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1

Introduction

Radar surveillance applications are essentially based on target detection
and tracking techniques, which are classic radar problems [1]. The aim is to
provide the coordinates, the speed, the course and the behavior of a moving
target of, in other words, to "follow" a target that moves along the sea
surface. To this end, in the initial stage, the radar must detect the presence of
the target within the scene under observation, through the so-called
identification or detection procedure. Then, the tracking procedure is based
on the analysis of a set of detection measures, associated with the same target,
carried out at different time instants. Therefore, tracking is closely related to
detection, so that a proper tracking must take into account all the problems
connected with detection [2].

In a given instant of time, the radar provides a set of measures that may come
from the target of interest, may be due to false alarms or clutter, or may have
been generated from other targets. After the detection procedure, only the
measures that come from the target of interest in the following time instants
are considered, thus, defining the tracking of that target, namely the set of its
positions in time. Consequently, given the set of all positions of a target up to
the current time, it is possible to "predict" the position in the next
measurement associated with that target [3].

During the tracking procedure, measurements that come from a target are

processed in order to obtain an estimate of its current state [4], which

typically consist of:
¢ Kinematic components — position, velocity, acceleration, turn rate,
etc.
* Feature components — radiated signal strength, spectral

characteristics, radar cross-section, target classification, etc.
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Target detection strategies aim to distinguish the radar echo of the
electromagnetic return of a target from the unwanted signal (noise), which
can affect the detection performances [5]. Obviously, in a multi-target
scenario, it is more difficult to establish that the measurement received by the
radar is originated from a particular target and, in addition to this, the output
of a detection algorithm is characterized by the presence of false alarms,
which can be interpreted as measurement noise and further complicate the

target state estimate [6].

In marine environment, target tracking has a specific methodological interest,
because it requires dealing with the peculiar problems related to the
separation of useful signal from clutter signal, which can induce false alarms
and ultimately lead to the loss of the target [7]. These issues, of course, call
for proper solution procedures to address the classic problems of target
tracking, namely the correct detection of targets and the association
procedure, needed to determine which one of the detected signals has been
originated by the target of interest [8]-[12].

The primary objective of target tracking is to estimate the state trajectories of
a target. In the case of target moving on the sea surface, the main problems

are:
e clutter, due to the presence of the capillary waves generated by the
wind;
e target model uncertainties, due to the unexpected maneuver of the
ship;
e measurement uncertainties, due to the presence of environmental and

instrumental noise

X-band radar systems are used in a great variety of civil and military problems
applications, weather monitoring and vessel traffic control. As regards
applications in marine environment, they are considered a flexible and low-
cost tool for ship detection and have attracted a growing interest in last

decade, thanks to their capability of scanning the sea surface with high
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temporal and spatial resolution, their cost-effectiveness, as well as their
simplicity of operation and installation [13]. However, in spite of their
versatility, incoherent X-band radars are mostly employed for high resolution
surveillance purposes but, in these scenarios, they cannot be considered as
reliable as coherent systems in terms of target detection capabilities, with a
consequent limitation in terms of target tracking. This is due to the fact that
the result of a processing based only on the amplitude of the received signal
that can be compromised by the presence of sea clutter, conversely coherent
systems, by measuring both the amplitude of the signal received and its phase,
can be more accurate. However, the employment of an effective tracking
strategy can play a fundamental role in these circumstances, leading to a
significant improvement in the surveillance performances provided by such

coherent radar systems.

The thesis is organized as follows. Chapter 1 provides a study of the
problematic of the identification and tracking of a moving target and the
association procedure. Chapter 2 deals with some tracking problems and
offers an overview of the principal tracking algorithms. Chapter 3 presents
the validation and implementation of some of these algorithms on simulated
data, including a description of the false alarm distribution. Chapter 4
presents the validation and implementation of some of these algorithms on
real data acquired by an X-band radar installed at the port of the Giglio island,
including a description of the clutter distribution. Chapter 5 presents the

conclusions and the future perspectives.
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1.1 Introduction on RADAR principles

The term RADAR indicates an electronic apparatus used to detect the
presence and measure of the position of objects (targets) by means of radio
waves. This measure consists in determining the distance and the direction of
objects from the radar, analyzing the signal backscattered by the target [14].
The operation of a radar is very simple: the same antenna transmits a signal
and receives the echo due to reflections on possible obstacles, i.e., the targets.
The distance is determined by measuring the time interval that elapses
between the transmission and reception of the pulses, being known the speed

of propagation of radio waves:

R== (1.1)

(it must be considered the time of go and return of the signal).

If the transmitted pulses do not encounter any obstacle during their
propagation, then they do not return back, that is, the signal travels
unperturbed and it will be attenuated as the distance increases, while, in the
case in which the beam hits an object, the signal is reflected and an echo is

revealed from the receiver antenna [15] (Fig. 1.1).

Anterma

e s(t) By

Bersaglio

r

R sty ¥

Rq
Anterma

Canale

IHEZED

Fig. 1.1 Basic principle of radar
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The type of electromagnetic radiations emitted by radar antennas are located
within the microwave range. Following World War II, there is a classification
of the electromagnetic radiation type according to different regions of

wavelength:

Band Frequency (Ghz) Wavelength (cm)

P 0.225-0.39 77-133
L 0.39 —1.55 19-77

S 1.55-3.90 7.7-19
C 3.90 — 6.20 48-17.7
X 5.75-10.9 28-52
Ku 10.9 - 18.0 1.7-28
Ka 18.0 - 36.0 0.8-1.7

Tab. 1.1 Frequency band in the range of microwaves

1.2 Radar properties
The operation of the radar is characterized by the following properties

[16]:

Sensitivity refers to the ability of the radar to detect the reflected signal also
from weak targets. Normally, it is taken as the minimum input signal required
to produce a specified output signal and it represents a measure of the
interference generated by the radar (self-noise) against the minimum signal it

is able to detect.

The measurements of the distance from the target is inherent in the name
radar. The modern radar systems are capable of measuring the position of the
target in a three dimensional space, its velocity vector and the angular
direction of the vector of the angular speed and all these measurements may
be made on more targets of interest with the presence of clutter and noise.
The most advanced radar have also the ability to measure the extent, the

shape and the classification of the target (person, building, airplane, etc.).
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The resolution corresponds to the ability of the radar to locate the desired
target and distinguish it from the noise and clutter. In practice, there is a
limitation in the resolution achievable due to the characteristics of the signal
and the antenna. In particular, as regards the limitation in the resolution, it
can be observed that a greater bandwidth provides better resolution in range,

while a longer pulse durations allow improving frequency resolution.

Radar resolution is formally expressed by two figures: resolution in range and

resolution in azimuth.

1. Resolution in range is the minimum distance that must exist
between two objects such that the system is able to discriminate

them, otherwise they become indistinguishable. It is defined as

where c is the speed of light and it is the pulse duration.

2. Resolution in azimuth is the ability of radar equipment to separate
two reflectors at similar ranges but different bearings from a

reference point. It is defined as

AD ~ (1.3)

A
D

The expression is valid for large distances, where A is the wavelength of

the signal and D is the effective diameter of the antenna.
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1.3 Target tracking as an estimation problem
Estimation is the process of inferring the value of a quantity of interest
from indirect, inaccurate and uncertain observations [17]. The variable of
interest in an estimation problem can be:
® a parameter — a time-invariant quantity (a scalar, a vector or a
matrix);

e the state of a dynamic system (usually a vector).

In this context, tracking procedures can be viewed as the estimation of the
state of a moving object.
The block diagram in Fig. 1.2 represents a general conceptual representation

of the state estimation problem.

System Measurement Prior
arror error infi i
kit i information
System !
Dynamic | state | Measurement Measurement State | State estimate
system i 8stiMator | Seare uncertainties

Fig. 1.2 Mathematical view of state estimation

There is no possibility to access to variables inside the dynamic and
measurement systems, therefore the only variables which are available to the
estimator are the measurements, which are obviously affected by the error
sources modeled in the form of “noise.”
An optimal estimator is a computational algorithm that processes
observations (measurements) to yield an estimate of a variable of interest, that
minimizes a certain error criterion.
As a consequence:

e the advantage of an optimal estimator is that it exploits the data and

the knowledge of the system and of the noise in the best possible way

(through a proper model);
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e the disadvantages are that it is sensitive to modeling errors and might

be computationally expensive.

The block diagram in Fig. 1.3 is an extended version of the one in Fig. 1.2,
which explains more in detail the conceptual representation of the dynamic
system where detection and tracking are operating, the measurement system

used to acquire data and the state estimator used to produce the results.

Target
state
estimates

Electromagnetic Information
or acoustic Signal _ Maasureman |  PrOCESsor
i Energy Signal (Tracker
Environmienz Sansor processor L /
data

3ssociator)

Estimate
unceriainties

Moise

Fig. 1.3 Block diagram of target state estimation

The correspondences with the block diagram in Fig. 1.2 are the following:
e the block “Environment” refers to the block “Dynamic system”;

e the blocks “Sensor” and “Signal Processor” refer to the block

“Measurement system”’;

e the block “Information Processor” refers to the block “State

estimator”’.

Active sensors, like radars, emit energy into the environment and search for
reflected energy. The backscattered signal is then processed by the signal
processor and there is a measure. The measurements of interest are not raw
data points but usually the outputs of complex signal processing and
detection subsystems. Finally, the measurement is processed in order to
obtain the target state estimate.

However, many problems can arise in a target detection and tracking
procedure, as illustrated in Fig. 1.4. These problems can seriously affect the
detection and tracking procedure and eventually compromise the outcome of

the target state estimate.
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= = s
= =

OPTIMAL ESTIMATOR ISSUES

4 4

= =

Fig. 1.4 Optimal estimator issues

=5
-
=

As shown in the central part of the figure, the first two problems to take into

account are:

the number of sensors used to perform the tracking procedure, since a
single-sensor or a multi-sensor tracking procedure can be performed,
considering that adding additional sensors to the observation system
can produce a more accurate estimate of the trajectory, even though
the multi-sensor tracking is subject to other issues to face;

the number of targets to be tracked, which is a not well defined number.
Obviously, it is more difficult to track more targets all together and at
the same time, because, if the system parameters are not properly
defined, the signal of a target can produce interference to the signal of

another target.

The right side of the figure shows the following problems:

track stage, in particular the track formation (or initiation), it means
when the target is “seen” for the first time, and the track maintenance
(or continuation), that is the ability to continue to follow the same
target, a complex operation due to the presence of the false alarms

because they can affect the tracking procedure;
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if the ftarget bebavior is stationary or no stationary, that is if the
movement of the target is subject to maneuvering or not, because in
the no stationary case the target can suddenly change its trajectory

possibly compromising its estimate.

Finally, the right side of the figure shows the problems of defining the:

Sensor detection characteristics, that is Probability of Detection (PD) and
Probability of False Alarms (PFA), which are parameters used during
the detection and tracking procedure that must be carefully evaluated
in order to obtain a correct target trajectory estimate;

Target size, that is if the dimension of the target is comparable to the
sensor resolution cell or if the target image is an extended one; the
second case is more complex to deal with because the target signal

received by the system is actually composed of a cloud of points.

1.4 The association problem and the validation region

Let us suppose that the set of all the positions occupied by the target up

to the current time k-1 is known. Then, one can "predict" the position where

it is more probable to find the next measurement associated with that target

at instant k. The new measures provided by the radar will be, presumably, in a

validation or association region (gate) located around the predicted value [9]

b

[10]. The size of this region depends on many factors, including the

measurement errors, the uncertainty on the position of the target and the

uncertainty about its motion.

10

Fig. 1.5 Validation gate
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However, for a fixed time instant, the radar provides a series of measures
which may:

e come from the target of interest;

e be due to false alarms or cluttet;

e have been generated from other targets.

In that case, uncertainty in data association arises because it is not possible to
know a priori, for each measure, the source from which the recorded signal
has been generated. This uncertainty occurs when the signal from the target is
weak. In order to detect it, the detection threshold has to be lowered, which
has the obvious drawback that background signals and sensor noise may also
be detected, yielding clutter or spurious measurements. This situation can also
occur when several targets are present in the same neighborhood [21].
Introducing spurious measurements in a tracking filter leads to divergence of
the estimation error and, thus, track loss.

This uncertainty, if not resolved in the most appropriate manner, can lead to
the loss of the target.

A measure that is within the region of association becomes "candidate" to the
association, although it is not guaranteed that it has been originated from the
target of interest. This procedure prevents the measure relative to the target
of interest to be searched in the entire observation scenario and limits to
search measures only internal to the gate. Consequently, the measures in areas
outside of the gate can be ignored because they are too distant from the
predicted measure and it is not likely that they have been originated from the

target of interest.

Let us suppose to track a single target, the following cases can arise:
1. one of the measures will be associated with the target of interest,
while the others will be associated with clutter or other targets;
2. all the measures are exclusively associated with clutter;

3. there are no measures.

11
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Consequently:
% the first problem is to select measurements to be used to update the
state of the target of interest in the tracking filter;
% the second problem is to determine whether the filter has to be

modified to account for this data association uncertainty.

The goal is to obtain the minimum mean square error (MMSE) estimate of

the target state and the associated uncertainty [18].

1.5 Aim and outline of the thesis

This thesis is concerned with the implementation and validation of
algorithms for tracking targets moving on the sea surface.
From a methodological point of view, the thesis is divided into two parts.
The first part is a study of the issues arising in identification and tracking of a
moving marine target and of the association procedures used to determine
whether the measure received by the radar is correctly referred to the target (a
ship) from which it was generated.
The second part of the thesis deals with the problem of sea clutter that may
corrupt or even compromise the state estimate of the target, because, if
clutter is strong enough, it becomes difficult to distinguish the useful
component of the signal arising from the target, with obvious consequences
on the association phase. This problem required a proper tuning of the
parameters of the algorithms based on the statistics of the clutter of reference.
In particular, two variants of the main target tracking algorithm present in the
literature [19], the Kalman Filter (KF), have been analyzed: the Nearest
Neighbor Standard Kalman Filter (NNSKF) and Strongest Neighbor
Standard Kalman Filter (SNSKF) have been considered and validated (on
simulated data).
Since these algorithms have evidenced a significant occurrence of false
alarms, the attention has been then focused on the Probabilistic Data

Association Filter (PDAF) for the single tracking and for multi tracking

12



1 Introduction

version the Joint-PDAF (JPDAF) [20], [21]. Also the “cheap” variants of
these algorithms have been considered and validated on real data.

As a significant case study used to validate the developed procedures and
algorithms, we have exploited the data collected by an X-band radar installed
at the port of the Giglio island. On 13th of January 2012, Costa Concordia
cruise ship, with about 4200 passengers onboard, smashed against the coast
of Giglio Island, located in the Tuscan Archipelago, in the Northwestern
Mediterranean Sea.

To face such a kind of disaster, the state of emergency was declared and a
number of different devices were installed on the island to monitor the ship
wreck, to prevent oil spills in the sea or the definitive sinking of the wreck
because of the coastal storms. The Remocean system was one of these
systems and it was purchased by the Tuscany Region, installed at the Giglio
Island and managed by the LaMMA Consortium as a supporting
observational tool providing information about the sea state, which was
important for the removal operations of the Costa Concordia ship wreck.

The use of real data gave us the opportunity to address two main issues:

1. the first one, very thorny, is the sea clutter, therefore validating the
tracking algorithms also in conditions in which the useful signal
backscattered to the radar is not perfectly clean, but it is compromised
by the presence of the sea, in particular, by the capillary waves
generated by the wind;

2. the second, as will be explained further on, has allowed to understand
how the targets are no longer point type, but they are represented by a
cloud of points, so they must be considered with an extended shape
with their suitable dimensions, further complicating the whole

processing system.
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2

Tracking issues and overview of the principal
algorithms

2.1 Track a single target in clutter
The problem of tracking a single target in clutter considers the situation
where there are possibly several measurements in the validation region (gate)
of a target. The set of validated measurements consists of:
e the correct measurement (if detected and it falls in the validation
gate);

e the undesirable measurements (originated by clutter or false-alarm).

The common mathematical model for such false measurements is that they
are uniformly spatially distributed and independent across time.

The validation procedure limits the region in the measurement space where it
is more probable to find the measurement from the target of interest. In
addition, it can happen that several measurements will be found in the
validation region and that those falling outside the validation region can be
ignored because they are “too far” from the predicted state and thus very
unlikely to have originated from the target of interest. This holds true if the
gate probability is close to unity and the model used to obtain the gate is
correct [1], [4], [9]. A situation with several validated measurements is

depicted in Figure 2.1.

Fig. 2.1 Single target in clutter
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2 Tracking issues and overview of the principal algorithms

The two-dimensional validation region in Figure 2.1 is an ellipse centered at

the predicted measurement Z1. The elliptical shape of the validation region is

defined by [1], [4], [9]
Vk,y) = {z: [z — 2, 1"S Mzw — 21 < v} 2.1)

where
® [z, — Zj] is the innovation term given from the difference between
the real measure and the respective estimate
e S is the covariance of the innovation
® ¥ is the gate threshold

e [ is the instant of time

The error in the target’s predicted measurement, that is, the innovation,
typically follows a Gaussian distribution and the parameters of this ellipse are
determined by the covariance matrix S of the innovation. All the
measurements in the validation region may have been originated from the
target of interest, but only one of them is the true one.
As a consequence, the set of possible association events are the following:

a) Zjoriginated from the target, and Z, and Zzare spurious;

b) Z,originated from the target, and Z;and Zzare spurious;

c) Zszoriginated from the target, and Z;and Z,are spurious;

d) all measurements are spurious.

These association events are mutually exclusive and exhaustive so it is
possible to use the total probability theorem in order to obtain the state
estimate in the presence of data association uncertainty. Under the
assumption that there is a single target, the spurious measurements constitute

a random interference.
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2 Tracking issues and overview of the principal algorithms

2.2 Track multiple targets in clutter
When several targets as well as clutter or false alarms are present in the
same neighborhood, the data association becomes more complicated [9], [21].

Figure 2.2 illustrates this case, where the predicted measurements for the two

targets are denoted as Z land Z2:

Fig. 2.2 Multiple targets in clutter

Three association events are possible:
a) Z, is originated from target Z1 or clutter;
b) Z, is originated from either target Z1 or target Z? or clutter;

¢) Z,and Zs are originated from target Z2 or clutter.

However, if Z, is originated from target ZZ then it is likely that Z; is

originated from target ZT In this situation, a persistent interference from a
neighboring target is present in addition to random interference or clutter,
therefore joint association events must be considered. Consequently, in view
of the fact that any signal processing system has an inherent finite resolution
capability, the additional possibility that Z, could be the result of the merging
of the detections from the two targets has to be considered: this measurement
is an unresolved one. The unresolved measurement constitutes another origin
hypothesis for a measurement that lies in the intersection of two validation

regions and this illustrates the difficulty of associating measurements to tracks

[11, [4], [9-
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2.3 Introduction to tracking algorithms

Two different approaches are considered in associating the data [1], [5]
91, [10]:

e Non-Bayesian data association — in this approach a decision

b

procedure is established, using statistical tools, but, after the
association decision, it is (possibly wrongly) assumed that the

association is always correct.

e Bayesian (Probabilistic) data association — in this approach
probabilities of associations are evaluated and used throughout the

whole estimation process.

Both of these approaches rely on certain models of the targets and the
sensors from which the measurements are obtained. Significant difficulties are
encountered in the modeling of the behavior of the targets, because they can
maneuver, so they can present different behavior modes. This compounds
the already complex problem of associating measurements under uncertainty.

Figure 2.3 summarizes the principal tracking algorithms.

Single-Tracking

l

Algorithms:

Kalman Filter (KF)

Nearest Neighbor Standard Kalman Filter (NNSKF)
Strongest Neighbor Standard Kalman Filter (SNSKF)
Probabilistic Data Association Filter (PDAF)

Multi-Tracking

I

» Multiple Hypotheses Tracker (MHT)

» Joint Probabilistic Data Association Filter
(JPDAF)

* Interacting Multiple Model (IMM)

Algorithms:

Fig. 2.3 Main tracking algorithms
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2.4 Kalman Filter

Filtering is desirable in many situations in engineering because a good
filtering algorithm can remove the noise from signals while retaining the
useful information. Kalman filter estimates the states of a linear system and,
among all possible filters, it is the one that minimizes the variance of the
estimation error.
In order to control the position of a ship, a reliable estimate of the present
position of the ship is needed and, to use a Kalman filter to remove noise
from a signal, the process that is going to be measured has to be reliably
described by a linear system.
A linear system is simply a process that can be described by the following two

equations [4], [9]-[11]:

Sk+1 = Aksk + Bkuk + Wi (22)
Zy = Cksk + Ng (23)

where
E(WijT) = QiOk-1 (2.4)
E(nkan) = Ry 01 2.5)
E(wgnf) =0 (2.6)

In the above equations
e A B, and C are state transition matrices;
® £is the time index;
e sis called the state of the system;
e is a known input to the system;
e zis the measured output;

e w and 7 are, respectively, the process noise and the measurement

noise.
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2 Tracking issues and overview of the principal algorithms

Generally, these quantities are vectors and therefore contain more than one
element. The vector s contains all the information about the present state of
the system. However, s cannot be measured directly; instead, it is analyzed the
measure g (which is a function of s), which is corrupted by the noise 7. It is
possible to use g to obtain an estimate of s, but the information taken from g

is corrupted by noise.

This situation is depicted in Fig. 2.4, where
v the real system and the model are fed with the same input u(t)

v the «™» symbol, used in the model, denotes the state and the exit

estimates
= Physic reality S([)
x(1)
u(t)
E——
N Model é(f)
(A,B,C,D)
x(1)

Fig. 2.4 State estimation system (part 1)

Let us now consider the difference between s(t) and s7(t) as a parameter that

indicates the accuracy of the estimate. The resulting error

e(t)=s(t)-st) (2.7)

is commonly denoted as znnovation.
In order to have a good estimate of x(t) and, therefore, s(t), the prediction
error e(t) should be:
e Small
e Zero mean
e White
20
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It is possible to use the error e(t) to improve the state estimate, using the

scheme depicted in Fig. 2.5

Physic reality s(7)
5 x(7)
u(t) p e(t)
— ] p—>
Model )
(A,B.C.D)
x(7)

=

Fig. 2.5 State estimation system (part 2)

The gain K allows to weigh the error and return it within the model to correct
the estimate of the state.

Let us consider the a priori and the a posteriori estimates:

5 = Elsglz1, o) 23—1] s A priori estimate
sy = Elsl|zq, ..., 2] e} A posterioriestimate

where:
. §; indicates the state estimate obtained for the instant k, considering
all the measurements until the k-1 instant (a priori);
° §k1 indicates the state estimate obtained for the instant k, considering

all the measurements until the k instant (a posteriori).
The Kalman filter estimates a process by using a form of feedback control:

the filter estimates the process state at some time and then obtains feedback

in the form of (noisy) measurements, see Fig. 2.6.
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2 Tracking issues and overview of the principal algorithms

Time Update Measurement Update
(“Predict”) (“Correct™)

PR

Fig. 2.6 Kalman filter feedback control

The time update equations are responsible for projecting forward (in time)
the current state and error covariance estimates to obtain the a priori
estimates for the next time step.

The measurement update equations are responsible for the feedback, for
incorporating a new measurement into the a priori estimate to obtain an

improved a posteriori estimate.

2.4.1 Nearest Neighbor Standard Kalman Filter (NNSKF)
In target tracking, the measurement that is “closest” to the predicted
target-originated measurement is known as the nearest neighbor (NN)

measurement, see Fig. 2.7.

A priori estimate

A posteriori estimate

Istant k-1 Istant k Istant k

Fig. 2.7 NNSKF Functionality

A Kalman filter relying on this assumption is designated as S7andard filter and
considers that the assignment as correct, without accounting for the
possibility that it might be erroneous [9], [16].
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2.4.2 Strongest Neighbor Standard Kalman Filter
(SNSKF)

When tracking targets in clutter, it is possible to have more than one
measurement at any time, since a measurement may have originated from the
target, clutter, false alarm or some other source.

In target tracking, the measurement that has the strongest intensity

(amplitude) is known as the strongest neighbor (SN) measurement [9], [15].

2.5 Probabilistic Data Association (PDA)

The problem with choosing the nearest or strongest neighbor is that,
with some probability, sometimes it is not the correct measurement, because
it has not been originated from the object in track, but it can be a false alarm
or another target. Therefore, the filter will use (sometimes) incorrect
measurements while “believing” that they are correct. This amounts to
“overconfidence” and, even with moderate clutter density, it can lead to loss
of the target [9], [17], [20].

The PDA algorithm calculates the association probabilities to the target being
tracked for each validated measurement at the current time. This probabilistic
or Bayesian information is used in the PDA tracking algorithm, which
accounts for the measurement origin uncertainty. Since the state and
measurement equations are assumed to be linear, the resulting PDAF
algorithm is based on KF.

The approach suggested here is to obtain an estimator which incorporates all
the measurements that might have originated from the object in track rather
than selecting at each time one of them. The PDA algorithm calculates the
association probabilities for each validated measurement at the current time
to the target of interest. This probabilistic (Bayesian) information is used in
the tracking PDA filter (PDAF) that accounts for the measurement origin

uncertainty [9],[17], [20].
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A priori estimate

A posteriori estimate

Istant k-1 Istant k Istant k

Fig. 2.8 PDAF Functionality

The PDAF uses a decomposition of the estimation with respect to the origin

of each element of the latest set of validated measurements, denoted as

Z(k) = {z,(k)}" 2.7)

=1

where z;(k) is the i-th validated measurement and m(k) is the number of

measurements in the validation region at time k.

The validation region is the elliptical region
Vk,y) ={z: [z — 2 1"S Hzw — 2] < v} 2.8)
where y is the gate threshold.

The cumulative set (sequence) of measurements is

Z" = {z(D}L, (2.9)

In view of the assumptions listed, the association events

24



2 Tracking issues and overview of the principal algorithms

0, (k) = {{zi(k) is the target originated measurement} i=1,..m(k) 210
t - {none of the measurements is target originated} i=0 ( ’ )
are mutually exclusive and exhaustive for m(k) > 1
The conditional mean of the state at time & can be written as
~+ _ vm(k) A
Sk = Zi=o SikBi(K) (2.11)

where

e 8} is the updated state conditioned on the event that the i-th

validated measurement is correct.
e Bi(k) £ P{B;(k)| ZX} is the conditional probability of this event
(the association probability), obtained from the PDA procedure.
The estimate conditioned on measurement 7 being correct is
sk = 8¢ + Kev; (k) 2.12)
where the corresponding innovation is
vi(k) = z;(k) — 2 (2.13)
and the gain Kj, is the same as in the standard filter

Ki = P CL(Sp) ™! (2.14)

For 7 = 0, if none of the measurements is correct, ot, if there is no validated

measurement (m(k) = 0), it is

>
S+

Il
>
x|

2.15)
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so the update state equation for the PDAF is
$E=38; + Kxv(k) (2.16)
where the combined innovation is
v(k) = S5 Bl v (k) @17)

and the association probabilities are

ei

ﬂl(k + 1): W i=1, ,m(k + 1) (218)
B b ;
where
ei:e—%vi(k+1)TS(k+1)‘1vi(k+1) (2.20)
ﬂ
21 _11-PpP
b= (7) *mk + Dey, 2.21)

The covariance associated with the updated state is
P = Bo(kK)P + [1 = Bo(K)]PET + Py (222)
where the covariance of the state updated with the correct measurement is
Pt = P; — K S KT (2.23)
and the spread of the innovations term is

P 2 K (3 B (k)vl — v(k) vt (k)IKT (2.24)

=1
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2.5.1 Joint Probabilistic Data Association Filter (JPDAF)
One of the limitations of PDAF is that it assumes that each target is

isolated from all other targets and that false alarms present in the region of

validation are modeled through a Poisson distribution.

However, it is possible that the interference is due not only to the presence of

the false alarms within the gate, but also of other targets, in addition to the

one of interest.

The following are the assumptions of the JPDA:

*¢* There is a known number of established targets in clutter

*¢* Measurements from one target can fall in the validation region of a
neighboring target

*¢ The past is summarized by an approximate sufficient statistic

** The states are assumed Gaussian distributed with means and
covariances

¢ Each target has a dynamic and a measurement model

This is a target-oriented approach and extends the PDAF to a known number
of targets, whose tracks have been established. Finally, it evaluates the
measurement-to-target association probabilities for the latest set of
measurements and then combines them into the state estimates [9], [23], [24].

The key feature of the JPDA is that it evaluates the conditional probabilities

of the following joint association events
AGK) = N7y Ay () .29)

pertaining to the current time &, where Aj¢ (k)is the event that measurement ;
at time 4 originated from target 4/ =1,...7, #=0,1,... N¢; {; is the index of
the target to which measurement ; is associated in the event under
consideration and N; is the known number of targets.
JPDAF consists of the following steps:

o The measurement-to-target association probabilities are computed

jointly across the targets
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o The association probabilities are computed only for the latest set of
measurements — this is a non-backscan approach

o The state estimation is done separately for each target as in the PDAF

2.5.1.1 Cheap PDAF and Cheap JPDAF

In the standard PDA and JPDA, the association probabilities are
calculated by considering every possible hypothesis as the association of the
new measurements with existing tracks. Both approaches updates each track
with a weighted average of all the measurements with which it can be
associated, the weighting factor being the probability of association of the
track with the measurement in question. Unfortunately, when these methods
are generalized to the multi-target case, the computation of the probabilities is
quite complex, increasing substantially the computational cost of the
algorithm.
To overcome this issue, an ad-hoc PDA and JPDA formulation, commonly
known as the Cheap PDA (CPDA) and Cheap JPDA, provides a good

approximation of the association probabilities [25]-[27],

Brj = sre—
tj Sti+srj_Gij+B

(2.26)
where

e B is a constant which depends on clutter density (usually with B = 0,

the algorithm works well)
® () is proportional to the Gaussian likelihood function indicating the
closeness of fit of target t with jth observation and it is given by:

eaxpl 3V DTG+ D (i D) (2.27)

G,; =
U7 sy k)]

o S;; is the sum of all G's for track /

e §,jis the sum of G's for return /.
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When updating the state of the target, only three measurements with the
highest probability should be used, but this limitation is stated as a processor
loading consideration. Another reason for limiting the number of
measurements could be that the ad hoc probability may give a too high
weighting to incorrect measurements and cause the covariance matrix to grow
uncontrollably in a dense target environment.

However, the cheap versions of PDAF and JPDAF can be considered a
smaller variety of the standard version of same algorithms, because they does
not consider all the measures within the gate as likely candidates to the
association procedure. As a consequence, this can lead to inaccuracies in the
estimation of the target state, because the selected measures, within the gate,
with higher probability could not be associated with the target of interest, but

with the clutter or even to other targets.

2.6 Multiple Hypothesis Tracking (MHT)

Since most surveillance systems must track multiple targets, multiple
target tracking (MTT) is the most important tracking application. Fig. 2.9
shows the basic elements of a typical MTT system [9], [19].

Sensor Data Processing : Track Maintenance
Observation-to-Track e 5 :
and Measurement > oy (Initiation, Confirmation,
: Association .
Formation and Deletion)
Y
Gating _ Filtering and
Computations Prediction

Fig. 2.9 Typical MTT system

The Multiple Hypothesis Tracker (MHT) evaluates the probabilities that there
is a sequence of measurements originated from a target and this is valid for

each measurement sequence. The MHT is a measurement-oriented approach,
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2 Tracking issues and overview of the principal algorithms

so it does not assume a known number of targets and it also has track
initiation capability.

This algorithm splits the existing track, whenever an association ambiguity is
present and follows each branch (sequence of measurements) with a

probability calculation.

Fig. 2.10 Association ambiguity

Let us assume that tracks have been formed from previous data and a new set
of input observations becomes available: this input observations are
considered for inclusion in existing tracks and for initiation of new tracks.
When closely spaced targets produce closely spaced observations there will be
conflicts such that:

e there may be multiple observations within a track’s gate;

e an observation may be within the gates of multiple tracks.

Fig. 2.10 shows a typical conflict situation in which track gates are placed
around the predicted positions (Xp_q, Pr_1) of two tracks, and three
measurements (Z1y, Z2y, Z3y) satisfy the gates of either (or both) of the
tracks. The global nearest neighbor (GNN) approach finds the best
association of this measurement to existing tracks, which for example, would
probably be Z1; to track X,_; and Z2y to track P;_;. The term global
indicates that the assignhment is made considering all possible (within gates)
associations under the assumption that an observation was produced by a
single target. This distinguishes GNN from the nearest neighbor (NN)

approach in which a track is updated with the closest observation even if that
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observation may also be used by another track. Only those tracks that are
included in the best assignment are kept, while, unassigned observations, in
this case Z3j, initiate new tracks. The assumption that an observation was
produced by a single target is inherent in the standard GNN assignment.
Tracks that do not share any common observations will be defined
compatible, thus only this kind of tracks can appear in the same assignment

solution.

2.7 Interactive Multiple Model (IMM)

The IMM adaptive estimation approach is based on the fact that the
behavior of a target cannot be characterized at all times by a single model, but
a finite number of models can adequately describe its behavior in different

regimes [9], see Fig. 2.11.

Fig. 2.11 General functionality of IMM

The IMM algorithm runs many Kalman Filters simultaneously based on
several target models in an interacting manner. This model is governed by a
discrete stochastic process, because it is one of a finite number of possible
models (each corresponds to a behavior mode), that switches from one model
(behavior mode) to another according to a set of transition probabilities (the
dynamic Multiple Model (MM) approach). The value of hybrid models for

tracking algorithms is that the occurrence of target maneuvers can be
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explicitly included in the kinematic equations through switching through one

model to another.
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Validation of tracking algorithms on simulated
data

3.1 Data characteristics

For the purpose of a greater understanding of the Kalman filter, an
algorithm for the simulation of targets that move along a random two-
dimensional trajectory and change direction has been implemented.
Moreover, within this scene, false alarms were inserted randomly, following
the Poisson distribution.
More in detail, in the generation of simulated data, used to validate the
algorithms, the following two scenarios were considered:

1. in the case of single tracking, a two-dimensional x-y scenario with
one target point type, distinguishing between cases of presence
and absence of false alarms;

2. in the case of multi tracking, a two-dimensional x-y scenario with
two targets point type, going to directly investigate the case of

presence of the false alarms.

The two tracking algorithms used, the NNSKF and Cheap PDAF / JPDAF,
were applied to these two scenarios.
In the initialization phase of both the algorithms, certain parameters were

defined, as denoted in Tab. 3.1.

Parameter Unity measure
Scene dimension Matrix of 512x512 pixels
Pixel spacing 1.75m
Antenna rotation period 2.4 s

Tab. 3.1 Main parameters
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3 Validation of tracking algorithms on simulated data

Subsequently, the input control and measurement matrices, known as the
state transition matrices that will be necessary to update the status of the
target, were defined. It is worth recalling that the Kalman filter, used to
predict the state of a moving target on the surface of the sea, recalls the more
general problem of a state estimation of a discrete-time process.

For the estimation procedure, the random variables representing
e the noise process, which corresponds to the sudden and abrupt
changes of movement and acceleration of the target
e the measurement noise due to all those environmental signals that are

not related to target

were assumed to be independent, white and with normal probability
distribution.

For this reason, these problems related to the initialization of these
parameters have been addressed, so as to make them as lifelike as possible if
considered in a real system.

In this implementation of these filters, it was considered appropriate to
calculate the covariance matrix of the measurement noise and process noise
before the filters operations were carried out: for this purpose, it was
necessary a calibration phase of such parameters. In addition, the initial
velocities along the x and y directions have been placed at zero, since they are
not known, while the initial positions of the targets along the x and y
directions have been updated with the first positions received by the first
simulation, to which a Gaussian random noise was added.

After setting the initial parameters, the simulation has been started and,

simultaneously, both the algorithms have been run for validation.

3.2 The clutter model
Whatever the radar system and its task, it is necessary to have the exact

knowledge of its characteristics (capabilities and limitations), in order to
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3 Validation of tracking algorithms on simulated data

correctly interpret the information it provides and not incur in false
estimations.

A nautical radar receives backscattered signals arising not only from the
targets of interest, but also from the sea surface (according to the mechanisms
of backscattering) and from any precipitation. These echoes are added to the
simulated radar images and affect the performance of the indicator, possibly
even impairing the identification of targets. Such a kind of signal is
conventionally denoted as c/utter, because it always represents an unwanted
signal (noise) that is superimposed on the useful signal and reduces the ability
to detect targets.

For these reasons, in radar systems, a device, called anti-clutter, is always
present and allows to filter this noise contribution.

The motion of the waves follows the wind direction, so this thickening is
more significant towards the direction of origin of the wind, for the effect
shown in Fig. 3.1, and extends to an apparently larger distance where the
wind speed and the "strength" of the sea are greater. The most setious
consequence is to mask any targets present within a certain area.

Of course, it could be possible to take into account the effect of sea clutter by
properly modifying the propagation model underlying the radar processing,
but none of the mechanisms proposed to describe the sea clutter is fully
satisfactory: the complexity of the nature of the sea, together with the
difficulties present in the control experiments, makes the realization of a

single model a real challenge [22].

Fig. 3.1 Sea clutter origin (v, wind direction)
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3.3 Model for false detection
False alarms are false positives and they can come from sensor
imperfections or detector failures (clutter). They raise two fundamental
questions:
e What is actually present inside the validation gate?
o The real measurement?

o A false alarm?

e How to model false alarms?

Let us assume that the sensor field of view 17 is discretized into IN discrete
resolution cells (or pixels), ¢; = 1, ..., N. A detection is declared in a cell if the
output of the signal processor in this cell exceeds a certain threshold. Let us
also assume that:

e the events of detection in each cell are independent of each other

e the occurrence of false alarms is a Bernoulli process with probability p

:PF'

Then, the probability mass function (pmf) of the number of false alarms in

these IN cells follows the binomial (Bernoulli) distribution

Plngs =m} = pealm) = (V) pm(1 =y m 6.1)

025

* p=0.5 and n=20
* p=0.7 and n=20
® p=05 and n=40

-
0.10 0.15 0.20
.
.
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. . .
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L
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Fig. 3.2 Binomial distribution of false alarms

36



3 Validation of tracking algorithms on simulated data

Let the spatial density A be the number of the false alarms over the entire
space

[occurrences per m?] (3.2)
Let us now consider the limiting case N = 400, that is we reduce the cell size

until the continuous case. Then, the Binomial becomes a Poisson distribution
with

_np (NP)™
Hra(m) = e~NP EE (3.3)
Therefore the pmf of the number of false alarms or clutter points in the

volume V, in terms of their spatial density A, is given by

v @™
ppa(m) = e~V & m)!

(3.4

LLE

r o A=l
03 |

e A=10
F \
0.2

Fig. 3.3 False alarms distribution in function of their spatial density

This serves as justification for the common use of the Poisson distribution

for the number of false measurements in a certain volume under the two
assumptions given above.
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The spatial distribution of the false alarms is uniform, thus, neglecting the
granularity due to the resolution cells, the probability density function (pdf) of

the location of a false alarm is
p(z|z is a false alarm) = % (3.5)

where V denotes now the volume of the subspace in which the measurement
is known to lie. Depending on the situation considered, this can be the

sensor’s surveillance region or a target’s validation region [35].

3.4 Single target tracking

Initially, the case of application of KF and the Cheap PDAF in a
scenario in the absence of false alarms is shown. The trajectory of the target
estimated by the algorithms in three different instants of time is illustrated in

Fig. 3.4a-c, respectively.
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0 x (pixel) 512
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Fig. 3.4a Single target without clutter (acquisition time t1)
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Fig. 3.5b Single target without clutter (acquisition time t2)
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Fig. 3.6¢ Single target without clutter (acquisition time t3)

In each figure a table reporting the current state of various targets is given. In

particular:
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1. the first column represents the number of identified target;

2. the second column represents the Time on Target (T on T), which is
how long the algorithm follows that particular target;

3. the third column represents the position X, in meters, of the
identified target;

4. the fourth column represents the position Y, in meters, of the
identified target;

5. the fifth column represents the magnitude of the velocity in meters /
second, the identified target;

6. the sixth column represents the direction, in degrees, at which the

target is moving, respect to the image center.

Of course, in case of absence of false alarms, the two algorithms are
equivalent, since they both correctly follow the target.

Then we have considered a scenario where false alarms occurs. In the worst
conditions, it has been assumed that, in each time instant k, three false alarms
distributed randomly were present in the scene of observation, as well as the
measure relative to the target. Therefore, for each time instant, four measures
are present in the scene of analysis: three are false alarms and one will be the
real one associated to the target of interest.

In the following, the trajectory of the target estimated by the two algorithms

in three different instants of time is illustrated.
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Fig. 3.7a Single target with clutter assuming 3 false alarms every time instant tracked
with NNSKF (acquisition time t1)
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Fig. 3.8b Single target with clutter assuming 3 false alarms every time instant tracked
with NNSKI (acquisition time t2)

41



3 Validation of tracking algorithms on simulated data

512
y (pixel) _"-,:- A 4
0 x (pixel) 512
TonThl | Xim] Yim] | Soeed jn/s] Hesdng [deg}

T mw}.}é 110000 220000 122 300 .

£l b

Fig. 3.9¢ Single target with clutter assuming 3 false alarms every time instant tracked
with NNSKF (acquisition time t3)

In figures 3.5a-c, the trajectory of the single target T'1 is correctly estimated, in
fact the value of the T on T in the tables is always growing.

Subsequently, it was decided to further worsen the situation, working with 11
measures, 10 of which are false alarms and 1 measurement is really associated

with the target.
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Fig. 3.10a Single target with clutter assuming 10 false alarms every time instant
tracked with NNSKI (acquisition time t1)
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Fig. 3.11b Single target with clutter assuming 10 false alarms every time instant
tracked with NNSKF (acquisition time t2)
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Fig. 3.12c Single target with clutter assuming 10 false alarms every time instant
tracked with NNSKF (acquisition time t3)
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3 Validation of tracking algorithms on simulated data

Figures 3.6a-c shows that the target T1 is followed by the tracking algorithm
with some difficulties, in fact a consistence presence of false alarms can be
noticed. Moreover, in Fig. 3.6b only two false alarms are present (one is
named T1, as the target of interest, but it cannot be the target because it is
completely outside the old trajectory), but, in this particular time instant, the
trajectory is lost. Moreover, in figure 3.6¢, in addition to the target of interest
T1, also another target, T4, is detected near T1: this is due, essentially, to the
problem concerning the association procedure; in particular, it is shown the
case in which it wrongly attributes the origin of a measurement to the target
of interest, since, among all the measurements present within that gate, one of

these false alarms was also chosen as a measure originated from the target.

The following Figures 3.7a-c will show the validation of the Cheap PDAF on

the same simulated data
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Fig. 3.13a Single target with clutter assuming 3 false alarms every time instant
tracked with Cheap PDAF (acquisition time t1)
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Fig. 3.14b Single target with clutter assuming 3 false alarms every time instant
tracked with Cheap PDAF (acquisition time t2)
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Fig. 3.15c Single target with clutter assuming 3 false alarms every time instant
tracked with Cheap PDAF (acquisition time t3)

Also in this case, the target T1 is correctly tracked by the algorithm, regardless

the presence of some false alarms. However, sometimes it is lost, in fact the

45



3 Validation of tracking algorithms on simulated data

value of T on T related to this target is growing in Fig. 3.7a-b, but it is

decreasing in Fig. 3.7c.

As

in the NNSKF case, in the following figures we further complicate the

problem, working with 11 measures, 10 of which are false alarms and 1

measurement is really associated with the target.

46

512 : :
y (pixel)
0 ‘x {pixeli . 512

| TonThl | Xim] Yim] | Speed fn/s] Headng Keg)
[ 71 G000 278100 550000 168400

Fig. 3.16a Single target with clutter assuming 10 false alarms every time instant
tracked with Cheap PDAF (acquisition time t1)
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Fig. 3.17b Single target with clutter assuming 10 false alarms every time instant
tracked with Cheap PDAF (acquisition time t2)
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Fig. 3.18c Single target with clutter assuming 10 false alarms every time instant
tracked with Cheap PDAF (acquisition time t3)

Figures 3.8a-c represents a situation similar to that shown on Fig. 3.7a-c, but

in this case the presence of false alarms is very strong.

3.5 Multi target tracking

A scenario in presence of false alarms has been directly considered. As
for the single target tracking case, in the worst conditions, it has been
assumed that, in each time instant k, three false alarms distributed randomly
were present in the scene of observation, as well as the measure relative to the
target. Therefore, for each time instant, four measures are present in the
scene of analysis: three are false alarms and one will be the real one associated
to the target of interest.

In the following, the trajectory of the target estimated by the two

algorithms in three different instants of time is illustrated.
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Fig. 3.19a Two targets with clutter assuming 3 false alarms every time instant
tracked with NNSKF (acquisition time t1)
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Fig. 3.20b Two targets with clutter assuming 3 false alarms every time instant
tracked with NNSKI (acquisition time t2)
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Fig. 3.21c Two targets with clutter assuming 3 false alarms every time instant
tracked with NNSKF (acquisition time t3)

Figures 3.9a-c shows that the trajectories of the two targets T1 and T2 are
correctly estimated, in fact the value of T on T is always growing for both the
targets.

As in the case of single target, in the following figures, it was decided to
further worsen the situation, working with 11 measures, 9 of which are false
alarms and 2 measurements are really associated with the targets.

In this case the situation is further complicated, because more targets moving
in a scenario where the clutter is more present have to be tracked

simultaneously.
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Fig. 3.22a Two targets with clutter assuming 10 false alarms every time instant
tracked with NNSKF (acquisition time t1)
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Fig. 3.23b Two targets with clutter assuming 10 false alarms every time instant
tracked with NNSKF (acquisition time t2)
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Fig. 3.24c Two targets with clutter assuming 10 false alarms every time instant
tracked with NNSKF (acquisition time t3)

Regardless of the presence of many false alarms, both the targets are correctly
tracked by the algorithm (see Fig. 3.10a-c).
The following Figures 3.11a-c will show the validation of the Cheap JPDAF

on the same simulated data.
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Fig. 3.25a Two targets with clutter assuming 3 false alarms every time instant
tracked with Cheap JPDAF (acquisition time t1)
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Fig. 3.26b Two targets with clutter assuming 3 false alarms every time instant
tracked with Cheap JPDAF (acquisition time t2)
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Fig. 3.27c Two targets with clutter assuming 3 false alarms every time instant
tracked with Cheap JPDAF (acquisition time t3)
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Figures 3.11a-c show that with some difficulties the targets are tracked, in fact

sometimes T2 is lost because its T on T value is decreasing.

In the following figures, it was decided to further worsen the situation,

working with 11 measures, 9 of which are false alarms and 2 measurements

are really associated with the targets.
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Fig. 3.28a Two targets with clutter assuming 10 false alarms every time instant

tracked with Cheap JPDAF (acquisition time t1)
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Fig. 3.29b Two targets with clutter assuming 10 false alarms every time instant
tracked with Cheap JPDAF (acquisition time t2)
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Fig. 3.30c Two targets with clutter assuming 10 false alarms every time instant
tracked with Cheap JPDAF (acquisition time t3)
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Figures 3.12a-c shows a very consistence presence of false alarms;
nevertheless both the targets trajectories are correctly tracked by the

algorithm.

3.6 Results and observations

The tests of the algorithms have confirmed the good results in the
estimation of the trajectories of the two targets, despite the presence of false
alarms. In fact, for all the algorithms, the important value to be considered is
the Time on Target (T on T) reported in the tables present in every figure.
For some tracks, this value is always increasing, so the target is correctly
tracked. However, sometimes the T on T, for a particular target, switches
from high values to small values because, in a fixed instant of time, the target
was lost, therefore it had to be detected and tracked again by the tracking
algorithms.
Subsequently, in the presence of false alarms, it may be noted how even the
Kalman filter is able to follow a target with some little problematic. Once it is
not clear what the target and once the target is even lost! This represents a
limit of the Kalman filter.
To overcome this limitation, it was considered appropriate to use the variant
of Cheap PDAF for single tracking and Cheap JPDAF for multi tracking. In
patticular, it was noted that the Cheap PDAF / JPDAF offers, for the same

number of false alarms, performance comparable with those of the NNSKF.
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4

X Band Radar Target Tracking in Marine
Environment: a Comparison of Different
Algorithms in a Real Scenario

4.1 Introduction to X-band radar

Typically, marine X-band radars are employed to detect targets on the
sea surface during the navigation, but they can also provide information for
both the sea state parameters, also during the night and in poor visibility
conditions (e.g., in presence of fog). However, radar echoes arising from the
sea surface, commonly considered as an undesired signal (clutter), as well as
the interaction between the electromagnetic waves and the rain precipitations,
can strongly affect the capability to detect the obstacles present during the
navigation [30]. The data were acquired by the X-band radar system installed
at the port of Giglio island during the removal operations of the Costa
Concordia wreck and made available by the Consorzio Lamma that manages
the system for research purpose. This system, called Wave Monitoring,
provided by the Remocean S.p.A. company, has the purpose of measuring
waves and surface currents analyzing the sea clutter received by the radar [48]-
[53]. The X-Band radar system deployed in this study is operating at

frequency of 9.5 GHz and its general characteristics are reported in Table 4.1.

Parameter Value

Antenna rotation period 241 s

Range resolution (Ar) 7m

Azimuth resolution (A¢)  0.9°

Radar scale 3072 m
View angular sector 260°

Polarization HH

Peak power 25 kW

Tab. 4.1 Parameters of the acquisition system
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This device allows us to obtain 2D spatial images of the scene of observation
at different time instants. Figure 4.1 depicts a schematic configuration of the

wave monitoring system for the coastal area:

X-band Radar

—

Radar interface
a"f‘ \"\_‘.

P
""

PC

o ,.; é H 11
i e p—

Fig. 4.1 Architecture of the acquisition and processing system of the radar data

The system architecture is very easy and flexible and is composed by a radar
interface and an elaboration unit. The elaboration unit is an high performance
industrial computer, designed to work in non-conventional environments,
which is connected to the radar signals acquisition interface. The radar

interface is an analog-to-digital (AD) converter for the received signal.

4.2 Validation of tracking algorithms on real data
acquired by an X-band radar

After the analysis on simulated data, which has been also exploited to
tune the algorithms with respect to the particular operative environment we
are dealing with, the considered algorithms have been validated on real data.
In particular, a Consilium X Band Radar radiating a maximum power of 25
kW and equipped with a 9 feet (2.74m) long antenna was deployed. The radar
antenna is located at the coordinates LAT=42°21’39.66”N;
LON=10°55’16.31"E. The antenna is installed on a lighting pylon at a height
of 15 m above sea level [48]-[53].
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The following Figure shows the installation site of the radar:

Fig. 4.2 Installation site of the Remocean system indicated by the red circle

For this study, data acquired by the Remocean system were used for these
different purposes as an input to the tracking algorithms and exploited them
to monitor the movement of several targets that were populating the scene
during the recovery operations.

In so doing, it has been possible to validate the algorithms in a real context, in
which data are affected by the typical forms of clutter of the marine
environment and are characterized by the presence of multiple moving
targets. The following figure shows a radar image superimposed to the map of

Giglio island, showing clutter and moving targets at this port.
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Fig. 4.3 Radar image showing clutter and moving targets at the port of Giglio Island

4.3 Clustering
Differently from what assumed in the algorithms, the targets are
obviously extended ones and not modeled as point targets, as illustrated in the

red circle in Fig. 4.4.

X=3072m

Fig. 4.4 Radar image with three targets indicated by the red circles
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This is because, in a given time interval, the radar acquires many
backscattered signals (i.e., many points), all referred to the same vessel. As a
consequence, we had to use an extractor module (the yellow block in Fig. 4.5)
to encompass such points in a single "cloud" through clustering and,
subsequently, determine the center of gravity of such a cloud and track only

this one.

Noise

Electromagnetic or

acoustic snergy
Target state estimate
Signal Nt )
@ Measurements ﬁ
E— o

Fig. 4.5 Block diagram of a detection and tracking system

The clustering technique used is the bottom-up one and agglomerative, that
is, initially, each element (leaf) is considered as an isolated cluster and then
this technique continues to assemble common elements to the cluster until a

fixed number of cluster is obtained.

4.4 K-distributed clutter

In general, noise is a random phenomenon, which is algebraically added
to the useful signal coming from the target of interest, so it can increase or
decrease the total signal received by the radar. The aim is to maximize the
signal to noise ratio in order to maximize and optimize the analysis of the data
provided by the radar. Typically, noise is well represented in probabilistic
terms from a Rayleigh distribution, while the amount of signal and noise has a

Gaussian probability density.
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In our case, noise is also (and mainly) influenced by marine clutter, so that
term is the need to determine probability distributions able to describe its
experimentally properties. To this end, the scientific community to introduce
new models of clutter, whose statistical characteristics are in better agreement
with those found in practice with the Gaussian model, typically used as a
statistical model to describe the noise evolution.

For example, because of the presence of spikes that characterizes the returns
from the sea, the use of the Rayleigh random variable as a model to describe
statistically the distribution of the amplitudes of the clutter is inappropriate.
Rather, the use of heavy-tailed distributions, for which the probability to find
isolated samples whose amplitude is relatively high in the return from the
clutter is no longer negligible could be more appropriate.

For this purpose, the K-distribution is surely among the most used to
describe the sea clutter because, by assigning an appropriate value to its
parameters, it closely approximates the histograms of the amplitudes of the
radar returns in different sea conditions, as well as allows effectively taking
into account correlation properties of clutter [2], [7], [23]-[34].

Therefore, to statistically describe the clutter to the first order as a random,
K—distributed, variable C, having shape-parameter v (v > () and scale-
parameter b (b > 0), it means that the amplitude of the clutter returns have a

probability distribution function (pdf) given by the following expression:

C~K(v,b) & fi(c) =21

r(v) 2v-1

c’K,_1(bc) “4.1)

where I' (J) is the Gamma Eulerian function and K;,_; (*) is the Bessel

function of the second kind and order v — 1.

As can be seen from Figure 4.6, the choice of the ¥ parameter entails a
change of shape in the pdf. In particular:

o the lower the value of this parameter (V=2>0), the slower the decay of

the tail of the distribution (spiky clutter);
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e on growing of v, incurring into spikes becomes increasingly unlikely
and they tend to disappear altogether
o for v >+, the limiting case for which the distribution K
tends to the Rayleigh distribution.
Typically, values of v encountered in real data are such that v [0.1,+0) [23],
[24].
It is useful to observe that, in addition to being a good model for real data,
assuming that the clutter C follows the distribution K (v, b) is suitable to a
convenient and interesting physical interpretation.

In fact, said C * K(v,b) the random variable which describes the amplitude

of the sea clutter, it appears that C can be expressed as
c =52 “4.2)

where S and X' are two independent random variables, such that S~Ray(1)

2

and I'*~T (17, b?) (compound gaussian model [24]-[26], [31], [32]). In other

words, the precedent expression states that the pdf of a random variable C *

K(v,b) can be expressed as (Theorem of Total Probability)

+00
0

fdle)=[" fytelorfloho= [ epi-c/20%fi(oMo @3

i.e., that the received signal can be interpreted as the backscatter from a scene
modeled as a two scales surface, where S2~Exp(c?) represents the power
of the return from the fast varying components of the surface (speckle, or the
return from capillary waves), and whose average value g2 is locally modulated
by slowly varying components of the same surface (the texture, that is, the

backscattering coming from the long-wave) according to the distribution

r?~r(v, ”2—2) [24]-[26].
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Far from this assumption, it is assumed that the correlation characteristics of
the clutter are dictated solely by the component of texture, whose correlation
length (both in space and in time) is much greater than that of the speckle,
which is therefore modeled as a white random process.

Such considerations are endorsed by empirical evidence, which shows that the
returns from the capillary waves remain correlated in the order of
milliseconds, while the gravitational waves have an average length of time

correlation of the order of seconds [24].

Fig. 4.6 Pdf of the K-distribution for b =1 and ¥ = 0.5 (blue), v = 1 (violet) and
v = 5 (yellow)

4.5 Results and observations

This paragraph will show the results of the validation of the NNSKI
and of the Cheap PDAF and JPDAF on real data acquired by a X-band
marine radar. The following table shows the parameters used in the

elaboration system for all the algorithms:

Parameter Value

X scene dimension 1024 m

Y scene dimension 1024 m
False alarm probability 1073

Minimum distance between two ships to be distinguished 12 m

Gate radius 50 m

Tab. 4.2 Parameters of the elaboration system
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Figures 4.7a-d show the validation of the NNSKF on real data already
discussed. It can be seen that this algorithm correctly “follows” the trajectory
of the three targets present in the upper right side of the observation scenario.
The other targets on the lower side are false alarms, in fact they are not as

extended as the three ones on the upper right side.

X=3072m

Fig. 4.7a Real data acquired by the X-band radar system tracked with NNSKF
(acquisition time t1)

X=3072m

Fig. 4.8b Real data acquired by the X-band radar system tracked with NNSKF
(acquisition time t2)
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X=3072m

Fig. 4.9c Real data acquired by the X-band radar system tracked with NNSKF
(acquisition time t3)

X=3072m

Fig. 4.10d Real data acquired by the X-band radar system tracked with NNSKF
(acquisition time t4)

Figures 4.8a-d show the validation of the Cheap PDAF on the same real data.
This algorithm presents some problems to track the state of the three targets,
in fact in Fig. 4.8a only two targets are correctly tracked and, in the worst
case, in Fig. 4.8c all targets are temporarily lost. This is due to the limitation
of the Cheap PDAF, which is not suitable in multi-target scenarios.
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X=3072m

Fig. 4.11a Real data acquired by the X-band radar system tracked with Cheap PDAF
(acquisition time t1)

Y=3072m

X=3072m

Fig. 4.12b Real data acquired by the X-band radar system tracked with Cheap PDAF
(acquisition time t2)
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X=3072m

Fig. 4.13c Real data acquired by the X-band radar system tracked with Cheap PDAF
(acquisition time t3)

X=3072m

Fig. 4.14d Real data acquired by the X-band radar system tracked with Cheap PDAF
(acquisition time t4)

Figures 4.9a-d show the validation of the Cheap JPDAF on the same real
data. This algorithm perfectly estimates the state of the three targets, because

it is particularly suitable in multi-target environments.
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Y=3072m

X=3072m

Fig. 4.15a Real data acquired by the X-band radar system tracked with Cheap
JPDATF (acquisition time t1)

X=3072m

Fig. 4.16b Real data acquired by the X-band radar system tracked with Cheap
JPDAF (acquisition time t2)
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X=3072m

Fig. 4.17c Real data acquired by the X-band radar system tracked with Cheap
JPDAF (acquisition time t3)

X=3072m

Fig. 4.18d Real data acquired by the X-band radar system tracked with Cheap
JPDAF (acquisition time t4)

For all the algorithms, it can be seen that the value of Time on Target (T on
T) reported in the tables present in every figure is always increasing, so the
target is correctly tracked. However, sometimes the T on T, for a particular
target, switches from high values to small values because, in a fixed instant of
time, the target was lost, therefore it had to be detected and tracked again by

the tracking algorithms.
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The obtained results have confirmed that NNSKF is able to correctly predict
the target tracks present in the scenario, even if sometimes the estimate is
"corrupted" by the sea clutter. Conversely, the considered scenario was
critical for Cheap PDAF, in which a high rate of false alarms was found and
the track of the target was constantly lost. The cause of this behavior is to be
found in the fact that one of the limits of the PDAF (and, consequently, of all
its variants) is to assume that each target is isolated from all other targets and
that it is assumed a Poisson distribution for the false alarms present in the
validation region. Therefore, if within the gate, in addition to these false
alarms and to the single target, also other targets close to each other begin to
be present, the previous assumption is no longer valid since now the
interference is due not only to the presence false alarms, but also to the
presence of other targets, in addition to the one of interest.

Consequently, it was applied the Cheap JPDAF (Cheap Joint PDAF), more
suitable for a multi-tracking scenario, as it considers the fact that in the gate,
in addition to the measures associated with the target of interest,
measurements associated to other targets can also be present, showing better
results than the case of Cheap PDAF and comparable to NNSKF. The
presence of another target is not necessary to the correct operation of the
Cheap JPDAF; it means that this algorithm works well also with one target.
However, if more than one target is present in the scenario of interest, the
Cheap JPDAF is more suitable of the Cheap PDAF for the reasons already
explained in par. 2.5.1.
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5

Conclusions and future perspectives

The algorithms we have considered are the probabilistic data
association filter (PDAF) variants called Cheap PDAF and Joint PDAF
(JPDAF) for multi-tracking and the Kalman filter (KF) variant called nearest
neighbor standard Kalman filter (NNSKTF). These algorithms have been first
analyzed using simulated data to understand the role played by the association
procedure. From such analysis, we have been able to observe that when
clutter begins to have a significant effect, the number of false alarms
increases, so the NNSKF appears to be much less effective. As a matter of
fact, in some time instants, the NNKSF wrongly attributes the origin of a
measure to the target of interest. This was exactly the kind of uncertainty
which arises during the data association, and is the core problem of target
tracking. In fact, after the association procedure, the NNKSF algorithm
considers that the selected measure is always associated with a target,
although such a measure might be associated with a false alarm, or even to
another target. This problem can then lead to the loss of the target and
therefore the failure of the tracking procedure.

To overcome this limitation, it was considered appropriate to use the Cheap
PDAF. This algorithm, among all the measurements present within the
validation region, selects the one which has the highest probability of
association, i.e., the one that is "more likely” to have been originated from the
target of interest. However, if, within the gate, there is another target close to
the target of interest, the interference not only arises due to the presence of
false alarms, but also to the presence of this new target. Such an issue can be
overcome by using the Cheap JPDAF (Cheap Joint PDAF), which is indeed
more suitable for a multi-tracking scenario.

However, Cheap (J)PDAF are not as reliable as the standard versions of these

algorithms, as explained in par. 2.5.1.1.
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The possible developments of the activity carried out during the three-year
period, along with a wide campaign of validation of data acquired from real
systems, may include further study of these algorithms.

In particular, the complete version of PDAF, therefore taking into account all
the measures present in the validation area with a weight in estimating the
target depending upon the likelihood of association of these measures with
the target of interest, can be a useful tool to treat this kind of problems.
Similarly, in scenarios where many targets are present, it may be interesting to
use the "M of N" (with M <= N) technique for the estimation of the state of
the target, that is, the tracking of a target starts only if this it is present at least
M times consecutively on N instants of time in the scene of observation or it
may be declared "lost" if it is not present for at least M times.

Moreover, it would be useful to examine these and other algorithms on target
no more point shaped, but "extended", in order monitor the movement of
the cloud of points representing exactly the size of the two-dimensional

target.
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