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Abstract—This paper develops a data fusion strategy for the
bistatic source-target-receiver geometry with left/right ambiguity
via particle filtering. The ambiguous contacts, as opposed to false
alarms, are coherent in time in the sense that a tracker would
generate two tracks: The true one and the ghost one. The problem
is complicated by the presence of missed detections of the target
and false alarms.

The Bayesian posterior distribution of the target state based
on all available information from sensors is reconstructed via
particle filtering methods. The posterior distribution is the opti-
mal estimation procedure in presence of the left/right ambiguity,
the only approximation derives from the particle representation.

The effectiveness of the estimation procedure is verified
using a real-world data set collected by the NATO Science
and Technology Organization - Centre for Maritime Research
and Experimentation during the Generic Littoral Interoperable
Network Technology sea trials in 2011.

Index Terms—Data fusion, Antisubmarine warfare, multi-
static active sonar, target tracking, particle filtering, left/right
ambiguity, underwater wireless sensor networks, autonomous
underwater vehicles.

I. I NTRODUCTION

Underwater detection and tracking systems have many ap-
plications, one of the most important being the anti-submarine
warfare (ASW). There are many challenges to be addressed
in designing ASW systems. In particular, submarine shapes
and profiles are designed in such a way that even detection
by active sonar is made difficult. In cases when just a single
source-receiver pair is used, the submarine can minimize, by a
clever navigation strategy, the sonar cross section with respect
to a particular target perspective. Consequently, an antistealth
system consists of multiple source-receiver pairs, or in other
words a multistatic configuration [1]–[3]. Strong echo returns
can be collected by the surveillance system, making almost
impossible for the submarine to hide itself.

The minimum multistatic configuration, consisting of a
single non-colocated source and receiver, is referred to asthe
bistatic configuration. Indeed, in practice a multistatic field
is commonly processed as a collection of bistatic source-
receiver pairs. The main difficulty in employing just a single
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bistatic pair is that the reflectivity of real targets is usually
highly dependent upon their orientation, such that correct
geometry between source, target, and receiver is critical in
order to achieve a good probability of detecting the echo
from the target. This ideal geometry is referred to as the
“glint” geometry, and, among other things, depends strongly
on the usually unknown, or poorly known, target heading.
The fundamental advantage of multistatics is that, throughthe
simultaneous deployment of multiple sensors, the probability
of detecting a “glint” echo is enhanced.

Common examples of receivers are towed line arrays [4];
sources are hull mounted sonars, and active sonobuoy sources.
Traditionally the arrays have been towed by submarines or
frigates, however this approach is manpower intensive.

Alternative methods have recently been suggested con-
cerning distributed mobile and stationary sensors, such as
sonobuoys and autonomous underwater vehicles (AUVs). In
contrast with the use of standard assets these small, low-
power, and mobile devices have limited onboard processing
and wireless communication capabilities. Due to their low cost
and hardware (software) low complexity, individual sensors
can only perform simple local computation and communicate
over a short range at low data rates. But when deployed in a
large number across a spatial domain, these primitive sensors
can form an intelligent network achieving high performance.
See [5] for an overview on the underwater wireless sensor
network is provided.

Because of their limited onboard computational capabili-
ties linear arrays with a conventional (rather than adaptive)
beamformer are considered. Single line array receivers are
cylindrically symmetric and, therefore, cannot discriminate left
from right, port from starboard. Such an ambiguity compli-
cates the detection and tracking algorithms and may cause
severe performance degradation. Several approaches have been
proposed to overcome these difficulties, including multiline
arrays, e.g. twin arrays [6] and triplet arrays [7]. Howeverthe
use of multiline arrays requires the use of a higher number
of hydrophones to achieve the same directivity of a single
line array (e.g. the double for the twin array). Given that in
ASW applications the sonar system works at low frequency, in



order to achieve the desirable directivity the minimum number
of elements is often prohibitively large and, considering also
the limited onboard computational capabilities, the choice of
a single linear towed array is then mandatory. On the other
hand, with this system solution, we are faced with the left-
right (LR) ambiguity problem, referred also as port-starboard
ambiguity. The ambiguous (often called ghost) contacts, as
opposed to false alarms, are coherent in time in the sense that
a tracker would generate two tracks: The true one and the
ghost one. The situation is complicated by the presence of
missed detections of the target and false alarms.

In the present paper a Bayesian filtering approach is pro-
posed to track the target state (position and velocity) in
presence of ambiguous data, missed detections of the target
and clutter. The port-starboard ambiguity is formally described
as a non-linearity in the measurement equation. The data from
the sensors are conditionally independent butnot identically
distributed as each sensor has its location/orientation with
respect to the target, which can be time varying. This charac-
teristic is a key feature to solve the LR ambiguity because the
truecontacts are all located around the target, instead theghost
contacts are located in the specular position with respect to
the heading of the sensor. If sensors’headings are not aligned
then the ghost reports are located in different areas of the
surveillance region and then are more likely to be false. The
full Bayesian posterior distribution of the target state based
on all available information from sensors, which contains the
complete solution to the estimation problem, is reconstructed
via particle filtering methods. Thus, a data fusion strategy
using a sensor network can discriminate LR, without triplets
or cardioids.

The approach developed here has been applied on real-world
data collected during sea trial experimentsGeneric Littoral
Interoperable Network Technologyin 2011 (GLINT11), con-
ducted by the NATO Science and Technology Organization -
Centre for Maritime Research and Experimentation (CMRE,
formerly known as SACLANTCEN and NURC). The NATO
research vessel (NRV)Alliance, the coastal research vessel
(CRV) Leonardo, and the CMRE’s underwater network with
the multistatic sonar system have been used during the exper-
imentations, and some results of this experimental campaign
are reported in the following.

The paper is organized as follows. In Sect. II we pose and
formalize the LR problem with miss detection and clutter.
Sect. III is devoted to describe the Bayesian dynamic estima-
tion procedure. Sea trial experimentation results are presented
in Sect. IV.

II. PROBLEM FORMALIZATION

In this section the LR problem is described. A network
of Ns sensors (or vehicles) is considered. A single target
is assumed to sail across the surveillance regionS, and the
objective of the sensor network is to estimate its kinematic
state at each time scank.

Assuming that the target and vehicles sail in shallow water
and the sonar system works at low-frequency and long-range,
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Fig. 1. Sketch of the left/right ambiguity in the bistatic geometry.

the geometry can be considered approximately planar for the
sound propagation and the depth can be neglected. In fact the
range distance between the target and the receivers (or source-
target-receiver in the bistatic setup) can be in the order of
kilometers while in many scenarios the depth is typically inthe
order of hundreds of meters. The depths of the target, receivers
and source become important in terms of signal-to-noise ratio
(SNR) due to the constructive/destructive interference ina
multipath environment. Optimal strategies can be adopted in
order to maximize (or minimize from the point of view of
the target) the SNR and consequently the target detection
probability. However in this work we assume for simplicity
that the SNR is uniform and constant inS and the issues
related to the depth dimension are neglected. This assumption
is commonly adopted in the topical literature, see e.g., [8], [9].

A. Target dynamic model

The target dynamic, defined in Cartesian coordinates, is
expressed in terms of a Markovian process [9], the target
motion state vector isxk = [xk, ẋk, yk, ẏk]

T , where the
two positions arexk, yk, and ẋk, ẏk are the corresponding
velocities. Given the typical motion of the targets, a nearly
constant velocity model [9] can be adopted

xk = F kxk−1 + Γkvk, (1)

where F k is the state transition matrix,Γkvk takes into
account the target acceleration or unmodeled dynamics. The
term vk is typically assumed to be Gaussian with zero-mean
and covariance matrixQ.

F k =




1 Tk 0 0
0 1 0 0
0 0 1 Tk

0 0 0 1


 ,Γk =




T 2
k /2 0
Tk 0
0 T 2

k /2
0 Tk


 ,

andQ = σ2
vI.

B. Target’s measurement model for the LR problem

In this subsection the model for the target’s originated
measurements is mathematically introduced for a generic
sensor. The specific feature of the LR ambiguity problem
is that there aretwo measurements originated by the target,
and the system does not know in advance which one of
these is correct. Then the measurement function [9] has as
output two measurements, one on the leftzL

k = HL
k (xk,wk)

and another one on the rightzR
k = HR

k (xk,wk). Consider
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Fig. 2. Sea trials GLINT11. (a) Target trajectory, bistaticsetup with locations of the source (DEMUS) and receivers AUVs. (b) Locations and headings of
Harpo. (c) Locations and headings of Groucho. The target consists of an echo repeater towed by the CRV Leonardo.

the unambiguous measurement functionHk(xk,wk), which
gives as output thetrue target’s originated measurementzk.
If the target is on the left with respect to the sensor then
HL

k (xk,wk) = Hk(xk,wk), otherwise if the target is on the
right HR

k (xk,wk) = Hk(xk,wk). In other words given that
the target is on the right the left contact is a deterministic
function of the right contact and viceversa.

Let us consider the geometry given in Fig. 1. Letsk =
[sxk, s

y
k]

T denote the source position at time scank, while the
sensor array position and his heading angle are indicated by
pk = [pxk, p

y
k]

T and hk, respectively. The sensor measures
the bistatic rangebk from source to target to receiver and
the bearing angle relative to array headingθk1. The non-
ambiguous measurement functionHk(xk,wk) is given by

zk =

[
bk
θk

]
=

[
‖xp

k − pk‖+ ‖xp
k − sk‖ + wb

k

tan−1
(

yk−p
y

k

xk−px
k

)
− hk + wθ

k

]
,

wk =

[
wb

k

wθ
k

]
∼ N

([
0
0

]
,

[
σ2
b 0
0 σ2

θ

])
,

where wb
k and wθ

k are the additive noise to the range and
bearing. The LR ambiguity contacts have the same bistatic

1Typically the angles in sonar systems are defined clockwise from the
North.

range measurement but different bearing angles, oneθLk from
receiver to the target on the left side, and another oneθRk from
receiver to target on the right side. ThenzL

k =
[
bk, θ

L
k

]T
and

zR
k =

[
bk, θ

R
k

]T
are given by





θLk = θk, θRk = −θLk , if tan−1

(
yk − pyk
xk − pxk

)
≥ hk,

θRk = θk, θLk = −θRk , if tan−1

(
yk − pyk
xk − pxk

)
< hk,

note that it always holds thatθLk = −θRk ∈ [0, π], with θk ∈
[−π, π].

C. Measurement model in presence of missed detections and
clutter

Underwater applications are typically affected by the fact
that the detector exhibits both false alarms and missed detec-
tions. Then the noisy return from the true target, if any, is
not only affected by the LR problem but appears unlabeled
amongst a group of uniformly distributed returns not origi-
nated by the target, usually referred to as false alarms. In the
target tracking literature this model is known as measurement-
origin uncertainty (MOU) [9]–[13], here the MOU is extended
for the case of the LR ambiguity, and can be referred as
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Fig. 3. Sea trials GLINT11. (a) Target trajectory and tracksgenerated from a standard MHT tracker on Harpo. (b) Target trajectory and tracks generated
from a standard MHT tracker on Groucho. The target consists of an echo repeater towed by the CRV Leonardo. The single vehicle generates both true and
ghost target tracks.

MOU-LR. At each time scank a set of data is observed,
whose cardinality is the number of detections. Given that in
ASW applications the sonar system is assumed to work at
low frequency the target is well approximated as a point,
then at most one target-originated measurement is possible
with a fixed detection probabilityPD [9]. All the other
measurements are clutter, independent from the target’s state,
whose number is typically modeled as a Poisson with rateλ.
A single clutter measurement is distributed uniformly in the
surveillance region and generates two ambiguous contacts due
to the LR problem. The clutter measurements, the detection
events, and the number of clutter are independent across the
time k and are conditionally independent across sensors.

The data setZs,k of the whole measurements for thesth

sensor at timek is defined asZs,k =
{(

zU
i,s,k

)}ms,k

i=1
where

ms,k is the number of measurements,zU
i,s,k can be either the

left contactzL
i,s,k or the right contactzR

i,s,k of the ith, this
is due by the fact that from the left contact we can recover
the right one and viceversa. The aggregate in time of the
whole data up tok is indicated asZ1:k = Z1, Z2, . . . , Zk,
where Zk = {Zs,k}

Ns

s=1. Given that it is not possible to
deterministically discriminate between the clutter and the
target’s originated measurement, the whole setZ1:k has to
be used to estimate the target state up to timek.

III. B AYESIAN DYNAMIC STATE ESTIMATION

In the Bayesian approach to dynamic state estimation, the
goal is to construct the posterior pdf of the state based
on all available information, including the set of received
measurements. Since this pdf embodies all available statistical

information, it contains the complete solution to the estimation
problem, and the optimal (with respect to any criterion)
estimate of the state may be obtained from the posterior.

The posterior of the target’s state (1), indicated by
P (xk |Z1:k ) is given by the Bayes’ rule

P (xk |Z1:k ) =
Lk (Zk |xk )P (xk |Z1:k−1 )

P (Zk |Z1:k−1 )
, (2)

where the prior at timek is given by

P (xk |Z1:k−1 ) =

∫
P (xk |x )P (x |Z1:k−1 ) dx, (3)

andP (xk |x ) is ruled by the dynamic model (1). The scaling
factor can be computed by

P (Zk |Z1:k−1 ) =

∫
Lk (Zk |x )P (x |Z1:k−1 ) dx.

Given that the sensors are conditionally independent, the
likelihood Lk (Zk |xk ) can be factorized

Lk (Zk |xk ) =

Ns∏

s=1

Ls,k (Zs,k |xk ) ,

whereLs,k (Zs,k |xk ) is the likelihood of thesth sensor at
time k, and is derived in a companion paper [14].

A. Particle filtering approach

While the posterior pdf (2) has optimality properties with
respect to any possible Bayesian criteria for the LR problem,
no analytic solution is available, i.e. an approximate filter is
required. Given the strong non-linearities present in the model
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Fig. 4. Sea trials GLINT11. Target trajectory, estimated trajectory, contacts from AUVs, Harpo and Groucho. The target consists of an echo repeater towed
by the CRV Leonardo.

described in Sect. II the most suitable approach is that of the
particle representation of the posterior [15].

Assume that at timek − 1, a set of weighted particles{
w

(i)
k−1,x

(i)
k−1

}NP

i=1
representing the posterior is available

P (xk−1 |Z1:k−1 ) ≈
NP∑

i=1

w
(i)
k−1δxk−1

(
x
(i)
k−1

)
, (4)

whereδy (x) is a delta function centered iny. The particle
filter proceeds to approximate the posterior at timek by a

new set of weighted particles
{
w

(i)
k ,x

(i)
k

}NP

i=1
as described

in Algorithm 1. Particle are sampled from the importance
sampling distributionq

(
·
∣∣∣x(i)

k−1, Zk

)
, see details in [15].

Then particle weights are updated based on the likelihood
function of the observed dataZk from all sensors, and the
dynamic model, see eq. (5). A resampling strategy is then
adopted to avoid the particle degeneracy problem, e.g. see [15].
In the following we have used a bootstrap particle filter with
NP = 5 104.

IV. SEA TRIAL EXPERIMENTATION RESULTS

The results reported in this section are based on the data
collected during GLINT11. The main tool of research for the

Algorithm 1 Particle multi-sensor filter for the LR problem
At time k ≥ 1

• Sampling Step
- For i = 1, . . . , NP , samplex̃(i)

k ∼ q
(
·
∣∣∣x(i)

k−1, Zk

)
,

set w̃(i)
k =

Lk

(
Zk

∣∣∣x̃(i)
k

)
P
(
x̃
(i)
k

∣∣∣x(i)
k−1

)

q
(
x̃
(i)
k

∣∣∣x(i)
k−1, Zk

) w
(i)
k−1. (5)

- Normalise weights:
∑NP

i=1 w̃
(i)
k = 1.

• Resampling Step

- Resample
{
w̃

(i)
k , x̃

(i)
k

}NP

i=1
to get

{
w

(i)
k ,x

(i)
k

}NP

i=1
.

sea trials was CMRE’s Ocean Explorer (OEX) AUV used
in combination with the BENS towed-array. The OEX is an
untethered AUV of length 4.5 m and a diameter of 0.53 m.
It can operate down to 300 m. It has a maximum speed
through the water, when towing the array, of 3 knots. Battery
constraints limit the lifetime of any mission to about 7 hours.
The OEX is equipped with two independent modems WHOI
for communication of data with the command centre and for
passing of information between vehicles. Two OEX-AUVs



have been used:Harpo andGroucho.
In line with other efforts the approach for controlling

communication, algorithmic functioning and platform control
is carried out under MOOS-IvP (Mission Orientated Operating
Suite Interval Programming), the software architecture which
has been developed at MIT and Oxford University.

The BENS array is an adaption of the Slim Towed Array for
AUV applications (SLITA) array [16] and as such based on the
same underlying technology. The array has 83 hydrophones of
which sets of 32 can be chosen to give a frequency coverage
from 750 to 3400 Hz. Furthermore the array is equipped with 3
compasses and two depth sensors to aid with the reconstruction
of the dynamics of the array.

The Deployable Experimental Multistatic Undersea Surveil-
lance (DEMUS) source is a programmable bottom-tethered
source capable of high source levels based on free-flooded
ring technology. It has a maximum source level of 217 dB. It
is equipped with a WHOI modem which allows it to be turned
on and off remotely by means of another compliant acoustic
modem. In this mode the source acts as a cueable stand off-
source which can allow AUVs to change the overall systemŠs
mode of operation from, for instance, passive to active. The
DEMUS source is equipped with a radio buoy so that the
acoustic signals to be transmitted can be altered by means
of a radio connection. It also has a GPS unit which allows
a very accurate transmission time and position of the source.
This level of information could be used subsequently to aid
the AUV in determining its position more accurately. An echo-
repeater (ER), towed by the research vessel Leonardo, is used
in the experiment as a reproducible and controllable target.

The AUV based processing chain which we have imple-
mented is constrained to run on relatively low powered pro-
cessing boards̋U in order to limit power consumption within
the vehicleŰ and is designed to be robust, obviously requiring
no human intervention and able to cope with occasional
drop-outs of data and corrupted samples. The approach is
based heavily on the signal processing chain which has been
developed at CMRE for general array-based systems [17].
The processing chain used is presently only implemented for
FM waveforms. For speed and ease of implementation on the
vehicle the beamforming and matched filtering is carried out
in the frequency domain whilst the normalization, detection
and contact formation is carried out in the time domain.

The setup of the experiment is given in Fig. 2, where we de-
pict the location of the DEMUS (yellow diamond), trajectories
of the AUVs, Harpo (blue circle) and Groucho (green circle)
with related headings (arrow), and of the ER (black dashed
line). The source is located in(6.1 km, 8.2 km). The target sails
from the location(8.8 km, 6.5 km) to (6.8 km, 10 km) and then
goes back to the initial position(8.8 km, 6.5 km). The AUVs
sail south-east of the source position and the target trajectory.
In Fig. 3 using the contacts collected respectively by Harpo,
panel (a), and by Groucho, panel (b), we plot the output tracks
of a multiple hypothesis tracking (MHT) algorithm which does
not take into account the LR ambiguity. As it was expected
many ghost tracks are generated, indicated by the red dashed

ellipse. As opposite the proposed particle filtering procedure,
described in Algorithm 1, for the same scenario is able to
“reject” the ghost contacts in the sense that particles which
follow the true trajectory have larger weight with respect to
others that track ghost trajectories, see Fig. 4. It is possible to
recognize that while the ghost tracks are filtered out the target
trajectory is correctly estimated.

V. CONCLUSION

A target tracking strategy for the bistatic source-target-
receiver geometry with left/right ambiguity is developed and
studied using particle filtering methods. The effectiveness of
the estimation procedure is verified using a real-world dataset
collected during sea trial experiments, conducted by CMRE
during GLINT11. A comparison is also provided with respect
to a standard target tracking approach which ignores the LR
problem.
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