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Abstract— This paper presents the results of using a multiple
stage tracker to improve tracking results on a multistatic sonar
dataset. The tracker consists of a predetection fusion step, an
extended Kalman filter implementation of joint probabilistic data
association (JPDA), and a Monte Carlo implementation of JPDA.
The predetection fusion step, combined with the first EKF-JPDA
step is used to detect targets and initialize tracks in the Monte
Carlo JPDA tracker. The Monte Carlo JPDA tracker allows for
the use of multiple models, as well as accurately modeling the
measurement uncertainty without linearity approximations. The
multiple stage tracking system results in improved localization
and decreased fragmentation when compared to the baseline
tracker.

I. INTRODUCTION

Multistatic active sonar fields are becoming more com-
mon in marine surveillance applications. The large number
of receivers and transmitters allows for increased (overall)
probability of detection and coverage area. However, the in-
creased number of sensors also increases the number of clutter
contacts, which can make tracking dim objects difficult. Here
we evaluate a multi-stage tracking framework that cascades
two trackers with the goal of accurately estimating object
locations in a multistatic field.

The complete tracking system consists of several steps: a
clustering-based predetection fusion, a extended Kalman filter
(EKF) with joint probabilistic data association (JPDA) for
cluster-track association, and a multiple model Monte Carlo
JPDA (MCJPDA) implementation of a particle filter. The
clustering-based predetection fusion step clusters all the con-
tacts across receivers for a single transmitted ping. The clusters
are fused and passed to the EKF-JPDA filter. This tracker stage
manages all potential tracks and passes confirmed tracks (and
their initial state estimates) to the MCJPDA tracker stage. The
MCIJPDA tracker stage improves tracking performance in both
localization and fragmentation.

The overall tracking performance is evaluated on the PAC-
sim dataset, a simulated multistatic dataset [1]. Two of the
dataset’s three scenarios are used to evaluate the tracker. Each
has five transmitters, 16 receivers. Both fixed and mobile
targets are modeled. It includes objects of varying probability
of detection (P,), including very dim targets, characterized by
a P, of less than 0.1 per receiver.

Section II discusses other approaches to tracking multistatic
sonar data. Section III details the different stages of the tracker.
Section IV describes the PACsim dataset used to evaluate the

tracker. Section V discusses the tracking results and compares
them to the baseline.

II. RELATED WORK

As multistatic sensor systems have become popular, many
approaches to tracking have been explored applied to the
problem. One approach uses multiple levels of Maximum
Likelihood Multiple Hypothesis Tracking (MHT) to detect and
track targets in a multistatic field [2]. The first pass detects
targets across all receivers on a single transmitted ping, the
second tracks targets over time. In the ML-MHT implemen-
tation, only contacts are passed between the receivers.

Other approaches apply existing trackers to the raw data.
A Gaussian mixture implementation of MHT, combined with
careful analysis of the data and parameter tuning is able to
attain good tracking results. It has also been modified to
include feature data [3]. Two more computational intensive
trackers, the Sequentially Sampled Particle Filter with Exis-
tence (SSPFE) and Joint Integrated PDA (JIPDA) trackers
were able to track dim targets in moderate clutter, but struggled
in higher clutter scenarios [4].

An alternative to the trackers above is to use a predetection
fusion step before tracking. The goal of predetection fusion is
to combine measurements across receivers to reject clutter,
decrease the number of contacts presented to the tracker,
and improve localization. Predetection fusion has shown good
performance on multistatic tracking datasets [5], [6]. The
clustering-based predetection fusion is used as the first stage
in the tracker presented in this work.

III. TRACKING FRAMEWORK

The multistage tracker presented here consists of a
clustering-based predetection fusion step, an EKF-based im-
plementation of JPDA, and a Monte Carlo implementation of
JPDA. Predetection fusion and the EKF-JPDA tracker are used
to initialize tracks and reject clutter contacts, while the more
computationally intensive MCJPDA tracker is used to obtain
an accurate estimate of target locations.

A. Clustering-Based Predetection Fusion

As mentioned in Section I, there are many difficulties in
tracking targets in multistatic active sonar fields. Many stan-
dard approaches are able to track targets with some success,
but performance often suffers on very dim or maneuvering
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targets. Results can be improved through careful tuning of the
tracking parameters and post-track classification [3], [4], [7].

Another approach is to apply a fusion step before tracking
the data, referred to as predetection fusion. This approach com-
bines the sensor measurements before thresholding or tracking.
Here, the clustering-based predetection fusion approach is
applied to the raw data [6].

Most clustering algorithms operate on a similarity (or
distance) matrix that is created by calculating the pairwise
distance between every measurement. In multistatic sonar, the
choice of distance measure is key, and must appropriately
model the measurement error distributions. The likelihood-
based similarity used for clustering allows for comparison of
measurements across receivers, as well as incorporation of
Doppler, amplitude, and other features [6].

The similarity matrix is used as the input to agglomerative
clustering, with “complete” similarity used as the inter-cluster
similarity [8]. Complete similarity defines the similarity of two
clusters as the similarity of the two least similar contacts in the
clusters. This results in more, smaller clusters and has shown
to have good performance in clustering sonar contacts [9].

After clustering, the contacts in each cluster are fused
into a single measurement, and can be classified as based
on characteristics of the clusters themselves (e.g. number
of contacts and posterior probability of the fused contact)
or features of the contacts within the cluster (e.g. averaged
features).

B. Joint Probabilistic Data Association with Extended Kalman
Filter

After the contacts have been clustered and fused in the
predetection fusion step, they are passed to an EKF implemen-
tation of JPDA. The goal of this stage is twofold: initialization
of target tracks for the next stage and selection of contacts to
pass to the next stage. Both of these goals result in decreased
runtime for the computationally intensive MCJPDA tracker.

As there are many references for JPDA, the derivation is
not included here. For an in-depth discussion of JPDA, the
reader is directed to [10], [11].

The motion model used for the extended Kalman filter is
a nearly constant velocity model, and therefore has states
[z, y, &, y]. The process noise weight is o, = 1 x 1073, P, for
FM and CW pings are selected to be 0.7 and 0.2, respectively.
These differ from the per-receiver values for P,, as they are
the detection probabilities at the output of the predetection
fusion stage.

Results using only the predetection fusion and EKF-JPDA
tracker have been presented previously, and will be used as a
baseline [9], [6].

1) Track Management: Track initiation is done using a 1-
point initiation technique. Tracks are started at all clusters that
do not gate with an existing track, and are initialized to have
a velocity of zero.

Track confirmation and deletion are handled by a slightly-
modified Sequential Probability Ratio Test (SPRT). The stan-
dard SPRT is modified to have a maximum score, which stops

high-score tracks that lose the target from continuing for too
long.

C. Monte Carlo Joint Probabilistic Data Association with
Multiple Motion Models

The EKF-JPDA implementation suffers for two main rea-
sons: the Kalman filter is unable to track targets as they make
a sharp turn and the modeling of the error from the fused
clusters is inaccurate. To overcome these, the second stage
of the tracker is an implementation of MCJPDA, modified
to include multiple models [12]. MCJPDA allows for more
accurate tracking, however it is much more computationally
complex. To ensure that resources were allocated effectively,
MCIJPDA tracks were only initialized on tracks that had been
confirmed by the EKF-JPDA. Additional logic ensures that
tracks are not duplicated in the MCJPDA tracker, which is a
possibility due to the tendency of the EKF-JPDA tracker to
fragment tracks.

The inputs to the MCJPDA filter are the raw measurements,
not the fused clusters. This allows the algorithm to appro-
priately model the measurement error in bearing, range, and
Doppler.

Two models are used in this tracker: one with a low process
noise (0, = 5 x 1077) and one with a high process noise
(0g =1x 1073). The first model allows for accurate tracking
while the target is not maneuvering, and the second allows for
the target to be tracked if it makes a sharp turn.

MCIJPDA was implemented using the following parameters
and design choices. Each track had 1000 particles, and resam-
pling was done if the number of effective particles dropped
below 500. The proposal density used was a mixture of the
bootstrap density (the distribution due to the dynamics of
the target) and the measurements which gated with the prior
estimate of target position, as recommended in [12]. P, for
FM and CW pings are selected to be .25 and .05, respectively.
These values were selected by calculating the average Py for
targets in the dataset.

IV. PACSIM DATASET

The PACsim dataset was created by Doug Grimmett for
the MSTWG (Multistatic Tracking Working Group) [1]. The
dataset consists of three scenarios, each with 5 transmitters
and 16 receivers. The first two scenarios are used to evaluate
the cascaded tracker system Both continuous wave (CW) and
frequency modulated (FM) waveforms were simulated, with
the transmitted pings alternating between the two. For CW and
FM pings, the bearing measurement error is additive Gaussian
with mean 0.0° and standard deviation 4.0°. For CW pings, the
bistatic range error is additive Gaussian with mean 0.0 s and
standard deviation 0.1 s. Additionally, a Doppler measurement
is available, and it is corrupted with Gaussian noise with
standard deviation 0.21 m/s. For FM pings, the bistatic range
error is additive Gaussian with mean 0.0 s and standard
deviation 0.4 s. The soundspeed is a constant 1500 m/s
and there is no blanking region included in the simulation.
Scenarios A and B have a clutter rate of approximately 22
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Fig. 1. Ground truth plot and sensor layout for Scenario A of the PACsim

data set. Two targets are present. One moves during the scenario (red line),
and the other is stationary (black ‘+’). There are 5 sources (red stars) and 16
receivers (blue circles).
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Fig. 2. Ground truth plot and sensor layout for Scenario B of the PACsim
data set. Six targets are present. Four move during the scenario (red, blue,
green and magenta lines), and the other two are stationary (black ‘+” and ‘x’).
There are 5 sources (red stars) and 16 receivers (blue circles).

false contacts per receiver per ping. Figures 1 and 2 show
the ground truth for the scenarios included with the PACsim
dataset.

The PACsim dataset contains targets of varying difficulty.
For scenario A, there is one moving target with a moderate

probability of detection, Py and one fixed clutter point. Sce-
nario B has two targets with moderate P, two difficult targets
and two fixed clutter points. Table I compares the probability
of detection across scenarios and the type of ping (CW vs
FM).

[ JTarget [ T ] 2 [ 3 ] 4 1 5 71 6 ]

A CW 0.21 0

A FM 047 | 044

B CW 0.14 | 0.15 | 0.10 | 0.01 0 0

B FM 053 | 052 | 0.11 | 0.11 | 047 | 047
TABLE 1

COMPARISON OF PROBABILITY OF DETECTION ACROSS SCENARIOS AND
TRANSMITTED WAVEFORM TYPE.

V. RESULTS

Here we discuss the results of the cascaded tracking system.
The baseline used is the JPDA tracker with extended Kalman
filter for state estimation and prediction, using a clustering-
based predetection fusion step.

A. EKF-JPDA Baseline

In scenario A, there are two targets. A fixed target, which is
tracked well by the baseline tracker. It also contains a moving
target, that moves in straight lines for a long period of time,
then makes sharp turns. As shown in Figure 3, the tracks tend
to fragment on the sharp corners, or at the least overshoot.
This is the result of the mismatch between the nearly constant
velocity model with the target dynamics. It would be possible
to increase the process noise to allow the target to be tracked
as it turns, however that would increase the localization error
in the straight sections.

PACsim scenario B contains six targets. There are two fixed
targets, which are tracked well by the baseline tracker. The two
high P, targets (red, green) are well localized, but again suffer
from overshoot on the turns as well as fragmentation. The
lower P, targets (blue, magenta) are tracked well for portions
of the scenario, but are difficult to track due to their very low
probability of detection.

B. Cascaded Trackers

Using the cascaded tracking system, the target is tracked
continuously around the turns, with minimal overshoot. This
is due to both the multiple models used for tracking and also
the accurate modeling of the measurement uncertainty. The
result is improved localization error in the straight sections, as
well as decreased fragmentation. There is a small increase in
localization error for the fixed target on some pings. This is due
to the “turn” model matching contacts that are far away from
the fixed clutter point. This could be avoided by automatically
classifying the target as a fixed point, and disabling the high-
variance turn model.
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Fig. 3. Results of the clustering preprocessing and EKF-based tracker on

scenario A. Note the overshoot and track break on the sharp turns.

4 PACSim Scenario B

Fig. 4. Results of the clustering preprocessing and EKF-based tracker on
scenario B. Note the multiple parallel tracks that exist until they converge
and are appropriately merged. The EKF tracker again performs poorly on the
turns, resulting in fragmentation and increased error.

VI. CONCLUSION

Using the cascaded tracker in PACsim scenario A results
in obvious gains. Localization error and track fragmentation
are both decreased. Performance on PACsim B is improved
for high P targets. However, results are mixed for the lower
P, targets. Some areas show improvements, while others are
worse. This is likely due to the incorrect selection of Py
parameters for the data. The same P is used for all tracks, and
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Fig. 5. Results of the cascaded tracking system. Note the lack of fragmen-

tation and overshoot on the turns.
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Fig. 6. Results of the cascaded tracking system. The cascaded tracker reduces
fragmentation for the green and red targets. It also improves localization for
the red target. For the lower P, targets (blue, magenta), the performance is
very similar to the baseline. It has worse performance in some areas, and
improved in others (near the end of the blue track, for example).

it would be better to use location-dependent or track-dependent
values.

There are several open questions that the authors are cur-
rently exploring. There are many ways to have the trackers
interact, and it is not yet known which is the best. For example,
if a contact gates with an MCJPDA track, it could be excluded
from the EKF tracker. This could potentially allow for the



detection of closely spaced targets. For the MCJPDA tracker,
only two models are used: a high and low noise model.
Another option is to use turn models, which may perform
better for other types of data.

The EKF-JPDA tracker is only one method for initializing
tracks for MCJPDA. The use of a particle filter has been
explored for similar data [13]. Another possible method is to
extend the clustering step across multiple pings, and use that
method for initializing tracks.

One research area of interest is applying this type of
cascaded tracker to multstatic passive radar data, similar to
the approach used in single frequency networks [14].
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