MULTI-TARGET PARTICLE FILTER BASED TRACK BEFORE DETECT
ALGORITHMS FOR SPAWNING TARGETS

A THESIS SUBMITTED TO
THE GRADUATE SCHOOL OF NATURAL AND APPLIED SCIENCES
OF
MIDDLE EAST TECHNICAL UNIVERSITY

BY

MEHMET EYILI

IN PARTIAL FULLFILLMENT OF THE REQUIREMENTS
FOR
THE DEGREE OF MASTER OF SCIENCE
IN
ELECTRICAL AND ELECTRONICS ENGINEERING

JUNE 2014






Approval of the thesis:

MULTI-TARGET PARTICLE FILTER BASED TRACK BEFORE
DETECT ALGORITHMS FOR SPAWNING TARGETS

submitted by MEHMET EYILI in partial fulfillment of the requirements for the
degree of Master of Science in Electrical and Electronics Engineering
Department, Middle East Technical University by,

Prof. Dr. Canan Ozgen
Dean, Graduate School of Natural and Applied Sciences

Prof. Dr. Gonul Turhan Sayan
Head of Department, Electrical and Electronics Engineering

Prof. Dr. Mubeccel Demirekler
Supervisor, Electrical and Electronics Engineering Dept., METU

Examining Committee Members:

Prof. Dr. Mustafa Kuzuoglu

Electrical and Electronics Engineering Dept., METU

Prof. Dr. Miibeccel Demirekler

Electrical and Electronics Engineering Dept., METU
Prof. Dr. Seyit Sencer Kog

Electrical and Electronics Engineering Dept., METU
Assoc. Prof. Dr. Umut Orguner

Electrical and Electronics Engineering Dept., METU

Elif Yavuztirk, M.Sc. in EEE
REHIS, ASELSAN

Date:



I hereby declare that all information in this document has been obtained and
presented in accordance with academic rules and ethical conduct. | also
declare that, as required by these rules and conduct, | have fully cited and
referenced all material and results that are not original to this work.

Name, Last name : MEHMET EYILI

Signature



ABSTRACT

MULTI-TARGET PARTICLE FILTER BASED TRACK BEFORE
DETECT ALGORITHMS FOR SPAWNING TARGETS

EYILI, Mehmet
M. Sc., Department of Electrical and Electronics Engineering
Supervisor: Prof. Dr. Miibeccel DEMIREKLER
June 2014, 153 pages

In this work, a Track Before Detect (TBD) approach is proposed for tracking and
detection of the spawning targets on the basis of raw radar measurements. The
principle of this approach is mainly constructed by multi-model particle filter
method. In contrast to the related works in the literature, a novel reduced order
dynamic model is introduced and the information about bearing angle derived from
the radar measurements is not used in this model to improve the efficiency of the
particle filter. Moreover, a new process noise identification method [1] proposed
for the classical target tracking is adapted to the TBD framework. The process
noise identification is used for the state estimation of the highly maneuvering
spawned targets in the presence of non-stationary process noise with unknown
parameters. It is shown that this method deals with the sample impoverishment
problem which is serious for tracking of the highly maneuvering targets by particle
filters. Two different multi-target particle filter based TBD algorithms are

developed. These algorithms are confirmed by simulations. Their performances are



analyzed on the basis of the probability of target existences and Root-Mean-Square

(RMS) estimation accuracies.

Keywords: Track Before Detect, particle filter, spawning targets, process noise
identification
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Oz

DOGURAN HEDEFLERIN COKLU HEDEF PARCACIK FiLTRE
TABANLI iZLE BUL ALGORITMASI iLE TAKIP EDILMESI

EYILI, Mehmet
Yiiksek Lisans, Elektrik Elektronik Miihendisligi Bolimii
Tez Yoneticisi: Prof. Dr. Miibeccel DEMIREKLER
Haziran 2014, 153 sayfa

Bu c¢alismada, ham radar 6l¢timleri esliginde, doguran hedeflerin izlenmesi ve
bulunmast i¢in bir Izle Bul yaklasimi énerilmistir. Bu yaklasimin prensibi, baslica
¢oklu model pargacik filtresi yontemi kullanilarak olusturulmustur. Literattrdeki
caligmalarin aksine, pargacik filtresini daha verimli kullanabilmek igin diistik
dereceli yeni bir dinamik model sunulmus olup, bu modelde radar dl¢imlerinden
elde edilen yanca ag1 bilgisi kullanilmamustir. Bununla birlikte, klasik hedef izleme
yontemleri icin Onerilmis islem giiriiltiisii tanimlama yontemi [1], Izle Bul
yaklasimma adapte edilmistir. Islem giiriiltiisii tanimlama ydntemi, bilinmeyen
parametreli sabit olmayan islem giiriiltiileri esliginde, yiiksek manevrali dogurulan
hedeflerin durum vektoriiniin kestiriminde kullanilmaktadir. Bu yontemin, ylksek
manevrali hedeflerin izlenmesinde pargacik filtreler i¢in ciddi bir sorun olan 6rnek
fakirlesmesi sorunuyla basa cikabildigi gosterilmistir. Iki farkli ¢oklu hedef
pargacik filtre tabanl Izle Bul algoritmasi 6nerilmis ve gelistirilen algoritmalar
simulasyon sonuglariyla dogrulanmistir. Algoritmalarin performanslari, cok diisiik
sinyal giiriiltii oran1 (S/N) degerleri i¢in hedef varlik/yokluk olasiliklar1 ve kestirim

hatalar karekok ortalamalar1 g6z oniinde bulundurularak analiz edilmistir.
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CHAPTER 1

INTRODUCTION

Target tracking can be defined as estimating the dynamics of the target as a
function of time on the basis of sensor measurements like radar or camera. The
first step of finding a solution to this problem is to find a model which fits the
target dynamics. The model makes it possible to use statistical methods to estimate
the states, i.e., dynamics of the target. Filtering which is the main block of these
methods is used to extract maximum information from the noisy measurements
and the model. The states of the target are estimated according to extracted

information from noisy measurements in the filtering part of target tracking.

1.1 Radar

Radar is an acronym for RAdio Detection And Ranging. The main purpose of
using radar is to obtain object properties like range, Doppler, bearing and elevation
angles by using electromagnetic waves. Radar transmits energy and the transmitted
energy reflects back from the object. It uses the energy which is reflected back

from the object to obtain object properties.

The usages of radars are highly diverse. They include air-traffic control,
navigation, air-defense systems, antimissile systems and weather forecasting
applications etc., [2]. Radars for air-defense systems which are used for providing
measurements about kinematic properties of objects to target tracking applications

are mentioned in this thesis. They will be explained in more detail in Chapter 2.
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1.2 Track Before Detect

In classical target tracking methods, raw data is initially thresholded in the
detection phase to obtain the plots which usually contain range, Doppler, bearing
and elevation angle measurements. Before tracking, the instantaneous threshold
based decisions are made with respect to the reflected power measurements
obtained from the raw data. The information from the near past is not used in these
decisions. This means that the first step of the classical target tracking is a hard
decision step. Based on the plots, estimating the state vector of the target that
possibly contains the position, velocity and acceleration of the target is the main
purpose of the tracking consisting data association and filtering stages as seen in
Figure 1.1, see [2].

Raw Data Plots Data Tracks
—P Detection =P Extraction P> Association =P Filtering >

Detection Tracking

Figure 1.1. Classical target tracking stages (adopted from [2])

It is not possible to track weak targets with classical target tracking methods
because of thresholding made in the detection stage. An example of thresholding is
given in Figure 1.3. Thresholding may cause losing useful information gathered

from measurements, i.e., returns from weak targets remain below threshold.

TBD algorithms which use the raw non-thresholded data like reflected power
measurements are developed for the purpose of detecting and tracking weak
targets. An example of raw radar data is given in Figure 1.2. Detection, extraction
and data association stages don’t take place in TBD; therefore, all information
gathered from the raw radar data and integrated over time is used as seen in Figure

1.4. Decisions are made at the end of the process chain.
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Figure 1.2. Power received by the radar. In (a), it is easy to distinguish target from
noise since target SNR is high; whereas, in (b), it is not possible to distinguish
target from noise since target SNR is low. Note that the reflected power from

targets is encircled by red ellipses.
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Figure 1.3. Examples of thresholding which takes place in detection stage in
classical target tracking. It is not possible to detect the target when the target SNR
is low as in (b). Note that the reflected power from targets is encircled by red

ellipses.
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Figure 1.4. Data and signal processing in TBD

There are various approaches used to deal with TBD problem. The earliest works
[3], [5], [6] on TBD use Hough Transformation. Hough transform assumes linear
motion for the target and accumulates the signal for the points on the possible
paths of this motion. In other words, its purpose is to detect lines from multiple
scans of data in a noisy plane. One of the recent work [4] proposed Multi-
Dimensional Hough Transform to deal with TBD problem. It extended Hough
Transform, which uses two dimensional data to detect lines, to multi-dimensional
data. It is shown that this improves the efficiency of the Hough Transform based
TBD.

In [7], [8] and [9], a dynamic programming algorithm is used to deal with TBD
problem. Its purpose is to find the most likely state sequence by determining
locally optimal state sequences. There is a need for data storage or multiple scans

of data for dynamic programming based TBD.

Recent approaches on TBD use grid-based methods as in [10], [11] and [12].
Baum-Welch algorithm which is a fixed-grid method computes the posterior
probability mass over fixed grid and propagates it over time. However, fixed-grid
methods cause high computational burden since propagating the posterior
probability mass in the places where there is negligible probability wastes much of
the time. This problem is solved by using dynamic grid-based methods like using
particle filters as in [11] and [12]. Particle filters use random samples to construct

the posterior pdf.

In this thesis, a particle filter approach is used to perform TBD. Particle filters
represent the posterior density function by a set of random samples and their

associated weights. The target existence information is estimated on the basis of
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these samples and weights. Compared to algorithms mentioned above, there is no
need for data storage of past scans. Algorithms based on Hough transform or
dynamic programming algorithm use discrete-valued state space; whereas, particle
filter uses continuous-valued state space. It is also not restricted to straight-line
trajectories like the Hough Transform. A good overview of different TBD
algorithms is given in [8] in which several TBD algorithms mentioned above are

compared with respect to their detection performances.

Related to work here, on the basis of radar measurements, a particle filter based
TBD algorithm is used for a single target case, see [11]. Boers and Driessen
extended the single target particle filter based TBD to the multi-target particle
filter based TBD in [12]. They proposed an algorithm for the two target case where
one of the targets is weak and spawned from the other one which is a strong target,

e.g. a missile fired from a helicopter.

1.3 Historical Review of TBD

There are different TBD approaches in literature. One of them is that TBD
problem can be solved by binary integration which applies a threshold to each
frame and accumulates the binary results for detection of target/s. Hough
Transform which is already mentioned in Section 1.2 is applied to TBD for the
first time by Smith and Winter in the late 1970s, [5], [6]. Their purpose was
constructing two dimensional image on the basis of multiple scans of data obtained
from a one-dimensional sensor. Then Carlson published his works about the
Hough Transform based TBD on the basis of radar measurements in 1994, [3].

Multi-Dimensional Hough Transform is applied as a TBD processing in 2011, [4].

It can be said that the first nonlinear filtering approach to TBD is developed by
Mercier and Maybeck in 1978, [13], [14]. The method they used is based on
constructing a nonlinear measurement function between the target state and
stacked measurement vector which contains the image pixels. They used Extended

Kalman Filter (EKF) by assuming that the noises are Gaussian.
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The usage of sampling-based approximation takes place instead of analytic
approximation in nonlinear filtering used for TBD. Barniv applied the dynamic
programming with discrete state space to TBD in the mid-1980s, [15], [16], [17].

Streit used Histogram Probabilistic Multi-Hypothesis Tracking (H-PMHT) for
tackling with TBD problem in 2000 and 2002, [18], [19]. In this method,
measurements of underlying density are quantized and the quantized raw data is
called as histogram. H-PMHT estimates the states by linking the states of
components in histogram over time via the dynamical model of the target and

using Expectation-Maximization (EM).

Bruno [10], [20] used the Baum-Welch algorithm which is already mentioned in
Section 1.2 to deal with TBD problem in 2001 and 2004, respectively.

Fixed-grid methods like Baum-Welch algorithm cause high computational burden.
Therefore, particle filtering which uses dynamic grid is proposed to tackle with this
problem. Salmond [21] and Boers [22] introduced particle filter based TBD
algorithm in 2001. Boers and Driessen [12] extended the single target particle filter
based TBD to multi-target particle filter based TBD in 2004.

Most of the TBD algorithms mentioned above are batch processors; in other
words, there is a need for data storage or multiple scans of data. However, it can be
seen that the most recent algorithms are recursive algorithms. In this thesis, the

focus is a particle filter based TBD algorithm which is a recursive algorithm.

1.4 Thesis Motivation and Objective

TBD is one of the efficient ways of tracking and detecting stealthy targets because
of using raw data without thresholding unlike classical tracking techniques. TBD is
more important now than at the past because of the huge development in the
stealthy target technology as well as a huge increase of small missiles. It is a
nonlinear and non-Gaussian tracking problem which is too difficult to be solved

even for a single target setting. In this thesis we concentrate on a particle filter
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based TBD for a two target setting: one of them is small compared to the other and
is spawned from the big one. This setting is an example of moving launch
platforms, e.g. a fighter or helicopter with the capability of firing a missile. This
scenario is so common in practical view of defense systems. The aim of the multi-
target particle based TBD algorithm will be detecting and tracking of both of these

targets.

1.5 Thesis Outline

In Chapter 2, radar theory is introduced with the classical target tracking concepts.

Chapter 3 concentrates on particle filtering concept which is used in TBD

approach in this thesis.

In Chapter 4, the main problem is stated and the proposed algorithms to solve this

problem are presented by explaining each sub-algorithm.

Chapter 5 concentrates on the results and the simulation results of the proposed
algorithms. The simulation results for the different scenarios are represented for

each algorithm.

Thesis is summarized in Chapter 6 and some future works are suggested in this

chapter.






CHAPTER 2

RADAR THEORY

2.1 Radars

2.1.1 Basics of Radars

As it is mentioned in Section 1.1, Radar is an acronym for RAdio Detection And
Ranging. Radars are used for detection of targets and obtaining detected targets’
kinematic properties like range, Doppler, bearing and elevation angles. In Figure
2.1, positions of radar and target can be seen in the spherical coordinates. We
assume a coordinate system that the radar is at the origin, the plane tangent to the
Earth is the x-y plane and the axis orthogonal to this plane is the z axis. Range
which is the distance between the target and the radar is defined by r; 0 is the

elevation angle and @ is the bearing angle of the target.

The transformation from the radar measurements to Cartesian coordinates is given

by
x = rcosOcos®, y =rcosfsin®, z =rsind (2.1)

In this work, a pulse radar simulator is used to generate raw data generation. Pulse
radars transmit electromagnetic energy (consecutive pulses) and receive the energy
(reflected pulses) reflected back from the target or clutters which are undesired
objects, see [33]. The time difference between the time at which the pulses

reflected back from the target are received by radar is used for range measurement.
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This information is enough to calculate range between the radar and the target
since electromagnetic waves’ speed is the speed of light, c = 3 x 108m/s in free
space, and the distance that the electromagnetic waves travel is two times of the

range between the radar and the target. Therefore, the range is,

r= — (2.2)

Target’s Position

Radar’s Position & D

>;/
Figure 2.1. Range, elevation and bearing angles in spherical coordinate system

Target’s motion causes the Doppler shift on the frequency of the reflected energy
according to the transmitted energy. Pulse radars use the Doppler shift (f;) to

measure Doppler of the target. Therefore, Doppler is defined by,

. _% (2.3)

where A is the wavelength of the transmitted wave. Doppler shift is positive for the
objects getting closer to the radar which is the reason for the negative sign in (2.3).

At the receiver part of pulse radars, first match filtering is applied to the received

signal, see [23]. It discretizes ranges by filtering the received signal with different
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delayed versions of transmitted pulse. Discretized ranges are called as ‘range
bins’. Then, Doppler processing performs discrete Fourier transform to the filtered
received signal. At the end of Doppler processing, ‘Doppler bins’ are constructed.
Range and Doppler bins constitute the ‘Range-Doppler Matrix’ which gives the
information about the received energy for each range and Doppler cell. An

illustration of Range-Doppler Matrix can be seen in Figure 2.2.

The resolution of each cell is defined by

Ar =—, AF=— (2.4)

where Ar is the range resolution (m), Ar is the Doppler resolution (m/sec), t is the
pulse width (sec), A is the radar wavelength (m) and T is the pulse integration time
(sec). As it can be seen in (2.4), the resolutions depend on some radar properties
liket, Aand T.

SNR=17dB

Power (dB)

Doppler Cell " . Range Cell

Figure 2.2. An illustration of range-Doppler matrix
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2.1.2 The Radar Range Equation

The radar range equation describes the relationship between the received energy P.
and the transmitted energy P, in terms of radar and target properties and

environmental effects.

The transmitted energy P; is related with the amplitude of the pulse envelope

(denoted by A(t)) of a transmitted pulse whose form is given by
se(t) = A(t)ef[ZTT(ft)HlP(t)] (2.5)

where f; is the carrier frequency and y(t) is the phase modulation of the
transmitted pulse. The amplitude of the pulse envelope A(t) is an ideal rectangle
with amplitude of A and the transmitted energy P; is proportional to amplitude of

the pulse envelope A.

The received energy P. is related with the received echo amplitude denoted by

R(t). Received echo can be written in the form of
s (t) = R(t— to)ej[Zﬂ(ft+fd)(t—fo)+<P(t)] +n(t) (2.6)

where f; is the Doppler shift, t, = 2r/c is the time passed between the start time
of transmission of the pulse and the time at which radar receives the pulse, ¢(t) is
the phase modulation of the received echo and n(t) is the noise of the receiver.
The received echo amplitude R(t — t,) is also an ideal rectangle with amplitude of
R since the amplitude of the pulse envelope A(t) is an ideal rectangle. The
received echo is demodulated to be used for match filtering [23] and Doppler
processing, respectively. At the end of the demodulation process, the demodulated
received echo is in the form of

5:(6) = RO 4 1, (1) (2.7)
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The received energy B. is proportional to the received echo amplitude R. The
power density at range r for an isotropic antenna which transmits spherical waves
is given by

P

Power density at range r for an isotropic antenna < 2 ‘tr (2.8)
i

where r is the range between the radar and the target. A directive antenna is used
in radars for strengthening the received power density by concentrating the
transmitted energy at a specific direction. Therefore, there is a gain called the gain
of transmitter antenna G, in the power density for a directive antenna over for an
isotropic antenna. Therefore, the power density at range r for a directive antenna is

given by

P
Power density at range r for a directive antenna & 4t th (2.9
n

The scattering properties like shape, size and material of the target also affect the
received power density. A parameter called ‘Radar Cross Section (RCS)’ is used to
characterize these properties; in other words, RCS, denoted by o, is a measure of
energy which is scattered from target. Therefore, the reflected power density
(Prefiectea) NEQAr the target is given by

P.G:o
Preflectea QT the target « o

(2.10)

However, as going far from the target, the reflected power density decreases by
1/(4nr?). Therefore, the received power density at radar is given by

PG, o©

r 4mr? 4mr2 ¢ (2.11)
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where A, is the effective area of the receiving antenna of the radar. It is a measure
of reflected power density captured by radar antenna. The effective area of the

receiving antenna of the radar is defined by

(2.12)

where G, is the receiver antenna gain. (2.11) is given for ideal radar operating in
free space conditions. However, there are losses in real conditions. Total loss,
denoted by L, is the combination of the system and the atmospheric losses.

Therefore, the received power density can be rewritten as

_ PG, o 2%G.1

= - 2.13
" Anr24mr? 4m L (213)

The received power density in (2.13) is target originated. Radars also receive some
noise power originated from many sources like ground, sun, atmosphere and the

receiver part of radar itself. The total received noise power B, can be written as
P, = kT,B,F, (2.14)

where k is Boltzmann’s constant, T, = 290 K is the standard temperature, B,, is

noise bandwidth of the receiver and F, is the noise figure of the receiver.

Signal to Noise Ratio (SNR) is an important parameter for the detection part of
tracking algorithms. It is calculated as follows

P P,G,G.2%c

= 2.15
P,  (4m)3r*kTyB,F,L (2.15)

The SNR value is very important for detection of targets in target tracking. As
mentioned earlier, threshold based decisions are made with respect to the SNR
value of targets in classical target tracking.
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2.2 Target Tracking

Target tracking will be described in this section by covering both classical tracking
and TBD.

2.2.1 Classical Target Tracking

Classical tracking methods consist of detection, extraction, data association and
filtering stages as mentioned earlier. In this section, these stages will be described

in more details.

2.2.1.1 Detection

In classical target detection, the received power in each range-Doppler cell is
compared to a predefined threshold. If the received power exceeds the predefined
threshold, it is declared that there is ‘detection’ in that cell. Therefore, determining
the target’s presence is the main purpose of this stage. However, there are two
kinds of error encountered in this stage. One of them is ‘false alarm’. It occurs
when the received power exceeds threshold and there is no target in the
surveillance region. The other one is ‘miss detection’. It occurs when the received
power does not exceed threshold and there is at least one target in the surveillance
region. The probability of false alarm and the probability of miss detection are

denoted by Pz, and Pyp, respectively.

PMD=1_PD (2.16)

where Pj, is the probability of detection.

Determining the threshold is a difficult problem. The reason is that the probability
of false alarm decreases and the probability of miss detection increases as the value
of threshold increases; whereas, the probability of false alarm increases and the

probability of miss detection decreases as the value of threshold decreases.
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2.2.1.2 Extraction

After detection, ‘extraction’ takes place. It is also called ‘clustering’. As it can be
understood from the name of clustering, this stage makes clusters of detections
which are close to each other since close detections most likely belong to the same
target. The center of each cluster is assumed to be the position of the target. At the
end of extraction, plots which are the inputs of the tracking part of the classical
target tracking are generated. As mentioned in Section 1.2, plots include range,

Doppler, bearing and elevation angles of the targets.

2.2.1.3 Data Association

As the measurements are generated in the extraction stage, they are either
associated to the existing tracks or are used to generate new tracks so
measurements are mainly used for track initiation or track maintenance in target
tracking. The aim of data association stage is to determine whether a measurement
is used for track initiation or for track maintenance and determining the track

which it belongs to if it is used for track maintenance.

2.2.1.4 Filtering

The aim of the ‘filtering’ stage is to extract maximum information about the
target’s state vector from the system models and the associated measurements. In
filtering, dynamic states like position, velocity and acceleration of the target are
estimated by constructing the posterior probability density function p(sy|Zx)
where s, is the target state at time k and Z; is the sequence of measurements up to

time k. Filtering is explained in Chapter 3 in more details.

2.2.2 Track Before Detect

The classical target tracking methods use thresholded raw data. The probability of

target detection and the probability of false alarm are affected by the choice of

threshold used in the detection part. It is not a big problem to threshold raw radar
16



data for high SNR targets; whereas, it is not the same for low SNR targets because
a low value of threshold that is necessary to detect low SNR targets causes high
density of false alarms. The problem of high density of false alarms can be solved
by using more complex data association algorithms. Therefore, using un-

thresholded raw data is more advantageous for low SNR targets.

Track Before Detect (TBD) is a target tracking algorithm using un-thresholded raw
data for simultaneous detection and tracking. It has better performance on

detecting and tracking low SNR targets compared to the classical approach.
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CHAPTER 3

FILTERING

As mentioned earlier, the main purpose of filtering is to estimate the state vector of
the target/s based on noisy measurements which most likely contain position and
velocity of the target/s. There are different ways of implementing filtering in target
tracking. In this section, one of the recursive filtering method called ‘particle

filter’ is explained in detail.

3.1 Bayesian Estimation

As mentioned earlier, the aim of filtering is to extract maximum information about
the target’s state vector from the system models and noisy measurements. System

model consists of system dynamic model and measurement model.

System dynamic model describes the motion of the target in the state space. It is

basically shown in discrete state space as follows.

Sk+1 = Ji(Sk»Vk), k €N (3.1)

where s, is the state vector of the target, f; is the function of system dynamics,
and vy, is the process noise at time step k. The reason to add process noise term in

target dynamics is to model the unexpected motion of the target.

The other model called the measurement model, describes the behavior of the

sensor measurements. The discrete time measurement model is basically given by
19



Zg = h(sg,wy), k €N (3.2)

where h; is the measurement function and wy, is the measurement noise at time
step k. Measurement noise term models sensor errors in the measurements. Note
that the process noise v, and measurement noise wy, are assumed to be white

Gaussian in this work.

Bayesian estimation mainly contains two stages: prediction and update. At the end
of these stages, it is expected to obtain the posterior probability density function

P(Sk+11Zx+1) Where Z, ;1 is the set of measurements up to time step k + 1.

The prediction part computes the prediction probability density function
p(sk+11Zx); in other words, the prediction of the state vector at time step k + 1 is
made by using the measurements up to time step k. The prediction probability

density function p(sy41]Zx) is represented as in (3.3).

P(Sk+11Zy) = fP(5k+1|5k,Zk)P(5k|Zk)d5k (3.3)

It can be rewritten as follows.

P(sialZe) = j P(skslsOP (el Zo)dsi (3.4)

since p(Sk41lSk, Zk) = p(Sk+11Sk) as seen in (3.1). The posterior pdf p(si|Z;) at
time step k is assumed to be available and p(sx,1|Sx) is defined by system

dynamics model defined in (3.1).

The update part of the Bayesian estimation involves the update of the prediction
pdf by using the latest measurement. The prediction pdf which is broadened by
process noise is tightened in the update part by using the knowledge extracted from
the latest measurement. The posterior pdf p(sk;1|Zk+1) IS calculated as follows in

the update stage.
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P(Sk+11Zk+1) = P(Sk+1lZr+1, Zk)

_ P(Zk411Sk+1, Zi)P(Sk+11Z1)
P(Zk+11Zy) (3.5)

_ P(Zk4+1|Sk+1)0(Sk411Zk)
P(Zk+11Zy)

where

P(sa|Z0) = f P@eral Sest) P(SernlZe)dSisn (3.6)

The prediction pdf p(s,4+11Z;) is defined in the prediction stage and p(zj411Sk+1)
can be calculated by using sensor measurement model defined in (3.2). Therefore,
the posterior probability density function at time step k + 1, p(Sk+1|Zk+1) can be

obtained at the end of update part in Bayesian estimation.

There are different methods to implement recursive Bayesian estimation; namely,
Kalman filter, extended Kalman filter [24], unscented Kalman filter [25], particle
filter etc. The preference among these methods is done according to the properties
of the system. For instance, Kalman filter can be applied to linear and Gaussian
systems. However, the system, in most of the applications, is nonlinear and non-
Gaussian. Extended Kalman filter, unscented Kalman filter and particle filter are
used for these type of systems. Extended Kalman filter applies linearization to
nonlinear functions f;, and h; defined in (3.1) and (3.2) to make the system be
appropriate for applying Kalman filter; whereas, unscented Kalman filter uses
approximation of the posterior pdf p(sx+11Zx+1) by @ Gaussian density which is
defined by a set of sample points chosen deterministically. In this thesis, particle
filtering which represents the posterior density function by a set of random

samples and their associated weights is used.
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3.1.1 Particle Filter

Particle filtering is developed for the state vector estimation in nonlinear and non-
Gaussian systems. As mentioned earlier, it represents the posterior pdf by a set of
random samples and their associated weights. In the remaining parts of this chapter
we will give a basic information on particle filtering which explains the tools used
during filtering, filtering steps, some discussion on the performance of the
algorithms and the precautions taken to avoid some potential problems.

3.1.1.1 Monte Carlo Integration

It is not easy to take integrals in (3.4) and (4.22) for nonlinear and non-Gaussian
systems. Therefore, the particle filter uses ‘Monte Carlo Integration’ technique to
approximate these integrals. Monte Carlo integration [26] can be applied to
integrals in the form of

I=[f(s)n(s)ds, se€ R" (3.7)
where
[r(s)ds =1, m(s) >0 Vs (3.8)

Monte Carlo integration is based on an assumption that the integral in (3.7) can be

rewritten as follows by drawing N samples {s’;i = 1, ...., N} from (s), see [27].

N
I = %Z £(s) (39)

m(s) refers to the posterior pdf p(s,|Z,) in Bayesian solution. In general, it may
not be possible to draw samples from this distribution since it is not available.

Therefore, ‘importance sampling’ is introduced for the solution of this problem.
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3.1.1.2 Importance Sampling

As mentioned earlier, Monte Carlo integration cannot be applied effectively since
the posterior pdf is generally not available. If an ‘importance function’ from which
it is possible to draw samples effectively is introduced and these samples are

weighted correctly, it is possible to apply Monte Carlo integration.

The integral in (3.7) can be rewritten as follows

= f O q(s)ds (3.10)

where q(s) is the importance function. By drawing the samples from the

importance function q(s), the integral in (4.22) can be rewritten as follows.

I~
- NZ F(sHw(sh) (3.11)
where
oy _7(s)
W(s ) = 2GD (3.12)

W(s') is the weight of the ith drawn sample. The weights of the samples are

normalized as follows.

1 N i N
v 2ic f(sHW(sH . .
SN Zf(s‘)w(s‘) (3.13)
NZ?’=1 W(SJ) i=1

where

w(si)
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3.1.1.3 Sequential Importance Sampling

Importance sampling is a conceptual solution to the target tracking problem in
Bayesian framework. Recursive importance sampling and correct weighting of the

samples are the most important steps in this type of recursive state estimation.

Note that we denote all states up to time step k {sj,j =0,..., k} as Sy. Assume that

the joint posterior density at time step k, p(S,|Z), is approximated as follows, see
[28].

P(SlZo) = ) wis(S. =S (315)

where w/. is the normalized weight of the state sequence S:. Let us denote the

importance function from which the samples SL are drawn as q(S,|Z). Then, the

importance weights can be defined as follows.

o PGSHIZ)

w : (3.16)
© Az
If the importance function can be represented as in (4.22),
q(SilZi) = q(siclSk—1, Zk)q(Sk-11Zk-1) (3.17)

then the samples of states up to time step k, St ~ q(Sk|Zx), can be obtained by
adding the new sample st ~ q(s,|Sk_1,Z;) to the samples of the set of states up

totimestep k — 1, Sty ~ q(Sk—1|Zk—1).

The joint posterior density p(Si|Z,) can be obtained as follows.
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P(Zk|Sk) Zi—1)D(Sk|Z-1)
D (Z|Zk-1)

p(SklZy) =

_ P(Zk|Sk, Zk—1)P (S| Sk=1, Zk—1)P(Sk—11Zk-1)
P (Zk|Zk-1)

(3.18)

P (Z s )P (SkelSk-1)
= Si_11Z—
p(zklzk—l) p( k 1| k 1)
X p(zg|sk)D(Sk|Sk-1)P (Sk-11ZKk-1)

The importance weights can be obtained recursively by substituting (3.17) and
(4.22) into (3.16) as follows.

L padsp(stlst P (Sios Ze)
“ Q(sllc|Sll<—1lzk)q(sllc—1lzk—1)

(3.19)
_ i Pdsi)pCilsia)
A TOTCN
If the importance function is selected in the form of
q(slSk-1,Zi) = q(SklSk-1,2k) (3.20)

then the posterior pdf p(sk|Z) can be calculated with no need to store the samples

of sets of states up to time step k — 1, {S,‘;_l}livzl, and the measurements up to time

k — 1, Z,_,. In this case, the importance weights can be recalculated as in (4.22).

p(zi|si)p(silsi-1) (3.21)

q(Sic|Skc-1, 2k

i
Wy = Wg_q

Therefore, the posterior pdf p(s,|Z) can be expressed as follows.
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N
p(silZi) ~ ) who(si = s} (322)
i=1

This computation shows that the posterior pdf can be represented by a set of
random samples and their associated weights. Recursive estimations can be made
on the basis of these samples and weights as recursive measurements are received.
Moreover, as N — oo, the approximation in (4.22) approaches to the true posterior
pdf, see [29].

The particle filtering is developed based on Sequential Importance Sampling (SIS)
whose pseudocode is given in Pseudocode 1. The choice of the importance
function is very important for the performance of a particle filter. The ideal
importance function is the posterior pdf p(sk|Zx). However, it is not possible to
draw samples from the posterior pdf in most of the time. Therefore, it is aimed to

select an importance function which is similar to the posterior density p(si|Z).

Pseudocode 1  Sequential Importance Sampling

(st wil | = sis[{sios wisi})
e FORi=1:N
- Draw samples st ~ q(sL|s;:_y,z)
- Assign weights to the samples as follows

p(2k|si)p(klsi—1)

q(Siel Sie—1, 1)

~i
Wi = Wi

e END FOR
e FORi=1:N

- Normalize the importance weights as follows
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e ENDFOR

3.1.1.4 Degeneracy and Resampling

The weights of particles are obtained by recursive application of the importance
weight update in SIS particle filter. That causes a dramatic increase in the variance
of the importance weights, [28]. After a few number of recursive time steps, there
remain a few particles whose weights are not negligible. This is an unavoidable

problem, called ‘degeneracy’ in SIS particle filter, [27].

The severity of the degeneracy problem can be measured by effective number of

particles which is denoted as N.r. Effective number of particles can be

approximately calculated as follows, see [30].

1

Nypr=—— 3.23
o ]iV=1(Wli)2 ( )

The less effective number of particles, the more severe the degeneracy problem is.

The solution of this problem is resampling.

The purpose of the resampling method is eliminating the particles with low
weights and generating copies of particles with high weights. At the end of

resampling, all particles have the same weight which is equal to 1/N. In other
words, a new set of particles {s}’} -, with uniform weights are obtained from the
set of particles {s£} ¥, with weights wi by resampling N times from the posterior

pdf p(s,|Z;) which is represented in (4.22).

N
p(silZi) ~ ) wio(si = s}) (324)
i=1
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There are different methods available for resampling like stratified and residual
resampling, [31]. The pseudocode of the systematic resampling algorithm used in

this thesis is given in Pseudocode 2.

Pseudocode 2 Resampling

[{Sli* W,g*, if}j’:l] = Resample [{s}( w,i}livzl]
e Initialize the cumulative sum of importance weights: csw; = w}
e FORi=2:N
- Calculate the cumulative sum of importance weights:

CSW; = CSW;_1 + Wy

e END FOR

e Start at the initial cumulative sum of importance weights: i = 1
e Determine the starting point: a; ~ U[0, N 1]

e FORj=1:N

- Determine the place of the random variable a; on the cumulative

sum of importance weights: a; = a; + N~'(j — 1)
- WHILE q; > csw;
o i=i+1
- END WHILE
- Determine the new sample: s,{* = sk
- Assign the weight of the new sample: w,f* =N1
- Store the parent sample of the new sample: i/ = i

e ENDFOR

28



3.1.1.5 Sequential Importance Resampling

SIS algorithm forms the basis of the Sequential Importance Resampling (SIR)
which applies resampling algorithm at every time step. In this thesis, the
transitional prior, p(si|si_,), is used as the importance density. The advantage of
selecting the transitional prior as importance density is that it is easy to draw
samples from it and compute the weights of these samples by substituting the
transitional prior in (3.21). The weights of the samples can be computed as

follows.
Wy, o wi_1p(zk|sk) (3.25)

The normalized weights, wi_,, in (4.22) can be omitted since SIR algorithm
applies resampling at every time step and all samples have the same weight which

equals to 1/N. Therefore, the weights of the samples can be rewritten as follows.
Wi < p(2|si) (3.26)

The transitional prior pdf does not contain any knowledge of the measurement z.
Therefore, SIR algorithm which uses the transitional prior as importance density

may be inefficient when the target maneuvers, [27].

The pseudocode of the SIR algorithm is given in Pseudocode 3. SIR algorithm

forms the basis of the TBD algorithm used in this thesis.
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Pseudocode 3 SIR Algorithm

(st} ] = sIR[{si- )" 2]
e FORi=1:N
- Draw the particle: s ~ p(Si|si_1)
- Compute the weight of the particle: W = p(zk|s})
« ENDFOR
e FORi=1:N

- Normalize the weights:

e ENDFOR

e Resample by using Pseudocode 2
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CHAPTER 4

DETECTION AND TRACKING OF SPAWNING TARGETS BY
USING PARTICLE FILTER BASED TBD APPROACH

4.1 Problem Statement

In this work, a particle filter based TBD algorithm is proposed for the two target
case where one of the targets is weak and spawned from the main platform which
IS a strong target, e.g. a missile fired from a fighter airplane. This is an important
scenario for defense systems. Moreover, it is a difficult problem since the reflected
power from the main platform is so strong that makes the detection of the weak

target so complicated.

TBD applications given in the literature use the constant velocity model, see [11],
[12]. The measurement used in this study and the relevant work in the literature is
the range-Doppler matrix. Without elevation and bearing angles, this model
becomes unobservable. Since the aim is to get the existence of the spawned target,
we have introduced a novel reduced order model for a nearly constant velocity
motion of the target to improve the efficiency of the particle filter. Furthermore, in
contrast to the related works in literature like [2] and [12], bearing angle between
the radar and the target is also not included in the measurement space for the same
purpose.

The spawned targets are possibly highly maneuvering, i.e. missiles. The sample

impoverishment problem becomes serious in the case of highly maneuvering
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targets. In this thesis, a new process noise identification method [1] proposed for
the classical target tracking methods is adapted to the TBD framework to deal with
the sample impoverishment problem. Furthermore, in some studies, target SNR is
assumed to be constant and known as in [12], [22] and [32]. Our study is not
restricted to the case of constant and known SNR as in [11]. In addition to this,

SNR values of targets are also estimated in this study.

In this thesis, two different particle filter based TBD algorithms are developed.

The algorithms mentioned above are explained in details in the following sections.
4.2 System Setup

A general nonlinear discrete time dynamic system can be represented as in (3.1)
and (3.2). For our problem, although this general representation is valid, the
knowledge of the target existence should be included. The target existences are

modelled as a ‘mode’ variable which is denoted by m,,.

The effects of the modes in system behavior are added to (3.1) and (3.2) as
follows.

Sk+1 = S (Sk My, Vi) (4.1)

Z = hy (S, My, wy) (4.2)

The transitions between the modes are modelled by the Markov transition matrix,

IT, which is composed of the transitional probabilities, m;;, defined as in (4.3).
m; £ P{my = jlmy_, = i} (4.3)
where

T[UZO and ZjT[ijzl (44)
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The systems represented by (4.1), (4.2) and (4.3) are called as jump Markov

systems and this type of systems are used in this thesis.
4.3 Algorithm 1

As mentioned earlier, the aim of both of the algorithms proposed in this study is to
track and detect the main target and the spawned one. The main difference
between the two proposed algorithms is the system dynamic model and the
measurement model they use. The main principle of Algorithm 1 is to track the
main platform and the spawned target separately by using a single target system
model. It achieves this by modifying the raw radar data according to the
information gathered from the near past. This algorithm is explained in detail in

the following sections.
4.3.1 Conceptual Solution of the TBD Problem in the Bayesian Framework

Algorithm 1 is for tracking of a single target. For this algorithm, the mode variable,

my,, represents the two hypotheses:

e m; = 0: There is no target present.

e m; = 1: There is one target present.

The transition from the absence of the target to the presence of the target is called
‘birth of the target’ and its probability is denoted by P,. The transition from the
presence of the target to the absence of the target is called ‘death of the target’ and
its probability is denoted as P,. Then, the Markov transition matrix can be written

as follows.

_(1-P, P,
n_( p 1—Pd) (4.5)

TBD problem can be solved in the Bayesian framework, see [27]. As mentioned

before, Bayesian approach mainly contains two stages: prediction and update. The
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aim is to construct the joint posterior pdf at time step k, p(sx, my|Zy) by using the
joint posterior pdf at time step k — 1, p(Sx—1, Mk—1|Zx—1), When the measurement

7y, is available.

Given that the measurements up to time step k, Z,, the probability of the target

existence denoted by P, can be represented as follows.

It can be derived from the joint posterior p(s,, m; = 1|Z;) by marginalization.

P = jP(Sk:mk = 1|Zy)dsy (4.7)

The joint posterior pdf, p(sx, m, = 1|Z}), is obtained in the update part of the

Bayesian solution as in (4.22).

p(Zk|sk,my = D)p(sp,my = 1|Zy—4)
P(Zk|Zk-1)

(s, my = 1|Zy) = (4.8)

where p(z,|Z,_1) is a normalizing factor and p(zy|sx, my = 1) is the likelihood

function which can be obtained from the measurement model. The prediction

density, p(sy, m, = 1|Z;_4), can be obtained as follows.

p(sk, my = 1|Zy_1)

= ]P(Sk:mk = 1sg—1, M1 = 1, Zg_1)p(Sk—1, Mi—1 = 1| Zy_1)dsg_1 +

fp(sk;mk = 1|sg_1,My—1 = 0, Z_1)p(Sk=1,My—1 = 0|Z_1)dsk_4 (4.9)

where
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P(si My = Lsg—1, Mg = 1, Zj 1)
= p(Silsp-1, My = 1L, my_y = DP{my, = 1lmy._, = 1}
= p(slsk-1,mpe =1L,y = 1)(1 = Py) (4.10)
and
p(si, My = 1lsg—q, My—1 = 0,Z)_1)
= p(Sklsk-1,Mp = 1, my_y = 0)P{my, = 1lmy_y = 0} = pp(sp)Pp,  (4.11)

The probability density p(si|si—1, mi = 1, my_y = 1) which is given in (4.10)
can be obtained from the system dynamic model given in (4.1). p, (sy) is the target
birth density which is assumed to be known and explained in the following

sections.
This conceptual solution given above is implemented in Algorithm 1.
4.3.2 System Dynamic Model

As mentioned earlier, the system dynamic model is in the form of

Sk+1 = S (Sk My, Vi) (4.12)

where m,, € {0,1}. ‘0’ denotes that there is no target present and ‘1’ denotes that

there is one target present. Therefore, (4.12) can rewritten as in (4.13).

fi(sk, Vi),  if thereis one target present (m, = 1)
k+1 = (4.13)

undefined, if there is no target present (m; = 0)

The targets are assumed to move with a constant velocity in many applications
given in the literature. The state space used for the constant velocity model
contains the positions and velocities in Cartesian coordinates in literature as in
(4.14).
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s =[x vely yy vely z velZ I]" (4.14)

where xy,, i, z; are the positions, velf, vely,, velZ are the velocities and I, is the
SNR value of the target. The state of target SNR, I, is augmented to the state

vector since the SNR values of the targets are intended to be estimated.

As mentioned earlier, the raw radar data contains the power measurements for each
range-Doppler cell. The constant velocity model together with constant target SNR
is a linear state space model but the measurements are nonlinear. Due to the
nonlinear nature of the measurements, most of the applications given in the
literature, use particle filtering. Particle filtering with a state space of dimension 7
usually gives unsatisfactory results. This problem is not stated in the dim target
tracking literature that uses particle filtering. We have observed that this is due to
the unobservability of the states, i.e., the measurements and the state model
defined above is not an observable pair. So we decided to use a novel model with
less number of states which are observable except the state of u;, which is defined
in (4.16). The state vector in this model is shown in (4.15).

Sk = [ die w Ik]T (4.15)

where r;, and dj, is the range and the Doppler of the target, respectively. u; is

defined as follows.
w, = (vel$)? + (vel})? + (velf)? (4.16)

Note that the range and the Doppler of the target are defined in terms of the
positions and the velocities in Cartesian coordinates as in (4.17) and (4.18),

respectively.

T = ’x,% + yi + z} (4.17)
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1
dyc = Creveli +yyvely +zeveld)  (4.18)

VXE+yE+ 2k

The time update of the range is done according to the (4.19).

I 2 2
Tp41 = \/xk+1 t Viey1 + Zig4q

= \/(xk + Tvel?)? + (yy + Tvel,f)2 + (zi, + Tvelf)?

= \/x,% + 2 + z2 + 2T (xvelf + ypvely + zivel?) + T2

= \/Tkz + ZTdek + Tzuk (419)

where T is the update time. The time update of the Doppler is done according to
(4.20).

1
dg+1 = Tors (Xkr1velfsr + Yirrvely, + zZgpveliy,)
+1
= ((xy + Tvel)veli + (vy + Tvely)vely + (z; + Tvelf)velf)
+1
= (dek + Tuk) (420)
Tr+1

where 13,1 = \/rkz + 2Trd;, + T?uy. The time update of u, is done according to
(4.21).

Wers = (velfyr)? + (vell,,)? + (velf,)?

= (vel?)? + (vel?)? + (vel?)? = wy, (4.21)
k k k
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Furthermore, it is assumed that I,,; = I; since the target SNR can change in

negligible amount in small time intervals.

In conclusion, the system dynamic model is represented as follows.

2 2 1
Tha1 \/rk + ZTdek +T Uy [v"lc‘-l
— dk+1 _ IU,?I
Sk+1 = U1 — (dek + Tuk)/(\/rkz + ZTrkdk + Tzuk) + v]?(i (422)
e U LJ,I(J
I, ]

where v, v¥, v} and v} are process noises which are assumed to be white

Gaussian.
4.3.3 Measurement Model

As mentioned earlier, radar provides a measurement, z,, which contains N, N,

power measurements z,’, where N,. is the number of range cells, N is the number

of Doppler cells and z,” is the power measurement at the (a, j)** range-Doppler

cell at time step k. The power measurements z,fj is defined as follows, see [23].
zy) = |z |? (4.23)

where zj’,'{ is the complex amplitude data of the received target signal at the

(a, )™ range-Doppler cell and can be written as follows.
Zag = Archag(si) + ny (4.24)
where

Ay = Age'x, @, €(0,2m) (4.25)
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Ay is the complex amplitude of the signal that the target reflects, n, is the complex
Gaussian noise and hy x (si) is the reflection form defined for each range-Doppler
cell as follows.

; (ra—11)? _(dj—dk)2
hj’lk(sk)ze 2R Lr 2D Ld (4.26)

In this representation, R and D are constants which are related to the size of a

range-Doppler cell and L,, L, are the constants of losses. 7; and d; are the range

and Doppler values of the (a, j)*" cell, respectively.

As mentioned above, n, is complex Gaussian noise and it can be written as

follows.
Ny =Nk + inQ’k (427)

where ny, and ngy are in-phase and quadrature-phase components of n,. They are

zero mean white Gaussian noises with variance o2.

(4.23) can be rewritten by substituting (4.24) and (4.27) as follows.
2 = |Ah (s1) + ny + ing | (4.28)

It is assumed that these power measurements conditioned on the state vector, sy,

are exponentially distributed, see [33].

aj - pS+N(Z]?j|Sk) , mp =1 4.29
p(zk Isk'mk) = aj _ ( : )
pN(Zk y My =
where
1 —L.ZZ].
. aj
PS+N(Z;U|Sk) = € He (4.30)
)7

t
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and

1 -

. 7

pN(Z]CcU) =—— ¢ M (431)
el

p5+N(z,‘:j|sk) is the pdf of target plus noise power conditioned on the state vector;
whereas, pN(z,fj) is the pdf of the power measurement when there is only
- - . th 7 .
measurement noise in the (a, j)*"* range-Doppler cell. Note that 4/ is the expected
power of (a,j)" range-Doppler cell when there is a target; whereas, y;‘f is the

expected power when there is no target present. They can be represented as in
(4.32) and (4.33).

1Y = E[(z |simic = 1)]
. - 2
=F |:|Akel(pkhz']k(sk) + nl,k + l.nQ,kl ]
. 2 : 2
=E [(Akhz,]k(sk) cos(@r) +ny) + (Akhfk(sk) sin(r) +ngx) ]
= A2 (hﬂ((sk))z + 202
= Pyl (si) + 207 (4.32)
1 = E[(z |simyc = 0)]

=E [|n,,k + inQ,k|2] =E [(n,,k)z + (nQ,k)z] = 202 (4.33)

P, refers to the target power. Target power generally affects more than one range-

Doppler cell in the range-Doppler matrix. The power contribution of the target in

each range-Doppler cell is taken into account by h,‘f{;(sk) which can be written as

follows.
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h (s = (hZ(s0)

2
e (Ta—RTk)ZLT _ (dj‘de) Ly (4.34)

As seen in (4.35), the likelihood function p(z|skx, m;) can be written as the

product of the density functions of each range-Doppler cell, p(z,fjlsk,mk), since
the received power in each range-Doppler cell is conditionally independent from
each other.

pCilsmo) = | [ o Isem)
aj

p .
ﬂps+N(Z,f’Isk) , m =1
aj

[ [ , =0

Kaj

(4.35)

A target only contributes to the cells in its vicinity. Let us denote the group of cells

which are affected by target as IP. (4.35) can be rewritten as follows.

1_[ P5+N(Zgj|5k) 1_[ PN(Z;{U) , me =1

ajeP ajgP

p(zk|sk, my) = o (4.36)
HPN(ZI( ) , My = 0
k aj

4.3.4 Steps of Algorithm 1

4.3.4.1 Initialization of the Particles

The particle filter is initialized by drawing the set of samples {s¢, m}} according to

initial state and mode variable distributions as follows.

53 ~p(So), m(i) ~p(my) (4.37)
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Different initial state and mode variable distributions are used in the initialization
part of the particle filters, [11], [27]. If there isn’t any information about the initial
distributions, then the initial mode variables, m{,, which are binary variables can be
drawn from the uniform density. For each particle whose mode variable is m} = 1,
the state vector of the particle s} can be drawn from the uniform distribution over
the surveillance region. For each particle whose mode variable is m} = 0, the state
vector is undefined as mentioned earlier. For our problem, Algorithm 1 initializes

two particle filters for the two targets: main platform and the spawned one.
4.3.4.2 Predictions of the Particles

After the initialization of the particles, the first step is to determine the transitions
of the mode variables according to the Markov transition matrix by using

Pseudocode 4.

Pseudocode 4 Mode Variable Transitions

[{m}c}il] = Transitions of Mode Variables [{m};_l}?’:l, H]
e FORi=1:2
- q(0)=0
. FORj=1:2
¢ a;() =a,(-1 +m;
- ENDFOR
e ENDFOR
e FORd=1:N
- Draw:uyz ~ UJ0,1]

- Assignii=m{_jandv =1
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- WHILE (a;(v) < uy)
S v=v+1

- END WHILE

- Assignnm =v

e ENDFOR

Predictions of the particles are done according to the mode variable transitions.
There are two different groups of particles which differ from each other according

to the way of prediction done: existing particles and newborn particles.

a) Newborn Particles: The particles whose transitions of modes are from

mb_, =0 to mki =1 are called the ‘newborn particles’. In this thesis, the

range, ri*, and the Doppler, d¢, are drawn from the uniform density over those
regions of the range-Doppler matrix for which z,‘clj >y, where y is a

predefined threshold. The state of target SNR, I, is chosen as the power (SNR
value) of the cell which corresponds to the selected range and Doppler values.
The value of the threshold is very important since the choice of the threshold
value affects the performance of the particle filter. It should not be very low
since the low value causes most of the particles to be in the places where there
isn’t any target and it should not be very high since this causes an increase in
the probability of losing the meaningful information. The state of u is also
drawn from the uniform density, Ulumin, Umax]s Where wpin, Umq, are the
suitably chosen minimum and maximum values of the target state wuy,

respectively.

Any a priori information about the states of the target can also be used for

drawing the newborn particles.
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b) Existing Particles: The particles whose mode variable transitions are from

mb_, = 1tom}, =1 are called the ‘existing particles’. The transitional prior,

p(st|si_,), is used for the existing particles although it is not the optimal one.

Sk ~ P(kISk-1) (4.38)

The transitional prior can be obtained from the system dynamic model

represented in (4.22).

Note that the target state vector is undefined for the particles whose mode variable

ism}, = 0.
4.3.4.3 Measurement Update of the Particles

In the measurement update part of particle filters, the importance weights of the
particles are updated. As mentioned earlier, if the transitional prior density,
p(sklsi_,), is selected as the importance density, then the unnormalized

importance weights of the particles are computed as follows.
Wi o wi_yp(zilst,m}) (4.39)

The normalized weights, wi_,, can be omitted since resampling is applied at the
end of each time step. As mentioned earlier, all normalized weights of the particles
have the same weight which is equal to 1/N at the end of resampling. Therefore,

(4.39) can be rewritten as follows.
Wi o« p(z sk, mk) (4.40)

p(z|sk, m) is derived in (4.36) which can be divided by [1,; py(z2’) since the
proportionality of the importance weights is actually important in the measurement

update. Therefore, (4.36) can be rewritten as follows.
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o l(z,‘:j|s,‘;) , m,i( =1
p(zi|sk,mk) =1 ajep (4.41)
1 , mb =0

where

ai i
pS+N(Zk]|SIlc)

l(ZIC(U|SIl(): p (Zaj)
N\“g

(4.42)

In conclusion, the unnormalized weights of the particles are calculated according
to (4.41).

4.3.4.4 Extraction of the Main Platform’s Power Contribution from the

Range-Doppler Matrix

In order to prevent gathering of the weak target’s particles in the vicinity of the
main platform, the main platform’s power contribution is extracted from the range-
Doppler matrix. After that, this modified measurement is used for the measurement
update of the particles which belong to the weak target. The expected mean of the
state vector estimation at time step k given the state vector estimation at time step
k — 1, denoted as E[sg|sesh], is firstly calculated in order to determine the
expected place of the main platform in the range-Doppler matrix. However, this
may not be the exact place of the main platform due to the possible maneuvers or
bad estimations at time step k — 1, s§*%,. Therefore, the SNR values close to the
value of E[I¢5|1£54 ] are searched in the vicinity of the values of E[r£S¢|rgs4 ] and
E[d§|des,] in the range-Doppler matrix to find the exact place of the main
platform. After it is found, the powers of the group of cells which are probably
affected from the main platform are replaced by noise power as shown in Figure
4.1.
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Figure 4.1. Extraction of the main platform’s power contribution from the range-

Doppler matrix
4.3.4.5 Normalization

The weights are normalized to approximate the true posterior pdf as follows.

o1

i Wk 4.43
"I e
Therefore, the posterior pdf, p(sk|Zy), can be expressed as follows.
N
p(silZi) ~ ) wio(si = s}) (4.44)
i=1

Note that the normalization of the weights is also done separately for each target.

4.3.4.6 Outputs

The probabilities of the targets’ existences and the estimations of the state vectors
are outputs of Algorithm 1. Outputs can be obtained in two ways: before
resampling and after resampling. In this thesis, it is preferred to compute them
before resampling since resampling causes information loss and this leads to

decrease in accuracy, [25].
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Target detection is performed by using the probability of target existence, Py,

which is represented in (4.45).
N
Pe= ) miwi (4.45)
i=1
The declaration of the target existence is made if P, > Ay, where Ay is a

predefined threshold value.

The Minimum Mean Square Error (MMSE) estimate of a state vector, denoted as

ke, is represented as follows.

SHMSE 2 E[5,12,] = f seP(selZ)dsi (4.46)

In this work, (4.46) can be rewritten as follows.
Sklk =~ —7\, R (4.47)

Note that the probability of the target existence and the MMSE estimate of the
state vector are computed separately for each target.

4.3.4.7 Resampling

Resampling is explained in details and the pseudocode of the resampling algorithm

is given in Chapter 3.
Note that resampling is performed separately for each target’s particles.

The pseudocode of the Algorithm 1 is given in Pseudocode 5. Note that (1) is used
for the main platform and (2) is used for the weak target in Pseudocode 5.
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Pseudocode 5 Algorithm 1

i N . N
i(1) i(2) MMSE(1) _MMSE(2) (1) p(2)
[{Sk } _ '{Sk }i=1' Skik ' Skik BB ]

i=1
. N . N
:TBD[ OINN RO ]
{Sk_l}i=1 {Sk_l}i=1 Zk
e Mode variable transitions for each target using Pseudocode 4.
{ iV - . iV
m, } = Transitions of Mode Variables {mk_l}_ I
i=1 =1
{ iV s . iV
m, } . = Transitions of Mode Variables {mk_l}_ 1,l'[
1= =

e FORi=1:N
- IF newborn particle

« Draw s,i(l) as mentioned in Section 4.3.4.2

- ELSE IF existing particle

(1)

% Draw s,i(l)~ p(s,El) Is,1

- ENDIF

Compute the importance weights W,i(l) using (4.41)
e END FOR

e Extract the main platform’s power contribution from the range-Doppler

matrix
e FORi=1:N
- IF newborn particle

)

% Draw s,i as mentioned in Section 4.3.4.2

- ELSE IF existing particle
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« Draw s,i(z)~ p(s,Ez) |s,ic(_zi

- ENDIF

- Compute the importance weights W, > using (4.41)
END FOR
FORi=1:N

- Normalize the weights

~i(1
( _ W;i( )
Wi N ~i(D)
i=1 Wi
~ (2
i(2) Wzi( :
Wk TGN ~i2)
i=1 Wg
END FOR
Compute the outputs:
N
p® = Z mi®yi®
i=1
i(1 i(1 i(1
GMMSE(1) _ Iiv=1 Szlc( )m;(( )Wli( )
K|k = i (D)
imy wy
N
PP = Z mi@ i@
i=1
i(2 i(2 i(2
MMSE(2) _ M Sll(( )m;c( )Wli( :
Sk|k = N i(2)

i(2)
i=1My = Wy

Resample the particles separately for each target by using Pseudocode 2
Declare the targets’ existences if:

P.® > Arp
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4.3.5 Algorithm 1 with Process Noise Identification

In this thesis, we focused on the case of the spawning targets, e.g. a missile fired
from a fighter airplane. In real world, the spawned targets like missiles can highly
maneuver throughout all periods of their motions, see [40]. In the particle filter
framework, multiple dynamic model and the probability matrix constructed
according to probabilities of the transitions between these models are able to
handle this situation. However, the proposed process noise identification based
method adopts one simple dynamic model during whole tracking process and does
not need to know the possible multiple models and transition probabilities.
Furthermore, for tracking of highly maneuvering targets like missiles by particle
filters, the sample impoverishment is a very serious problem. In order to solve this
problem, a new process noise identification method [1] is proposed for the
classical target tracking. This method is adapted to the TBD framework in this
study. The process noise identification is used for the state estimation of highly
maneuvering spawned targets in the presence of non-stationary process noise with
unknown parameters. In literature, there are different noise parameter estimation
methods for particle filters. Most of them rely on the state augmentation technique,
see [34] and [35]. Since the particle filters suffer from the increase in the state
dimension, such approaches are difficult to apply to the systems with high
dimensional state vector. In some methods, marginalization idea is performed with
the assumption of a suitable prior distributions for the unknown noise parameters
in particle filters, see [36] and [37]. However, such approaches are focused on the
systems with slowly varying noise parameters which is not the case in this work.
Therefore, the process noise identification approach proposed in [1] is used in this

work.

4.3.5.1 Conceptual Solution of the Process Noise lIdentification in Particle

Filter Framework

In the proposed method, a dynamic system is considered to be adapted to model
the process noise. In this system, the noise vector, v,_;, is the state vector of this
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system. The main purpose is to construct the posterior pdf of the process noise,

p(vi—1|Zy), which is represented in (4.48).

P(Wk-11Zx) = YP(Zi|Vk-1) 0 (Vi—1|Z) 1) (4.48)
where
Yo (4.49)
P(ZklZk-1) '

p(zk|Zr—1) is a normalizing constant. v,_; is independent from the previous
measurements, Z,_4, since there is no information about it. Therefore, (4.48) can

be rewritten as follows.

P(Wi-11Zk) = YD (2k|Vk-1)P(Vi-1) (4.50)

The process noise, v, _4, is assumed to be uniformly distributed in the interval of
[—d, d] where d is the known process noise bound. Therefore, as seen in (4.51),
the distribution of the process noise, p(vi_1), can be represented by H particles

which are drawn from U[—d, d] where U denotes the uniform distribution.

H
1 )
Pe) =2 8w —v]) (450)
j=1

(4.50) can be rewritten by substituting (4.51) as follows.
Y H
PealZ) =1 ) p@lv_D8wes —v)  (452)
j=1

Let’s denote p(zklv,{_l) as e,{ for simplification. It corresponds to the weight of

the jth process noise particle, v,{_l. The process noise particles are then resampled

to eliminate the noise particles with low weights and generating copies of noise

51



particles with high weights. At the end of resampling, all noise particles have the

same weight which is equal to 1/H.

The weights of the particles, &;, can be obtained by expanding the likelihood
function, p(zk|v,f_1), based on the resampled state particles at time step k — 1,

Sk—1-

H
p(alvi_) = ) pCalskn vl DpGsiaalvl)  (453)
i=1

where p(si_,|vi_,) =p(si_y) since si_; and wv]_, are independent.

Furthermore, p(si_,) = 1/H because of the fact that all resampled particles have

the same weight. (4.53) can be rewritten as follows.
% 1
p(alvl1) = ) pCalsior vl (454)
i=1
Let’s define the intermediate particles denoted by ,u,i(’j in order to calculate
P (Zi|Sk-1, vli—l)'
o= f(sk_yvly) (4.55)
My k=1 Vk—1
Based on the intermediate particles, y,i’j , P(Zk|SE_q, v,{_l) can be represented as in

(4.56).

H H
p(zelskosvl) = D0 Il shos vl PR Isio vl D) (456)
p

Since si_, and v} _, are known, u2' is obtained as follows.

i ; 1, forp=iandq=j
p(1i k-1 Vi) = {O, forp#iorq#j (4.57)
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Therefore, (4.54) can be rewritten by substituting (4.56) and (4.57) as follows.
C 1
p(Zk|v,£_1) = Z P(Zk|ll;l<'j) I (4.58)
i=1

where p(z;|si_1,vi_,) = p(zi|?).

After assigning the weights of the process noise particles and resampling these
particles based on their weights, the procedures of the standard particle filter

without process noise identification are then followed by obtaining the predicted
particles {si,i =1,..,H} based on the resampled process noise samples

{vi_,,i =1,...,H} using the dynamic model represented in (4.1).
4.3.5.2 Simplification of the Proposed Method in TBD framework

In the proposed method, there is much more computational burden compared to a
standard particle filter with H particles since H x H intermediate particles are

evaluated via (4.55) at each time step. It is observed that the particles belonged to
the spawned target, {s,i(_zi,i =1,..,H} , gather around the state estimates of the
spawned target when the existence of the spawned target is declared, e.g. Pk(f)l >

Arg. They focus in a very small area. Therefore, the particles {s._,,i = 1, ..., H}

represented in (4.55) are replaced by the state estimate of the spawned target at

time step k — 1, s,iftl(z), when Pk(f)l > Arg. Therefore, the intermediate particles

are then evaluated as follows.

ud = f(s P v ,) if B> Arg (4.59)

The likelihood function represented in (4.58) can be rewritten as follows.

H
p(zlvi_,) = Z p(Z D (udv_)) (4.60)
q=1
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Therefore, when Pk(f)l > Arg, the simplification method mentioned above gives the
possibility of getting rid of the computational burden generated from the

intermediate particles represented in (4.55).

Note that when Pk(f)l < Arg, the procedures of the standard particle filter without
process noise identification are then followed since the process noise identification
without simplification increases the computational burden too much. Furthermore,
the process noise identification method uses only the existing particles whose
mode transitions of the mode variables are from mfc(f)l =1to m,i(z) =1. The
newborn particles can’t be used with the process noise identification since the

dynamic model is not used when drawing these particles.

The pseudocode of the Algorithm 1 with process noise identification is given in

Pseudocode 6.

Pseudocode 6 Algorithm 1 with Process Noise Identification

ian™ ien™ MMSE(1) _MMSE(2) (1) p(2)
[{Sk }i=1’ {Sk }i=1’ Sk|k 'Sklk 'Pk ’Pk ]

, N . N
— {1 i(2)
= TBD [{Sk_l}i=1' {S"‘l}i=1’zk]
e Mode variable transitions for each target using Pseudocode 4

. N . N
[{m;(l)} ] = Transitions of Mode Variables [{m,‘((_l)l} ,1'[]
i=1

i=1

. N . N
[{m;{(z)} ] = Transitions of Mode Variables [{m,l((_z)l} ,H]
i=1 i=1

- Determine H which is the number of the particles whose mode

transitions are from m,i((f)l =1to m,i((z) =1

- Draw the process noise particles {v,{_l,j =1,...,H} from the
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uniform distribution, U[—d, d].
- Determine the intermediate particles, ,u,‘z, by using (4.59).

- Compute the weights of the process noise particles, {e,{,j =
1, ..., H}, by using (4.62).

- Resample the process noise particles by using Pseudocode 2.
END IF
FORi=1:N

- IF newborn particle

% Draw s,i(l) as mentioned in Section 4.3.4.2
- ELSE IF existing particle
i(1)

s Draw s,i(l)~ p(slgl) |s,_7

- ENDIF

Compute the importance weights W,i(l) using (4.41)
END FOR

Extract the main platform’s power contribution from the range-Doppler
matrix
FORi=1:N

- IF newborn particle

i(2)

. as mentioned in Section 4.3.4.2

« Draws
- ELSE IF existing particle
@ IFP® > Arp

i(2) i(2)

> Draw 5.2~ p(sP|si?)), but use the resampled

process noises {vi_,, i =1,..,H} rather than
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[vi v v vk]T when drawing s, .
@ ELSE IF P, < Arg
i(2 2 i(2
» Draw s,l(( ) p(s,i )|s,l((_i
< ENDIF
- ENDIF

- Compute the importance weights W,i(z) using (4.41)

END FOR
FORi=1:N

- Normalize the weights

i) _ Wk
w, = ———

END FOR

Compute the outputs:

N

1V _ i1  i(1)
P = Z mg “wy
i=1

()

N S
k k

MMSE(1) _ 24i=15k
Sklk Eal—
i=1

N
2 _ i(2)  i(2)
P —ka Wy
i=1

i )

i(2)__i(2)  i(2
GMMSE(2) _ Z]iV=1 Sk( )mk( )Wk( )
k|k - i2) (2
2imy” wy

Resample the particles separately for each target by using Pseudocode 2
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e Declare the targets’ existences if:

P.W > Ap

P.@ > Ap

4.4 Algorithm 2

The main differences between Algorithm 1 and Algorithm 2 are the hypotheses
which the mode variable contains, the system dynamic and the measurement
models. The TBD approach of Algorithm 2 is based on the work in [12]. In
contrast to that work, Algorithm 2 uses a novel reduced order system dynamic
model. Furthermore, it is not restricted to the case of constant and known SNR as
in [12], e.g. target SNR values are also estimated. In addition to these
modifications, the process noise identification approach used in Algorithm 1 is

also used in this algorithm.
This algorithm is explained in detail in the following sections.
4.4.1 System Dynamic Model

In this algorithm, the system dynamic model given in (4.1) is used with the state

vector which is composed of the state vectors of both targets as represented in

(4.62).
@
S
Sie = ( ’§2)> (4.61)
Sk

The mode variable, my, represents the number of targets in the surveillance region:

e my; = 0: There is no target present.
e m; = 1: There is one target present.

e m, = 2: There are two targets present.
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The transition matrix, I1, becomes in the form of
Too To1 Tlo2
[I=(T10 T11 T2 (4.62)
Tl Tly1 Tipp

Note that S,El) = s,EZ) when the mode variable is m;, = 1, since in this way, the
state vector of the weak target is initially the same as the state vector of the main
platform when the weak target is spawned from the main platform. For the sake of

completeness, the state vector is undefined when the mode variable is m; = 0.
4.4.2 Measurement Model

A slightly modified version of the measurement model of Algorithm 1 is used in

this algorithm.

The complex amplitude data, z4 ., represented in (4.24) is modified for the case of

two targets as follows.
24y = APR) (5) + ARG (51 + 1y (4.63)
The power measurements per cell, z,ij , can then be written as follows.
7z = |Z§j{ Z = |A§<1)hj’];c(1) (sp) + Ag)hjﬁz) (s) +nyp +ingel?  (4.64)

As mentioned earlier, it is assumed that these power measurements conditioned on

the state vector are exponentially distributed.

p(zl((ljlsklmk) = pg-]_;_)N(Z;cljlsk) , My = 1 (465)
5 ,
pen@ls)  me =2

where
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1 _aj
aj* Zk

. 1
péi)N(z,fjlsk) =€ He (4.66)
Hy

and
,u‘t”* = E[Z,fj|sk,mk = 2]
o o 2
=E [|A§€1)e””khjf,fl) (si) + AL e PkhP P (5) + 1y + inQ,k| ]
. i 2
= E[(Akl)hjfkm (si) cos(@y) + Agcz)hjf,fz) (si) cos(@y) + n,,k) +
. . 2
(4R (si) sin(r) + AP RGP (1) sin(ie) +ngpe) ]
W (16 N\ L 4@ (pai@cc \)
= A (hA{k (sk)) +A¢ (hA{k (sk)) + 202
= PVRID (5) + BRI P (s1) + 207 (4.67)

As mentioned earlier, py(z%) and p<Y, (z%|sy) are represented as in (4.68) and

(4.69), respectively.

D Uy, " 4.68
Psin(Zx” ISk) = € " (4.68)
Hy

1 -z
ajy -~ o u 4.69
pN(Zk ) ,Uf,lj e ( )

where

1Y = Pehy (si) + 207 (4.70)
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and
HY =208 (4.71)

As mentioned earlier, the likelihood function, p(z|sk, mk), can be written as the

product of the density functions of each range-Doppler cell, p(z,‘:jlsk,mk), since

the received power in each range-Doppler cell is independent from each other.

. .
[ [z =0
aj
aj _
p(zk|gk'mk) =< l_[pS+N(1)(Zk |Sk) , m=1 (4_72)
aj
1_[175+N(2)(Z;¢1j|5k) , My =2
\ aj

Targets only contribute to the cells in their vicinity. Let us denote the group of

cells which are affected by targets as IP. (4.72) can then be rewritten as follows.

(T 1 j
pN(Z]‘(U) , My = 0
L
()51 M) = 4 Ps+nP (2 |sk) 1_[ pn(z¢)) , =1 (473)
ajep ajeP
pS+N(2)(Z]?J|5k) 1_[ PN(Z;;]) , My =2
\ajeP ajep

4.4.3 Steps of Algorithm 2

4.4.3.1 Initialization of the Particles

Initialization of the particles is made according to the same principals mentioned in
the first algorithm. At first, initial mode variables, mj, where m, € {0, 1,2}, are
drawn uniformly. After drawing the initial mode variables, initial state vectors of

the particles are drawn according to the initial mode variables:
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e For each particle whose mode variable is m} = 0, the state vector is
undefined.

e For each particle whose mode variable is m{, = 1, the state vector is s§ =
[s:™ s{®1T such that s, is drawn from the uniform distribution over the
surveillance region and sé(z) = sé(l).

e For each particle whose mode variable is m{, = 2, the state vector is sj =
[s: siPT such that s, and s;® are drawn from the uniform

distribution over the surveillance region.
4.4.3.2 Predictions of the Particles

After the initialization of the particles, the first step is to determine the transitions
of the mode variables according to the Markov transition matrix by using
Pseudocode 8. Predictions of the particles are made according to these mode
variable transitions. There are five different cases:

e The transition from m}_, = 0 to m}, = 1: In this case, s, is drawn as

a newborn particle and s,‘;(z) = s,i(l).

e The transition from m},_; = 1 to m}, = 1: In this case, s,i(l) Is drawn as

an existing particle and s, > = s.".
e The transition from m}_, = 1 to m = 2: In this case, s, is drawn as

an existing particle and s,‘;(z) is drawn as a newborn particle.

e The transition from mj,_, = 2 to m}, = 1: In this case, s,i(l) Is drawn as
an existing particle and s, = 5.,

e The transition from m}_, = 2 to m}, = 2: In this case, s, and s, are

drawn as existing particles.

Note that the transition from m’,_, = 0 to m}, = 2 is not included in the list above

since there is no direct transition from the case of no target present to two target

61



present in the scenarios used in this thesis. However, this is not crucial for the

proposed algorithms.

4.4.3.3 Measurement Update of the Particles

As mentioned earlier, the importance weights of the particles are updated in the

measurement update stage of the particle filter as in (4.40).

p(z|st, m) is derived in (4.73) which can be divided by [1,; py(zi’) since the
proportionality of the importance weights is actually important in the measurement

update. Therefore, (4.73) can be rewritten as follows.

(1 =
1_[ l(l)(zzj|s,i) , mp =1
p(zk|s,‘;,m;'() = { 4jep (4.74)

L 1_[ D@ ]st)  me=2
ajep

where
o M (7Y
1D (29 |s)) = Ds+n (alj' |5k) (4.75)
pN(Zk )
and
. @) (4
1(2)(Z£]|Sk) — Ds+n (Zk Isk) (476)

PN(Z;;”)

The weights are then normalized to approximate the true posterior pdf as in (4.43).
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4.4.3.4 Outputs

In this algorithm, it is also preferred to compute the outputs before resampling. The
outputs of Algorithm 2 are the probabilitics of the targets’ existences and the

estimations of the state vector.

Target detections are performed by using the probabilities of targets’ existences,
denoted by PV and P, respectively. P is equal to the sum of the weights of

the particles whose mode variable is m}, = 1.

pV=% - w (4.77)
i such that mj=1

Pk(z) is equal to the sum of the weights of the particles whose mode variable is

ml, = 2 as follows.

2 .
RO=> wi (4.78)
i such that my =2

The declarations of the target existences are made if the probabilities of the target

existences are higher than a predefined threshold value, A;.

The MMSE estimate of the state vector is represented as follows.

MMSE __ ..MMSE(1) _MMSE(2)qT
Skl = [Skjk Skl ] (4.79)
where
) ) sty
MMSE(1) i such that my=1o0r 2 °k k
Sklk = ) ; (4.80)
Zi such that mp=1or 2 Wk
and
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Zl such that m =2
See 1@ = . (4.81)

Zi such that m}c=2

After computing the outputs, particles are resampled as explained in Section
4.3.4.7.

The pseudocode of Algorithm 2 is given in Pseudocode 7.

Pseudocode 7  Algorithm 2

[{Sk}l . 11;1’1:155(1)’ :Icvfz]chE(Z) P(1) P(z)] TBD [{51‘;-1}11'%]

e Mode variable transitions for each target using Pseudocode 4
[{m}c}ivzl] = Transitions of Mode Variables [{m,‘;_l}livzl, l'[]
e FORi=1:N

- IFmki_, =0tom} = 1:

i(1) i(2) _ _i(1)

% Draw s, as a newborn particle and assign s, = s,

- ELSEIFmi_,=1tom} =1:

(1)

& i(2) _ D)
% Draw s,

as an existing particle and assign s, = s,

- ELSEIFmi_, =1 tomi = 2:

(1)

s Draw sl as an existing particle and sk ) as a newborn

particle
- ELSEIFmi_, =2 tom} = 1:

i(1) i(2) (1)

% Draw s, as an existing particle and assign s, = s,

- ELSEIFmi_, =2 tom! = 2:

64



« Draw s, and s, as existing particles

- ENDIF

Compute the importance weights i}, by using (4.74)
e ENDFOR

FORi=1:N

- Normalize the weights

END FOR

Compute the outputs

L _ i
P = . Wi
i such that myp=1or 2

» . i,
MMSE (1) i such that mp=1o0r 2>k k
k|k -

. i
2L' such that my,=1 or 2 Wk

@) _ i
P = o Wy
i such that my =2

MMSE (2) z:i such that m}'{:z Sk Wk
Sk|k =

Zi such that m;'(=2 Wk

Resample the particles using Pseudocode 2

Declare targets’ existences if:
P > Arp

Pk(z) > Arg
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4.4.4 Algorithm 2 with Process Noise Identification

The process noise identification approach used in Algorithm 2 is the same as the
approach used in Algorithm 1. However, there are some slight differences in the

implementation of the algorithms.

As mentioned earlier, the main purpose of the process noise identification is to
track and detect the highly maneuvering spawned target. In Algorithm 1, each
target has its own particles so that the process noise identification method can only
be applied for the spawned target. However, it is not the case for the Algorithm 2
since the state vector used in the system dynamic model is composed of the state
vectors of both targets, i.e. s} = [s,i(l) s,i(z)]T. Therefore, we have to apply the
process noise identification approach for both targets so that the method uses only
the existing particles whose transitions of the mode variables are from m},_, = 2

to m}, = 2. Furthermore, in order to be able to apply the simplification mentioned

in Section 4.3.5.2, the probability of the two targets’ presence must be P(z) > Arg.

The pseudocode of Algorithm 2 with process noise identification is given in

Pseudocode 8.

Pseudocode 8  Algorithm 2 with Process Noise Identification

[{Sk}l y II:T}I:ISE(l)' 11:]1’1:1515(2) P(1) Pk(z)] — TBD [{Slic—1}?,=1'zk]
e Mode variable transitions for each target using Pseudocode 4
[{m}c}flzl] = Transitions of Mode Variables [{m};_l}?’:l, l'[]
o IFPZ > g

- Determine H which corresponds to the number of the particles

whose mode variable transitions are fromm.,_, = 2 tom}, = 2.

66



- Draw the process noise particles {v,{_l,j =1,...,H} from the

uniform distribution, U[—d, d].
- Determine the intermediate particles: u! = f(s£54,v_,)
- Compute the weights of the process noise particles, {e,{, j=
1, ..., H}, by using (4.62).
- Resample the process noise particles by using Pseudocode 2.
e ENDIF
e FORi=1:N
- IFm,_, =0tom} = 1:

(1

: : i(2 i(1
< Draw s, as a newborn particle and assign Szlc( ) = SILC( )

- ELSEIFmi_, =1 tom} = 1:

i(1)

. . . . i(2 i(1
% Draw s, as an existing particle and assign s,i( ) = s,i( )

- ELSEIFmi_, =1 tom} = 2:

(1) i(2)

< Draw s, as an existing particle and s, as a newborn

particle
- ELSEIFmi_, =2 tom} = 1:

®

R

< Draw s, as an existing particle and assign s, = s,

- ELSEIFmi_, =2 tom} = 2:

@ IFP® > Arp

» Draw s,i(l) and s,i(z) as existing particles, but use the
resampled process noises {vi_,, i = 1, ..., H} rather
than [v,:(l) v,f(l) v,?(l) Uzi(l) v}:(Z) U;CI(Z) v:(Z) v}i(Z)]T

when drawing s..
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@ ELSE IF P < Arg

> Draw s,i(l) and s,i(z) as existing particles.
< ENDIF

- ENDIF

Compute the importance weights i}, by using (4.74)

e ENDFOR
e FORi=1:N

- Normalize the weights

e ENDFOR

e Compute the outputs:

1 _ i
b = . Wi
i such that mj=1or 2

D . Si(l)Wi
MMSE (1) i such that mp=1o0r2 "k k
k|k - Z ] Wi
isuch thatmy=1o0r2 "k
@) _ i
R=), o Wk
i such that my=2
) i(2), i
MMSE(2) Zi such that mj,=2 Sk Wk
Sk|k =

ZL' such that m;'(=2 Wk

e Resample the particles by using Pseudocode 2

e Declare the targets’ existences if:

Pk(l) > Arg
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CHAPTER 5

RESULTS AND SIMULATIONS

5.1 Radar Simulator

A MATLAB based radar simulator developed in [38] is used for raw data
generation. It generates a range-Doppler matrix based on the radar, targets and the
environment related parameters for each run. The simulator given in [38] is
modified to generate range-Doppler matrices for given targets’ trajectories in a
given time period. Different scenarios such as different number of targets, different
SNR values of targets and different clutter spaces can be generated by changing
the parameters. Moreover, the radar simulator [38] has a capability of generating
target reflections according to different Swerling models [39]. Swerling-0 and
Swerling-1 types of targets are used in the radar simulator to evaluate the

algorithms used in this thesis.
5.2 Scenario and Parameters

In this section, scenarios used to evaluate the performances of the proposed TBD
algorithms are explained in detail. There are four different scenarios. First scenario
is used for the confirmation of the algorithms. In the second scenario, the spawned
target maneuvers at some time intervals. This scenario is used for the analysis of
the algorithms’ performances for maneuvering targets. In the third scenario, the
spawned target maneuvers so highly that the limit of the algorithms’ performances

is reached. By using this scenario, it is shown that the process noise identification
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method increases the performances of the algorithms. In all scenarios except the

fourth scenario, Swerling-1 type of targets are used. In the fourth scenario,

Swerling-0 type of targets which move very slowly are used in order to see the

detection times independently from the changes in the SNR values of the targets.

Moreover, weak clutters are used in all of these scenarios.

First Scenario: The first scenario begins with no target in the surveillance

region. The main platform appears at time t = 6 s with the position of
24 km from the radar and goes towards the radar with the constant velocity
of 200 ms~1. At time t = 21 s, the weak target is spawned from the main
platform and goes towards the radar. Initially, it moves with a constant
acceleration of 40 ms™~2 in the first three time steps. At time t = 24 s, it
starts to move with a constant velocity of 320 ms~?1. The targets continue
their motions until the scenario ends at time t = 40 s. Figure 5.1 shows the
trajectories of the targets in the first scenario. Note that the radar is at the
origin (0, 0, 0).

Second Scenario: The only difference between the first scenario and the

second scenario is that the spawned target maneuvers with +3g between
t=28s and t =32s, -3g between t =33s and t = 37 s. After the
spawned target maneuvers, it continues to move with constant velocity.

Figure 5.2 shows the trajectories of the targets in the second scenario.

Third Scenario: The main platform appears at time t = 6 s with the

position of 24.0674 km from the radar. At time t = 16 s, the weak target
is spawned from the main platform and goes towards the radar. Initially, it
moves with a constant acceleration of 40 ms ™2 in the first three time steps.
At time t = 19 s, it starts to move with a constant velocity of 320 ms™?.
The spawned target maneuvers with —7g between t =28 s and t = 32 s,
+7g between t = 33 s and t = 37 s. The targets continue their motions
until the scenario ends at time t = 40 s. Figure 5.3 shows the trajectories

of the targets in the third scenario.
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Fourth Scenario: The fourth scenario is almost same as the first scenario.

One of the difference between them is that Swerling-0 type of targets are
used in the fourth scenario in order to see the detection times independently
from the fluctuations in the SNR values of targets. The other difference is
that the targets move very slowly in the fourth scenario. The main platform
goes towards the radar with the constant velocity of 10 ms~1. At time ¢t =
21 s, the weak target is spawned from the main platform and goes towards
the radar. Initially, it moves with a constant acceleration of 10 ms~2 in the
first three time steps. At time t = 24 s, it starts to move with a constant
velocity of 40 ms~1. In all scenarios except the fourth scenario, since the
targets go towards the radar with high velocities, the mean SNR values of
targets increase significantly. As we want to see the detection times
independently from the increase in the mean SNR values of the targets, the
targets move with very low velocities; so that, the mean SNR values
increase very slightly during the fourth scenario. Figure 5.4 shows the

trajectories of the targets in the fourth scenario.
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; : : : i : | —&—Main platform
;| % Spawned target
-200
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E 20 TN S T T . T
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o * . s 3 . X 5 . :
= : : : : : ;
] I ;
(@] (?'/ :
a0k SO TN S R - —
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Pl 3 o /{ :
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Range(km)

Figure 5.1. The first scenario
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Figure 5.2. The second scenario
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Figure 5.3. The third scenario
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Figure 5.4. The fourth scenario

The measurement space is constructed by the range interval of [0,28.4] km and
the Doppler interval of [0,570] ms~?. It is divided into N,xN, cells, where N, =
1420 and N; = 57. The constants related to the size of range and Doppler cells, R
and D, are equal to 20 m and 10 ms™1, respectively. The constant of losses are
L,=0.23andL; = 0.2.

As mentioned earlier, the expected intervals of the target states on the targets’
appearance constitute the surveillance region of the targets as given in Table 5.1
and Table 5.2. Table 5.1 is given for all scenarios except the fourth scenario;

whereas, Table 5.2 is given for the fourth scenario.

Note that @ refers to the states which belong to the main platform; whereas, @
refers to the states which belong to the spawned target. Initially, particles are

uniformly drawn from the surveillance region given in Table 5.1.
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Parameter Min Value | Max Value | Unit
Range® 14500 24500 m
Doppler® 150 250 m/s

u® 22500 62500 | m?/s?
Intensity 12 30 dB
Range® 14500 24500 m
Doppler® 150 380 m/s

u® 22500 144400 | m?%/s?
Intensity® 3 15 dB

Table 5.2. The surveillance region for the fourth scenario

Parameter Min Value Max Value | Unit
Range® 23000 24500 m
Doppler 0 20 m/s

u® 0 400 m?/s?
Intensity® 12 30 dB
Range® 23000 24500 m
Doppler® 0 50 m/s
u® 0 2500 m?/s?
Intensity® 3 15 dB

1-P
n=( b

Py
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P, )
1-P,

The transition probability matrix is given as follows for Algorithm 1.

Table 5.1. The surveillance region for all scenarios except the fourth scenario

(5.1)



where P, = 0.05 and P; = 0.05. It is same for both targets. Since there are three
hypotheses that mode variable contains, the transition probability matrix is a 3x3

matrix for Algorithm 2 as follows.

09 01 0
N={0.1 0.8 0.1 (5.2)

0 01 0.9

As it can be seen in (5.2), the spawned target can’t appear before the main platform
appears in the surveillance region. In addition to this, the main platform can’t
disappear before the weak target disappears in the surveillance region. However,

this condition is not necessary for Algorithm 2.

The predefined threshold for the target existences is Az = 0.6 and the sampling
time is T = 1s for both algorithms. As mentioned earlier, the process noise
represented in (4.22) is assumed to be white Gaussian. In all scenarios except the

fourth scenario, the process noise for the main platform is selected as follows.

/0 /(5/3)2 0 0 0 \\

@ _ [0 0  (10/3)* 0 0 |
v =N k 0 0  (3264/3)% 0 ) ©:3)
0 0 0 0 (5/3)?

In the fourth scenario, the process noise for the main platform is selected as in
(5.4).

o [/ 0 0 0
@ _ 0 0 (2/3)° 0 0
e ~Nllo | 0 0  (44/3)? 0 5.4)
\ 0 0 0 0 (1.5/3)* /

In all scenarios except the fourth scenario, the process noise for the spawned target

is selected as follows.
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o [@2/3)° 0 0 0 \\
@ _ [0 0 (44/3)* 0 0 |
v, ’~N 0 N | (5.5)
0 0 (25000/3)2 0
\ 0 \ 0 0 0 (4/3)* )

In the fourth scenario, the process noise for the spawned target is selected as in
(5.6).

o [(6/3)° 0 0 0
@ _ 0 0 (12/3)° 0 0
N L o 0 (700/3)2 0 (5.6)
\ ’ 0 0 0 (1/3)° /

As mentioned earlier, the process noise particles are drawn from the uniform
distribution of U[—d, d] when using the process noise identification method. Table

5.3 shows the intervals which the process noises are drawn from.

Table 5.3. The intervals from which the process noises are drawn when using the

process noise identification method

Parameter | Min Value | Max Value | Unit
A -20 20 m
v,f W -10 10 m/s
T -5000 5000 | m%s?
A 15 1.5 dB
A -90 90 m
i@ 65 65 mis
@ -20000 20000 | ms?
y® 15 1.5 dB
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5.3 Simulation Results

The scenarios mentioned in Section 5.2 are used to confirm the algorithms and
analyze their performances. In these scenarios, SNR values of each target fluctuate
around the mean SNR according to the Swerling-1 model. Note that the mean SNR
increases in time since targets get closer to the radar regardless of SNR
fluctuations originated from the Swerling-1 model.

5.3.1 Simulation Results of Algorithm 1

5.3.1.1 Simulation Results for the First Scenario

The performance of Algorithm 1 is analyzed for different initial SNR values of the
spawned target as 10 dB, 8 dB, 6 dB, 4 dB. In all simulations, the initial SNR of
the main platform is 18 dB.

Note that 35 Monte Carlo simulations are performed to obtain each result given

below.

5.3.1.1.1 Initial SNR of the Spawned Target: 10 dB

The analysis of the performance of Algorithm 1 is started with the 10dB initial
SNR of the spawned target.

Figure 5.5 shows the positions of the particles at time t = 4,16,22,23,25 and
32 s.

The particles of the main platform are indicated by blue dots and yellow ‘o’
indicates the actual position of the main platform when the main platform is
present. The particles of the weak target are indicated by cyan dots. Blue *’
indicates the actual position of the weak target when the weak target is present. As
it can be seen in Figure 5.5, the particles gather around the targets after a finite

number of time steps following the target appearance in the surveillance region.

77



This is what we expected for the successful detection and tracking in the particle

filter based algorithms.

For the sake of clarity, we want to mention again that the main platform appears at
time t = 6s; whereas, the spawned target appears at time t =21s in the

surveillance region.

The probability of existence of the main platform is shown in Figure 5.6. The left
axis of Figure 5.6 shows the probability of existence of the main platform for
different number of particles; whereas, the right axis is for the SNR of the main

platform. The SNR of the main platform is represented by black “*’.

As it can be seen in Figure 5.6, the main platform is detected almost immediately
as it appears in the surveillance region, e.g. there is a rapid increase of the
probability of existence after the appearance of the main platform because of its
high SNR value (18 dB). Furthermore, all selected numbers of particles give the
same result that indicates that the number of particles can be reduced further below
500.
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Figure 5.6. The probability of existence of the main platform and its SNR value
(First scenario, 10 dB initial SNR of the spawned target). The line at p = 0.6

indicates the threshold for the declaration of target existences.

Figure 5.7 plays the same role as Figure 5.6 for the spawned target. On the left
axis, it shows the probability of existence of the spawned target for different
number of particles; whereas, on the right axis, the SNR of the spawned target is
shown. The SNR value is represented by black “*’. As it can be seen in Figure 5.7,
the existence of the weak target is declared in 2 seconds for 5k particles, 3 seconds
for 1k particles and 4 seconds for 500 particles after its appearance. Therefore, it
can be concluded that in the transient part about the declaration of the target
existence, the detection performance of Algorithm 1 increases with the increase in
the number of particles.

Figure 5.8 and Figure 5.9 show the range versus Doppler estimates together with
the actual positions of the main platform and the spawned target, respectively. As
it can be seen in Figure 5.7 and Figure 5.9 especially for 500 particles, the more
accurate estimates are made after the detection of the spawned target. Furthermore,
as it can be seen in Figure 5.8 and Figure 5.9, there is an estimation error which

behaves like an offset after the target is detected. This is actually a resolution based
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estimation error. The algorithms can’t realize any difference between the true
range-Doppler value and the estimated range-Doppler value due to resolution of

the range-Doppler cells.

The RMS range errors for the main platform and the spawned target are given in

Figure 5.10 and Figure 5.12, respectively.
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o
Target SNR(dE)
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Figure 5.7. The probability of existence of the spawned target and its SNR value
(First scenario, 10 dB initial SNR of the spawned target). The line at p = 0.6

indicates the threshold for the declaration of target existences.
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Figure 5.8. Range versus Doppler estimates of the main platform and its trajectory

(First scenario, 10 dB initial SNR of the spawned target)
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Figure 5.10. The RMS range error for the main platform (First scenario, 10 dB
initial SNR of the spawned target)

In figure below, Figure 5.10 is zoomed in to display the small errors in steady

state.
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Figure 5.11. The RMS range error for the main platform (First scenario, 10 dB
initial SNR of the spawned target)
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Figure 5.12. The RMS range error for the spawned target (First scenario, 10 dB
initial SNR of the spawned target)

The RMS Doppler errors for the main platform and the spawned target are given in

Figure 5.13 and Figure 5.14, respectively.
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Figure 5.13. The RMS Doppler error for the main platform (First scenario, 10 dB

initial SNR of the spawned target)
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Figure 5.14. The RMS Doppler error for the spawned target (First scenario, 10 dB
initial SNR of the spawned target)

As it can be seen in Figure 5.14, the RMS Doppler error for the spawned target
initially increases since the spawned target starts its motion with constant
acceleration. However, it decreases after the spawned target begins to move with
constant velocity which is consistent with the dynamic model used in this thesis.

The effective number of particles gives an idea about the performance of the
particle filters. The performance of the particle filters increase with the increase in

the effective number of particles. The ratio N,¢¢/N for the main platform and the

spawned target can be seen in Figure 5.15 and Figure 5.16, respectively. Note that

N5 is the effective number of particles and N is the number of particles.

As it can be seen in Figure 5.15 and Figure 5.16, the ratio N,¢¢/N is relatively
high before the targets appear in the surveillance region since the mode variables
of almost all of the particles equal to 0 and the unnormalized weights of these
particles equal to 1 according to (4.41). Furthermore, there is a rapid decrease in
the effective number of particles in a finite number of time steps after the

appearance of the targets in the surveillance region. This is because as the targets
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appear in the surveillance region, some newborn particles appear around the
targets and there is a big difference between the weights of these newborn particles

and the particles whose mode variable is m}, = 0.

After the existence of the spawned target is declared, the ratio of the effective
number of particles for the spawned target becomes around 12% which is low. The
process noise for the spawned target, ¢, q2® and ¢/'*), have high variances
since the spawned target moves with constant acceleration at first three time steps
although the constant velocity model is used as system dynamic model. Therefore,
the existing particles for the spawned target spread so much that most of the
particles situate in the positions where the spawned target doesn’t exist. This
increases the differences in the weights of the existing particles so that the

effective number of particles decreases.
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Figure 5.15. Ns¢/N for the main platform (First scenario, 10 dB initial SNR of
the spawned target). The existence of the target is indicated by ‘*’. For visual
clarity, it is shown as a line at No¢¢/N = 90%.
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Figure 5.16. N¢;/N for the spawned target (First scenario, 10 dB initial SNR of

the spawned target). The existence of the target is indicated by ‘*’. For visual

clarity, it is shown as a line at N,¢r/N = 90%.

As mentioned earlier, the algorithms proposed in this thesis are able to estimate the
SNR values of the targets. The SNR estimates for the main platform and the
spawned target with the actual SNR values of the targets can be seen in Figure

5.17 and Figure 5.18, respectively.
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Figure 5.17. The SNR estimates for the main platform (First scenario, 10 dB initial

SNR of the spawned target)
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Figure 5.18. The SNR estimates for the spawned target (First scenario, 10 dB
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5.3.1.1.2 Initial SNR of the Spawned Target: 8 dB

The initial SNR of the spawned target is decreased to the value of 8dB to
determine the minimum SNR value of the weak target at which Algorithm 1 is
successful at the detection and the tracking of both targets. The results about the
main platform aren’t shown in this section again since the decreasing SNR of the
spawned target doesn’t affect the performance of tracking and detection of the
main platform. Note that 35 Monte Carlo simulations are performed to obtain each

result given below.

On the left axis, Figure 5.19 shows the probability of the spawned target’s
existence for different number of particles; whereas, on the right axis, the SNR of
the spawned target is represented by black ‘*’. The delay in detection of the
spawned target increases compared to the case of 10 dB initial target SNR as it is

expected. As it can be seen in Figure 5.19, the existence of the spawned target is
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declared in 5 seconds for 500, 1k and 5k particles. At this time, the target SNR is

at most slightly above 9 dB which is lower compared to the first experiment.

Figure 5.20 shows the range versus Doppler estimates and the actual positions of

the spawned target.

The RMS range and Doppler errors for the spawned target are given in Figure 5.21

and Figure 5.22, respectively.
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Figure 5.19. The probability of existence of the spawned target and its SNR value
(First scenario, 8 dB initial SNR of the spawned target). The line at p = 0.6

indicates the threshold for the declaration of target existences.
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Figure 5.20. Range versus Doppler estimates for the spawned target and its

trajectory (First scenario, 8 dB initial SNR of the spawned target)
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Figure 5.21. The RMS range error for the spawned target (First scenario, 8 dB
initial SNR of the spawned target)
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Figure 5.22. The RMS Doppler error for the spawned target (First scenario, 8 dB
initial SNR of the spawned target)

As it can be seen in figures above, in the transient part, the accuracies of the range
and Doppler estimates for the spawned target decrease; whereas, the RMS errors
for the spawned target increase compared to the case of initial 10 dB SNR of the

spawned target.

The ratio N/ N for the spawned target can be seen in Figure 5.23.
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Figure 5.23. N,s¢/N for the spawned target (First scenario, 8 dB initial SNR of the

spawned target). The existence of the target is indicated by ‘*’. For visual clarity, it

is shown as a line at Nesr/N = 90%.

The SNR estimates for the spawned target and its actual SNR values can be seen in
Figure 5.24.
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Figure 5.24. The SNR estimates for the spawned target (First scenario, 8 dB initial
SNR of the spawned target)
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5.3.1.1.3 Initial SNR of the Spawned Target: 6 dB

The initial SNR of the spawned target is decreased to the value of 6dB to
determine the minimum SNR value of the weak target at which Algorithm 1 is
successful at detection and tracking of both targets. Note that 35 Monte Carlo

simulations are performed to obtain each result given below.

Figure 5.25 shows the probability of the spawned target’s existence for different
number of particles. As it can be seen in Figure 5.25, the existence of the spawned
target is declared in 10 seconds for 500 particles, 9 seconds for 1k and 5k particles.

The maximum SNR value is around 8 dB.
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—&— 1k Particles | :
ngk| 78 5k Particles
—+— Target SNR

Probahility of Target Existence
Target SNR(dE)

Figure 5.25. The probability of existence of the spawned target and its SNR value
(First scenario, 6 dB initial SNR of the spawned target). The line at p = 0.6

indicates the threshold for the declaration of target existences.

Figure 5.26 shows the range versus Doppler estimates and the actual positions of

the spawned target.
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The RMS range and Doppler errors for the spawned target are given in Figure 5.27

and Figure 5.28, respectively.

The ratio N,¢;/N for the spawned target can be seen in Figure 5.29. Furthermore,
the SNR estimates for the spawned target and its actual SNR values can be seen in
Figure 5.30.

230 , : —
—%— 500 Particles : : Starting Point
240+ 1k Particles Srosesrens restion g o v
250 —B— 8k Particles e I
—+— Target Trajectary | : : :
280 | e T A PR | R
E.z?u- ........................................
£
E_, DB R T R R R PR R R R R R PR R R R
[=X
O ROl ks b b R B
O
00 e T
LT O SRt SOPPPPPPPPOL SO ...........
.320_ .......... .....
330 i 1 i i i i
14 15 16 17 18 19 20 21

Range(km)

Figure 5.26. Range versus Doppler estimates for the spawned target and its
trajectory (First scenario, 6 dB initial SNR of the spawned target)
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Figure 5.27. The RMS range error for the spawned target (First scenario, 6 dB

initial SNR of the spawned target)
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Figure 5.28. The RMS Doppler error for the spawned target (First scenario, 6 dB
initial SNR of the spawned target)
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Figure 5.29. N,¢¢/N for the spawned target (First scenario, 6 dB initial SNR of the

spawned target). The existence of the target is indicated by ‘*’. For visual clarity, it

is shown as a line at Nesr/N = 90%.
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Figure 5.30. The SNR estimates for the spawned target (First scenario, 6 dB initial
SNR of the spawned target)

5.3.1.1.4 Initial SNR of the Spawned Target: 4 dB

The initial SNR of the spawned target is again decreased to the value of 4dB to
determine the minimum SNR value of the spawned target at which Algorithm 1 is
successful at detection and tracking of both targets. As it can be seen in Figure
5.31, Algorithm 1 is not successful at detecting the spawned target with 4dB initial
SNR. Note that the SNR value never exceeds 7.5 dB during the scenario.
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Figure 5.31. The probability of existence of the spawned target and its SNR value
(First scenario, 4 dB initial SNR of the spawned target). The line at p = 0.6

indicates the threshold for the declaration of target existences.
5.3.1.2 Simulation Results for the Second Scenario

The second scenario is for the spawned target that makes some maneuvers. The
spawned target maneuvers with +3g between t = 28 s and t = 32 s, -3g between
t =33 s and t = 37 s in the second scenario. The trajectories of the targets are
shown in Figure 5.2. Furthermore, the initial SNR of the spawned target is 10 dB
and 35 Monte Carlo simulations are performed to obtain all of the results given

below.

Figure 5.32 shows the probability of the spawned target’s existence for different
number of particles. As seen in Figure 5.32 , there is no change in the probability
of existence during the maneuvers of the spawned target. This means that

Algorithm 1 can deal with the maneuvers of the spawned target.
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Figure 5.32. The probability of existence of the spawned target and its SNR value
(Second scenario, 10 dB initial SNR of the spawned target). The line at p = 0.6

indicates the threshold for the declaration of target existences.

Figure 5.33 shows the range versus Doppler estimates and the actual positions of

the spawned target.
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Figure 5.33 Range versus Doppler estimates for the spawned target and its
trajectory (Second scenario, 10 dB initial SNR of the spawned target)
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The RMS range and Doppler errors for the spawned target are given in Figure 5.34

and Figure 5.35, respectively.
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Figure 5.34. The RMS range error for the spawned target (Second scenario, 10 dB
initial SNR of the spawned target)
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Figure 5.35. The RMS Doppler error for the spawned target (Second scenario, 10
dB initial SNR of the spawned target)
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As seen in Figure 5.33, Figure 5.34 and Figure 5.35, the accuracies of the estimates

don’t decrease with the maneuvers of the spawned target.
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Figure 5.36. N.¢/N for the spawned target (Second scenario, 10 dB initial SNR

of the spawned target). The existence of the target is indicated by ‘*’. For visual

clarity, it is shown as a line at N.¢r/N = 90%.

Figure 5.36 shows the ratio N,¢r/N for the spawned target. As it can be seen in
Figure 5.36, the effective number of particles decreases between t = 30s and t =
35 s. This means that the sample impoverishment problem becomes serious at
time steps when the spawned target maneuvers although the detection performance

and the accuracies of the estimates don’t decrease.

Figure 5.37 shows that the SNR estimates for the spawned target and its actual
SNR values. It can be seen that the accuracies of the SNR estimates also don’t

decrease with the maneuvers of the spawned target.
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Figure 5.37. The SNR estimates for the spawned target (Second scenario, 10 dB
initial SNR of the spawned target)

5.3.1.3 Simulation Results for the Third Scenario

In the third scenario, we want to simulate a highly maneuvering spawned target
since the spawned targets are usually highly maneuvering targets in the real world.
In this scenario, the spawned target maneuvers so highly that the limit of the
algorithms’ performances is reached. We want to show that the process noise
identification method gives a chance to track and detect a highly maneuvering
target by not suffering from the sample impoverishment problem by using this

scenario.

Note that 35 Monte Carlo simulations are performed to obtain each result given
below.

Figure 5.3 shows the trajectories of the targets in the third scenario. Note that the
spawned target maneuvers with —7g between t =28s and t =32s, +7g

between t = 33 s and t = 37 s in this scenario.
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Figure 5.38 shows the probability of the spawned target’s existences obtained by
using 10k particles in Algorithm 1. As seen in Figure 5.38, there is an obvious
decrease in the probability of the spawned target’s existence between t = 29 s and
t = 37 s because of the high maneuvers. In fact, Algorithm 1 can’t detect the

spawned target between t = 32 sandt = 36 s.

The same scenario is run with process noise identification added to Algorithm 1.
The results obtained are shown in Figure 5.39. Figure indicates that no decrease in
the probability of target existence during the maneuvers of the spawned target.
Therefore, it can be said that the proposed process noise identification method can

deal with the problem mentioned above.
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Figure 5.38. The probability of existence of the spawned target and its SNR value
(Third scenario, 6 dB initial SNR of the spawned target). The line at p = 0.6

indicates the threshold for the declaration of target existences.
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Figure 5.39. Actual SNR values and the probability of existence of the spawned
target obtained by using Algorithm 1 with process noise identification (Third
scenario, 6 dB initial SNR of the spawned target). The line at p = 0.6 indicates the

threshold for the declaration of target existences.
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Figure 5.40. Range versus Doppler estimates for the spawned target and its

trajectory (Third scenario, 6 dB initial SNR of the spawned target)
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Figure 5.41. Actual trajectory and range versus Doppler estimates for the spawned
target obtained by using Algorithm 1 with process noise identification (Third
scenario, 6 dB initial SNR of the spawned target)

Figure 5.40 and Figure 5.41 show the range versus Doppler estimates for the
spawned target obtained by using Algorithm 1 and Algorithm 1 with process noise
identification, respectively. It is obvious that the proposed process noise

identification method increases the tracking performance of Algorithm 1.

Figure 5.42 and Figure 5.43 show the RMS range errors for the spawned target
obtained by using Algorithm 1 and Algorithm 1 with process noise identification,

respectively.
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Figure 5.42. The RMS range error for the spawned target (Third scenario, 6 dB
initial SNR of the spawned target)
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Figure 5.43. The RMS range error for the spawned target obtained by using
Algorithm 1 with process noise identification (Third scenario, 6 dB initial SNR of

the spawned target)
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Figure 5.44 and Figure 5.45 show the RMS Doppler errors for the spawned target
obtained by using Algorithm 1 and Algorithm 1 with process noise identification,

respectively.

RMS Doppler Error(mis)
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Figure 5.44. The RMS Doppler error for the spawned target (Third scenario, 6 dB
initial SNR of the spawned target)
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Figure 5.45. The RMS Doppler error for the spawned target obtained by using
Algorithm 1 with process noise identification (Third scenario, 6 dB initial SNR of

the spawned target)
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As seen in figures above, the RMS errors increase with the maneuvers of the
spawned target in Algorithm 1; whereas, they don’t increase in Algorithm 1 with

process noise identification.

Figure 5.46 and Figure 5.47 show the ratio N.ss/N for the spawned target

obtained by using Algorithm 1 and Algorithm 1 with process noise identification,

respectively.
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Figure 5.46. N /N for the spawned target (Third scenario, 6 dB initial SNR of

the spawned target). The existence of the target is indicated by ‘*’. For visual

clarity, it is shown as a line at N¢r/N = 90%.

As mentioned earlier, when the existence of the spawned target is declared, the
ratio of the effective number of particles for the spawned target is around 12%

which can be said to be low. The reason is that the process noises for the spawned

target, q,:(z), q,f(z)

with constant acceleration at first three time steps although the constant velocity

and q}j(z), have high variances since the spawned target moves

model is used as system dynamic model. As seen in Figure 5.47, it is shown that

the sample impoverishment problem is solved by the process noise identification
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method. Note that the increase in the ratio of N,s¢/N seen in Figure 5.46 between
t =30s and t = 35 s occurs because the existing particles die and the particles
whose mode variable is m} = 0 multiply. Since all of the particles whose mode
variable is ml, = 0 have the same weight which is equal to 1, the effective number

of particles increases according to (3.23) although the tracking and detection

performance of Algorithm 1 decrease.
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Figure 5.47. N.s¢/N for the spawned target obtained by using Algorithm 1 with
process noise identification (Third scenario, 6 dB initial SNR of the spawned
target). The existence of the target is indicated by ‘*’. For visual clarity, it is

shown as a line at No¢¢/N = 90%.

5.3.1.4 Simulation Results for the Fourth Scenario

As mentioned earlier, in the fourth scenario, Swerling-0 type of targets which
move very slowly are used in order to see the detection times independently from
the changes in the SNR values of the targets. The mean SNR values change very
slightly during the fourth scenario since the targets move with very low velocities.

Furthermore, there is no target SNR fluctuations since Swerling-0 type of targets
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are used in this scenario. Initial SNR of the spawned target is 6 dB and the SNR

value never exceeds 6.4 dB during the scenario.

Note that 35 Monte Carlo simulations are performed to obtain each result given

below.

Figure 5.48 shows the probability of the spawned target’s existence for different
number of particles. As it can be seen in the figure, the existence of the spawned
target is declared in 8 seconds for 5k particles, 9 seconds for 500 and 1k particles.
As mentioned in Section 5.3.1.1.3, in the first scenario in which Swerling-1 type of
targets are used and the initial SNR of the spawned target is 6 dB, the existence of
the spawned target is declared in 10 seconds for 500 particles, 9 seconds for 1k and
5k particles. In the fourth scenario, the detection times decrease for 500 and 5k
particles compared to the first scenario. The reason is that there is no target SNR
fluctuations since Swerling-0 type of targets are used in the fourth scenario.
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Figure 5.48. The probability of existence of the spawned target and its SNR value
(Fourth scenario, 6 dB initial SNR of the spawned target). The line at p = 0.6

indicates the threshold for the declaration of target.
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It can be concluded from the results given above that Algorithm 1 is successful at

detection and tracking of the spawned targets with SNR values as low as 6 dB.

5.3.1.5 Summary of the Results of Algorithm 1

The detection and tracking performance of Algorithm 1 is analyzed for different
scenarios. As mentioned earlier, Swerling-1 model is used in all scenarios. The
target declaration times for different initial target SNR and different number of
particles are shown for the spawned target in Table 5.4. The SNR value of the

spawned target at the declaration of its existence is also shown in parenthesis.

Table 5.4. Target declaration times for different initial SNR values of the spawned

target and different number of particles

10 dB 8 dB 6 dB

500 Particles| 4 sec (at 11.5dB) | 5sec (at 9.35dB) |10 sec (at 7.08 dB)
1k Particles | 3 sec (at 10.5dB) | 5sec (at 9.35dB) | 9sec (at 7.91 dB)
5k Particles | 2sec (at 10.2dB) | 5sec (at9.35dB) | 9 sec (at 7.91 dB)

It is shown that Algorithm 1 is successful at target detection for initial target SNR
as low as 6dB. In Table 5.4, it can be seen that the target declaration times increase
as the target SNR decreases; whereas, increasing number of particles reduces the

target declaration times as expected.

The performance of Algorithm 1 is analyzed on the maneuvering targets by using
the second and third scenarios. As the results of the second scenario shows that
Algorithm 1 is successful at detection and tracking of a maneuvering target with
+3g maneuver. Furthermore, it is shown that the proposed process noise
identification method is very successful for maneuvering targets. It increases the
performance of Algorithm 1 considerably and enables it to track and detect a

highly maneuvering target without suffering the sample impoverishment problem.
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5.3.2 Simulation Results of Algorithm 2

5.3.2.1 Simulation Results for the First Scenario

The performance of the Algorithm 2 is analyzed for different initial SNR values of
the spawned target as 10 dB, 8 dB, 6 dB, 4 dB. In all simulations, the initial SNR
of the main platform is 18 dB.

Note that 35 Monte Carlo simulations are performed to obtain all of the results

given below.

5.3.2.1.1 Initial SNR of the Spawned Target: 10 dB

The analysis of the performance of Algorithm 2 is started with the 10dB initial
SNR of the spawned target.

Figure 5.49, Figure 5.50 and Figure 5.51 show the mode probabilities for 500, 1k
and 5k particles, respectively. The main platform is detected at the moment that it
appears in the surveillance region, e.g. there is a rapid increase of the probability of
one target present after the appearance of the main platform because of its high
SNR value (18 dB). The existence of the spawned target is also declared in 3
seconds for 500 particles and 1 second for 1k and 5k particles as seen in the figures

below.

Figure 5.52 and Figure 5.53 show the range versus Doppler estimates for the main
platform and the spawned target, respectively. The accuracies of the estimates for
the main platform slightly decrease when the spawned target appears in the
surveillance region since some newborn particles belonged to the main platform
appears in the vicinity of the spawned target. As seen in Figure 5.52, the estimates

between the range = 20 km and range = 21 km are the examples of this.

The RMS range and Doppler errors for the main platform are given in Figure 5.54

and Figure 5.55, respectively.
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Figure 5.49. The mode probabilities for 500 particles (First Scenario, 10dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.50. The mode probabilities for 1k particles (First Scenario, 10dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.51. The mode probabilities for 5k particles (First Scenario, 10dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.52. Range versus Doppler estimates for the main platform and its

trajectory (First Scenario, 10dB initial SNR of the spawned target)
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Figure 5.53. Range versus Doppler estimates for the spawned target and its

trajectory (First Scenario, 10dB initial SNR of the spawned target)
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Figure 5.54. The RMS range error for the main platform (First Scenario, 10 dB
initial SNR of the spawned target)
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Figure 5.55. The RMS Doppler error for the main platform (First Scenario, 10 dB
initial SNR of the spawned target)

The RMS range and Doppler errors for the spawned target are given in Figure 5.56

and Figure 5.57, respectively.
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Figure 5.56. The RMS range error for the spawned target (First Scenario, 10 dB

initial SNR of the spawned target)
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Figure 5.57. The RMS Doppler error for the spawned target (First Scenario, 10 dB
initial SNR of the spawned target)

The ratio of N¢¢/N can be seen in Figure 5.58.
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Figure 5.58. N,¢/N (First Scenario, 10dB initial SNR of the weak target). The

existence of the target is indicated by ‘*’. For visual clarity, it is shown as a line at

116



After the existence of the spawned target is declared, the ratio of the effective
number of particles is around 7% which can be said to be very low. This value is
lower than the value obtained in Algorithm 1 since the number of states in the state
vector increases to eight from four in Algorithm 2.

As mentioned earlier, Algorithm 2 is able to estimate the SNR values of the
targets. The SNR estimates for the main platform and the spawned target with the

actual SNR values of the targets can be seen in Figure 5.59 and Figure 5.60,
respectively.
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Figure 5.59. The SNR estimates for the main platform (First Scenario, 10 dB initial
SNR of the spawned target)

As seen in Figure 5.59, there is no SNR estimate at some time steps. This is
because there is not any particles whose mode variables are m: = 1 at that time
steps. Furthermore, there are also not any SNR estimates at some time steps in
Figure 5.60. For this case, the reason is that there are no particles whose mode

variables are m}, = 2 at that time steps.
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Figure 5.60. The SNR estimates for the spawned target (First Scenario, 10 dB
initial SNR of the spawned target)

5.3.2.1.2 Initial SNR of the Spawned Target: 8 dB

The initial SNR of the spawned target is decreased to the value of 8dB to
determine the minimum SNR value of the weak target at which Algorithm 2 is
successful at detection and tracking of both targets. The results about the main
platform aren’t shown in this section again since it is observed that decreasing
SNR of the spawned target doesn’t affect the performance of tracking and
detection of the main platform. Note that 35 Monte Carlo simulations are

performed to obtain each result given below.

Figure 5.61, Figure 5.62 and Figure 5.63 show the mode probabilities for 500, 1k
and 5k particles, respectively. The detection times for the spawned target increases
compared to the case of 10 dB initial target SNR as it is expected. As it can be seen
in figures below, the existence of the spawned target is declared in 5 seconds for

500, 4 seconds for 1k and 5k particles after the appearance of the spawned target.
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Figure 5.64 shows the range versus Doppler estimates and the actual positions of

the spawned target.

The RMS range and Doppler errors for the spawned target are given in Figure 5.65

and Figure 5.66, respectively.
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Figure 5.61. The mode probabilities for 500 particles (First Scenario, 8dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.62. The mode probabilities for 1k particles (First Scenario, 8dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.63. The mode probabilities for 5k particles (First Scenario, 8dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.64. Range versus Doppler estimates for the spawned target and its

trajectory (First Scenario, 8 dB initial SNR of the spawned target)
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Figure 5.65. The RMS range error for the spawned target (First Scenario, 8 dB
initial SNR of the spawned target)
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Figure 5.66. The RMS Doppler error for the spawned target (First Scenario, 8 dB
initial SNR of the spawned target)

As it can be seen in figures above, in the transient part, the accuracies of the range
and Doppler estimates for the spawned target decrease; whereas, the RMS errors
for the spawned target increase compared to the case of initial 10 dB SNR of the
spawned target.

The ratio N/ N for the spawned target can be seen in Figure 5.67.

122



100 &

90t
o) L [ — Ssacizsint - W— —%— 500 Particles [
] : ; ; . | —&— 1k Particles
77| =) ey .......... .......... ........... ........... 5— 5k Particles H
GOk Jevresnotrnes noens s, ) Target Exists

Effective Number of Particles(%)

Figure 5.67. N.sr/N (First Scenario, 8 dB initial SNR of the weak target). The

existence of the target is indicated by *’. For visual clarity, it is shown as a line at

The SNR estimates for the spawned target and its actual SNR values can be seen in
Figure 5.68.
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Figure 5.68. The SNR estimates for the spawned target (First Scenario, 8 dB initial
SNR of the spawned target)
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5.3.2.1.3 Initial SNR of the Spawned Target: 6 dB

The initial SNR of the spawned target is again decreased to the value of 6dB to
determine the minimum SNR value of the weak target at which Algorithm 2 is

successful at detection and tracking of both targets.

Note that 35 Monte Carlo simulations are performed to obtain each result given

below.

Figure 5.69, Figure 5.70 and Figure 5.71 show the mode probabilities for 500, 1k
and 5k particles, respectively. As it can be seen these figures, the existence of the
spawned target is declared in 9 seconds for 500 and 1k particles, 8 seconds for 5k

particles.

Figure 5.72 shows the range versus Doppler estimates and the actual positions of

the spawned target.

The RMS range and Doppler errors for the spawned target are given in Figure 5.73

and Figure 5.74, respectively.

The ratio N.¢/N for the spawned target can be seen in Figure 5.75. Furthermore,

the SNR estimates for the spawned target and its actual SNR values can be seen in
Figure 5.76.
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Figure 5.69. The mode probabilities for 500 particles (First Scenario, 6 dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.70. The mode probabilities for 1k particles (First Scenario, 6 dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.71. The mode probabilities for 5k particles (First Scenario, 6 dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.72. Range versus Doppler estimates for the spawned target and its

trajectory (First Scenario, 6 dB initial SNR of the spawned target)
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Figure 5.73. The RMS range error for the spawned target (First Scenario, 6 dB
initial SNR of the spawned target)

B0 , ! , , . : : . .
: : : : : ¢ | —=—500 Particles
R : : 2 : —<— 1k Particles
[ 1 | AAAAAAAAA AAAAAAAA AAAAAAAA ........ AAAAA = 5k Particles
w
£ 40
5
i
&30
o
[w
(]
(]
[€p]
¢
Ve
10
0
20

Figure 5.74. The RMS Doppler error for the spawned target (First Scenario, 6 dB
initial SNR of the spawned target)
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Figure 5.76. The SNR estimates for the spawned target (First Scenario, 6 dB initial
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5.3.2.1.4 Initial SNR of the Spawned Target: 4 dB

The initial SNR of the spawned target is again decreased to the value of 4dB to
determine the minimum SNR value of the spawned target at which Algorithm 2 is
successful at detection and tracking of both targets. As it can be seen in Figure
5.77, Algorithm 2 is not successful at detecting the spawned target with 4dB initial
SNR.

Note that 35 Monte Carlo simulations are performed to obtain each result given

below.
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Figure 5.77. The mode probabilities for 5k particles (First Scenario, 4 dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
5.3.2.2 Simulation Results for the Second Scenario

As mentioned earlier, the second scenario is used to analyze the performance of
the algorithms for the maneuvering targets. The spawned target maneuvers with
+3g between t =28 s and t =325, -3g between t =33 s and t = 37 s in the

second scenario. The trajectories of the targets are shown in Figure 5.2.
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Note that 35 Monte Carlo simulations are performed to obtain each result given

below.

Figure 5.78, Figure 5.79 and Figure 5.80 show the mode probabilities for 500, 1k
and 5k particles, respectively. As seen in figures below, there is no change in the
probability of existence during the maneuvers of the spawned target. This means
that Algorithm 2 can deal with the maneuvers of the spawned target.
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Figure 5.78. The mode probabilities for 500 particles (Second Scenario, 10 dB
initial SNR of the spawned target). The line at p = 0.6 indicates the threshold for

the declaration of target existence.
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Figure 5.79. The mode probabilities for 1k particles (Second Scenario, 10 dB
initial SNR of the spawned target). The line at p = 0.6 indicates the threshold for
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Figure 5.81 shows the range versus Doppler estimates and the actual positions of

the spawned target.
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Figure 5.81. Range versus Doppler estimates for the spawned target and its

trajectory (Second Scenario, 10 dB initial SNR of the spawned target)

The RMS range and Doppler errors for the spawned target are given in Figure 5.82
and Figure 5.83, respectively. As seen in figures below, the accuracies of the

estimates don’t decrease with the maneuvers of the spawned target.
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Figure 5.82. The RMS range error for the spawned target (Second Scenario, 10 dB
initial SNR of the spawned target)
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Figure 5.83. The RMS Doppler error for the spawned target (Second Scenario, 10
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Figure 5.84 shows the ratio of N,¢;/N for the spawned target. As it can be seen in
Figure 5.84, the ratio of N,sr/N decreases to as low as % 3 between t = 30 s and

t = 35 s. This means that the sample impoverishment problem becomes so serious
at time steps when the spawned target maneuvers although the detection

performance and the accuracies of the estimates don’t decrease.
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Figure 5.84. N.¢¢/N (Second Scenario, 10 dB initial SNR of the weak target). The
existence of the target is indicated by ‘*’. For visual clarity, it is shown as a line at

Figure 5.85 shows that the SNR estimates for the spawned target and its actual
SNR values. It can be seen that the accuracies of the SNR estimates also don’t

decrease with the maneuvers of the spawned target.
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Figure 5.85. The SNR estimates for the spawned target (Second Scenario, 10 dB
initial SNR of the spawned target)

5.3.2.3 Simulation Results for the Third Scenario

As mentioned earlier, we want to simulate a highly maneuvering spawned target in
the third scenario since the spawned targets may have high maneuvers. Figure 5.3
shows the trajectories of the targets. Note that the spawned target maneuvers with
—7g betweent =28sandt =32 s, +7g between t =33 s and t = 37 s in this

scenario.

Note that 35 Monte Carlo simulations are performed to obtain each result given

below.

Figure 5.86 shows the probability of the spawned target’s existences obtained by
using 10k particles in Algorithm 2. As seen in Figure 5.86, there is an obvious
decrease in the probability of the spawned target’s existence between t = 29 s and
t = 38 s because of the high maneuvers. In fact, Algorithm 2 can’t detect the
spawned target between t = 32 s and t = 35 s. Figure 5.87 shows the probability

of the spawned target’s existence obtained by using Algorithm 2 with process
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noise identification. As seen in Figure 5.87, there is no decrease in the probability
of target existence during the maneuvers of the spawned target. Therefore, it can
be said that the proposed process noise identification method can deal with the
problem mentioned above as it is the same for Algorithm 1.
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Figure 5.86. The probability of existence for the spawned target and its SNR value
(Third scenario, 6 dB initial SNR of the spawned target). The line at p = 0.6

indicates the threshold for the declaration of target existences.
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Figure 5.88 and Figure 5.89 show the range versus Doppler estimates for the
spawned target obtained by using Algorithm 2 and Algorithm 2 with process noise
identification, respectively. It is obvious that the proposed process noise
identification method increases the tracking performance of Algorithm 2 as it is the

same for Algorithm 1.
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Figure 5.88. Range versus Doppler estimates for the spawned target and its

trajectory (Third scenario, 6 dB initial SNR of the spawned target)
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Figure 5.89. Actual trajectory and range versus Doppler estimates for the spawned
target obtained by using Algorithm 2 with process noise identification (Third

scenario, 6 dB initial SNR of the spawned target)

Figure 5.90 and Figure 5.91 show the RMS range errors for the spawned target
obtained by using Algorithm 2 and Algorithm 2 with process noise identification,
respectively.
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Figure 5.90. The RMS range error for the spawned target (Third scenario, 6 dB
initial SNR of the spawned target)
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Figure 5.91. The RMS range error for the spawned target obtained by using
Algorithm 2 with process noise identification (Third scenario, 6 dB initial SNR of

the spawned target)
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Figure 5.92 and Figure 5.93 show the RMS Doppler errors for the spawned target
obtained by using Algorithm 2 and Algorithm 2 with process noise identification,

respectively.
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Figure 5.92. The RMS Doppler error for the spawned target (Third scenario, 6 dB
initial SNR of the spawned target)

RMS Doppler Error{m/s)
= - [} [ w w P P [85]
o (8, o (8} o (i)} o [E}] o

(53]
T

Time(s)

Figure 5.93. The RMS Doppler error for the spawned target obtained by using
Algorithm 2 with process noise identification (Third scenario, 6 dB initial SNR of

the spawned target)
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As seen in figures above, the RMS errors increase with the maneuvers of the
spawned target in Algorithm 2; whereas, they don’t increase in Algorithm 1 with

process noise identification.

Figure 5.94 and Figure 5.95 show the ratio of N.;r/N for the spawned target

obtained by using Algorithm 2 and Algorithm 2 with process noise identification,

respectively.
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Figure 5.94. N.;/N for the spawned target (Third scenario, 6 dB initial SNR of
the spawned target). The existence of the target is indicated by ‘*’. For visual

clarity, it is shown as a line at N¢r/N = 90%.

Figure 5.94 shows that the sample impoverishment problem is so serious for
Algorithm 2. However, the sample impoverishment problem is solved by the
process noise identification method as seen in Figure 5.95.
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Figure 5.95. N,¢/N for the spawned target obtained by using Algorithm 2 with
process noise identification (Third scenario, 6 dB initial SNR of the spawned
target). The existence of the target is indicated by ‘*’. For visual clarity, it is

shown as aline at No¢¢/N = 90%.

5.3.2.4 Simulation Results for the Fourth Scenario

As mentioned earlier, in the fourth scenario, Swerling-0 type of targets which
move very slowly are used in order to see the detection times independently from
the changes in the SNR values of the targets. The mean SNR values change very
slightly during the fourth scenario since the targets move with very low velocities.
Furthermore, there is no target SNR fluctuations since Swerling-0 type of targets
are used in this scenario. Initial SNR of the spawned target is 6 dB and the SNR

value never exceeds 6.4 dB during the scenario.

Note that 35 Monte Carlo simulations are performed to obtain each result given

below.
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Figure 5.96, Figure 5.97 and Figure 5.98 show the probability of the spawned
target’s existence for different number of particles. As it can be seen in the figures,
the existence of the spawned target is declared in 9 seconds for 500 particles, 8
seconds for 1k and 5k particles. As mentioned in Section 5.3.2.1.3, in the first
scenario in which Swerling-1 type of targets are used and the initial SNR of the
spawned target is 6 dB, the existence of the spawned target is declared in 9
seconds for 500 particles and 1k particles, 8 seconds for 5k particles. In the fourth
scenario, the detection time decreases for 1k particles compared to the first
scenario. The reason is that there is no target SNR fluctuations since Swerling-0

type of targets are used in the fourth scenario.
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Figure 5.96. The mode probabilities for 500 particles (Fourth Scenario, 6 dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.97. The mode probabilities for 1k particles (Fourth Scenario, 6 dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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Figure 5.98. The mode probabilities for 5k particles (Fourth Scenario, 6 dB initial
SNR of the spawned target). The line at p = 0.6 indicates the threshold for the

declaration of target existence.
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It can be concluded from the results given above that Algorithm 2 is successful at

detection and tracking of the spawned targets with SNR values as low as 6 dB.
5.3.2.5 Summary of the Results of Algorithm 2

The detection and tracking performance of Algorithm 2 is analyzed for different
scenarios. The target declaration times for different initial target SNR and different
number of particles are shown for the spawned target in Table 5.5. The SNR value
of the spawned target at the declaration of its existence is also shown in

parenthesis.

Table 5.5. Target declaration times for different initial SNR values of the spawned

target and different number of particles

10 dB 8dB 6 dB

500 Particles| 3sec (at 10.5dB) | 5sec (at 9.35dB) | 9 sec (at 7.91 dB)
1k Particles | 1 sec (at 10 dB) 4 sec (at 8.51 dB) | 9sec (at 7.91 dB)
5k Particles | 1 sec (at 10 dB) 4 sec (at 8.51 dB) | 8sec (at 7.41 dB)

It is shown that Algorithm 2 is successful at target detection for initial target SNR
as low as 6dB. In Table 5.5, it can be seen that the target declaration times increase
as the target SNR decreases; whereas, increasing number of particles reduces the

target declaration times as expected.

The performance of Algorithm 2 is also analyzed on the maneuvering targets by
using the second and third scenarios. As shown by using the second scenario,
Algorithm 2 is successful at detection and tracking of a maneuvering target with
+3g. Furthermore, it is shown that the proposed process noise identification
method is very successful at increasing the performance of Algorithm 2. It enables
Algorithm 2 to track and detect a highly maneuvering target without suffering the

sample impoverishment problem.
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5.3.3 Comparisons between Algorithms

Algorithm 2 can be said to be more successful than Algorithm 1 at detection of the
spawned target according to the declaration times in Table 5.4 and Table 5.5.
However, Algorithm 2 suffers from the sample impoverishment problem more
than Algorithm 1 when the existence of the spawned target is declared as seen in

figures which represent the ratio of N,¢¢/N in the previous sections.

As mentioned earlier, the proposed process noise identification method provides
significant increase in the tracking and detection performance of both algorithms.
The sample impoverishment problem in both algorithms is solved by using this
method. Furthermore, it gives a chance to track a highly maneuvering target
efficiently.

The execution times of the proposed algorithms are given in Table 5.6. The
execution time is the average CPU time needed to execute all time steps in
MATLAB 7.13 on a 2.4 GHz Intel Core i7 operating under Windows 8. They are
determined by using the first scenario in which the initial SNR of the spawned
target is 6 dB. As it can be seen in Table 5.6, the execution time of Algorithm 1 is
slightly less than the execution time of Algorithm 2 although Algorithm 2 has a
better detection performance than Algorithm 1. Moreover, the addition of the
property of process noise identification brings with more computational load as

expected.

Table 5.6. Execution times of algorithms when using the first scenario and the
initial SNR of the spawned target is 6 dB

Algorithm 1 with Algorithm 2 with
Algorithm 1 | Process Noise | Algorithm 2 Process Noise
Identification Identification
Exi‘i:#]téon 27.3921sec | 32.556sec | 28.9640sec |  34.1680 sec
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CHAPTER 6

CONCLUSIONS

6.1 Summary and Conclusions

In this thesis, particle filters are proposed to develop TBD approaches. Two
particle filter based TBD algorithms are proposed to solve the problem of detection

and tracking of the spawning targets.

In contrast to the works in literature, a novel reduced order dynamic model is
introduced to improve the efficiency of the particle filter. Furthermore, the goal is
also to estimate the SNR of the targets. It is also shown that it can be achieved by
modifying the state model by adding the target SNR as a state. The algorithms
proposed in this work can deal with the target SNR fluctuations according to
Swerling-1 model; whereas, in most of the related works in literature, target SNR

is assumed to be known.

It is shown that both of the algorithms can deal with the scenario of the
maneuvering targets. Moreover, a new process noise identification method [1]
proposed for the classical target tracking methods is adapted to the TBD
framework in order to deal with the maneuvering target problem. It also has a
positive effect on the reduction of the sample impoverishment problem which is
serious for tracking of the highly maneuvering targets by particle filters. It is
shown that the proposed process noise identification method provides significant

increase in the tracking and detection performance of both algorithms.

The contributions of this thesis can be summarized as follows.
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- A new reduced order state space model makes the particle filter

applications more efficient.

- An adaptation of a new process noise covariance matrix estimation
method to the TBD algorithm.

6.2 Future Studies
Some suggested topics for future studies are given as follows.

a) An improvement can be done for the scenario in which the maximum

number of possible targets is unknown and more than two.
b) An improvement can be done for the extended main platforms.

c) Particle filters with different proposal densities can be used in the TBD
approaches.
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