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Joint Probabilistic Data Association Tracker
for Extended Target Tracking Applied to

X-Band Marine Radar Data
Gemine Vivone and Paolo Braca, Member, IEEE

Abstract—X-band marine radar systems are flexible and
low-cost tools for monitoring multiple targets in a surveillance
area. Although they may suffer from several sources of interfer-
ence, e.g., sea clutter, they can provide high-resolution measure-
ments in both space and time. Such features offer the opportunity
to get accurate information not only about the target kinematics,
i.e., positions and velocities, as other conventional radars, but also
about the targets’ extents. This research area is named extended
target tracking (ETT). In this paper, we propose a signal process-
ing chain composed by a detector and a joint probabilistic data
association (JPDA) tracker to handle the problem of multiple ETT
and to jointly estimate both the targets’ kinematics and their sizes,
i.e., length and width. The performance assessment is conducted
on real data acquired by an X-band marine radar located in the
Gulf of La Spezia, Italy. The experimental results demonstrate the
ability of the processing chain to reach high performance with a
limited computational burden.

Index Terms—Extended multitarget tracking, joint
probabilistic data association (JPDA) tracker, maritime
surveillance, radar imaging, target detection, X-band marine
radar.

I. INTRODUCTION

T HE oceans connect nations globally through an inter-
dependent network of economic, financial, social and

political relationships. The maritime environment includes
trade routes, choke points, ports, and other infrastructure such
as pipelines, oil, and natural gas platforms and transoceanic
telecommunications cables [1]. Thus, securing the waterways
becomes of critical importance, and surveillance activities take
on a central role. Ship traffic monitoring represents one of the
biggest challenges (e.g., in terms of law enforcement, search
and rescue, environmental protection, and resource manage-
ment) and, in the last years, it has stimulated intensive research
activities, e.g., [2]–[8].

Radars are widely exploited technologies for maritime
surveillance. Inside this category, pulse compression X-band
marine radar systems represent flexible and low-cost tools for
tracking multiple targets (e.g., cargo ships and rubber boats).
Features such as high resolutions in both space and time make
these kinds of systems very appealing. Indeed, these systems
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are also able to provide indications about the targets’ extents
that are seldom reached using conventional radars. On the one
hand, this further information can help subsequent signal pro-
cessing steps, e.g., target classification. On the other hand, one
of the main assumptions of tracking algorithms, i.e., the tar-
get can generate at most one detection per frame, is not valid.
Thus, the development of new techniques is required to prop-
erly track extended targets (i.e., targets that occupy more than
one radar cell). This research area is called extended target
tracking (ETT).

Several approaches to solve the ETT problem can be found
in literature and some powerful instances are briefly described.
Bar-Shalom [9, pp. 809–879] proposed to segment the acquired
image. Clustering and centroid extraction phases are exploited
to feed a standard probabilistic data association (PDA) algo-
rithm, whereas, a technique for data association using mul-
tiassignment to track a large number of closely spaced (and
overlapping) objects is presented in [10]. In [11], Gilholm and
Salmond proposed an approach for ETT under the assump-
tion of Poisson-distributed measurements. Sequential Monte
Carlo methods are also considered in [12] and [13], where
the track-before-detect theory is exploited. The random hyper-
surface model is introduced in [14]. A different framework
to track extended targets under the hypothesis of elliptical
spread of targets is pioneered by Koch in [15], where an
approximate Bayesian solution to the target tracking problem is
proposed. Proper measurement models to deal with the radar’s
measurement noise and its conversion into Cartesian coordi-
nates are proposed in [16] and tested on real X-band radar
data. Mahler proposed in [17] an extension of his probability
hypothesis density filter [18] to tackle the multiple ETT prob-
lem. An implementation based on Gaussian inverse Wishart
distributions is presented in [19]. An interesting application
using real-world radar data, acquired during the recovery oper-
ations of the Costa Concordia wreckage in October 2013, is
reported in [20] and [21]. This represents a powerful example
of using multiple extended target tracking algorithms on real
X-band radar data. A high accuracy of this approach is expected
because it is able to handle the randomness in the clustering pro-
cedure based on a hierarchical clustering. Furthermore, except
for the detection step, no other procedure is required and the
tracking is done without any feature extraction phase (which
is implicitly performed using the random matrix framework
to approximate the probability hypothesis density). The other
side of the coin is represented by the high computation burden
due to the hierarchical clustering and the approximation of the
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probability hypothesis density. Thus, the real-time requirement,
that is of great importance for maritime surveillance applica-
tions, is not guaranteed. The comparison with this approach is
out of scope and is left as a future development.

In this paper, we propose to deal with the multiple ETT prob-
lem developing a signal processing chain to obtain both high
tracking performance and a limited computational burden. The
latter is a desirable feature when a huge amount of data has to
be processed due to the high spatial resolution of the acquisition
system.

The signal processing chain consists of four steps. A pix-
elwise detector is developed first to generate a detection map.
Then, a binary postprocessing relied upon morphological oper-
ators [22] is applied to enforce the spatial coherence in the
detection map. Afterwards, a clustering and a feature extraction
phases are performed to meet the hypotheses of conventional
multitarget tracking approaches. Finally, the standard joint
PDA (JPDA) tracker [19, pp. 385–460] is adapted to provide
the tracking outcomes. The validation is conducted on real
data (about 900 frames) acquired by an X-band marine radar
installed in the Gulf of La Spezia, Italy. The automatic identi-
fication system (AIS) messages are used as ground truth. A set
of performance metrics (i.e., time on target, track fragmentation
and accuracy, and false alarm rate) are used for performance
assessment purposes. The signal processing chain has demon-
strated its ability in tracking extended targets with an overall
time on target about 85%, an almost ideal track fragmentation,
a reduced false alarm rate, and an elevate track accuracy for the
kinematic parameters. Furthermore, the computational analysis
has shown that the proposed approach can process 3800 × 200
pixels in about 1 s, thus assuring the real-time requirement that
is of great importance for maritime surveillance applications.
The work presented in this paper is an extension of previ-
ously reported progress on ETT applied to X-band marine radar
data [23].

This paper is organized as follows. Section II is devoted to
the description of the signal processing chain, while the perfor-
mance assessment on real X-band marine radar data is provided
in Section III. Finally, conclusions are drawn in Section IV.

II. PROCESSING CHAIN

One of the most common approaches to deal with the tar-
get tracking problem is to divide it into two subproblems:
target detection and tracking [9]. Despite multiple extended tar-
gets and the cluttered environment, the proposed processing
chain is able to answer questions like: How many targets are
in the surveillance area? What is the estimation of their sizes,
velocities, and positions?

Its processing steps are briefly described in Algorithm 1 and
depicted in Fig. 1.

A. Pixelwise Detector

Let us define dk = [d1k, . . . , d
i
k, . . . , d

n
k ]

T the vectorial form
of the acquired image with dik ∈ R+, where k indicates the kth
frame (ranging from 1 and the maximum number of frames K),

Fig. 1. Signal processing chain at frame k.

Algorithm 1. Signal Processing Chain at Frame k

[X̂k,Pk] = ProcessingChain[X̂k−1,Pk−1,dk]

1) Apply the pixelwise detector in Section II-A to the data
dk to get the detections ĉk.

2) Filter out the land clutter and apply the morphological
operators to ĉk as described in Section II-B.

3) Cluster the data provided by the previous step and
perform the feature extraction under ellipsoidal shape
hypothesis as described in Section II-C to get the JPDA
observation set Zk.

4) Feed the JPDA tracker (see Section II-D) using Zk and
the target state estimations X̂k−1 and covariances Pk−1

at frame k − 1, to get the new state estimations X̂k and
covariances Pk at frame k.

n is the number of pixels and T denotes the transpose oper-
ator. Denote also ck = [c1k, . . . , c

i
k, . . . , c

n
k ]

T the vector of the
labels in the set C = {nontarget, target}. The detection problem
is formalized in the Bayesian framework. Hence, the mini-
mum Bayesian risk is achieved by the maximum a posteriori
probability (MAP) rule, i.e., for each k ∈ [1, . . . ,K], we have

ĉk = argmax
ck

p(ck|dk) = argmax
ck

[p(dk|ck) · p(ck)] (1)

where p(dk|ck) represents the likelihood and p(ck) is the a
priori probability. The latter can often include a priori informa-
tion of different nature. Temporal information can be used; see,
e.g., [24]. Spatial information, modeled for instance as Markov
random fields [25], can be also exploited. Due to the high com-
putational burden required by these approaches and the huge
amount of the data, we avoided any improvement of the detec-
tion step using these a priori information. Nevertheless, the
spatial information will be taken into consideration exploiting
less computationally demanding approaches in Section II-B.
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Thus, a noninformative (uniform) a priori probability is cho-
sen. This represents a limitation considering that spatial and
temporal information can be used at this step to improve the
detection. Computational advantages are instead straightfor-
ward due to the design of a much simpler detector. Thus, (1)
can be written as

ĉk = argmax
ck

p(dk|ck). (2)

The maximum likelihood (ML) detector in (2) can be further
simplified by the additional assumption of conditional inde-
pendence among data (i.e., the spatial information is neglected,
again). This yields a factorized form of the likelihood (2), i.e.,

ĉk = arg max
c1k,...,c

n
k

[
n∏

i=1

p(dik|cik)
]
. (3)

Thus, given ĉk = [ĉ1k, . . . , ĉ
i
k, . . . , ĉ

n
k ]

T, the problem of its max-
imization can be simply solved by maximizing each term, i.e.,
for each pixel i ∈ [1, . . . , n] and frame k ∈ [1, . . . ,K], we have

ĉik = argmax
cik

p(dik|cik). (4)

This leads to a binary hypothesis test and the likelihood ratio
test can be written as

Λ(dik) =
p(dik|cik = target)

p(dik|cik = nontarget)

target1
≷

nontarget
1. (5)

Under the assumption of exponentially distributed data for both
hypotheses (which could be not valid in some areas of the image
containing ghosts, buoys, etc.), the solution for each dik is

ĉik =

{
target, if dik > log(λnt)−log(λt)

λnt−λt

nontarget, otherwise
(6)

where log is the natural logarithm and the rate parameters
λt > 0 and λnt > 0, which characterize the whole exponen-
tial distributions under the hypotheses of target and nontarget,
respectively, are estimated by the means of the ML estimation
(MLE).

B. Postprocessing

Postprocessing operations can be required to increase the
quality of the detector’s outcomes. A land mask is applied first.
Indeed, land and other man-made structures (e.g., dykes) can
provide a strong backscattering, which can be considered as
provided by a target. Afterwards, due to computational con-
straints, morphological operators can represent a good choice
to increase the spatial coherence of the clouds of detections
provided by the pixelwise detector.

Morphological operators are defined in terms of the structur-
ing element (SE) B, which is a probe used to investigate the
image under study [22, pp. 1–116]. In its general form the SE is
a small image characterized by the set of values inside its sup-
port and its origin. Actually, SEs can obtain values in a binary
(i.e., 0–1) set (called flat) or in a most general integer set. In this
work, we will focus attention on flat SEs.

The basic morphological operators, i.e., the erosion εB(C)
and the dilation δB(C) of an image C (which is here obtained
by rearranging the vector ĉk as an image and subsequently
applying the land mask) by an SE B, are defined, respec-
tively, as the minimum and the maximum of the image in the
neighborhood NB(o) determined by the SE B with origin o

εB(C)(o) � min
p∈NB(o)

C(p) (7)

δB(C)(o) � max
p∈NB(o)

C(p). (8)

The opening oB(C) and closing cB(C) operators are defined as

oB(C)(o) � δB̆ [εB(C)(o)] (9)

cB(C)(o) � εB̆ [δB(C)(o)] (10)

where B̆ denotes the SE obtained from B by reflection with
respect to the origin o. The aim of opening (respectively, clos-
ing) is to identify the structures contained within the image
for which the sequence of erosion and dilation (respectively,
dilation and erosion) constitutes an identity transformation, i.e.,
their objective is to remove objects (respectively, holes) that are
smaller than the SE.

In this paper, we exploit them to include the spatial coherence
in the output of the pixelwise detector. More specifically, an
application of the closing operator is performed first. Whereas
the acquired image results usually compact along the azimuth
direction due to the spreading effects of the acquisition sys-
tem (e.g., due to the radar’s antenna pattern), the target density
is drastically reduced along range and, thus areas of missed
detections can be observed. Stripped targets are expected; see,
e.g., Fig. 6. Therefore, the chosen SE is a line along the range
direction to compensate for this effect compacting the target
detection cloud. On the contrary, the application of the clos-
ing operator reduces the range resolution of the system, i.e.,
two nearby targets in range could be properly detected, but,
after the application of the closing operator, the two separate
objects could be merged. This loss in range resolution is related
to the length of the line used as SE. Finally, an opening opera-
tor along the range direction is applied to remove some artifacts
along the clusters’ edges. This operator reduces the target size
and only partially compensates for some nonideal radar effects,
e.g., the effect of the radar’s antenna pattern. As a limitation,
very small targets could be removed in this phase if their length
in the range direction was smaller than the SE’s size.

The benefits of postprocessing on the detection map are
depicted in Fig. 2. More specifically, by comparing Fig. 2(b)
and (c), the effects of the land mask are evident in the left
bottom area of the radar’s field of view. Most of the persis-
tent clutter is filtered out in that area. Furthermore, the spatial
coherence improvement due to the use of the morphological
operators is clear in Fig. 2(c). The number of extracted objects
is drastically reduced. For instance, the large target (cargo ship)
in the center of the scene is represented by about 30 objects
after the clustering step (see Section II-C), if only the pixel-
wise detector is used. Whereas, after postprocessing this target
is properly represented by a single object; see Fig. 2(c).
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Fig. 2. (a) Real data acquired by the X-band marine radar. Objects extracted after (b) the pixelwise detector and (c) the postprocessing step. The color bars in
(b) and (c) indicate the ids for each extracted object.

C. Clustering and Feature Extraction

Let us define Yk = [y1
k, . . . ,y

i
k, . . . ,y

mk

k ]T the output of the
postprocessing step at frame k, where yi

k ∈ D is the position
of the ith detection in the surveillance area D and mk is the
time-dependent total number of detections.

A clustering is carried out to group the clouds of detections
Yk that are likely to be generated by the same targets. The clus-
tering procedure exploits the concept of pixel connectivity, i.e.,
the spatial relation of a detection with its neighbors. Two detec-
tions yi

k and yj
k are said “8-connected” if yj

k ∈ N8(y
i
k), where

N8(x) indicates the 8-neighbors of x, i.e., the set of its hor-
izontal, vertical, and diagonal neighbors. In this case, the two
detections can be considered part of the same cluster. More
complicated and time-consuming clustering approaches could
be applied in this case, but the improvements in performance
should be limited due to the kind of application, where usually
well-separated and compact targets are expected.

As a suitable and simple model for target extents, we exploit
the ellipsoidal one; see, e.g., [13], [15], and [26]. In many real-
life target tracking scenarios, the targets are neither sufficiently
far from the sensors to generate only a single measurement,
nor sufficiently close to the sensors such that their features
are clearly articulated [19]. This consideration mainly justifies
the model hypothesis for the targets’ extents. Approximations
when targets do not follow this model are expected, but the
influence on the size parameter estimation can be considered
limited. Furthermore, ships, which represent the main targets
to track, implicitly verify the hypothesis under the used model.
Starting from the output of the pixel connectivity procedure,
the parameters that fully characterize the elliptical model are
estimated and they represent the features that characterize the
targets for tracking purposes. The estimation (i.e., the feature
extraction) is carried out using the normalized second central
moments [27]. Thus, a new set of measurements (i.e., fea-
tures) Zk = [z1k, . . . , z

i
k, . . . , z

rk
k ]T is obtained where rk is the

total number of detected clusters at frame k. More specifically,
the generic entry zik = [zi,pk , zi,sk , zi,φk ]T contains the estimated
parameters of the ellipse that fits the ith cluster. Hence, zi,pk ∈
D is the position of the center of the cluster, zi,sk ∈ R

2 is the
cluster size constituted by the major and minor ellipse axes, and
zi,φk is the cluster orientation with respect to the x-axis.

It is worthwhile noting that in some ETT approaches the
ellipse parameter estimation is implicitly carried out during the

filtering, e.g., see [12], [13], [15], and [28]. In this work, we
prefer to strictly divide the tracking from the other phases at the
aim of exploiting well-established target tracking approaches
[9]. The main advantages can be found in the usually lower
computational burden and the easier management of the mul-
titarget case assuring the real-time execution requirement.

D. Multitarget Tracking: The Joint Probabilistic Data
Association

This section is devoted to the description of the multitar-
get tracking (MTT) procedure relied upon the joint proba-
bilistic data association (JPDA) algorithm [9, pp. 385–460].
The motion and measurement models are illustrated first.
Afterwards, the MTT algorithm is described. The track man-
agement is divided into track initiation, track update, and track
termination. The track update is performed by the data asso-
ciation, which determines how detections (clutter- and target-
originated measurements) are associated to the existing tracks,
and by the track filtering step.

1) Target Motion and Measurement Models: The target
state vector xk at frame k is defined into the Cartesian domain
with the addition of the target’s sizes. Hence, we have

xk � [xk, ẋk, yk, ẏk, lk, wk]
T (11)

where xk, yk and ẋk, ẏk are the position and velocity compo-
nents along x- and y-directions, respectively, while lk and wk

represent the target’s length and width, respectively.
The target dynamic can be described by the nearly constant

velocity model [9, pp. 42–49]

xk = Fxk−1 + Γwk (12)

where

F =

[
I2 ⊗ F̃ 04×2

02×4 I2

]
(13)

is the state transition model which is applied to the previous
state xk−1

Γ =

[
I2 ⊗ Γ̃ 04×2

02×2 I2

]
(14)

F̃ =

[
1 Ts

0 1

]
(15)
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Γ̃ = [T 2
s /2, Ts]

T, Id is the identity matrix with size d, 0r×c

represents the null matrix with r rows and c columns, Ts is the
sampling time, ⊗ denotes the Kronecker product, and wk is
the process noise (i.e., a 4× 1 matrix that takes into account
the target acceleration and the unmodeled dynamics), which
is assumed to be drawn from a zero mean multivariate normal
distribution with covariance Q, i.e., wk ∼ N (04×1,Q), where

Q = diag
(
σ2
v , σ

2
v , σ

2
l , σ

2
w

)
(16)

diag(·) denotes the diagonal matrix, and σ2
v , σ2

l , and σ2
w are the

variances for the acceleration, length, and width components,
respectively.

The measurement vector zk at frame k is defined as follows:

zk �
[
zrk, z

φ
k , z

l
k, z

w
k , z

θ
k

]T
(17)

where zrk and zφk are the range and azimuth measurements of
the center of the ellipse that fits the cluster, zlk and zwk are its
lengths of the major and minor axes, while zθk represents the
ellipse’s orientation.

The target-originated measurement equation is

zk = h(xk) + ωk (18)

where

h(xk)

�
[√

x2
k + y2k, arctan (yk/xk), lk, wk, arctan (ẏk/ẋk)

]T
(19)

is the measurement function and ωk is the instrumental noise
vector assumed to be Gaussian with zero-mean and covariance
matrix

R = diag
(
σ2
rr, σ

2
rφ, σ

2
rl, σ

2
rw, σ

2
rθ

)
(20)

where σ2
rr and σ2

rφ represent the variances in range and
azimuth, σ2

rl and σ2
rw are the variances for the two sizes, and

σ2
rθ represents the variance for the ellipse’s orientation. It is

worthwhile to remark that the ETT procedures assume that the
target orientation is coherent with the motion orientation, i.e.,
θk = arctan(ẏk/ẋk).

2) Multitarget Tracking Procedure: The tracking proce-
dure is based on the JPDA paradigm, which is a Bayesian
approach that associates all the validated measurements to the
tracks by probabilistic weights. The track management relies
upon the popular M/N logic [9, pp. 385–460]. The filtering
stage is performed using the unscented Kalman filter (UKF)
[29]. We indicate with xj

k|k (xj
k|k−1) and Pj

k|k (Pj
k|k−1) the

updated (predicted) target state and its covariance at frame k,
respectively.

Assume that, at frame k, a set of Jk active or prelimi-
nary tracks are Tk = {T1(k), . . . , Tj(k), . . . , TJk

(k)}, where
Tj(k) identifies the jth track. A validation gate region Gj

k,
for each j ∈ [1, . . . , Jk], is constructed. Given that the target-
originated measurements are Gaussian distributed around a

predicted measurement zjk|k−1 of the target j, the gate is given
by [9, pp. 385–460]

Gj
k =

{
z :

(
z− zjk|k−1

)T

(Sj
k)

−1
(
z− zjk|k−1

)
< γ

}
(21)

where Sj
k is the innovation (i.e., the difference between the

measurement and its prediction) covariance and the threshold
γ determines the gating probability PG, which is the proba-
bility that a measurement originated by target j is properly
validated.

The track management is divided into the following steps.
• Track initiation: A measurement is associated to the track
Tj(k) if it falls in its gate region. Every unassociated mea-
surement is called an initiator and yields a tentative track.
Following the detection of an initiator, a gate is set up. If
a detection falls in the gate, this track becomes a prelimi-
nary track; otherwise, it is dropped. For each preliminary
track, the JPDA can be initialized and used to set up a gate
for the next frame. Starting from the third scan, a logic of
M detections out of N scans is used for the subsequent
gates. If, at the end (scan N + 2), the logic requirement
is satisfied, the track becomes a confirmed or active track;
otherwise, it is discarded.

• Track termination: A confirmed track is terminated if one
of the following conditions is verified: 1) no detection
has been validated in the past N∗ most recent sampling
times; 2) the target’s track uncertainty, evaluated from
its covariance matrix, has grown beyond a given thresh-
old; and 3) the target has reached an unfeasible maximum
velocity vmax.

• Track update: For each active and preliminary track, the
target state is updated applying the JPDA rule; see below
(Update and prediction).

The target state is updated according to the measurement-
to-track association rule of the JPDA, while the target state
prediction follows directly from the motion model.

Data association: A validation matrix is set up for all the
confirmed and preliminary targets. This matrix is populated
with all the validated measurements falling in the gate, plus
the case of no measurement. All the feasible joint association
events are constructed in the following way. Each measure-
ment is originated from one target or it is a false alarm. Each
target generates, at most, one measurement, with detection
probability PD.

The probabilities of the joint events are evaluated assum-
ing that: 1) target-originated measurements are Gaussian dis-
tributed around the predicted location of the corresponding
target measurement; 2) false alarms are distributed in the
surveillance region according to a Poisson point process of
parameter λ, which represents the clutter density, assumed
uniformly distributed in the gating region. The marginal asso-
ciation probabilities of the target j with measurement i, βj

i,k,
are obtained by summing over all the joint events in which the
marginal event of interest occurs; see the Appendix for further
details.

Update and prediction: The jth target state xj
k|k and its

covariance Pj
k|k are then updated by averaging the updates for
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Fig. 3. X-band marine radar’s field of view (in red).

all the validated measurements with the association probabili-
ties [9, pp. 385–460]

xj
k|k = xj

k|k−1 +Kj
kv

j
k (22)

Pj
k|k = Pj

k|k−1 −

⎛⎝ rjk∑
i=1

βj
i,k

⎞⎠Kj
kS

j
k

(
Kj

k

)T

+Kj
k

⎛⎝ rjk∑
i=1

βj
i,kv

j
i,k

(
vj
i,k

)T

− vj
k

(
vj
k

)T

⎞⎠(
Kj

k

)T

(23)

where vj
k =

∑rjk
i=1 β

j
i,kv

j
i,k is the combined innovation, vj

i,k =

zji,k − zjk|k−1 is the innovation for the ith validated measure-

ment, Kj
k is the Kalman gain, rjk is the number of validated

measurements, and zji,k is the ith validated measurement.

The predicted state xj
k+1|k and its covariance Pj

k+1|k are
obtained by the UKF prediction step [29].

III. PERFORMANCE ASSESSMENT

The signal processing chain is applied to real data provided
by an X-band marine radar data located in the Gulf of La
Spezia, Italy. For performance assessment purposes, as pro-
posed in [4], automatic identification system (AIS) messages
are used as ground truth.

A. X-band Marine Radar Experiment

In this experiment, a coherent high-resolution X-band marine
radar located in the Gulf of La Spezia, Italy, is exploited (see
the radar’s field of view in Fig. 3). It uses pulse compression
and transmits a linear frequency modulated continuous wave.
This leads to a low power, compact, quick deployable, and
lightweight system, while still maintaining a high performance
with relatively simple electronics.

The marine radar node has an antenna mounted on a rotor
with variable rotating speed and the possibility to lock and
hold the position toward a specific direction with a 0.1◦ accu-
racy. The radar specifications are shown in Table. I. The

TABLE I
X-BAND MARINE RADAR SPECIFICATIONS

TABLE II
PARAMETER SETTINGS

radiating system for this node consists of two slotted waveg-
uide antennas, one for transmitting and another for receiving,
both using linear horizontal polarization.

B. AIS Data

Ships and vessels exceeding a given gross tonnage1 are
equipped with AIS transponders for position reporting, as
established by the SOLAS Convention [30]. To allow their
proper use as ground truth, AIS ship messages are checked
to remove possible outliers and unreliable data. Then, the
following assumptions are made:

1The AIS is required for all the ships exceeding 300 gross tonnage and
engaged on international voyages, for all cargo ships of 500 gross tonnage,
not engaged on international voyages, and all passenger ships.
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Fig. 4. Outcomes for data set 1. (a) and (b) JPDA tracker estimations and the AIS ground-truth values for the targets’ positions in x- and y-coordinates over time.
(c) and (d) Estimations of the targets’ velocities in x- and y-coordinates, respectively. (e) and (f) Estimations for the targets’ length and width, respectively. Dashed
lines represent tracks estimated by the JPDA tracker, while solid lines are used to depict AIS contacts. The association between JPDA estimated tracks and AIS
tracks is indicated using different colors.

• ships carrying an AIS-transponder are the only ones
present in the region of interest;

• the AIS messages exchanged by ships are reliable and not
corrupted by any error.

The association procedure between radar and AIS contacts
is based on a nearest neighbor algorithm. The time intervals
between the AIS reports and the radar frames are not usu-
ally time aligned. Consequently, an interpolation of the AIS
messages is performed before associating them.

C. Performance Metrics

The performance metrics, already introduced in [4], are
briefly described in this section.

• Time on target (ToT). It is defined as the ratio between
the time during which the tracker follows the target and
the whole time duration of the true target trajectory. The
ideal value of the ToT index is 1.

• False alarm rate (FAR). It is defined as the number of false
track contacts normalized with the recording interval and
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Fig. 5. Outcomes for data set 2. (a) and (b) JPDA tracker estimations and the AIS ground-truth values for the targets’ positions in x- and y-coordinates over time.
(c) and (d) Estimations of the targets’ velocities in x- and y-coordinates, respectively. (e) and (f) Estimations for the targets’ length and width, respectively. Dashed
lines represent tracks estimated by the JPDA tracker, while solid lines are used to depict AIS contacts. The association between JPDA estimated tracks and AIS
tracks is indicated using different colors.

the area of the surveyed region. The ideal value of this
index is 0 that indicates no false alarm.

• Track fragmentation (NTF ). It is calculated by summing
the number of radar tracks associated with a unique AIS
track. It provides a measurement of the track fragmenta-
tion (TF). The ideal value is 1.

• Tracker accuracy (TA). The errors in position (εpos),
velocity (εvel), length (εlenk ), and width (εwid

k ) are eval-
uated to give a measurement of the TA. Average values
along frames are provided as overall indexes. The ideal
values are 0.

Furthermore, the optimal subpattern assignment metric
(OSPA) introduced in [31] together with the “localization” and
the “cardinality” errors [31] have been included to have just a
single scalar value for each scan to indicate the performance of
the proposed approach.

D. Experimental Results

The description of the experimental results on about 900
frames of real data acquired by the X-band marine radar is
provided. The main parameters used for the signal processing
chain are summarized in Table. II.
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TABLE III
TRACKING METRICS ON DATA SET 1

TABLE IV
TRACKING METRICS ON DATA SET 2

The assessment is conducted on two data sets acquired by the
X-band marine radar. The first one (called data set 1) consists
of 260 frames, whereas the second one (named data set 2) is
composed of 649 frames. The tracking results are depicted in
Figs. 4 and 5. They show the estimations for both kinematic
and size parameters for all the targets in the scenario. Solid
lines denote the values provided by the AIS, while dashed lines
represent the estimations provided by the JPDA tracker. It is
worth pointing out that the proposed approach reaches overall
good performance on both data sets. More specifically, we can
appreciate only a small displacement between AIS information
and the tracker’s position estimation because our approach esti-
mates the center of the ellipse that represents the target (i.e.,
the ship), while the AIS returns the position of the transpon-
der located onboard (usually not the ellipse’s center). A further
remark is related to the size estimation. Indeed, the tracker’s
estimations show a bias (i.e., an overestimation) with respect to
the AIS values. This behavior can be justified due to the non-
idealities of the acquisition system (e.g., the width of the radar
antenna pattern’s main lobe can cause the spread of targets) that
have to be taken into account to increase the accuracy of the
targets’ size estimation. The compensation of these radar’s non-
ideal effects is considered out of scope. The interested reader is
referred to [32] for further information.

Regarding the performance metrics, comparable overall
results can be noted between the two analyzed data sets. The
TA indexes confirm the previous analysis. Indeed, Tables III and
IV show limited errors both in the position and velocity estima-
tions. Average errors are 38.6 m and 1.22 m · s−1, respectively
for data set 1 and 46.7 m and 0.84 m · s−1 for data set 2. These
are mainly because of the discrepancy between the information
provided by the radar and the one that the AIS is able to pro-
vide. Greater errors are shown for the targets’ size estimation.

Average errors of 27.2 m in length and 16.5 m in width for data
set 1 and 62.1 m in length and 31.0 m in width for data set 2
can be considered high.

The ToT is always very high [except for the ship with mar-
itime mobile service identity (MMSI) = 247031200, which is
on the border of the surveillance area and could be not prop-
erly detected for some frames and the ships with MMSI =
247222500 and with MMSI = 219231000 that are far from
the radar, and thus hard to be properly detected]. The overall
ToT is 85% for data set 1 and 86% for data set 2. Furthermore,
the TF is almost ideal (with average values equal to 1.50 for
data set 1 and 2.50 for data set 2). Regarding this index, an
interesting case to point out is the missed detection of the tar-
get with MMSI = 351361000 for about 30 frames on data set
1. This track fragmentation is caused by an obscuration phe-
nomenon. Indeed, a ship interposed between the target and the
radar can be observed; see Fig. 6. Finally, the FAR index is
about 10−8m−2 · s−1 for data set 1 and 10−7m−2 · s−1 for data
set 2. Furthermore, it is worth pointing out that the most of the
false alarms are due to signal leakages in the electronics, buoys,
and ghosts (i.e., artifacts generated by highly reflective areas of
land and targets outside the radar’s field of view due to the pres-
ence of two relevant sidelobes in the radar’s antenna pattern).
Finally, the OSPA metric together with the “localization” and
the “cardinality” errors are depicted in Fig. 7 for both data sets.

A final remark is devoted to the computational cost. The
signal processing chain has been designed to have a limited
computational burden. In particular, the first steps consisting
of the ML pixelwise detector, which is represented by a thresh-
old applied to the whole image, and the morphological opening
and closing operators, which are chosen to improve the spa-
tial coherence among the detections, can be considered having
a negligible computational cost. The bottleneck of the system
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Fig. 6. Obscuration phenomenon on data set 1 of the pink target with track id 3 in (a) and track id 6 in (d) is depicted. The target is partially disappeared in (b) and
(c) where only AIS contacts are depicted with yellow squares. (a) Frame 15. (b) Frame 30. (c) Frame 35. (d) Frame 55.

Fig. 7. OSPA metric, the “localization” error, and the “cardinality” error: (a) data set 1 and (b) data set 2.

is represented by the JPDA tracker. Thus, even though the
size of the starting image can slightly vary in the case of
different acquisition modalities, the computational burden is
instead much more influenced by the number of targets and the
number of detected objects in the area under test. Regarding
the computational cost of the JPDA tracker, the unscented
Kalman filter used in the multitarget tracking procedure is

comparable to that of an extended Kalman filter [29]. The most
expensive operations are in calculating the matrix square root
and the outer products, required to compute the covariance of
the projected sigma points [29]. However, both operations are
O(n3), where n represents the number of dimensions [29].
The probabilistic data association filter (PDA) computational
requirements are approximately 50% higher than those of the
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Kalman filter (in this case, the computational complexity grows
as O(m), where m is the number of measurements). The
JPDA’s computational cost is equal to the PDA, in most of the
cases, increasing linearly with the number of targets to track. In
general, the real-time computational complexity of the JPDA
is orders of magnitude lower than other approaches, e.g., mul-
tiple hypothesis tracker (MHT) [33]. A typical frame of 3800
× 200 pixels (disk size about 6 MB), generated by the X-band
marine radar every sampling time (i.e., usually 2–3 s), requires
about 1 s to be processed by the proposed signal processing
chain using a Quad 3.73-GHz Intel Xeon processor. Thus, the
important real-time requirement is met.

IV. CONCLUSION

A signal processing chain to address the multiple extended
target tracking problem limiting the computational burden has
been developed. It consists of a pixelwise detector, a post-
processing relied upon morphological operators, a clustering
followed by a feature extraction phase, and a JPDA tracker.

The performance has been assessed on real data (about 900
frames) provided by an X-band marine radar located in the
Gulf of La Spezia, Italy. AIS messages have been used as
ground truth. The processing chain has demonstrated its abil-
ity in properly tackling the multiple extended target tracking
problem. This statement has been supported by the use of
performance metrics, such as the time on target, the track frag-
mentation, the track accuracy, and the false alarm rate. An
overall time on target of about 85%, a track fragmentation
almost equal to 1, a limited false alarm rate, and a high track
accuracy have been measured. Finally, the computational anal-
ysis has demonstrated that the proposed approach is able to
meet the real-time requirement that is of great importance for
maritime-surveillance applications.

APPENDIX

THE JOINT PROBABILISTIC DATA ASSOCIATION FILTER

In this Appendix more details related to the implementation
of the JPDA filter with decoupled estimation for the targets
under consideration and parametric model for the probability
mass function of the number of false measurements will be
provided.

Let us start from the measurements Zk at frame k. After the
gating defined in (21), a subset Z̄k = [z̄1k, . . . , z̄

i
k, . . . , z̄

m̄
k ]T,

r̄k ≤ rk, is generated containing only validated measurements.
The cumulative setup to frame k is indicated as Z̄k

1 .
A marginal association event θit is said to be effective at

frame k when the ith validated measurement z̄ik is associ-
ated with target t (t = 0, . . . , Jk where t = 0 means that the
measurement is caused by clutter). Assuming that there are
no unresolved measurements, a joint association event Θ is
effective when a set of marginal events {θit} is true. That is,
Θ = ∩r̄k

i=1θit, where t is the target index associated to z̄ik. The
validation matrix is defined as

Ω = [ωit], i = 1, . . . , r̄k, t = 0, . . . , Jk (24)

where ωit = 1 if the measurement i lies in the validation gate
of the target t, else it is zero. A joint association event Θ is
represented by the event matrix

Ω̂(Θ) = [ω̂it(Ω)], i = 1, . . . , r̄k, t = 0, . . . , Jk (25)

where ω̂it = 1 if θit ⊂ Θ and ω̂it = 0 otherwise. A feasible
association event can have only one source (target or clut-
ter), i.e., for each i,

∑Jk

t=0 ω̂it(Θ) = 1, and where at most
one measurement can be originated by a target, i.e.„ δt(Θ) �∑r̄k

i=0 ω̂it(Θ) ≤ 1 for t = 1, . . . , Jk. The above joint events
Θ are mutually exclusive and exhaustive. Define the binary
measurement association indicator τi(Θ) �

∑Jk

t=1 ω̂it(Θ), i =
1, . . . , r̄k, to indicate whether the validated measurement z̄ik
is associated with a target in event Θ. Further, the num-
ber of false (unassociated) detections in event Θ is φ(Θ) =∑r̄k

i=1[1− τi(Θ)].
The joint association event probabilities are, with Bayes’

formula

P{Θ|Z̄k
1} =

1

c1
p[Z̄k|Θ, r̄k, Z̄

k−1
1 ]P{Θ|r̄k} (26)

where c1 is the normalization constant.
Given the assumption that the states of the targets con-

ditioned on the past observations are mutually independent,
the likelihood function of the joint association event on the
right-hand side of (26) is

p[Z̄k|Θ, r̄k, Z̄
k−1
1 ] =

r̄k∏
i=1

p[z̄ik|θit, Z̄k−1
1 ]. (27)

The conditional probability density function of the validated
measurement z̄ik given its origin is given by

p[z̄ik|θit, Z̄k−1
1 ] =

{
N (z̄ik; zk|k−1,Sk), if τi(Θ) = 1

1/V, if τi(Θ) = 0
(28)

where N (x;μ,Σ) is the multivariate Gaussian with mean μ
and covariance Σ, V is the volume of the validation region, and
terms zk|k−1 and Sk are the measurement prediction and the
innovation matrix, respectively, obtained by the target t using
UKF (see [29] and [34] for details) because of the nonlinearity
in the state-to-measurement relationship.

The last term in (26), i.e., the prior (to frame k) probability
of an event Θ, is

P{Θ|r̄k} =
1

c2
exp(−λV )

(λV )
φ(Θ)

r̄k!

×
Jk∏
s=1

[
P

δs(Θ)
D (1− PD)1−δs(Θ)

]
(29)

where c2 is the normalization constant, PD is the detection
probability (assumed to be the same for all targets), and λ is
the spatial density of the false measurements. Note that we
use parametric model for the probability mass function of the
number of false measurements.
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Thus, using (26)–(29), the joint association event probabili-
ties of the parametric JPDA are

P{Θ|Z̄k
1} =

1

c3

r̄k∏
i=1

{
λ−1p[z̄ik|θit, Z̄k−1

1 ]
}τi(Θ)

×
Jk∏
s=1

[
P

δs(Θ)
D (1− PD)1−δs(Θ)

]
(30)

where c3 is the normalization constant.
Considering that the targets’ states conditioned on the past

observations are mutually independent (i.e., decoupled estima-
tion for the targets under consideration), the marginal associa-
tion probabilities are given by

βt
i,k � P{θit|Z̄k

1} =
∑

Θ:θit⊂Θ

P{Θ|Z̄k
1}. (31)
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accurate information not only about the target kinematics, i.e., positions and velocities, as other 
conventional radars, but also about the targets’ extents. This research area is named extended target 
tracking (ETT). In this paper, we propose a signal processing chain composed by a detector and a joint 
probabilistic data association (JPDA) tracker to handle the problem of multiple ETT and to jointly estimate 
both the targets’ kinematics and their sizes, i.e., length and width. The performance assessment is 
conducted on real data acquired by an X-band marine radar located in the Gulf of La Spezia, Italy. The 
experimental results demonstrate the ability of the processing chain to reach high performance with a 
limited computational burden. 
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