �, and ˆ jtω = 1 indicates that the measurement 

j is associated with the track t. The normalization constant c is 
obtained by summing the conditional probabilities, 

( )( )ˆP Zχ Ω , over all the events ( )ˆχ Ω . The values for Pjt are as 

follows  
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for j = 1,2,…,m,  and t = 1,2,…,n. 

 Here � is the clutter density, PD is the probability of 
detection and ( ; 0, )t t

jN z S�  is a normal distribution density 

function with zero mean and covariance matrix tS .This 



covariance matrix is obtained from the tracking filter, usually a 
Kalman Filter. 

The next step is to calculate the a posteriori probability �jt from 
the conditional probabilities, ( )( )ˆP Zχ Ω  by the following 

equation, 
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for j = 1,2,…,m,  and t = 1,2,…,n. 

 These values for the a posteriori probability �jt are then 
used to update the innovation vector as well as the covariance 
matrix of the Kalman filter. 

 The biggest computational burden of the JPDA algorithm 
is clearly the generation of the feasibility matrices and the 
evaluation thereof. Some approaches completely circumvent the 
formation of feasibility matrices. These algorithms is more 
likely to be real-time implementable. Two such algorithms were 
developed by Van Wyk et al. [3] and Fisher and Casasent [9]. 
The algorithm of Van Wyk et al. [3] was developed using a 
Projection Onto Convex Sets (POCS) method. Fisher and 
Casasent [9] also derived a new method for calculating the �jt 
coefficients. Another approach is to derive a better algorithm for 
evaluating all the feasible event matrices. Such an algorithm 
was developed by Zhou and Bose [7]. Their algorithm 
efficiently visits all the nodes in the hypothesis tree by using the 
exhaustive search with certain constraints model to solve this 
combinatorial problem. The PJPDA algorithm of Van Wyk et 
al. [3] is a totally new approach and is therefore discussed in 
more detail in the following section. 

2.1. The Projection-Based JPDA (PJPDA) 

The POCS JPDA, of Van Wyk et al. [3], can be described as a 
solution for the following constrained optimization problem: 
Determine the probabilities (weights) �jt from the quantities 
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for j = 1,2,…,m, and t = 1,2,…,n’, such that the row and column 
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probability of detection, ft[zj] is the probability density of 
measurement j associated with target t. This is taken to be scaled 
normal distribution with zero mean and covariance matrix tS  of 
the Kalman Filter. The assumptions are that there are t = 1,..,n’ 
tracks, with t = n’ denoting the clutter track, and j = 1,..,m 
observations. The use of t = n’ for the clutter track is merely for 
convenience. The algorithm is executed at every time step k. For 
simplicity, time dependency is omitted. 

 For applying POCS to the JPDA optimization algorithm, 
the row constraint matrices are represented by the set, 
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which can be shown to be closed and convex. The column 
constraint matrices are represented by the set, 
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which is also closed and convex. 0 r cC C C= 	  is the 
intersection of the above convex sets, and is non-empty. The 
closedness, convexity and non-empty 0C allow the use of a 
POCS methodology to solve the JPDA problem. The main idea 
is to calculate T0(p), the projection of  
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onto 0 r cC C C= 	 . The projection T0(p), will be the solution. 
The set C0 is considerably more complex in structure than Cr 
and Cc, and a direct realization of T0(p) was avoided. The 
projections Tr(p) and Tc(p) onto the sets Cr and Cc is easily 
realizable. The algorithms for these projections are explained 
further in Van Wyk et al. [3]. This algorithm is easily 
implementable and less complex in comparison to the 
conventional JPDA, which makes it ideal for real-time 
implementation. 

2.2. DFS Approach 

Zhou & Bose [7] proposed a method based on a depth-first 
search (DFS) approach. This approach was specifically aimed at 
developing a fast method of generating the data association 
hypotheses and computing the conditional probabilities. This is 
a track-oriented approach where each track is hypothesized to 
be either: undetected, terminated, associated with an 
observation, or linked with a maneuvre. The approach is exactly 
like the classical JPDA algorithm, except for the use of their 
DFS algorithm in generating the feasibility matrices and 
calculating the conditional probabilities. 

 They approach the JPDA as a combinatorial problem called 
an exhaustive search with certain constraints. A general 
description is as follows. There are m variables Xj (j = 1,2,…,m). 
These values, Xj, belong to a finite and linearly ordered set Zj. A 
candidate solution is a m-tuple, (X1, X2,…, Xm). The object is to 
find one solution or all solutions under the above-mentioned 



constraints. For this, Zhou & Bose developed the DFS 
procedure to solve the problem mentioned above. In the context 
of multiple-target tracking the problem can be described as 
follows. Assume there is m measurements and n targets. Let Xj 
(j = 1,2,…,m) denote the measurement j. The individual values 
of Xj identifies the target (Xj = t, t = 1,2,…,n) or clutter (Xj = 0, t 
= 0) associated with measurement j. The set Zj are defined by  

  {  |   1}, for  = 1,2,.., , and  = 1,2,.., .j jtZ t j m t nω= =  (11) 

Since �j0 = 1, this implies 0 jZ∈  for j = 1,2,…,m. The gating 

process determines these values where jt Z∈  if measurement j 

falls in the validation gate of target t. 

 The DFS procedure is designed to visit all the nodes in the 
hypothesis tree to evaluate all possible feasible events. 
Conditional probabilities, see (4), are computed from the 
feasible events, �, where the Pjt can be computed in advance. 
After each ( )( )ˆP Zχ Ω  is computed the �jt values as well as 

the normalization constant c can be updated. 

2.3. Fast JPDA 

This scheme was proposed by Fisher and Casasent [9], and also 
avoids the generation of feasibility matrices. They adopt the 
same modelling assumptions as the conventional JPDA, but 
introduce the notion of an analogue modified validation matrix 
in calculating the �jt’s. The analogue values for the modified 
validation matrix are the individual probabilities Pjt. These 
values are the same as used in the above mentioned JPDA 
methods. Their method calculates only T2 vectors of single 
observation-target pair probabilities, where T is the maximum 
number of targets. All possible sums of the last column are 
formed and the process is repeated for the rest of the columns. A 
measurement-used binary data word is constructed and used to 
obtain all possible combinations of track-measurement pairs. 
The �jt values are then computed by a simple matrix 
multiplication. For details of this method refer to [9]. 

3. Simulation Results 

A simulation to compare the JPDA algorithms was done in 
MATLAB. At this stage only non-maneuvering simulated 
targets were used. This was done for the sake of simplicity. A 
set of data, similar to that used by Zhou & Bose [7], was created 
to simulate the targets in a specific window. The tracking was 
done by using the Cartesian coordinates of the target positions 
as the observations. It is very easy to convert from these 
Cartesian values to polar coordinates, used in the North-East-
Down (NED) coordinate system. The NED coordinate system is 
more suitable for use in airborne platforms. A detailed 
explanation of this coordinate system can be found in Chapter 3 
of [2]. 

 A standard Kalman Filter was implemented as the tracking 
filter. The two states used in the Kalman Filter was position and 
velocity for the X and Y coordinates. The gate threshold was 
chosen to be g2 = 10, for simplicity. A probability of detection 
PD = 0.9 was chosen for each target in all of the simulations. 
Clutter was assumed to be uniformly distributed over the 
surveillance region. For the scope of this paper only non-

maneuvering target data was generated Minor adjustments to the 
simulation will enable the ability to include maneuvering 
targets. For maneuvering targets an extra state for acceleration is 
needed in the Kalman Filter and the simulation data must 
include accelerations in certain time intervals. Each simulation 
run was completed over 50 time steps, k, with the sampling 
period, T, set to one second. In all of the simulations a specific 
number of existing target tracks were assumed that was then 
tracked using the received measurements. 

 The CPU times in the tables below are the time in seconds 
for the execution of the various algorithms in the tracking of 
four and ten targets in limited amounts of clutter. 

 The following two tables shows the CPU times as a 
measure of comparison between the three algorithms. The 
minimum time recorded points towards the case where there is 
close to only one observation in each validation gate of the 
individual targets. This greatly reduces the amount of time 
needed and the total complexity of computing the desired values 
needed in the algorithm. Maximum time points towards the 
opposite where much more than one observation falls within the 
validation gates of the individual targets. The worst case 
scenario is when all of the measurements fall within every target 
gate, leading to the maximum amount of computation. The 
average time used is a good measure of comparison for the three 
methods explained above. A very effective combinatorial 
approach of evaluating the feasible events for the conventional 
JPDA algorithm was implemented for this simulation. 

 

Table 1: Values of the CPU time used in the Data Association 
algorithms for 4 targets at each time step k. CPU times are in 
seconds 

CPU 
Time DFS Conventional 

JPDA PJPDA 

Minimum 0.0310 0 0 

Maximum 0.0780 0.1250 0.0780 

Average 0.0393 0.0147 0.0097 

 

 From the values in Table 1 it can clearly be seen that the 
PJPDA algorithm of Van Wyk et al. [3], performs very well in 
comparison to the other methods. The total time used in this 
algorithm is almost 4 times faster than the time of the DFS 
algorithm of Zhou & Bose [7].  

 In Table 2 the there is a significant difference between the 
times recorded for the JPDA methods listed in the table. The 
PJPDA algorithm clearly outperforms the other two proposed 
methods. Although some problems still exists in the PJPDA 
algorithm it is clear that solving the problems will yield great 
advances towards real-time implementation. 

 The graphical display of the simulations for the two cases 
is presented on the next page. The Conventional JPDA 
algorithm and the DFS Algorithm are very similar. The only 
difference between the two techniques is the method of 
calculating the feasibility matrices. In the light of the mentioned 



similarity, it comes as no surprise that the simulation results for 
the two methods were found to be very similar. Therefore only 
the figure for the DFS algorithm is displayed. The main focus of 
this paper is the CPU times of the algorithms. Each figure 
displays the values for the real track data (dotted line), the 
predicted position (solid line), the gate size in relation to the 
window (circle) as well as clutter points (+). 

 

Table 2: Values of the CPU time used in the Data Association 
algorithms for 10 targets at each time step k. CPU times are in 
seconds 

CPU 
Time DFS Conventional 

JPDA PJPDA 

Minimum 0.1250 0.0940 0.0150 

Maximum 90.75 123.0630 0.0940 

Average 18.665 12.6762 0.0373 

 

 Listed below are the Graphical display of the JPDA 
methods when tracking the cases of 4 targets and 10 targets in 
limited clutter. Figure 1 to 2 is for the case of 4 targets. 
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Figure 1: DFS method for 4 targets 

 In the case of tracking the 4 targets, the results from the 
three methods closely resemble each other. There is also not 
even a great difference in the CPU times recorded in Table 1 for 
the algorithms.  

 The main difference between the algorithms is apparent 
when tracking the 10 targets. This is illustrated in Figure 3 to 
Figure 4. It is clear from Figure 4 that there is a missed 
association of some sorts when using the PJPDA method. This 
however is in the process of being solved. From the figures 
above it is clear that the DFS algorithm yields the best tracking 
results although having the least favourable CPU times in   
Table 2.  
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Figure 2: PJPDA method for 4 targets 

Figure 3 to 4 is for the case of 10 targets. 
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Figure 3: DFS method for 10 targets 
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Figure 4: PJPDA method for 10 targets 



4. Conclusion 

The three algorithms mentioned earlier where compared to each 
other in a MATLAB simulation. As a measure of effectiveness, 
CPU time was used to compare them. The PJPDA algorithm, 
although not entirely sorted out, produced attractive results. In 
instances of limited clutter and few targets the PJPDA algorithm 
produced the same results as the DFS algorithm, but at a very 
low CPU time. It is therefore an attractive option for real-time 
implementation. Although work is still in progress to sort out 
some problems with the PJPDA algorithm for dense clutter and 
large numbers of targets, the algorithm is expected to 
outperform the other algorithms. With this in mind it is clear 
that the PJPDA algorithm is a very attractive option for real-
time implementation. 
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