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Abstract – In recent years, the particle filter has become 
commonly accepted as the preferred tool for single 
target tracking in highly non-linear and non-Gaussian 
environments.  This paper investigates the issues that 
arise when particle filters are integrated into a 
hierarchical data fusion system, in which the sensor-
level tracking is performed using particle filters, but 
central-level track fusion is performed using a Gaussian 
model.  The context of the investigation is multistatic 
sonar tracking using a field of bistatic receiver nodes 
(sensors).  Tracking performance of the hierarchical 
data fusion system with particle filter sensor level 
tracking is compared with the equivalent system using 
Kalman based filters for sensor level tracking.  It is 
found that, while the particle filter possesses measurably 
better performance at the sensor level, much of this 
performance is lost if the sensor level tracks are fused 
using a Gaussian model.   
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particle filtering, non-linear measurements, bistatic, 
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1 Introduction 
In recent years, the particle filter has emerged as the 
preferred tool for single target tracking in highly non-
linear and non-Gaussian applications.  Awareness of the 
positive results achieved by the particle filter in these 
applications leads to a natural temptation to employ them 
in large scale data fusion systems.  One common 
architecture of such systems is the hierarchical model, in 
which fusion processes are cascaded, such that the output 
of one fusion stage feeds the input of the next.  But one 
major characteristic of many legacy data fusion systems is 
that their fusion stages are based on a Gaussian statistical 
model, which requires only mean and covariance to 
completely define the probability density function of the 
track state estimate.  We expect the particle filter to be of 
greatest use at the lowest level of such systems, the sensor 
level, where fusion of sensor observations to create sensor 
tracks is required, as the measurement models of most 
practical sensors are non-linear.  The current study is 
motivated by the desire to explore the performance 

potential of the particle filter as a fusion mechanism at the 
sensor level, in hierarchical data fusion systems. 
 
The context of this study is multistatic sonar [1].  
Multistatic sonar is an operational concept for monitoring 
a volume of ocean using a limited number of assets and 
human resources.  The goal is to detect and track objects 
(targets) located within this surveillance volume.  The 
sensing apparatus consists of one or more active sonar 
sources, which periodically ensonify the surveillance 
volume, and usually several passive sonar receivers, 
which attempt to detect echoes from targets in the volume.  
While appealing, the multistatic sonar concept is vastly 
complicated by the large amount of clutter in coastal areas 
where it is seen to be of greatest use, and by the complex 
“glinty” reflectance properties of most targets of interest.  
While a number of trackers and tracker architectures have 
been proposed for multistatic tracking [2-6], we believe 
multistatic sonar to be an ideal application of hierarchical 
data fusion systems, as the multistatic sensor field 
frequently consists of a multiplicity of sensors whose 
observations must be fused to provide an underwater 
tactical picture for the field as a whole.  We have 
published positive performance results to support this 
claim in the past [7]. 
 
This paper is organized as follows.  Some background 
information is provided in Section 1.  Section 2 provides 
an overview of hierarchical data fusion, which is 
expanded upon by discussions of sensor level fusion in 
Section 3 and track level fusion in Section 4.  The Kalman 
and particle filters used in this study are also introduced in 
Section 3.  The multistatic sonar measurement model is 
presented in Section 5.  Simulated test results follow in 
Section 6.  Finally, we offer some conclusions from our 
work in Section 7. 

2 Hierarchical Data Fusion 
We follow conventional practice and define a hierarchical 
data fusion system as a system in which fusion is 
performed at more than one level.  In a typical hierarchical 
architecture, such as that shown in Fig. 1, a number of 
local nodes perform sensor-level tracking, each based on 
only the raw measurement data provided by its local 
sensor; the resulting sensor-level tracks from all local 
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nodes are then collected at a global node for fusion of 
these sensor-level tracks into global, or system-level, 
tracks.  In typical applications, it is these system-level 
tracks that are presented to the users of the system. 
 

 
 
Figure 1.  Hierarchical Data Fusion System 
 
The sample hierarchical data fusion system depicted in 
Fig. 1 contains 16 local nodes (in red), each receiving 
observation data from its local sensor, which it uses to 
form local sensor-level tracks.  These local tracks are 
passed to the (green) global node, where they are 
associated and fused.  The fused global tracks comprise 
the output of the system. 

3 Sensor Level Fusion 
The role of sensor level fusion is to filter the observations 
generated by the local sensor in order to produce sensor-
level tracks.  In a multi-target context, this process usually 
consists of two distinct steps: data association and data 
filtering.  In the first step, data association, sensor 
observations are associated with sensor tracks according to 
some likelihood criterion.  In sophisticated systems, such 
as the one employed in this paper, data association may 
involve Multiple Hypothesis Tracking (MHT), which 
evaluates association likelihoods over multiple scans of 
data.  These association likelihoods are frequently 
computed using a Gaussian model, which represents the 
probability distributions of observations and tracks in 
terms of mean and covariance.  Blackman and Popoli 
provide a detailed introduction to Gaussian sensor level 
fusion including data association and tracking [8]. 
 
The second step of sensor level processing is the fusion of 
the sensor observations with the sensor tracks with which 
they have been associated in the data association process.  
In general, these may be pre-existing tracks from previous 
iterations, or newly initialized tracks.  Some pre-existing 
tracks may also be terminated at this step. 
 
There are a number of methods available for filtering 
sensor observations to form tracks, of which the most 
common has traditionally been the Kalman filter in one of 
its many variations.  Multi-model systems may implement 
a non-linear tracking filter using a bank of Kalman filters 

[9].  For example, the sensor-level tracking in this paper is 
performed by an Interacting Multiple Model (IMM) non-
linear filter implementing two linear nearly-constant 
velocity (NCV) motion models: one with low process 
noise to model transiting targets, and another with high 
process noise to model maneuvering targets. 
 
Particle filters are a relatively recent development in single 
target tracking with potential application in sensor-level 
tracking.  In particular, particle filters have the potential to 
offer superior state estimation performance to traditional 
Kalman filters in applications where the observation or 
motion models are non-linear or non-Gaussian.  We shall 
now provide a brief introduction to particle filters, with 
emphasis on the regime-conditioned particle filter chosen 
for the studies reported in this paper. 

3.1 The Particle Filter 
Particle filters perform Monte Carlo based estimation 
based on point mass approximations of probability 
densities [10].  Each state probability space is represented 
by a large number of weighted points (known as particles) 
which, taken together, approximate the uncertainty of the 
current system state. 
 
In contrast to Kalman filters, which represent track 
probability distributions by their state and covariance 
under the Gaussian assumption, particle filters represent 
the posterior density function ( )kkk zxxp ,| 1−  

describing a given state kx  based on the measurement 

kz  and the state estimate at the previous time state 

1−kx by an ensemble of sample points called particles i
kx  

and their associated weights i
kw : 
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This posterior can be expressed using Bayes’ rule in terms 
of the measurement likelihood function ( )kk xzp |  and 

the prior probability function density ( )1| −kk xxp  which 
are used to compute new particle states and their weights. 
 
To compute the prior at each time step, each particle is 
predicted forward by randomly drawing from the motion 
transition distribution function. 
 

)|(~ 1
i
kk

i
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In the Sequential Importance Sampling (SIS) or 
“bootstrap” variant of the particle filter employed here, the 
posterior distribution is then computed by weighting each 
predicted particle by its likelihood versus the given 
measurement. 
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For example, assuming a Gaussian measurement model 
with mean )( kxh  and covariance R , where )( kxh  is 
the possibly non-linear function relating the measurement 

kz  to the current system state kx : 
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Or, writing the Gaussian distribution of kz  explicitly: 
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The predicted particles and their updated weights now 
form the new state estimate.  Ensemble mean state and 
covariances for this state estimate may be computed as 
follows: 
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3.2 The Regime-Conditioned Particle Filter 
A variety of particle filters have been described in the 
literature.  See [11] for descriptions of a representative 
collection of these.  The type particle filter used for this 
study is a Regime Conditioned Sequential Importance 
Sampling (RC-SIS) particle filter [11].  It is based on a 
standard Sequential Importance Sampling (SIS) particle 
filter [11], which performs a resampling operation 
whenever the particle diversity drops below a chosen 
threshold.  The resampling process removes low weight 
particles and replaces then with copies of higher weighted 
particles.  Resampling is a strategy to counter-act the 
natural tendency for the weight in a particle set to 
concentrate in ever fewer particles over time.  The RC-SIS 
particle filter extends the SIS filter by allowing each 
particle to operate under different motion models 
(regimes).  This particle regime is initialized based on 
given regime ratio α and updated at each measurement 
update based on a Markov regime transition matrix 
denoted kΠ .  At track initialization, in addition to 
drawing an initial state estimate, each particle is randomly 
assigned an initial regime using the initial regime 
likelihoods.  Once the particle cloud has been established 
it is predicted forward based on its regime r: 

 
),(~ ,111 rk

i
kk

i
k QxFNx −−−  (8) 

 
The RC-SIS was selected for this study to enable direct 
performance comparison with the Kalman-filter based 
IMM (IMM-EKF) filter when both use the same motion 
models. 
 
The particular implementation of the RC-SIS used in this 
paper thus employs the same two NCV motion models as 
the IMM-EKF filter.  At every update, each particle will 
reside in one of these 2 motion regimes; thus a portion of 
the particle cloud will represent maneuvering targets (high 
process noise) and the other transiting targets (low process 
noise).  This allows the track pdf to capture both transiting 
and maneuvering motion characteristics. 

4 Track Level Fusion 
In direct analogy with the operations of data association 
and filtering performed in the local nodes, two operations 
are performed in the global node of the hierarchical data 
fusion system: associations of local tracks, followed by 
fusion of associated local tracks to form global tracks.  
Brief discussions of these topics are provided in the 
following paragraphs.  The key point to be gleaned from 
these descriptions is that both the track association and 
track fusion approaches employ state and covariance to 
represent track state estimates.  In other words, they are 
based on the Gaussian assumption.  This is typical of 
currently fielded data fusion systems. 

4.1 Track-to-Track Association 
For the purpose of this study, a simple heuristic was used 
to associate local tracks with global tracks.  For each local 
track, an association metric was computed with each 
global track; if the best score was less than an association 
threshold based on anticipated true target and false alarm 
densities, the association of the local track with the 
corresponding global track was accepted, otherwise the 
local track was used to initiate a new global track.  The 
association metric ][kCij  between local track i  and 

global track j  on scan k  is of the form: 
 

][ln][][ 2 kSkdkC ijijij +=  (9) 

 
Here ][2 kdij  is the squared statistical distance between 
the tracks, given by: 
 

][~][][~][ 12 kxkSkxkd ijij
T
ijij

−=  (10) 

 
Here, ][~ kxij  is the Euclidean distance between the state 

vectors of the two tracks, and ][kSij  is the covariance of 
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this Euclidean distance.  The computation of ][kSij  in 
the presence of common process noise is beyond the 
scope of this paper but may be found in [12].  The second 
term in Eq. (9) is included to discourage tracks with large 
covariances from attracting associations at the expense of 
other, less uncertain tracks.  The vertical bars in this term 
indicate that the argument of the natural logarithm is the 
determinant of ][kSij . 

4.2 Track Fusion 
Once the associations between a global track j  and a set 

of local tracks },...,{ 2 Ni iii  has been established, several 
methods exist for updating global track j  with these local 
tracks [8].  For this study, we employ the Information 
Matrix [13] method of track fusion, generalized for the 
fusion of N  tracks, which yields the fused state estimate 

]|[ kkxF  as: 
(11) 
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The fused covariance is given by: 
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While more computationally cumbersome than simple 
convex combination, the Information Matrix method can 
be shown to be optimal in the presence of track 
correlations under some mildly restrictive conditions [13]. 

5 Multistatic Sonar 
The multistatic sonar measurement equation is based on 
the bistatic pairing of a source and receiver.  This pairing 
can be extended to a full field consisting of multiple 
receiver buoys and one or more sources buoys similar to 
the field shown in Fig. 2, which represents a typical 
multistatic field using a rectangular grid of 16 passive 
sonobuoys and a single active source located at the centre 
of the grid.  A measurement is derived from a bistatic 
source-receiver pairing when an acoustic signal is sent 
from the source and both the direct blast followed an echo 
reflected from a target are detected by the receive buoy.   
 

 
Figure 2: Typical Multistatic Sonobuoy Field.  Single 

Source (star) with Multiple Receivers (circles) 

5.1 Bistatic Measurements 
The geometry of a bistatic pair plays a large role in the 
observation of an echo.  We denote the elapsed time 
between the direct blast arrival and a reflected echo at the 
receiver as τ.  This quantity is commonly referred to as 
time difference of arrival (TDOA).  The quantity τ by 
itself defines an elliptical locus of points, with the source 
and receiver as foci, where a target that generated this 
observation might be located.  If the receivers are 
horizontally directional, as is the case with the common 
DIFAR sonobuoy, and as is assumed in this study, an 
additional direction-of-arrival, or bearing observation θ , 
is also available.  Taken together, the TDOA τ and bearing 
θ  define a position fix, whose polar coordinates relative 
to receiver R are given by the bearing θ  and the bistatic 
range: 
 

( )
( )[ ]ϕτ

ττ
cos12

22

−+
+=

Lc
LccrR  

(13) 

 
This bistatic range is expressed in terms of sound speed 
c , the source-receiver baseline L , and the bearing of the 
target with respect to L . i.e. φθϕ −=  where φ  is the 
bearing of source S relative to receiver R. It is interesting 
to note that this fix may be obtained without knowledge of 
the exact pulse transmission time at the source. 
 
For the purposes of target tracking, the measurement 

vector at time k  may be stated as [ ]T
kkkz θτ ,= , with 

covariance ),( 22
θτ σσdiagRk = .  We employ a track 

state vector representation of the form 
T

k kykxkykxx ])[],[],[],[(=  where ])[],[( kykx  
are 2D-Cartesian coordinate pairs and the dotted 
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quantities are their respective time derivatives, or velocity 
components. Given a source S at location ( )ss yx ,  a 

receiver R at location ( )RR yx , , and a target T at location 

( )TT yx , , the measurement equations are then given by: 
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Particle filters are theoretically well suited for the bistatic 
tracking problem since the measurement equations are 
clearly non-linear.  Because particle filters use the 
measurement equations directly, they are able to capture 
the non-linear non-Gaussian aspects of the measurement 
distribution, in a way the Kalman filter cannot. 
 

6 Trial Simulations 
The purpose of this research is to study the comparative 
performance of Kalman and particle-filter based sensor-
level tracking in the context of a typical hierarchical data 
fusion system in which the global, or track, fusion is 
performed using a Gaussian statistical model.  The testing 
was conducted in two phases in order to separate the 
performance of the filters as single-target trackers from 
their performance within the hierarchical data fusion 
system.  In both phases, tracker performance was assessed 
on the basis of the RMS position and velocity errors of the 
track versus the true target kinematic state. 
 

6.1 Single Target Single Sensor Bistatic 
Scenario 

In the first phase, the Kalman and particle filters were 
compared as single-target trackers. Scenarios were 
processed using the Interacting Multiple Model Extended 
Kalman Filter (IMM-EKF) as well as the Regime 
Conditioned SIS Particle Filter (RC-SIS).  Both trackers 
implemented a multiple-motion model architecture 
consisting of 2 NCV motion models with acceleration 
parameter q=0.0016 and q=0.16 respectively while initial 
model likelihoods were 0.6 and 0.4 respectively.   The 
state retained its regime between updates with likelihood 
of 0.9 regardless of the transition time.  The RC-SIS filter 

was run using Np=5000 particles and a resampling 
threshold of Nthr = 33%. 
 
The scenario consisted of a target traveling at near 
constant velocity with low process noise (q=0.0016) past a 
source receiver buoy pair.  Pings (measurements) were 
generated every 60 seconds over a 50 minute trial.  The 
probability of detection for each ping was set to pD = 0.9 
and there were no false alarms. 
 

 
Figure 1: Single Sensor Single Target Scenario 

 
The scenario was repeated for various levels of 
measurement error and for each trial results were 
computed over 100 Monte-Carlo simulations of the 
scenario.  The parameters for two such trials are described 
in Table 1. 
 

Trial τσ  θσ  
1 0.2 s 10o 
2 0.8 s 40o 

Table 1: Single Sensor, Single Target Trial 
Measurement Errors 

 
The Figs. 4, 5, 6, and 7 show the mean RMS position (m) 
and velocity (m/s) errors as function of time (ping count).   
These results show a significant improvement in track 
quality in the RC-SIS particle filter tests versus the results 
obtained with the IMM-EKF.   
 

 
Figure 4: Single Sensor Trial 1 IMM-EKF Results 
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Figure 5: Single Sensor Trial 1 RC-SIS Results 

 

 
Figure 6: Single Sensor Trial 2 IMM-EKF Results 

 

 
Figure 7: Single Sensor Trial 2 RC-SIS Results 

 
In both trials shown above, the particle filter outperforms 
its Kalman counterpart in both the position and velocity 
performance metrics.  While the position and velocity 
estimates of both filters become more accurate as the 
target approaches the receiver buoy, as the target moves 
away from the buoy the particle filter based tracker is able 
to maintain a more accurate track. 
 

6.2 Multiple Target Multistatic Scenario 
In the second phase of the evaluation process, several 
simulated trials were processed using the hierarchical data 
fusion system described in the paper.  The system could be 
configured to employ either the IMM-EKF or the RC-SIS 
particle filter for sensor-level tracking.  However, both 
filters reported local track state estimates to the global 
fusion node in terms of track state and covariance only, 
that is, in terms of the Gaussian assumption.  The 
Gaussian assumption was also employed in the local nodes 
themselves when computing hypothesis likelihoods.  The 
MHT hypothesis depth for both trackers was 1 scan; that 
is, hypotheses were constructed from measurements from 
the current and previous scans and tracks from the 
antepenultimate scan. 
 
In the scenarios, the sensors were arranged according to 
the buoy field described in Fig. 2.  Ten maneuvering 
targets were added with the trajectories shown in Fig. 8 
where time is indicated by the transition from blue to 
green.  The same scenario parameters used in single target 
scenario including ping repetition interval, and so forth 

were used for this multi-target scenario.  Results were 
again computed over 100 Monte Carlo trials. 
 

 
Figure 8: Multi-Target Scenario 

 
The difference between the performance of Kalman and 
particle based trackers were not nearly as evident in these 
Phase 2 trials as they had been for the Phase 1 trials.  The 
results of the Phase 2 trials are shown in Fig. 9 and Fig. 
10. 
 

 
Figure 9: Multi-Target Trial  IMM-EKF Results 

 

 
Figure 10: Multi-Target Trial  RC-SIS Results 

 
The discrepancy between the measurable performance 
benefit of the RC-SIS filter in the single-target case versus 
its negligible benefit in the multi-target case may seem 
puzzling at first sight.  We believe the lack of increase in 
performance for the RC-SIS filter in the multi-target case 
is due to the linear Gaussian approximations placed on the 
particle cloud pdf estimates for the purposes of track 
fusion and hypothesis likelihood calculations.  It should be 
noted that, as expected, the RC-SIS filter took 
significantly longer to process the trial data. 

7 Conclusion 
This paper has explored the use of particle filters in a 
typical hierarchical data fusion system in which the global 
track fusion is performed following a Gaussian statistical 
model.  Two phases of testing were conducted in order to 
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distinguish the intrinsic tracking performance of the 
particle filter from its performance within the context of 
the hierarchical data fusion system.  A regime-conditioned 
sequential-importance-sampling (RC-SIS) particle filter 
was selected for this study because of its compatibility 
with multiple motion models, which allowed direct 
comparison with the IMM-EKF with the same motion 
models, when assessed against multiple maneuvering 
targets.   
 
It was found through simulated trials that there is a 
significant performance benefit to tracking at the sensor 
level when using the RC-SIS particle filter.  Both the track 
position and velocity estimates showed a distinct 
improvement over the IMM-EKF.  These results are in 
agreement with theoretical predictions of the superiority of 
the particle filter in applications with non-linear or non-
Gaussian measurement or motion models. 
 
There was, however, a noticeable lack of improvement in 
the multi-senor case, in which the hierarchical data fusion 
system was employed.  We believe the observed lack of 
improvement may be principally attributed to the linear 
Gaussian approximation made on the discrete particle 
cloud by the fusion system when performing global track 
fusion.  Since the Gaussian approximation does not retain 
the non-Gaussian aspects of the posterior density function 
of the track state captured by the particle cloud, this 
approximation can incur a significant information loss. 
 
We employed a simple Minimum Mean Squared Error 
(MMSE) criterion in estimating the track state from the 
particle distribution.  It is possible that other state 
estimates, such as Maximum A Posteriori (MAP), may 
have yielded better performance.  But the fundamental 
conclusion seems to be that simple state and covariance 
estimates are inadequate for representing non-Gaussian 
state probability densities such as the ones encountered in 
the multistatic sonar use case employed in this study.  We 
are currently exploring alternate methods for representing 
these distributions that will hopefully retain more of the 
important information about local track state estimates 
required by the global fusion node of hierarchical data 
fusion systems. 
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