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Abstract - In this paper, centralized data fusion in 
multistatic radar networks with the capability of 

measuring bistatic range and range rate is analyzed. A 

new data fusion scheme comprising covariance 

intersection algorithm and particle filtering has been 

proposed. Performance of the proposed algorithm has 

been investigated via simulations and compared with the 

most commonly used SIR particle filter. Simulation 

results have shown that with the proposed approach 

target state estimation could be carried out more 

accurately than conventional SIR particle filter in terms 
of RMS error. Particularly, estimation of the target 

location in Z axis has been achieved with acceptable 

accuracy while SIR particle filter could not manage to 

track target in Z axis at all. 

 

Keywords: Particle filter, data fusion, covariance 

intersection, multistatic radar. 

 

1 Introduction 

Multistatic radar systems are of emerging interest as 

they can exploit spatial diversity, enabling improved 

performance and new applications. Research and 

development studies on multistatic radar systems increase 

due to the advances in communication systems and digital 

signal processing fields. Besides these advancements, 

passive radar concept [1, 2] in which the “illuminators of 

opportunity” is used as the source of radar transmission 

draws attention among the researchers and gives 

acceleration to the studies on multistatic radar systems.  

These systems are variant of bistatic radar systems [3] that 

differ from the typical modern active radar systems 

through consisting of spatially diverse transmitter and 

receiver sites. The spatial diversity afforded by multistatic 

system allows for different aspect of target to be viewed 

simultaneously. Especially, using the “illuminators of 

opportunity”, e.g. FM radio, analog/digital TV broadcasts 

etc., as the transmission source allows designers to exploit 

the special part of the spectrum which is not used for radar 

applications and gain the advances of detecting stealth 

targets as well as making the transmission source invisible 

to the counter measures such as anti radar missiles. 

Despite the benefits of these systems, some challenging 

problems arise due to geometric diversity and network 

structure of the systems, such that signal processing and 

target detection, communication between nodes and 

tracking targets by combining available information from 

the nodes. 

In this study, target tracking in a multistatic radar 

network using particle filters has been analyzed. Particle 

filters are suboptimal filters that approximate the desired 

posterior density by performing sequential Monte Carlo 

estimation based on point masses (or particles) [4]. 

Sequential Monte Carlo estimation requires particles that 

are drawn from the true posterior distribution. 

Unfortunately, in most cases it is not possible to 

effectively generate samples from the exact posterior 

distribution due to nature of the distribution being 

multivariate, nonstandard and only known up to 

proportionality constant. A possible solution to this 

problem is to generate the particles by using importance 

sampling method [5]. Particle filters are implemented by 

using sequential importance sampling framework to 

approximate the discrete posterior distribution. After 

obtaining accurate approximation of posterior distribution 

which is assumed to be the target state’s distribution one 

can easily compute first and second moment of the 

distribution, i.e. mean and covariance estimates of target 

state. Practical usage of particles filters has become 

available after the improvement in computation 

technology and supplementary method “resampling” was 

introduced in [6]. Aim of the resampling is to prevent the 

samples from divergence while dynamic parameter 

estimation has been carried out by particle filtering. Main 

advantage of the particle filter compared to the 

conventional filtering methods is that the particle filters 

estimate the posterior distribution independent of linear-

Gaussian [7] assumption. 

In this study, sampling importance resampling (SIR) 

based particle filter [4] was implemented with the aim of 

tracking targets by utilizing the measurements acquired 

from the multistatic radar network. It was assumed that a 

target is moving in 3D Cartesian space in the coverage of 

the multistatic radar network where the network has the 

capability of measuring bistatic range and range rate. SIR 

particle filter is the most commonly used SMC based 
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filtering method and centralized multisensor fusion 

implementation [8, 9, 10] in which data fusion has been 

carried out under the assumption that sensor measurements 

are independent. While the data fusion was summarized by 

multiplication of weights corresponding to each 

measurement in [8] and [10], a new centralized data fusion 

scheme was proposed in [9] but the details of the method 

was not explained clearly. In this study, target tracking 

performance of SIR particle filter in the presence of 

multistatic radar measurements has been analyzed via 

simulation. In this study, a new algorithm has been 

proposed to track the targets in multistatic radar network 

by combining covariance intersection (CI) algorithm [11] 

and particle filtering. CI algorithm presents a solution to 

general data fusion problem by yielding consistent 

estimation of the fused mean and covariance. In the 

proposed algorithm, it is shown that by utilizing particle 

filters in every node of the multistatic radar network, then 

combining the information gathered from each node using 

CI algorithm provides more accurate estimation of target 

state and its covariance  in comparison to the SIR particle 

filter. 

Rest of the paper has been organized as follows: In 

section 2 overview of particle filtering theory has been 

given and implementation of SIR particle filter with 

central data fusion has been explained. CI algorithm and 

the proposed CI based data fusion algorithm has been 

outlined in section 3. Simulation environment and 

obtained results have been given in section 4. Finally in 

section 5 a brief summary and discussion of the results are 

given.     

 

2 Overview of Particle Filtering 

2.1 State Estimation Background 

Assume that target state evolves according to the 

following discrete time stochastic model, 

1 1 1( )k k k kx f x v− − −= +  (1) 

where xn

kx R∈  is the target state vector, 
1kf −  is known 

linear/nonlinear function of state and 
1kv −  is process noise 

which defines any mismodeling effects or unforeseen 

disturbances in the target motion model. The objective of 

filtering is to recursively estimate the target state 
kx  from 

measurements zn

kz R∈  and the measurement equation 

related to the target state is written as follow, 

( )k k k kz h x w= +  (2) 

where 
kh  is known linear/nonlinear function and 

kw is a 

measurement noise sequence. Under the assumptions 

given below: 

• the noise sequences 
1kv −  and 

kw  are white, with 

known probability density functions and mutually 

independent,  

• Initial target state have known probability density 
function 

0( )p x   and also to be independent of 

noise sequences. 

One can calculate the posterior density function of the 

target state 
kx  based on measurement sequence 

{ }, 1,...,
k i

Z z i k= =  up to time k as follows, 

( ) ( ) ( )
( )

1

1

| |
|

|

k k k k

k k

k k

p z x p x Z
p x Z

p z Z

−

−

=  (3) 

( ) ( ) ( )1 1 1 1 1
| | |

k k k k k k k
p x Z p x x p x Z dx− − − − −= ∫ (4) 

( ) ( ) ( )1 1
| | |

k k k k k k
p z Z p z x p x Z dx− −= ∫  

(5) 

where the meaning of the first, second and third equations 

are update equation, prediction equation and normalization 

constant respectively. Knowledge of the posterior density 

( )|
k k

p x Z  enables one to compute an optimal state 

estimate with respect any criterion. The recursion given by 

the equations (3) and (4) is only a conceptual solution to 

propagation of the posterior density.  Under some 

restrictive constraints, one can obtain analytical solution to 

the given conceptual solution and it’s not discussed here. 

However, brief discussion about the analytical solutions 

can be found in [4]. 

2.2 Particle Filtering 

Particle filters are numerical methods that being used to 

approximate the posterior density function given in 

equations (3). This class of filters is suboptimal filters that 

perform sequential Monte Carlo estimation based on point 

mass (or particle) representation of probability densities 

[4]. Since in most cases, the true posterior density is 

unknown and drawing particles from the true density is 

impossible, importance sampling method [5] that is based 

on drawing samples from the importance density which 

has to have same support set with the true density is used 

while implementing particle filters. Assume that 
kX  is all 

the target states up to time k, ( )|
k k

q X Z is the importance 

density function and the { }, , 1,...,i i

k k
X w i �=  is the sample 

points and their associated weights that characterize the 

joint posterior density function ( )|
k k

p X Z . Then one can 

write the discrete approximation of the ( )|
k k

p X Z  as 

follows, 

( ) ( )
1

|
�

i i

k k k k k

i

p X Z w X Xδ
=

≈ −∑  (6) 

where the ( )δ •  is delta dirac function and 
i

kw  is 

normalized weights computed according to importance 

density function. 

( )
( )

|

|

i

k ki

k i

k k

p X Z
w

q X Z
∝  (7) 

Discrete approximation of the posterior density given in 

(6) is required batch computation of the density function. 
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A method for recursive computation of the marginal 

distribution ( )|k kp x Z  by using principle of importance 

sampling is given in [4] and it is called sequential 

importance sampling (SIS). By using SIS framework, 

discrete approximation of the marginal density function 

can be computed as follows, 

( ) ( )
1

|
�

i i

k k k k k

i

p x Z w x xδ
=

≈ −∑  (8) 

( ) ( )
( )

1

1

1

| |

| ,

i i i

k k k ki i

k k i i

k k k

p z x p x x
w w

q x x z

−

−

−

∝
 

(9) 

where the importance weights only depends on samples 

drawn at time k and measurement 
kz . In this method, the 

weights computed by using relation (9) must be 

normalized such that
1

1
�

i

k

i

w
=

=∑ . 

In this paper, the importance density has been taken to 

be the transition density ( )1|
k k

p x x −  and particle filter has 

been implemented by using method of sampling 

importance resampling which produces a sample of 

equally weighted particles to approximate the posterior 

distribution ( )|
k k

p x Z , i.e., 

( ) ( )
1

1
|

�
i

k k k k

i

p x Z x x
�

δ
=

≈ −∑  (10) 

The method of SIR can be implemented in three steps: 

1) Draw samples from the importance density ( )1| i

k k
p x x −  

using the system model given in equation (1). 

2) Calculate the weights to be associated with the 

particles. Using the transition density as importance 

density allows the computation of weights to be 

approximated as follows [5]: 

( )|i i

k k kw p z x∝  (11) 

3) Resampling is needed to handle the degeneracy of the 

weights [4]. Resample the weights , ,...,i

k
x i i �=  using the 

normalized weights , 1,...,i

k
w i �=  to generate a new 

sample set , ,...,i

k
x i i �∗ = , then set 1/i

k
w �∗ =  for 

1,...,i �= . After the new particle set and its associated 

weights have been obtained, posterior density function can 

be approximated by using them as given in relation (10). 

At each estimation of posterior density stage, mean of the 

distribution has been used to determine an estimate ˆ
kx  of 

target state 
kx , i.e., 

( )
( )

1

ˆ |

|

1

k k k

k k k k

�
i

k

i

x E x Z

x p x Z dx

x
�

∗

=

=

=

≈

∫

∑

 
(12) 

 

 

 

2.3 Modification of SIR particle filter for 

multiple measurement case 

As it can be seen from Eq. (11), measurements only 

have contribution on calculating the particle weights. 

Therefore, one can easily extend the SIR particle filter to 

multiple sensor case under the assumption that each sensor 

measurements are mutually independent. In this study it is 

assumed that target of interest is observed by the 

multistatic sensor network consists of P sensors and at 

each sampling time P measurements are acquired from the 

target. Let , 1,...,j

k
z j P=  be the measurement sequence 

observed at time k. Then, the weights associated with 

particles can be computed under the assumption that 

sensor measurements are mutually independent by 

multiplication of each measurements likelihood 

functions ( )| , 1,...,j i

k k
p z x j P= , 

( )
1

|
P

i j i

k k k

j

w p z x
=

∝∏  (13) 

The weights computed w.r.t (13) are normalized. Then, 

the particles are resampled by using normalized weights 

and estimate of the target state is computed by using 

relation (12). 

 

3 Covariance Intersection Algorithm 

Covariance intersection (CI) algorithm was proposed by 

Simon Julier and Jeffery Uhlmann to solve the general 

data fusion problem where two pieces of information A 

and B are wanted to be fused to yield the output C.   If true 

statics of A and B are not known and only available 

information are the estimates of their mean and 

covariance, consistent estimation of C and its covariance 

independent of the knowledge of cross correlation 

between A and B can be obtained by using proposed 

algorithm in [11]. CI algorithm takes a convex 

combination of the mean and covariance estimates that are 

represented information space, i.e. inverse of covariance. 

Further details of the algorithm have not been given, only 

the closed form fusion equations of the method have been 

represented here. However, brief discussion can be found 

in [11]. Let 
AAP , 

BBP  and 
CCP be the covariances of A, B 

and C respectively. Consistent estimate of C and 
CCP  is 

calculated by using equation (14) and (15) 

 
1 1 1(1 )CC AA BBP wP w P− − −= + −  (14) 

1 1 1(1 )CC AA BBP C wP A w P B− − −= + −
 

(15) 

 

where [ ]0,1w∈ . In CI algorithm, fusion weight w  is 

chosen to minimize any measure of covariance 
CCP . 
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3.1 Combination of CI based data fusion 

with particle filtering 

In this paper an algorithm that comprises the CI fusion 

method and particle filtering has been proposed to solve 

the data fusion problem when multiple measurements are 

available from multistatic radar network. In the proposed 

method, each sensor node is assumed to have their own 

particle cluster and have the capability of generating the 

estimate of target state and its covariance via conventional 

SIS filtering. Estimates of sensor nodes are then fused 

using the CI algorithm to obtain the final estimate of the 

target state. Aim of the proposed algorithm is to obtain 

more accurate state estimation via fusion of sensor node’s 

estimates instead of the measurement fusion as in the 

conventional SIR particle filter. The algorithm has been 

summarized and given below. 

 

A) At each sensor node 

1. Generate � particles from transition distribution 

2. Calculate weights     

3. �ormalize weights 

4. estimate target’s state and covariance 

, ,

1

ˆ , 1,..., , 1,...,
�

j i i

k k j k j

i

x w x i � j P
=

= = =∑   

5. Send estimates to the fusion center. 

 

B) At fusion center 

1. Sort the estimates in descending order w.r.t. the 

determinant of inverse of their covariances. 

2. Begin fusion with the first two sorted estimates. 

3. Calculate fusion weights to minimize the determinant 

of fused covariance. 

4. Calculate fused estimates and covariance. 

5. Return to step 3 until all sensor estimates fused with 

previous fusion result.  

6. Set final fusion results as the estimate of target state 

and covariance. 

7. Set the estimate of target state as new particle clusters 

of sensor nodes. 

8. Set all the weights to 1/�. 
 

4 Multistatic Radar Configuration andd 

Simulation Results 

In this study, results of information analysis in the 

passive radar network given in [12] have been used for 

modeling the multistatic radar network. A network 

consisting of a single transmitter and six receivers with the 

capability of measuring bistatic range and range rate has 

been modeled. The analysis carried out here is 

independent of target detection processes, i.e., target is 

assumed to be detected and a track has been initialized. 

The multistatic radar network is assumed to output bistatic 

range and range rate measurements that are generated by 

each transmitter-receiver pair and that measurements are 

corrupted by additive white Gaussian noise with known 

mean and variance. In the analysis, plane earth model is 

used and coverage area of the multistatic radar network is 

kept limited in both X and Y axes in the interval of (-

40km, 40km). Transmitter of the network is assumed to be 

at the origin of the 3D Cartesian space and receivers are 

located to form a circle around the transmitter. Circle 

radius is chosen to be 30km and angular separation of two 

successive receivers is assumed be 60°. All the receivers 
assumed to be located at zero altitude. A target scenario 

has been created to test the performance of the algorithms. 

In  the scenario the target starts its motion at (-40km, 

40km, 5km) point in 3D Cartesian coordinate system with 

the velocity vector (100, 0, 0) m/sec. Target moves 

according to constant velocity model for 800sec. and flies 

over the multistatic radar network. Created target scenario 

has been shifted 80 times on Y axis with step size of 1km. 

Thus, 81 target scenarios have been obtained and the 

region covered by the multistatic radar network was 

divided into discrete grid size of 81x801.  The main aim of 

creating such a set up is to investigate the performance of 

the target tracking methods presented in this paper at as 

many locations as possible covered by the network in the 

presence of computation and storage constraints.  3D 

sketch of the transmitter and receiver locations with the 

randomly selected target scenario has been shown in Fig. 

1. 

 
Figure 1: Location of the transmitter (in the center) and 

receivers with a target scenario.  

 

In Fig. 1, transmitter location is indicated with a star and 

receiver locations are marked with dots. The solid line 

seen in the figure is the target scenario.  

Measurements obtained from each transmitter-receiver 

pair for 3D target state have been given as, 

 

2 2 2

2 2 2

( ) ( ) ( )

( ) ( ) ( )

r r r

t t t r

R x x y y z z

x x y y z z ε

= − + − + − +

− + − + − +
 (16) 
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2 2 2

2 2 2

( ) ( ) ( )

( ) ( ) ( )

( ) ( ) ( )

( ) ( ) ( )

r r r

r r r

t t t
r

t t t

x x x y y y z z z
R

x x y y z z

x x x y y y z z z

x x y y z z
ε

− + − + −
= +

− + − + −
− + − + −

+
− + − + −

&

& & &
&

& & &  
(17) 

 

where the variables subscripted “ r ” and “ t ” indicate the 

location of receiver and transmitter in 3D Cartesian space 

respectively. Additive error terms rε  and rε &  are assumed 

to be independent white Gaussian processes with zero 

mean and variances of  210000m  and 21( / sec)m  

respectively. Some assumptions that have been made for 

the simulations are given below: 

 

• There is only one target in surveillance region and it 

is detected at every measurement time. 

• Target state vector at time k is given by 

( , , , , , )Tk k k k k k kx x x y y z z= & & &  and target moves 

according to nearly constant velocity model, 

 

1 1 1k k k kx F x v− − −= +  (18) 

 

1

1 0 0 0 0

0 1 0 0 0 0

0 0 1 0 0

0 0 0 1 0 0

0 0 0 0 1

0 0 0 0 0 1

k

T

T
F

T

−

 
 
 
 

=  
 
 
 
  

 (19) 

 

where T is time between successive measurements 

and 1kv −  is white Gaussian process noise.  

• Track has been initialized. 

• Prior target distribution is Gaussian with the mean 

equal to the initial value of true target state and 

covariance ( )4 2 4 2 4 2
0 10 25 10 25 10 25P diag= . 

• SIR particle filter uses �=12000 particles 

• �=2000 particles are used at each node of the 

network for the CI based data fusion. 

 

Performance of the data fusion algorithms presented in 

this paper has been observed via simulations. Root mean 

square (RMS) error has been used as a performance 

metric. 100 Monte Carlo simulations have been carried out 

for each scenario for each algorithm. The error occurred 

during the tracking process of each algorithm has been 

computed in terms of RMS error. 

Position RMS error results are presented in Fig. 2 where 

the figure shows the computed RMS error values for the 

target canvassing the whole coverage area. In Fig. 2, the 

subfigures A, B and C illustrate the RMS errors produced 

by the SIR particle filter in X, Y and Z axes respectively. 

Similarly, subfigures D, E and F show the RMS error 

produced by the proposed CI based fusion particle filter 

again in X, Y and Z axes respectively. As it can be seen in 

Fig. 2, tracking performance of the SIR particle filter in 

terms of RMS error is in comparison to the proposed 

algorithm in all three axes. While tracking with the 

proposed algorithm has resulted in maximum error values 

in X and Y axes around 40m, maximum RMS errors in X 

and Y axes have been attained around 120m and 140m by 

using SIR particle filter. Lower bounds of the RMS errors 

of SIR particle filter in X and Y axis have been obtained 

around the 60m and this value is still greater than the 

maximum error that has been achieved by CI based data 

fusion method in the same axes. Comparison of RMS 

errors obtained for the Z axis has exposed superiority of 

the CI based fusion on SIR particle filter with lower bound 

of the error levels around 50m against the 200m produced 

by the SIR particle filter. Simulation results have shown 

that the position estimate in Z axis is more erroneous 

compared to X and Y axes. The reason for poor tracking 

in Z axis is the topology of the multistatic radar network. 

Lack of geometric diversity in the Z axis is the main cause 

of the larger RMS errors for both algorithms.  

For a clearer comparison, average position RMS errors 

for each scenario are shown in Figures. 3, 4 and 5 for X, Y 

and Z axes respectively. Figure 3 presents the average 

position RMS error for each scenario in X axis and it is 

clearly seen that the error produced by the proposed CI 

based fusion algorithm is consistently and significantly 

lower compared to that of the SIR particle filter for every 

scenario. Lower average position RMS errors in X for 

both algorithms have been attained for the scenarios 25 to 

55 and this result is verified by the information analysis 

results given in [12]. Variation of average position RMS 

errors in Y and Z axes is also depicted in Figures 4 and 5 

respectively.  It is evident from Figures 4 and 5 that a 

similar performance increase has also been achieved in Y 

and Z axes with the proposed scheme. Figure 5 has also 

revealed that the error levels obtained by the SIR particle 

filter in Z axis would render target tracking impossible as 

the tracking accuracy drops to unacceptable levels. 

However, despite the lack of geometric diversity in Z axis 

in the proposed multistatic radar topology, the proposed 

algorithm, comprising the CI based data fusion and 

particle filter estimation of target’s location in Z axis, still 

produces an acceptable level of RMS error.  
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Figure 2: RMS position errors in X, Y and Z axes produced by the SIR particle filter (subfigures A, B, and C) and the CI 

based data fusion (subfigures D, E and F). 

 
Figure 3: Average RMS error for each scenario in X 

axis.  

 

5 Conclusion 

In this study, tracking a target in multistatic radar 

network by exploiting particle filter based estimators has 

been analyzed. A new algorithm that is combination of 

the covariance intersection method and particle filter has 

been proposed to solve data fusion problem arises from 

the necessity of tracking target presence of multiple 

measurements. Performance of the proposed algorithm 

has been investigated via simulations and compared with 

the most commonly used SIR particle filter. Simulation 

results have shown that with the proposed approach 

target state estimation could be carried out more 

accurately in terms of RMS error than conventional SIR 

particle filter. Particularly, estimation of the target 

location in Z axis has been achieved with acceptable 

accuracy while SIR particle filter could not manage to 

track target in Z axis at all.   

 
Figure 4: Average RMS error for each scenario in Y 

axis. 

 
Figure 5: Average RMS error for each scenario in Z axis. 
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