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ABSTRACT

This dissertation considers radar detection and tracking of weak fluctuating targets
using dynamic programming (DP) based track-before-detect (TBD). TBD combines target
detection and tracking by integrating data over consecutive scans before making a decision
on the presence of a target. A novel algorithm is proposed which employs order statistics in
dynamic programming based TBD (OS-DP-TBD) to detect weak fluctuating targets. The
well-known Swerling type O, 1 and 3 targets are considered with non-Gaussian distributed
clutter and complex Gaussian noise. The clutter is modeled using the Weibull, K and
GO distributions. The proposed algorithm is shown to provide better performance than
well-known techniques in the literature. In addition, a novel expanding window multiframe
(EW-TBD) technique is presented to improve the detection performance with reasonable
computational complexity compared to batch processing. It is shown that EW-TBD has
lower complexity than existing multiframe processing techniques. Simulation results are
presented which confirm the superiority of the proposed expanding window technique in
detecting targets even when they are not present in every scan in the window. Further, the
throughput of the proposed technique is higher than with batch processing. Depending
on the range and azimuth resolution of the radar system, the target may appear as a point
in some radar systems and there will be target energy spillover in other systems. This
dissertation consider both extended targets with different energy spillover levels and point
targets. Simulation results are presented which confirm the superiority of the proposed

algorithm in both cases.
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Chapter 1

Background and Motivation

Radar is an electromagnetic system used for the detection, location and tracking of reflect-
ing objects. The principle of radar (radio detection and ranging) is based on radiating
electromagnetic waves into space and detecting the echo signal reflected from targets. By
comparing the received echo signal with the signal that was transmitted, radar can determine
the presence of targets as well as their locations. Radar can perform in different weather
conditions such as darkness, haze, fog, wind, rain and snow. A portion of the transmitted
energy is reflected by the target and radiated in many directions. This reflected signal is
received by the radar antenna. In the receiver, the reflected signal is processed to detect the
presence of a target and its location [1].

Radar has for a long time played a very important role in areas such as air traffic control
(ATC), surveillance, target tracking and ship navigation. The range (or distance), to a target
is found by measuring the time it takes for the radar signal to travel to the target and return
to the radar. Although modern radars can extract more information from the target echo
signal than the target range, range measurement is the most important function.

Choosing a particular waveform type and a signal processing technique in a radar



system depends on the radar specific mission and role. Radar systems can use Continuous
Waveforms (CW) or pulsed waveforms with or without modulation. Pulsed radars use a
train of pulsed waveforms (mainly with modulation). In this category, radar systems can
be classified on the basis of the Pulse Repetition Frequency (PRF) as low PRF, medium
PRF, and high PRF radars. CW radars continuously emit electromagnetic energy and use
separate transmit and receive antennas. Unmodulated CW radars can accurately measure
target radial velocity (Doppler shift) and angular position [2]. Frequency Modulation
Continuous Waveform (FMCW) radars have been used in various areas of radar research
and industry. Measuring the height of aircraft, detecting the speed of vehicles, and checking
product dimensions in automated systems are some military and commercial applications
of FMCW. The main limitations of this type of radar reside in the low range detection due
to low peak transmission power.

The achievements of radar were limited in the early 20th century by the power limitations
of the transmitters used to send the radar waves in the form of short pulses. Even if higher
power were supplied, the range resolution was worse due to the wider pulse width. Pulse
compression (PC) was proposed to solve this dilemma. The idea is to transmit a long
pulse of constant amplitude. At the receiver, the signal is processed through a filter with
an impulse response equal to the conjugated time-reverse of the transmitted signal. The
received signal is therefore compressed to a short pulse which accumulates the energy in
the long pulse [3]. This provides a long detection range and high range resolution.

The range R is the distance between the radar and target. The elevation angle is the
angle between the horizontal plane and the direction in which the radar antenna points.
The azimuth angle w is the angle between true north and a line pointed directly at the

target on the horizontal plane. The transformation from radar angle and range to Cartesian



coordinates introduces nonlinearities into the system.

This dissertation considers a pulsed radar. The radar transmits a pulse of width 7, and
this pulse is reflected by the target and is measured by the radar after ¢ seconds. The range
to the target is then given by

R = R (1.1

where c is the speed of light and the factor 2 is due to the fact that the pulse has to travel
to and from the target. When the target is in motion relative to the radar R will change.
The corresponding Doppler effect changes the frequency of the signal that propagates from
the radar to a moving target and back. The rate of change of the range with time is the
radial velocity v, = %. The rate of change of the phase with time is the angular frequency
wg = 2n fy, and the Doppler frequency shift is

_2ve 2fvy

Ja=—=—"— (1.2)

where f; is the radar carrier frequency and A is the wavelength. The Doppler shift gives
information about the target speed. A practical system checks for a return pulse by matching
the received pulse against a set of discrete delayed versions of the transmitted pulse. These
discrete ranges are referred to as bins. A target not centered in a given range bin will have
its energy spread across adjacent bins [4]. Computing the discrete Fourier transform of the
received signal separates the return energy into a discrete number of Doppler bins.

The reflected energy is dependent on the characteristics of the target such as shape,
material, size, and area exposed to the radar. The Radar Cross Section (RCS) is a parameter

used to characterize the scattering properties of the radar target. It is defined as the ratio of



the power reflected back to the radar to the power density incident on the target

o= (1.3)

where P, is the power reflected from the target and P, is the power density (power per unit

area) at a point in space away from the radar

Py

Py=—,
d 47 R?

(1.4)

where P; is the peak transmitted power and 47 R is the surface area of a sphere of radius
R. The RCS is a function of the electrical properties of the target and the radar frequency.

Therefore two targets with the same physical size and shape can have different RCSs [5].

1.1 Detection and Tracking

Target detection and tracking is essential for surveillance systems. Sensor data is collected
which consists of reflections from the target, clutter and noise. Many methods have been
developed to decide if there is a target present in the surveillance region. Most methods
are based on thresholding the radar data and making a hard decision on target existence.
The thresholds are determined considering the reflected target power and receiver noise.
Methods based on constant thresholds and adaptive thresholding techniques such as Constant
False Alarm Rate (CFAR) have been introduced in the literature. Tracking techniques can
be classified as Detect Before Track (DBT) and Track Before Detect (TBD). As the name
implies, DBT is based on detection using a threshold on the received data. Data association

and filtering are done after detection to obtain the final track output. However, in TBD



techniques the decision is made at the end of the processing chain after all information from
the radar data has been used and integrated over time [3]. Figure 1.1 presents the steps

involved in the detection and tracking process.

Extracting

Thresholdi Clusteri
resholding ustering 9 Data

[ Tracking

Received

Data Tracks

Track-Before-Detect
(TBD)

>

Figure 1.1: Detection and tracking processing chain. The conventional technique is
represented by the top boxes and Track-Before-Detect (TBD) by the bottom box.

1.1.1 Conventional Radar

In a classical radar, detection decisions are based on comparing the magnitude of the
complex radar echo to a predetermined threshold. If the signal amplitude exceeds this
threshold, a detection is made. In this way the space of all measurements is divided into two
regions, detection and no detection. When using a threshold to determine whether a target
is present or not, two different errors can occur. The first, called false alarm, occurs when
the threshold is exceeded even though there is no target present. The false alarm probability
is denoted by Py,. For example, high measurement noise can be detected as a target. The
other error is called missed detection and occurs when the threshold is not exceeded even
though a target is present. The probability of missed detection is denoted by Py;p = 1 — Pp,
where Pp is the probability of detection. Depending on the signal to noise ratio (SNR) of
the target and background clutter the detection made can be a target or clutter, i.e clouds,
waves, trees or birds.

Conventional DBT has the processing chain thresholding and clustering, data associ-

ation, and filtering to yield final track output as shown in Fig 1.1. In this approach, the



detection decision is the first step in the tracking process. The detection process normally
has two stages, thresholding and clustering. A practical radar design will check for a return
pulse at a number of discrete ranges by matched filtering the return pulse against a set of
discrete delayed versions of the transmitted pulse. These discrete ranges are referred to as
bins. The energy in the range-Doppler bins is compared to a threshold. Those bins with
energy exceeding the threshold are called hits. Only the bins with hits are considered in this
process. Clustering is applied to hits close to each other as they probably originate from
the same target. The output of these two stages is the measurements in the cells in which
a target is located. These measurements are called plots and consist of range, elevation,
azimuth, and Doppler [2].

After a detection is made based on the threshold, the next step is to extract data and
construct tracks from the measurements as shown in Fig 1.1. Because of noise and clutter,
not all of the measurements are from actual targets. Data association is used to decide
which of the measurements correspond to tracks. A common association method is nearest
neighbor which uses only the closest observation to a given state to perform the measurement
update [6]. Other more advanced algorithms exist that for example use the statistical
properties of the clutter to reduce the false alarm rate. The most general technique is

multiple hypothesis tracking [7].

1.1.2 Track Before Detect

The decision as to whether a target is present or not is typically based on information from
a single scan. Stealth aircraft and other small targets such as missiles and Unmanned Aerial
Vehicles (UAVs) increase the need to detect low SNR and low observable targets called

dim targets. The conventional approach to detecting these targets is to lower the threshold



which results in a high false alarm rate.

Track Before Detect (TBD) is an alternative way to track dim targets. TBD is a
combination of signal processing and tracking so that target state estimation and detection
are done simultaneously as shown in Fig. 1.1. In TBD, a very low or no threshold is used.
In this way, most or all available information is used and integrated over time by the tracking
filter. This advantage of TBD leads to better detection and tracking performance especially
for dim targets [8]. In TBD, detection is done using the track output over multiple scans.
The detection decision is made when all information has been used and integrated over
time. Although it is called track before detect, the tracking and detection processes are done
simultaneously [9]. In this way, the energy of a (dim) target is integrated and correlated
over time and position. This leads to better performance in detecting and tracking targets.

Various algorithms are applicable to TBD. Histogram based Probabilistic Multiple
Hypothesis Tracking (H-PMHT) was introduced as a multi-signal tracking algorithm based
on quantized raw data in a histogram [10]. Each cell is assumed to be associated with a
target or noise in a similar way as DBT associates plots. The Hough Transform (HT) has
been used to detect and track simultaneously from multiple scans. The aim of this transform
is to locate lines in a noisy frame [11]. This allows the use of multiple scans to improve
the performance which in turn increases the amount of data to be stored. A maximum
likelihood approach was proposed in [12] to detect and track low SNR targets using raw
data. A particle filter (PF) was used in the implementation of TBD algorithms in [13]. In

this dissertation, Dynamic Programming (DP) based TBD (DP-TBD) is considered.



1.2 Problem Statement and Motivation

DP-TBD is a strong competitor among the algorithms to implement the integration of
consecutive scans [9]. DP-TBD employs non-coherent integration of multiple frames of
data with no or a very low threshold to preserve weak target information. This data is
integrated to improve the Signal-to-Clutter Ratio (SCR). The presence of targets and their
tracks are determined jointly after multiframe integration. DP-TBD employs integration in
the absence of any prior information to estimate the possible target trajectories using a merit
function which is a multiframe test statistic. Figure 1.2 shows merit function integration for

N consecutive frames.

? Range

/

]
\

N frame data

—p Bearing
N-1 frame data

Figure 1.2: Illustration of the merit function integration.

The selection of the scoring function has a significant influence on the performance of
DP-TBD. Three scoring functions commonly used in the literature with DP-TBD are the
amplitude, Squared Amplitude (SA) and the Logarithm of the Envelope Likelihood Ratio
(LELR). The amplitude and SA scoring functions lead to identical detection performance in
Gaussian distributed background noise. The LELR scoring function usually provides better

performance due to the utilization of both noise-only and noise-plus-target distributions.



The amplitude scoring function is easy to calculate, but the performance is poor in the
presence of non-Gaussian clutter. DP-TBD usually employs either the SA or LELR scoring
functions [14].

Generally, the choice of a scoring function is a tradeoff between performance and
computational complexity, and the measurement model is an important consideration in
choosing a scoring function. In this dissertation, the LELR scoring function is used as in

DP-TBD.

1.3 Research Objectives

The goal of this research is to improve the detection performance of fluctuating targets with
low SCR in radar systems using DP-TBD. In addition, the computational complexity of
multiframe TBD is reduced. The effect of non-Gaussian distributed background clutter is

also considered. The research objectives for this work are as follows.

1. Develop anew algorithm based on order statistics dynamic programming track-before-

detect (OS-DP-TBD) to improve the target detection and tracking performance.

2. Develop a new multiframe expanding window (EW)-TBD technique with reason-
able computational complexity compared to the existing sliding and batch window

multiframe techniques.

3. Investigate several finite duration target scenarios which assume the target is not
present in all scans to assess the effectiveness of the proposed technique in detecting

a target.

4. Study the effect of different types of non-Gaussian clutter such as Weibull, K and GO
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distributions on the proposed techniques.

5. Investigate the detection performance of the proposed algorithm with extended targets

having different energy spillover levels and point targets.

1.4 Organization of the Dissertation

The remainder of this dissertation is organized as follows. Chapter 2 presents the pro-
posed order statistics dynamic programming track-before-detect OS-DP-TBD technique for
Weibull distributed clutter. A new expanding window multiframe technique is given which
uses order statistics dynamic programming in each processing window. Simulation results
are provided to verify the performance of the proposed techniques. Chapter 3 discusses the
performance of the proposed OS-DP-TBD algorithm with non-Gaussian distributed clutter
and complex Gaussian noise. Swerling type 1 and 3 targets in K distributed clutter and
Swerlin type 0 and 1 targets in GO distributed clutter are evaluated in this chapter. Extended
targets with different target energy spillover and complex Gaussian noise are considered in
Chapter 4. Swerling type 0, 1 and 3 extended targets with different target energy spillover
in Weibull distribution background clutter are also discussed in this chapter. Chapter 5

summarizes the dissertation and presents suggestions for future work.
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Chapter 2

Expanding Window Multiframe Order
Statistics Dynamic Programming
Track-Before-Detect in Weibull

Distributed Clutter

2.1 Introduction

Target detection is an important task in radar signal processing and is typically the first
step. This determines whether a target is present in a resolution cell by comparing the
decision statistic with a threshold. The results are then processed by traditional tracking
algorithms [15], [16]. Conventional algorithms [7] make a detection decision each frame and
then use the results for tracking. These techniques suffer from performance degradation
especially when the target signal to noise ratio (SNR) is low. In this case, the target

signal is often discarded since the detection technique only maintains measurements above
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an intensity threshold which results in low detection performance. Track-before-detect
(TBD) techniques employ joint target detection and tracking and are effective in low SNR
environments. A decision on the presence of a target is made using several consecutive
frames of data [17], [9]. TBD uses no threshold or a very low threshold in order to capture
low SNR radar measurements and then detection and tracking is conducted [18].

Various methods have been used to implement TBD such as the Hough transform [11],
particle filtering [13], and maximum likelihood probabilistic data association (ML-PDA)
[12]. Dynamic programming (DP) is commonly employed for the integration of consecutive
frames in TBD. DP-TBD was introduced in [19] and applied to radar systems in [20]
and [16]. Multi-target TBD problem was considered in [21]. The target is detected and
tracked as the maximum of the energy which is integrated recursively over N frames [22].
The integration is done over consecutive scans using scoring functions along physically
admissible trajectories and produces the possible tracks with the highest function values [23].
DP-TBD has been shown to be effective with slow maneuvering targets [24].

The scoring function for the radar scan data is the main focus of DP-TBD research
because it plays an essential role in the solution. The amplitude of the radar data was
employed in [8]. In [25], the logarithm of likelihood ratio (LLR) of both the target-present
and null-target hypotheses was used. DP-TBD using the LLR as the scoring function
results in better detection and tracking performance than using the amplitude of the radar
measurements [14]. Both of these functions consider only the magnitude of the radar data
in each resolution cell. The phase information was considered in [26] to improve DP-TBD
detection performance. In particular, the logarithm of the complex data based likelihood
ratio (LCLR) was used as the scoring function. Depending on the range and azimuth

resolution, the target may appear as a point in some radar systems and there will be target
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energy spillover in other systems. This chapter assumes there is sufficient resolution so only
point targets are considered.

The Weibull distribution was first validated with land clutter returns observed by high-
resolution radars. The Weibull distribution is used in many applications, such as weather
forecasting and data fitting of all kinds, while it is widely applied in radar systems to
model the dispersion of the received signals level produced by some types of clutters [27]
The skewness of this distribution was shown to increase as the radar depression angle
decreased [28]. Recently, this distribution used to characterize weather clutter and sea
clutter. These results motivate the use of the Weibull clutter model [28].

Order statistics (OS) is a well known technique which is widely employed in wireless
communication systems which are affected by fading [29]. It has shown to be effective with
different types of fading distributions with unknown parameters. This chapter considers the
detection of Swerling type 0, 1 and 3 targets in heterogeneous background clutter which is
Weibull distributed. The logarithm of the envelope likelihood ratio (LELR) is used as the

scoring function in a DP-TBD technique. The contributions of this chapter are as follows.

1. Order statistic DP-TBD (OS-DP-TBD) is proposed which selects the best candidate
targets in each scan. The proposed algorithm provides a significant improvement in

detection performance compared to basic DP-TBD in [26].

2. Expanding window TBD (EW-TBD) is proposed to improve the detection perfor-
mance while keeping the computational complexity low compared to the batch win-

dow and sliding window techniques in [30].

3. Several finite duration target scenarios which assume the target is not present in all

scans are considered to assess the effectiveness of the proposed EW-TBD technique
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in detecting a target.

The rest of the chapter is organized as follows. The system model and notation are
given in Section 2.2. Section 2.3 provides the problem formulation and the OS-DP-TBD
technique is introduced in Section 2.4. Section 2.5 presents the proposed expanding window
TBD (EW-TBD) method. The performance of the OS-DP-TBD and EW-TBW techniques
are evaluated in Section 2.6 for Swerling type 0, 1 and 3 targets. Finally, some concluding

remarks are given in Section 2.7.

2.2 System Model and Notation

In this section, the dynamic target model and measurement model are introduced.

2.2.1 Dynamic Target Model

We assume a two-dimensional surveillance radar in the range-azimuth plane. The surveil-
lance region consists of N, X N, cells where N, = R/A, and N, = w/A, are the number
of range and azimuth cells, respectively. R is the maximum range while w is the azimuth
extension of the surveillance region. The range resolution A, is determined by the waveform
bandwidth B, i.e. A, = ¢/(2B) where c is the speed of light. The azimuth resolution A, is
given by the 3-dB beamwidth.

Let N be the number of consecutive frames processed with DP-TBD. The target is

assumed to move in the surveillance region with target state in the nth frame given by

Xn = [xn,r’ Vs Xn,bs vn,b],’ I<n< Na (21)



15

Figure 2.1: The radar surveillance region in the range and azimuth dimensions.

where ’ denotes transpose, x,, and x,; are the range and azimuth target positions, respec-
tively, and v, and v, are the range and azimuth target velocities, respectively. The target

state evolution can be described by the Markov process

Xne1 = Fx, + vy, (2.2)

where v, is independent and identically distributed (i.i.d.) Gaussian noise and F is the

transition matrix given by

1 T
F=he® , (2.3)

0 1

where ® is the Kronecker product, I is the two-dimensional identity matrix, and 7 is the
time between consecutive scans. This model is suitable for slow moving targets. Although

a single target is considered in this chapter, the proposed technique can easily be extended
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to multiple targets.

2.2.2 Measurement Model

The observation region is divided into N, X N, resolution cells, and it is assumed that a
target can only occupy and affect one cell at a given time as shown in Fig. 4.1. When a
target is present in resolution cell (r,b), 1 < r < N,, 1 < b < Np, the radar measurement
is given by

2t = Ayexp (jgn) + CI°, (2.4)

where A, is the amplitude of the complex measurement of the target in the nth scan, ¢, is
the corresponding target phase which is assumed to be uniformly distributed over [0, 27),
and C,r,’b denotes i.i.d. clutter which is assumed to be Weibull distributed. If there is no

target, the measurement in cell (r, b) in the nth frame is given by

2t =, (2.5)
with amplitude
ay’ =12,

where 1 <r<N,, 1 <b< Ny 1<n<N.

The measurements for frame n can be expressed as

1,1 LN N;,N,
Zn:[Zn 9'..9Zn b,“’aZn b],- (2.6)
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The measurements for the N frames can be expressed as an N, N, X N matrix

ZlZN = [Z17z29 .. ~’ZN]7 (2'7)

where Z.y denotes columns 1 to N.

The Swerling models were introduced in [15] to describe the statistical properties of
the radar cross-sections of targets. The scattering of the electromagnetic energy from a
target depends on many factors such as target geometry, size, shape, viewing aspect and

polarization. The models for Swerling type 0, 1 and 3 targets are given below.

Swerling Type 0 Target

The Swerling type 0 model describes an idealized target without any fluctuations (constant

radar cross-section) and constant amplitude A, given by

Ap = \/Ft’ (2.8)

where o7 is the mean squared target amplitude.

Swerling Type 1 Target

For the Swerling type 1 model, the radar cross-section is constant from pulse to pulse, but
varies independently from scan to scan. The target amplitude A, is Rayleigh distributed

with probability density function (PDF)

t

2
P(A,) = 2:" exp (—ﬂ) . (2.9)
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Swerling Type 3 Target

For the Swerling type 3 model, the radar cross-section is constant during the radar antenna
dwell time, but varies from scan to scan. The target amplitude A, is chi-square distributed

with four degrees of freedom and PDF

8 A3 2 A2
: (2.10)

i 2
t

t

2.2.3 Weibull Distributed Clutter

Clutter is a term used to describe any object that generates unwanted radar return backscatter.
In many cases, the clutter signal level is much higher than the receiver noise level. The
ability of a radar to detect targets embedded in clutter depends on the Signal-to-Clutter
Ratio (SCR) [2]. Clutter includes earth surface echoes (terrain and sea), weather echoes
(rain and clouds), and man-made clutter such as chaff clouds which consist of strips of
reflective material. Clutter echoes differ from both target echoes and noise, and can appear

as either a target or noise [3]. The mean and variance of the Weibull distributed clutter are

,u:AF(1+%), (2.11)

o efo2) (e 2] ) o

respectively [2], I'(.) denotes the Gamma function and A and B are the Weibull scale and
shape parameters, respectively. The Weibull distribution has been used to model clutter
at low grazing angles (less than five degrees) for frequencies between 1 GHZ and 10

GHZ [2]. Further, shadowing at low grazing angles can hide large scatterers so that the
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clutter distribution has long tails. The PDF of the Weibull distribution is
B 1 4\BD (x4
f(x|A,B) = Z(x/A) e . (2.13)

Figure 4.2 shows the effect of changing B on the PDF with scale parameter A = 1. For

Figure 2.2: The PDF of the Weibull distribution for values of the shape parameter B.

B = 2, the Weibull distribution becomes a Rayleigh distribution, and for small values of B
the tail is long. For B < 1, the Weibull distribution becomes an exponential distribution.

In this chapter, the SCR is defined as

SCR = 10log,, (ﬁ) (2.14)
g,

c

where o, denotes the mean of the Weibull distributed clutter power.
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2.3 Problem Formulation

At the nth scan, a list of candidate targets is obtained through the receiver processing chain
consisting of matched filtering, moving target detection, CFAR (constant false alarm rate),
detection, clustering and data extraction. In this chapter a low pre-processing threshold is
employed with the radar measurements (4.5) to provide a good tradeoff between performance
and computational complexity. The sequence of candidate targets acquired at scan n is
m, = 1,2,..., M,. This may include false targets due to the background clutter.

The DP-TBD algorithm has two steps. First a decision is made concerning whether a
target is present or not. Then the trajectories which are most likely to correspond to actual
targets are extracted. For the N consecutive scans Z.y, the integration process is given
by [31]

I(xnlzl:n) = max I(xn—l |len—1) + S(zn |xn), (215)

Xn-1€84(Xp

where I(x,|Z1.,) is the merit function for state x;,, S(z,|x,) is the scoring function [14], [26],
and Q(x,) is the set of states at scan (n — 1) for which a transition to x,, is possible and is
given by

Qx,) =arg max I(x;—1). (2.16)
xn—leg(xn—l)

The following commonly employed DP-TBD scoring functions are considered.

1. Amplitude scoring function [31], [8]

S(znlxn) = azrn’xm- (2.17)
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2. Squared amplitude (SA) scoring function [22]

S(znlxn) = (ay™m)>. (2.18)

3. Logarithm of envelope likelihood ratio (LELR) scoring function [16], [32]

P(ay|xn)
S =In|———|, 2.19
where a, = [a,ll’l, ce a,ll’N’, ce a,l:”’N”] is the amplitude vector for the nth scan.

It was shown in [33] that DP-TBD with the LELR scoring function (4.20) provides better
performance than with (4.18) or (4.19). This is due to the use of both clutter-only and clutter-

plus-target distributions. The LELR for the three Swerling types are given below [26].

1. Swerling 0 model

242 Yy M 24,a"
Li(ay|x,) = ——" Z Z In (10 ( a1, (2.20)
r=1

O¢c = O¢

where Iy(.) is the modified first order Bessel function.

2. Swerling 1 model

Np
1 (o 2
Le(@le) = —— > > ——(a?)
p=1 1T 7¢

N, Ny o
N I < ). 221
Z n(()‘c+0‘t) ( )
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3. Swerling 3 model

N, Np 2
4
A ] [

i

N, Np O_t(ar,b)Z
+ In{1+—L22
FZ:; ; ! 0-(:( 20—0 + O-t)
N, Np
1 b\ 2
. r, 2.22
r:1;20-0+0-t(n) ( )

2.4 Order Statistics Dynamic Programming TBD (OS-DP-
TBD) with Complex Gaussian Noise

Order statistics (OS) is used to determine the best candidate targets in a radar scan. This
controls the number of targets to be processed based on the merit function values. Prior
work uses thresholding to extract the targets to be processed. However, thresholding
offers little control over the number of targets and so the workload per batch can vary
greatly. Order statistics fixes the number of candidate targets and thus provides a known
processing workload. Back-tracking is then used to estimate the trajectories of these targets.
Pseudo code for the order statistics dynamic programming track-before-detect (OS-DP-
TBD) algorithm is given in Algorithm 4.1.

The algorithm requires the following input parameters: number of integration frames
N, dimensions of the range and azimuth cells N, and N, respectively, the scan frames to
be processed F;,, and the number of ordered candidate targets to be processed D. D is a
design parameter that is a compromise between detection performance and computational
complexity. If the value of D is high the detection performance will be improved, but the

processing time will be increased. In this chapter, D = N, X N;/100 is employed which
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Algorithm 2.1 The OS-DP-TBD Algorithm with Complex Gaussian Noise and Weibull
Distributed Clutter
Input: N, N,, Ny, F, D, d,, d,

1: forn=1to N do

2:  [X,, M,] = point_threshold(F, n);

3: end for

4: forn=1to N do

5: if n =1 then

6: for m=1,2,...,M, do

7 1(Xnm) = SZnlXnm);

8: Qxpm) = Null;

0: end for

10:  else

11: for m=1,2,...,.M, do

12: 1(xnm) = max  1(Xp—1,m) + S@ulXnm);
Xn-1€Q(Xn,m

13: Qxpm) =arg max  I(Xp—1m);

Xp-1€Qxn-1)

14: end for

15:  endif

16: end for

17: Ordered_targets_list = SORT (I(xn a1, ));

18: Best_targets = SELECT (Ordered_targets_list, D);

19: Search_zone = CONE(d,, dp);

20: Trajectory = BACKTRACK (Best_targets, Search_zone);

was determined to provide good performance with reasonable complexity. As discussed in
Section 2.2, N, and N, depend upon the range and azimuth resolution of the radar system,
respectively. d, and d; are the number of cells that the target can move to in the next scan
in the range and azimuth directions, respectively, according to the motion model.

Line 2 applies the point_threshold function to the nth frame to extract the number of

potential targets M,, and their associated states

X, = [xn,l, Xn2, " xn,M,,],

where x,,, is the state vector for candidate target m, 1 < m < M,. The pre-processing
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threshold on the the received measurements z,, at each scan is a key factor in the computa-
tional complexity of the proposed algorithm. An adaptive pre-processing threshold is used
here which is 0.1 X mean(z,,).

Lines 4 to 16 evaluate the merit function /(x,,,) and Q(x,,,,) for each scan. Q(x,,,) in
lines 8 and 13 is the set of target states in the (n — 1)th scan from which a transition to x,, is
possible and is used to identify potential target trajectories.

The scoring function S(z,|x,,,) in lines 7 and 12 is evaluated using (4.21), (4.23) and
(4.25) for Swerling type 0, 1 and 3 targets, respectively.

Lines 4 to 9 initialize the merit function /(x,,) and Q(x,,) for states x ,.

Lines 11 to 14 integrate the merit function values /(x,,,) and Q(x,,,) for all candidate
target states x,,, in the nth scan obtained using the scoring function, 2 < n < N.

Line 17 applies the OS-DP-TBD algorithm to the candidate targets in the last scan N to
sort the merit function values /(xy s, ) in the last scan.

Line 18 selects the D best targets that have the highest merit scores.

Line 19 uses the parameters d, and d}, to define the search zone in the previous scan
relative to the position of the selected target in the current scan.

Line 20 constructs the target trajectories using backtracking. The D best targets in the
last scan were selected. The trajectory for each target is built using the corresponding search

zones. Moving targets with a constant velocity are considered in this chapter.

2.5 Proposed Expanding Window Technique

Before discussing the proposed expanding window TBD technique, we review the batch and

sliding window techniques proposed in [30]. We also define several performance measures
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for the batch, sliding window and expanding window TBD processing techniques. These
measures are related to the processing workload required to produce a detection decision
and the ability of a technique to detect a finite duration target.

Most of the research on multiframe processing assumes that a target exists in the
surveillance region starting at the first scan [34]. However, in practical situations a target
may exist only after several scans and can disappear after a limited number of scans. Thus,
expanding window TBD (EW-TBD) is proposed to detect and track a finite duration target
which may appear at any scan and not necessarily the first. A moving target is the most

difficult to detect and track but is also the most realistic model.

2.5.1 Batch Window Processing

Batch window processing considers several consecutive frames as one processing window.
Dynamic programming is used to integrate the target energy by exploiting the space-time
correlation among consecutive frames to improve detection performance. DP-TBD jointly
processes the entire window of N frames and outputs the final merit values. Figure 2.3
illustrates the batch processing mechanism where N = 4 frames are jointly processed to
make a target detection decision after 4 frames. The red boxes in the figure indicate when

a target detection decision is made.

Scan index

1 2 3 4 5 6 7 8 9 10-
>

Input Scans il 22 23]l 24|l 35| 6 || 27 (] 28 || 29 I|Z10] -+

Output L I L I
v "

Figure 2.3: Batch window processing for window size N = 4.
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The choice of the window size N is a compromise. Small values of N reduce the
computational complexity with reduced target detection probability. Conversely, large
values of N increase the computational complexity but reduce the probability of target
detection. However, the detection performance suffers if the target trajectory covers only
part of the batch window. For example, if a target trajectory or track has length N = 4 but
starts in frame 3 and ends in frame 6 in Fig. 2.3, then batches Wi and W, will each have
only two frames that contain a target. This degrades the detection probability compared to
other starting points even though the target trajectory is equal to the window size N. In fact,
the maximum number of windows that can contain a target of length N is only 1.

Throughput is defined as the number of detection decisions per scan. Thus, the through-
put of batch window processing is

1
Thp = N (2.23)

The workload per output is defined as the number of scans that must be processed to obtain

a detection decision. Thus, the batch window processing workload per output is
Up = N. (2.24)

The workload per frame is defined as the number of frames that are processed at a given

frame. The batch window processing workload per frame is

Vg =1. (2.25)
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2.5.2 Sliding Window Processing

Sliding window TBD (SW-TBD) processing considers N consecutive frames and moves
forward by one scan each step to include the N latest frame measurements. Figure 2.4 shows
the sliding window technique where each window processes N = 4 scans. Two consecutive

windows share N — 1 frames, so each frame is processed in N consecutive windows.

Scan Scan index
Window 1 2 3 4 5 6 7
21 || 25 |f 23 || 24 || 25 || %6 || 27
W, 21| 22|l 23| 24
T
W, 2| 23 || 24 || 35
L
W, 23| 24 || 25 || 26
s

v

Figure 2.4: Sliding window processing for window size N = 4.

Similar to batch window processing, the choice of a window size N is a compromise.
The main advantage of the sliding window technique is that a target trajectory of length N
will be covered completely by one of the sliding windows. If as in the previous example a
target trajectory of length N = 4 starts in frame 3 and covers frames 3 — 6, then window
W3 in Fig. 2.4 will completely cover the target trajectory. Therefore, the probability of

detection is high regardless of the location of the target trajectory in the frame sequence.
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Ignoring the initial latency, the sliding window processing throughput is

Ths =1, (2.26)
the workload per output is

Us = N, (2.27)
and the workload per frame is

Vs = N. (2.28)

2.5.3 Expanding Window Processing

The proposed expanding window (EW-TBD) technique for multiframe processing has been
developed to have low computational complexity and high detection probability. This
technique uses a variable window size between a minimum window size N| and a maximum
window size N, = 2N — 1. The choice of the window size limits is a compromise between
computational complexity and detection performance. Figure 2.5 illustrates this technique
with Ny = 4 and N, = 7. Window Wj has size N; = 4 while window W, has size 5.
The input for W5 is obtained from the output of W; and the scoring function for z5. This
is indicated by the arrow connecting z4 and z5s. The windows keep expanding to provide
outputs until window W4 which has maximum size N, = 2N; — 1 = 7. Then the window
size returns to Nj.

Similar to the sliding window technique, a target trajectory of any length N will be
covered completely by at least one of the expanding windows. For example, if a target
trajectory has length N = 4 but starts in frame 3 and covers frames 3 — 6, then windows

W3 and Wy in Fig. 2.5 will completely cover the target trajectory. Therefore the target
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Scan Scan index
Window 1 2 3 4 5 6 7 8 9 10 11 >
4 || D01 23| %4l S5 26| 27| %8| %9 ||Z10||Z11
W, L {1, LT
Minimum
W2 window size 15 L 19
W3 |—> 16 |e 110
W L5 Lz

e 0

v Maximum window size

Figure 2.5: Expanding window processing with Ny =4 and N, = 7.

probability of detection is improved compared to the batch window technique regardless of
the location of the target trajectory in the frame sequence. The number of windows that
contain a target of length N varies between 1 and N.

Ignoring the initial latency, the expanding window processing throughput is

Thg =1. (2.29)

For one period in Fig. 2.5, the processing required to produce N outputs is 2N — 1. The

expanding window workload per output is then

2N -1 1
= =2-—, 2.30
E N N (2.30)
and the workload per scan is
Vg =2. (2.31)

Table 2.1 gives the throughput and workload of the three TBD window techniques.
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Table 2.1: Throughout and Workload of Three TBD Window Techniques

Technique Throughput  Workload per Workload per
Output Frame
(Th) ) V)
Batch Window 1/N N 1
Sliding Window 1 N N
Expanding Window 1 2-1/N 2

This shows that batch window processing has the lowest throughput and the sliding and
expanding windows have a throughput that is N times higher. However, this increased
throughput results in more target tracking information which should prove useful for target
detection and classification [35]. Furthermore, the throughput of batch window processing
decreases with increasing window size while the throughput of SW-TBD and EW-TBD
is independent of the window size. The workload per output for the batch and SW-TBD
techniques is N, while for the proposed EW-TBD approaches a fixed value of 2 as N
increases. This is much less than with the other two techniques even for moderate values of
N. The workload per frame for batch window processing and EW-TBD is constant whereas
for SW-TBD it increases with increasing window size. Thus, the proposed EW-TBD

technique provides a good tradeoff between throughout and workload.

2.6 Performance Results

The performance of the proposed techniques is examined in this section. First, the per-
formance of OS-DP-TBD is presented for Swerling type 0, 1 and 3 targets. These results

are compared with those with DP-TBD to demonstrate the improvement with the proposed
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algorithm. Then the performance of EW-TBD is evaluated. We define the probability of
detection Pp as the probability of determining the target trajectory within 2 cells of the
actual target cell throughout the entire trajectory. The probability of false alarm P, defined
as the probability of detecting a false track in absence of target. The Pp vs SNR curves of
the proposed algorithm are set based on the desired Py, which assumed to be 10~* in this

chapter. Moreover, SNR is defined as

SNR = 101og,, (ﬁ) : (2.32)
On
where o, is the complex Gaussian noise power.

The position root-mean-squared error (RMSE), which is a valid metric as long as the

track stays on the target, is defined as

M N
1 N am m
RMSE = —— >3 \/(xr,,, — )+ (R - (2.33)

where (£, ﬁl’fn) and (x",, xZ’n) are the estimated and true target positions at the nth scan
during the mth simulation, respectively. The simulation parameters are N, = 50, N; = 50,
and number of integration frames N = 5 and 10. The scale and shape parameters for the
Weibull distribution are A = 1 and B = 1.7, respectively. The number of simulation trials

was 100, 000 for each probability of detection result. Simulation results were obtained from

MATLAB. Long running simulations were performed on WestGrid using the MATLAB.

2.6.1 OS-DP-TBD Performance

The detection performance of OS-DP-TBD using the LELR score function for Swerling

type 0, 1 and 3 targets is shown in Figs. 2.6, 2.7 and 2.8, respectively, for N = 5. Basic-
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DP-TBD in these figures denotes LELR-DP-TBD [26] with no spillover of target energy in
adjacent cells. OS-DP-TBD performs better than basic DP-TBD because of the noncoherent
intraframe integration with the order statistics algorithm. Fig. 2.6 shows that the gain with
OS-DP-TBD over basic DP-TBD for Pp = 0.5 and a Swerling type O target is 1.81 dB.

Figure 2.7 for Swerling type 1 shows that the performance gain is 1.21 dB. Figure 2.8
for Swerling type 1 shows that the performance gain is 1.13 dB.

Table 2.2: Performance Gain of OS-DP-TBD Compared with Basic DP-TBD for N = 5
and Pp = 0.5.

Swerling Type Performance Gain (dB)

0 1.81 — from Fig. 2.6
1 1.21 — from Fig. 2.7
3 1.13 — from Fig. 2.8

Table 2.2 gives the performance gain of OS-DP-TBD over basic DP-TBD for Swerling
type O, 1 and 3 targets, N = 5 and Pp = 0.5. This shows that the improvement with the
proposed technique is between 1 and 2 dB. Further, the processing gain of the proposed
algorithm increases with the number of integration frames, but the workload also increases.

The detection performance of OS-DP-TBD for Weibull distributed background clutter
and N = 5 and 10 is shown in Figs. 2.9, 2.10 and 2.11 for Swerling type 0O, 1, and 3 targets,
respectively. These results indicate that as the number of integration frames N increased
from 5 to 10, the detection performance improves. The detection performance with different
scale and shape parameters for the Weibull distributed clutter and N = 10 for Swerling type
0, 1, and 3 targets is given in Figs. 2.12, 2.13 and 2.14, respectively. These results indicate

that as the shape parameter increases towards 2, the detection performance improves. The
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corresponding RMSE values are shown in Fig.2.15 for different types of Swerling targets
0, 1 and 3 to evaluate the estimated trajectory compared with the actual trajectory in each
case. Figure 2.15 shows that as the SNR increased the difference between the estimated

trajectory and the actual trajectory in each case of Swerling target type 0, 1 and 3 decreased.

Probabilty of Detection
o o
N [

o
[

01 , —— 0S-DP-TBD: N=5
- =—©— Basic-DP-TBD: N=5
O 1 1 1 1 1 1
0 2 4 6 8 10 12 14
SNR (dB)

Figure 2.6: Probability of detection of a Swerling O target using OS-DP-TBD and Basic
DP-TBD with complex Gaussian distributed noise and N = 5.

2.6.2 EW-TBD Performance

In this section, the effect of the target duration (start scan to end scan) on the performance
of DP-TBD is investigated. Two multiframe DP-TBD techniques are investigated. The first
is the proposed OS-DP-TBD algorithm and the second is the proposed EW-TBD technique.

Three target scenarios are considered as discussed below.



34
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01 —€— 0S-DP-TBD: N=5 | |
' —©— Basic-DP-TBD: N=5

o 1 1 1 1 1 1

0 2 4 6 8 10 12 14

SNR (dB)

Figure 2.7: Probability of detection of a Swerling 1 target using OS-DP-TBD and Basic
DP-TBD with complex Gaussian distributed noise and N = 5.
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01 —0— 0S-DP-TBD: N=5 | |
=—©— Basic-DP-TBD: N=5
O 1 1 1 1 1 1
0 2 4 6 8 10 12 14
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Figure 2.8: Probability of detection of a Swerling 3 target using OS-DP-TBD and Basic
DP-TBD with complex Gaussian distributed noise and N = 5.
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Figure 2.9: Probability of detection of a Swerling O target with Weibull distributed clutter
and N =5 and 10.
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Figure 2.10: Probability of Detection of a Swerling 1 target with Weibull distributed clutter
and N = 5 and 10.
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Figure 2.11: Probability of detection of a Swerling 3 target with Weibull distributed clutter
and N =5 and 10.
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Figure 2.12: OS-DP-TBD probability of detection of a Swerling 0 target with Weibull
distributed clutter for different shape parameters B, and scale parameter A = 1 and N = 10.
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Figure 2.13: OS-DP-TBD probability of detection of a Swerling 1 target with Weibull
distributed clutter for different shape parameters B, and scale parameter A = 1 and N = 10.
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Figure 2.14: OS-DP-TBD probability of detection of a Swerling 3 target with Weibull
distributed clutter for different shape parameters B, and scale parameter A = 1 and N = 10.
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Figure 2.15: RMSE of different Swerling target of types 0, 1 and 3 with Weibull distributed
clutter for N = 5.
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Case 1

In this case the target is present in all scans. Figure 2.16 shows the received signal amplitude
for four scans in Weibull distributed clutter with SCR = 10 dB. An asterisk * indicates that

the target is present in the scan and a white circle indicates the target location.

Scan 1* Scan 2*

Scan 3* Scan 4*

Figure 2.16: Received signal amplitude for four scans in Weibull distributed clutter with
SCR = 10 dB. An asterisk * indicates that the target is present in the scan and a white circle
indicates the target location.

Figure 2.17 presents the detection performance of batch window processing using order
statistics with N = 4 and EW-TBD for N, = 5,6 and 7. Batch window processing has
the worst performance because the batch window covers only 4 frames while the target
duration is 5 frames. EW-TBD provides better performance as shown by the red line which
corresponds to a window that covers the entire target duration. Moreover, the blue and black

lines are similar because the expanded windows W3 and Wy in Fig. 2.5 cover the target
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Figure 2.17: Probability of detection with expanding window processing for Case 1.

duration and any new frames which contain only clutter. The expanded windows W3 and Wy
decrease the effect of the background clutter while maintaining the detection performance.
In addition, the difference in performance between batch and expanding window processing

is not significant because both techniques cover all the target duration.

Case 2

In this case the target is present for a finite duration as it appears in only scans 4 to 7. Figure
2.18 shows the received signal amplitude for eight scans in Weibull distributed clutter with
SCR = 10 dB. An asterisk * indicates that the target is present in the scan and a white
circle indicates the target location. Figure 2.19 shows the detection performance of batch
processing using order statistics with N = 4 and EW-TBD with N, = 5, 6 and 7. The
performance with batch window processing is poor because the target only appears in the

last scan of the first window. Further, this technique requires waiting N frames to process
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another batch to detect this target. On the other hand, EW-TBD can detect the target at
N, =5, and the detection performance improves as the number of integration frames N,
increases. Moreover, there is no latency in detection with EW-TBD and the workload is
reasonable. This case is more practical than Case 1 because there is no restriction on when

the target appears in the scans.
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Case 3

In this case the target is present for a finite duration as it appears in only scans 3 to 6. Figure
2.21 shows the received signal amplitude for eight scans in Weibull distributed clutter with
SCR = 10 dB. An asterisk * indicates that the target is present in the scan and a white circle
indicates the target location.

Figure 2.20 shows the detection performance for batch processing using order statistics
and EW-TBD. The green line represents the batch window technique using order statistics
for N = 4, and the blue, red and black lines represent EW-TBD for N, = 5, 6 and 7,
respectively. Batch processing provides the worst performance because the batch window
covers only 2 of the 4 frames which have a target. EW-TBD provides better performance as
shown by the blue line when the expanded window W, covers 3 of the frames with a target.
The red line is the best because the target duration is completely covered by W5 in Fig. 2.5.
The detection performance improves as N, increases from Ny < N, < 2N; — 1. EW-TBD
with N, = 7 gives the best performance with reasonable workload. However, batch window

processing must wait until the second output with W in Fig. 2.3.

2.7 Conclusion

This chapter considered the detection of fluctuating targets in Weibull distribution clutter.
An OS-DP-TBD algorithm was proposed and evaluated for Swerling type O, 1 and 3 targets.
In addition, an expanding window technique EW-TBD for multiframe integration was
proposed. It was shown that EW-TBD outperforms conventional batch window processing
in terms of both detection performance and computational complexity. Simulation results

were presented which show that the proposed OS-DP-TBD performs better than basic DP-
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TBD with a gain of 1 to 2 dB. Furthermore, the effect of Weibull distributed clutter was
examined. It was shown that the performance with EW-TBD is better than batch window

processing with reasonable computational complexity and no latency.
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Figure 2.18: Received signal amplitude for eight scans in Weibull distributed clutter with
SCR = 10 dB. An asterisk * indicates that the target is present in the scan and a white circle

indicates the target location.
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Figure 2.19: Probability of detection with expanding window processing for Case 2.
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Figure 2.20: Probability of detection with expanding window processing for Case 3.
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Figure 2.21: Received signal amplitude for eight scans in Weibull distributed clutter with
SCR = 10 dB. An asterisk * indicates that the target is present in the scan and a white circle

indicates the target location.
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Chapter 3

Order Statistics Dynamic Programming
Track-Before-Detect in Non-Gaussian

Clutter

3.1 Introduction

Early detection and tracking of moving targets is of great importance in modern radar
systems. Target detection is a challenging task in radar signal processing and is typically
the first step. This determines whether a target is present in a resolution cell by comparing
the decision statistic with a threshold. The result is then processed by traditional tracking
algorithms [15], [36]. Conventional detection and tracking algorithms [7] make a detection
decision each frame and then use the results for tracking. However, these techniques provide
poor performance when the target signal to clutter and noise ratio (SCNR) is low. In this
case, the target signal may be discarded as only results above a given threshold are retained.

Track-before-detect (TBD) techniques employ joint target detection and tracking and are
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effective in low SCNR environments. A decision on the presence of a target is made using
several consecutive frames of data [17], [9]. TBD uses a low or no threshold to ensure
targets are captured for the detection and tracking process [18].

Recent studies on DP-TBD have determined that radar systems have significant hetero-
geneous background clutter [33]. In addition, the data obtained with a small grazing angle
or high resolution radar from a heterogeneous terrain (e.g. urban and forested areas), is not
Gaussian distributed. Experiments with HF surface wave radar [37] have shown that the
clutter is highly heterogeneous. Thus, Gaussian and Rayleigh distributions are not suitable
because of the heterogeneity of the surveillance region. Radar clutter is better modeled as
compound-Gaussian. The Weibull, log-normal, K and GO distributions are commonly used
compound-Gaussian distributions in radar systems. The GO distribution was first proposed
in [38]. It can model extremely heterogeneous clutter in urban and forest areas which
cannot be adequately described with other distributions. DP-TBD was investigated in [14]
with the clutter received from high resolution radar and small grazing angles modeled as
GO distributed. The K distribution is a standard model employed for radar clutter [39]
which was first proposed in [40]. In [36], DP-TBD was examined with heavy-tailed clutter
modeled as K distributed.

The scoring function of the radar scan data is the main focus of DP-TBD research
because it plays an essential role in detection and tracking. The amplitude of the radar data
was employed in [8]. In [25], the log-likelihood ratio (LLR) of both the target-present and
null-target hypotheses was used. DP-TBD using a LLR scoring function was shown in [14]
to provide better detection and tracking performance than DP-TBD using an amplitude
scoring function. Both of these functions consider only the magnitude of the radar data in

each resolution cell. The phase information was considered in [26] to improve DP-TBD
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detection performance. The logarithm of the complex data based likelihood ratio (LCLR)
was used as the scoring function. Depending on the range and azimuth resolution, the target
may appear as a point in some radar systems and there will be target energy spillover in
other systems. This chapter assumes there is sufficient resolution so only point targets are
considered.

This chapter considers the detection of Swerling type 0, 1 and 3 targets in non-Gaussian
distributed clutter. The logarithm of the envelope likelihood ratio (LELR) is used as the

scoring function in a DP-TBD system. The contributions of this chapter are as follows.

1. Order statistic DP-TBD (OS-DP-TBD) is proposed which selects the best candidate
targets in each scan with non-Gaussian distributed clutter and complex Gaussian

noise.

2. The detection and tracking of Swerling type 1 and 3 targets in K distributed clutter is

evaluated using the proposed OS-DP-TBD technique.

3. The detection and tracking of Swerling type 0 and 1 targets in GO distributed clutter

is evaluated using the proposed OS-DP-TBD technique.

The rest of the chapter is organized as follows. The system model and notation are
given in Section 3.2. Section 3.3 provides the problem formulation. The non-Gaussian
clutter distributions are presented in Section 3.4, and the proposed OS-DP-TBD technique
is introduced in Section 3.5. The performance of the proposed OS-DP-TBD technique is
evaluated in Section 3.6 for Swerling type 0, 1 and 3 targets with complex Gaussian noise
and non-Gaussian distributed clutter. Finally, some concluding remarks are given in Section

3.7.
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3.2 System Model and Notation

In this section, the dynamic target model and measurement model are introduced.

3.2.1 Dynamic Target Model

We assume a two-dimensional surveillance radar in the range-azimuth plane as shown in
Fig. 4.1. The surveillance region consists of N, X Nj, cells where N, = R/A, and Ny, = w /Ay
are the number of range and azimuth cells, respectively. R is the maximum range and w is
the azimuth extension of the surveillance region. The range resolution A, is determined by
the waveform bandwidth B, i.e. A, = ¢/(2B) where c is the speed of light. The azimuth

resolution Ay is given by the 3-dB beamwidth.

Figure 3.1: The radar surveillance region in the range and azimuth dimensions.

Let N be the number of consecutive frames processed with DP-TBD. The target is
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assumed to move in the surveillance region with target state in the nth frame given by

Xn = [Xrn> Vins Xons Vbn]/a 1<n<N 3.1

where ” denotes transpose, x,, and x;, are the range and azimuth target positions, respec-
tively, and v,, and v, are the range and azimuth target velocities, respectively. The target

state evolution can be described by the Markov process

Xpi1 = Fxy + vy, (3.2)

where v, is independent and identically distributed (i.i.d.) Gaussian noise and F is the

transition matrix given by

1 T
F=h® , (3.3)

0 1

where ® denotes the Kronecker product, I, is the two-dimensional identity matrix, and 7'
is the time between consecutive scans. This model is suitable for slow moving targets.
Although a single target is considered in this chapter, the proposed technique can easily be

extended to multiple targets.

3.2.2 Measurement Model

The observation region is divided into N, X N, resolution cells, and it is assumed that a
target can only occupy and affect one cell at any given time. When a target is present in

resolution cell (r,b), 1 <r < N,, 1 < b < Np, the radar measurement is given by

b= A exp (jpn) + CHP + v, (3.4)
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where A, is the amplitude of the complex target measurement in the nth scan, ¢, is the target
phase in the nth scan which is assumed to be uniformly distributed over [0, 27), Cﬁ’b denotes
i.i.d. clutter which is assumed to be non-Gaussian distributed, and v,, is additive noise which
is assumed to be complex Gaussian distributed. If there is no target, the measurement in

cell (r, b) in the nth frame is given by

=+, 3.5)

with amplitude

r,b|_

a;’ =z,

The measurements for N frames can be expressed as

2 ={2%, 1<r <N, 1<b<Ny, l<n<N, (3.6)

which in vector form is Z1.y = (21,22, . . ., 2Zn].

The Swerling models were introduced in [15] to describe the statistical properties of
the radar cross-sections of targets. The scattering of the electromagnetic energy from a
target depends on many factors such as target geometry, size, shape, viewing aspect and

polarization. The models for Swerling type 0, 1 and 3 targets are given below.

Swerling Type 0 Target

The Swerling 0 model describes an idealized target without any fluctuations (constant radar

cross-section) and constant amplitude given by

Ay = oy, 3.7)
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where o7 is the mean squared target amplitude.

Swerling Type 1 Target

In the Swerling 1 model, the radar cross-section is constant from pulse to pulse, but varies
independently from scan to scan. The target amplitude A, is Rayleigh distributed with

probability density function (PDF)

2
P(A,) = 2:" exp (—ﬁ) . (3.8)

t

Swerling Type 3 Target

In the Swerling 3 model, the radar cross-section is constant during the radar antenna dwell
time, but varies from scan to scan. The target amplitude A, is Chi-square distributed with

four degrees of freedom and PDF

8 A3
P(A,) = = exp | —

t

2 Aﬁ)
: (3.9)

oy

3.3 Problem Formulation

At the nth scan, a list of candidate targets is obtained through the receiver processing chain
consisting of matched filtering, moving target detection, constant false alarm rate (CFAR),
detection, clustering and data extraction. In this chapter a low threshold is employed
with the radar measurements (4.5) to provide a good tradeoff between performance and
computational complexity. The sequence of candidate targets acquired at scan n is m, =
1,2,..., M,. This may include false targets due to the background clutter and noise.

The DP-TBD algorithm has two steps. First a decision is made concerning whether a
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target is present or not. Then the trajectories which are most likely to correspond to actual
targets are extracted. The consecutive scans Z. can be expressed as Z;.y = (21,22, - - -»ZN]-

The integration process is given by [31]

I(x,|Z1.,) = max  1(x,—11Z1.0-1) + Sznlxs), (3.10)

Xn-1€84(xp

where 1(x,|Z;.,) is the merit function for state x,,, S(z,|x,) is the scoring function [14,26],
and Q(x,) is the set of states at scan (n — 1) for which a transition to x, is possible and is
given by

Q(x,,):argx rélél(); I(x,-1). (3.11)
n—1 n—-1

The following commonly employed DP-TBD scoring functions are considered.

1. Amplitude scoring function [31], [8]

S(znlxn) = ay ™. (3.12)

2. Squared amplitude (SA) scoring function [22]

S@alxn) = (@™ my>. (3.13)

3. Logarithm of the envelope likelihood ratio (LELR) scoring function [16], [32]

(3.14)

S(znlxn) =1In (M) s

P(a,)

LN, NNy | .
where a,, = [a,l,’l, Y R b] is the amplitude vector for the nth scan.
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It was shown in [33] that DP-TBD with the LELR scoring function (4.20) provides
better performance than (4.18) or (4.19). This is due to the use of both the clutter-only
and clutter-plus-target distributions. Thus in this chapter, the LELR scoring function is

considered.

3.4 Non-Gaussian Clutter Distributions

Clutter is a term used to describe anything that generates unwanted radar return backscatter.
High resolution radars that operate at small grazing angles have heterogeneous surveillance
regions and the clutter returns cannot be considered as stationary random processes. For
this reason, Gaussian and Rayleigh distributions are not suitable for the clutter [41]. In
addition, as the size of a radar resolution cell decreases, the clutter distribution becomes
heavily-tailed compared to the Rayleigh distribution. Thus, high-resolution radar with

non-Gaussian distributed background clutter is investigated here.

3.4.1 K Distributed Clutter

A wide range of recorded clutter returns have been analyzed and fit to the K distribution [40].
Compound K-distributed clutter consists of two components of the amplitude of the envelope
of the clutter returns. The firstis the local mean y with PDF P(y) modelled as Chi distributed.
The second is the speckle component which has a Rayleigh distribution P(z|y) with mean

y. The PDF of the K distribution is given by [36]

P(z) = /0 " PEY)PO) dy, (3.15)
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with
2
P(zly) = % exp (—Z—), (3.16)
y y
and
_ ya—l y
P(y) = BT (@) exp (—E) . (3.17)

Evaluating the integral in (3.15) gives

P(z;a,B) = %Ka_l (3) (3.18)
VB I(a)

and the corresponding cumulative distribution function (CDF) is

27% 2z
Fap)=1- —— Ko [22), 3.19
©op =1~ (w?) (3-19)

where « is the shape parameter, S is the scale parameter, I'(-) is the Gamma function,
and K, denotes the modified Bessel function of the second kind. The K-distribution can
be considered as a Rayleigh distribution modulated by a Gamma distribution with finite
moments given by [42]

nL(1+5)(a+3)
I'a)

m, = E["] = B (3.20)

Figure 3.2 shows the effect of changing the shape parameter « and scale parameter S on
the distribution. The shape parameter « is a measure of clutter peakedness, and a lower
value of @ corresponds to higher clutter peakedness. The red line in Fig. 3.2 is for @ = 0.1
and indicates a very heavy-tailed and peaked clutter distribution. Increasing the value of

a > 0.5 decreases the tail of the distribution. As @ — oo, the K-distribution approaches
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Figure 3.2: The PDF of the K distribution for values of the shape parameter a and scale
parameter .

the Rayleigh distribution.
The scoring function for Swerling type 1 and 3 targets in K-distributed clutter is con-

sidered in this subsection. The LELR in K-distributed clutter [36] is

VB T % [ f(y) dy

Lg(zplx,) = In > , (3.21)
Ko (%)
and
1-a (o]
2 27 [ h(y)d
Le(zlx,) = In \ Jo MG dy (3.22)

il )

for Swerling type 1 and 3 targets, respectively. The integrals /Ooo f(y)dy and fooo h(y)dy
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can be approximated using the trapezoidal rule [43]

N;—1

/Ooo Ww(y) dy = Z w(yi) +2W(yi+1)6,-, (3.23)

i=0

where Nj is the number of samples and 6; = y;+1 — y; is the sampling interval. This is used
to evaluate the integrals in (3.21) and (3.22).

The trapezoidal rule typically uses a uniform grid to evaluate the integrals over discrete
values of the integral variable y. However, both f(y) and A(y) have significant values only
for small y and the remaining function values are small. Thus, using a fine uniform-grid is
not efficient and will increase the computational complexity. One solution is to change the
variable y using the substitution y = n_12 This change of variable has the effect of spreading
the region where f and /i have significant values and compressing the range where the

functions have small values. The resulting functions are

2 1-2a Z2 2 1
f) = I —exp |-—t— — —|. (3.24)
1+ n%0y 1+n°0y n°B
and
2 1-2a 2+ 2 + 4.2 2.2 1
popy = 2LCrom o) S 1) (3.25)
2+ 1?01 1+n%0, 7B

To reduce the computational complexity two grids are used to cover the range of 7. A fine
uniform-grid is used for ; € [0, 27,] where 17, = argmax w(z), and a coarse non-uniform
grid is used for 1; > 2, + 0y [42]

Substituting (3.24) and (3.25) in (3.21) and (3.22), respectively, the LELRs for Swerling
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type 1 and 3 targets are given by

Ny
2 ® ; (f (i) + f(iv1)) 0

-«
Lg(zylx,) = In (\/'ZZ ) +1In ; , (3.26)
K- ()
and
o
. 2o 2 (h(mi) + h(iv1)) o
Le(zalx,) = In (\/E ) +1n i~ - , (3.27)
2zn
K ()
respectively, where o; is the sampling interval. For the fine uniform-grid
2in .
ai:NL_”l, 0<i<N (3.28)

where Ny is the number of discrete sample points in the lower range of 7, and for the the

coarse nonuniform-grid

o = Age?, 0<i<Ny, y>1, (3.29)
where
1 — 2N
Ay = (UU - Up) X 1o (3.30)

Ny is the number of discrete sample points in the upper range of 1, and 7y is the maximum

value of 7.

3.4.2 GO Distributed Clutter

The GO distribution was first proposed in [38] and is commonly used to model compound-

Gaussian processes in radar systems. GO distributed clutter can be interpreted as a Rayleigh
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distribution whose mean squared value is inverse gamma-distributed [14]. If the mean

squared value of the Rayleigh distribution is y, and given

2
P(zly) = %GXP (—Z—), (3.31)
y y
and
@ ,—a—1
P(y) = ﬁryvexp (—?), (3.32)

the PDF of the GO distribution is [14]

P(zza, ) = [ P(zly)P(y)dy

2za B
(22 +ﬁ)a+l s

(3.33)

where a and S are the the shape and scale parameters, respectively. Figure 3.3 shows the
effect of changing the shape parameter @ and scale parameter 8 on the distribution. The
shape parameter « is a measure of clutter peakedness, and a smaller value of « results in
more peakedness. The red line in Fig. 3.3 corresponds to @ = 2 and indicates a very heavy-
tailed and peaked distribution. As @ — oo, the GO distribution approaches the Rayleigh

distribution. The LELRs for Swerling type 0 and 1 targets in GO distributed clutter are [14]

2 a+l o0
Lg(zplx,) = (% /O g(y) dy) , (3.34)

and

2 a+l poo
Lot = (LB [ 50)a0) (3:39)
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Figure 3.3: The PDF of the GO distribution for values of the shape parameter a and scale
parameter 5.

respectively, where

A,l? 2 2|A
g(y) — y—a—Z exp (l | + |Zn| +ﬁ10 ( | nlan)) ’ (336)
y y
and
—a—1 2
s(y) = 2—— exp (—E " ) (3.37)
y+ 0y y y+o;

From Section 3.4.1, the trapezoidal rule [43] to approximate Lg(z,|x,) which gives

2 a+1 Ng—1 . _
Le(zalx,) = (|analj'(f)) Z w(yi) +2W(y’+1)6,-, (3.38)
i=0

where Nj is the number of samples and 6; = y;4+1 — y; is the sampling interval. Further,

w(y;) = g(y;) and w(y;) = s(y;) for Swerling type 0 and 1 targets, respectively. Evaluating
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the Bessel function for Swerling type O targets and the large number of samples required
for Swerling type 1 targets makes this approximation computationally complex. In [14], the

following LELR approximations were given.

1. Swerling 0 model: The sum of the weighted incomplete gamma functions for a

Swerling type O target in GO distributed clutter is used to approximate the LELR and

is given by
e+ 1), uqy)
Lgzalxn) = [( (]1((”1)
o (1A + 1zl + Yo((e + 3), ugy)
ql(a+3)
Ty((a +0.5), ugs)
2 7T|An|ZnQ2(a+O'5)
a+1
(@ +z)""
X| —], 3.39
( al'(a) ( )
where
_ 2 2
q1 = |Anl” + |zal” + B, (3.40)
@2 = (|2l = |Aa])* + B, (3.41)
1.827
U= —— (3.42)
2|Zn||An|

and Yz(.) and Ty(.) are the lower and upper incomplete gamma functions, respec-

tively.

2. Swerling 1 model: The LELR in (3.35) is evaluated using the trapezoidal rule with
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uniform and nonuniform grids as discussed in Section 3.4.1. This gives

Ny
(lz |2 +ﬁ)a'+1 ; (3(771) + S(’?i + 1)) gi
al'(a) 2

LE(zn |xn) = (343)

3.5 Order Statistics Dynamic Programming TBD (OS-DP-

TBD)

Order statistics (OS) is used to determine the best candidate targets in a radar scan. This
controls the number of targets to be processed based on the merit function values. Back-
tracking is then used to estimate the trajectories of these targets. Pseudo code for the order
statistics dynamic programming track-before-detect (OS-DP-TBD) algorithm is given in
Algorithm 3.1.

The algorithm requires the following input parameters: number of integration frames
N, dimensions of the range and azimuth cells N, and N, respectively, and the scanned
frames to be processed F,,. D is a design parameter that is a compromise between detection
performance and computational complexity. In this chapter we chose the value of D =
N, X Np/50. As discussed in Section 3.2, N, and N; depend upon range and azimuth
resolution of the radar system, respectively. d, and d} are the number of cells that the target
can move to in the next scan in the range and azimuth directions, respectively, according to
the motion model.

Line 2 applies the point_threshold function to the nth frame to extract the number of
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Algorithm 3.1 The OS-DP-TBD Algorithm with K and GO Clutter Distributions

Input: N, N,, Ny, F, D, d,, d,
1: forn=1to N do
2:  [X,, M,] = point_threshold(F, n);

3: end for

4: forn=1to N do

5 if n = 1 then

6: for m=1,2,...,M, do

7 1(Xnm) = S@ZnlXnm);

8 Q(xpm) = Null;

9 end for

10:  else

11: for m=1,2,...,.M, do

12: 1(xy) = max I(xn—l,m) +S(zn |xn,m)§
Xn-1€Q(Xn,m)

13: Qxpm) =arg  max  I(p—1m);

Xp-1€QXn-1)

14: end for

15:  endif

16: end for

17: Ordered_targets_list = SORT (I(xn 1y ));

18: Best_targets = SELECT (Ordered_targets_list, D);

19: Search_zone = CONE(d,, dp);

20: Trajectory = BACKTRACK (Best_targets, Search_zone);

potential targets M, and their associated states

Xn = [xn,l, Xn2, ©° 0, xn,Mn],

where x,,,, is the state vector for candidate target m, 1 < m < M,. Applying low pre-
processing threshold to the received measurements z, at each scan plays an important
role in decreasing the computational complexity of the proposed algorithm. The adaptive
pre-processing threshold in this chapter is set to be 0.1 X mean(z,).

Lines 4 to 16 evaluate the merit function /(x,,,) and Q(x,,,,) for each scan. Q(x,,) in
lines 8 and 13 is the set of target states in the (n — 1)th scan from which a transition to x,, is

possible to identify potential target trajectories.
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The scoring function S(z,|x,,,) in lines 7 and 12 is evaluated using (4.21), (4.23) and
(4.25) for Swerling type 0, 1 and 3 targets, respectively.

Lines 4 to 9 initialize the merit function /(x,,) and Q(x,,) for states x ,.

Lines 11 to 14 integrate the merit function values /(x,,,) and €Q(x,,) for all candidate
target states x,,, in the nth scan obtained using the scoring function, 2 < n < N.

Line 17 applies the OS-DP-TBD algorithm to the candidate targets in the last scan N to
sort the merit function values /(xy s, ) in the last scan.

Line 18 selects the best D targets that have the highest merit scores.

Line 19 uses the parameters d, and dj to define the search zone in the previous scan
relative to the position of the selected target in the current scan.

Line 20 constructs the target trajectories using backtracking. The target trajectories are
built with a search area around each candidate target location at each scan based on the

target motion model. Moving targets with a constant velocity are considered in this chapter.

3.6 Performance Results

In this section, the performance of the proposed technique is examined. First, the perfor-
mance of OS-DP-TBD is presented for Swerling type 1 and 3 targets in K distributed clutter,
and then OS-DP-TBD is evaluated for Swerling type 0 and 1 targets in GO distributed clutter.
These results are compared with the DP-TBD techniques given in [36] and [14] to show
the performance improvement with the proposed algorithm. The probability of detection
Pp is defined as the probability of determining the target trajectory within 2 cells of the
actual target cell throughout the entire trajectory. The simulation parameters are N, = 50,

Np = 50, and Ny = 100, Ny = 60, N, = 40. The number of integration frames is N = 6
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and the number of simulation trials is 100, 000.

3.6.1 OS-DP-TBD Performance in K Distributed Clutter

The detection performance of OS-DP-TBD using the LELR score function for Swerling
type 1 and 3 targets in K distributed clutter is given in Figs. 3.4 and 3.5, respectively, for
N = 6. These figures show the effect of the shape parameter « and scale parameter 8 = 1/«
on the detection performance of the proposed technique for Swerling type 1 and 3 targets,
respectively. Comparing these results with those for the DP-TBD technique given in [36]
shows that the proposed approach provides better detection performance. Table 3.1 gives
the performance gain of the proposed OS-DP-TBD technique in K distributed clutter over
the technique in [36] for Swerling type 1 and 3 targets with N = 6, Pp = 0.5 and different
values of a. Note that the gain is positive in all cases. Further, the gain is larger for larger

values of «.

Table 3.1: Performance gain (dB) of OS-DP-TBD for Swerling type 1 and 3 targets in K
distributed Clutter with N = 6 and Pp = 0.5.

Shape Parameter «

Swerling Type | 0.1 0.5 1 2
1 0.5 1.4 1.5 2.0
3 0.5 1.6 1.4 1.8

The detection performance of OS-DP-TBD using the LELR score function for Swerling
type 1 and 3 targets in K distributed clutter and complex Gaussian noise is given in Figs.
3.6 and 3.7, respectively, for N = 6 and SNR = 10 dB. To investigate the effect of complex

Gaussian noise on the performance of the proposed technique, we define the performance
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Figure 3.4: Probability of detection of a Swerling 1 target with K distributed clutter for
different values of the shape parameter o and scale parameter S = 1/a, and N = 6.

loss at Pp = 0.5 as the difference in SCR when Gaussian noise is present and absent. Table
3.2 gives the performance loss with the proposed OS-DP-TBD technique with K distributed
clutter and complex Gaussian noise for a Swerling type 1 target, N = 6 and Pp = 0.5
for different shape parameter values « and scale parameter 8 = 1/@. This shows that the
performance loss is less than 1 dB for the values of a considered and the loss decreases
with increasing «.

Table 3.3 gives the performance loss with the proposed OS-DP-TBD technique with K
distributed clutter and complex Gaussian noise for Swerling type 3 targets, N = 6, Pp = 0.5,
and different values of the shape parameter @ and scale parameter 8 = 1/a. In this case,
the greatest performance loss occurs when @ = 0.5. Further, the loss is greater than for

Swerling 1 targets. However, Tables 3.2 and 3.3 indicate that the performance loss is not
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Figure 3.5: Probability of detection of a Swerling 3 target with K distributed clutter and
different values of the shape parameter o and scale parameter 5 = 1/a, and N = 6.

Table 3.2: OS-DP-TBD performance loss for a Swerling 1 target with K distributed clutter,
N =6, Pp =0.5 and SNR = 10 dB.

Shape Parameter « K Clutter and K Clutter Loss (dB)

Noise Only
0.1 10.3 9.6 0.7
0.5 8.5 7.6 0.9
1.0 6.9 6.4 0.5
2.0 59 54 0.5

great for either Swerling type.
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Figure 3.6: Probability of detection of a Swerling 1 target with K distributed clutter for
different values of the shape parameter a and scale parameter S = 1/a, N = 6 and complex
Gaussian noise with SNR = 10 dB.

Table 3.3: OS-DP-TBD performance loss for a Swerling 3 target with K distributed clutter,
N =6, Pp =0.5and SNR = 10 dB.

Shape Parameter « K Clutter and K Clutter Performance
Noise Only Loss (dB)

0.1 9.5 8.8 0.7

0.5 8.5 7.3 1.2

1.0 6.9 6.3 0.6

2.0 5.6 5.0 0.6
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Figure 3.7: Probability of detection of a Swerling 3 target with K distributed clutter for
different values of the shape parameter a and scale parameter S = 1/a, N = 6 and complex
Gaussian noise with SNR = 10 dB.

3.6.2 OS-DP-TBD Performance in GO Distributed Clutter

The detection performance of OS-DP-TBD using the LELR scoring function for Swerling
type 0 and 1 targets in GO distributed clutter is given in Figs. 3.8 and 3.9, respectively,
for N = 6. These figures show the effect of changing the shape parameter a and scale
parameter S = « — 1 on the detection performance of the proposed technique for Swerling
type 0 and 1 targets, respectively.

Comparing these results with those for the DP-TBD technique given in [14] shows
that the proposed approach provides better detection performance. Table 3.4 gives the
performance gain of the proposed OS-DP-TBD technique in GO distributed clutter over the

technique in [14] for Swerling type 0 and 1 targets with N = 6, Pp = 0.5 and different values
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of @. Again, the gain is positive in all cases. Further, The gain increases with increasing «.
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Figure 3.8: Probability of detection of a Swerling 0 target with GO distributed clutter for
different values of the shape parameter « and scale parameter 5 = o — 1, and N = 6.

Table 3.4: Performance gain (dB) of the OS-DP-TBD technique for Swerling type 0 and 1
targets in GO distributed clutter with N = 6 and Pp = 0.5.

Shape Parameter

Swerling Type | o = 2 a=3 a=6
0 0.4 1.2 1.8
1 0.6 2.0 2.1

The detection performance of OS-DP-TBD using the LELR score function for Swerling
type 0 and 1 targets in GO distributed clutter and complex Gaussian noise is given in

Figs. 3.10 and 3.11, respectively, for N = 6 and SNR = 10 dB. Table 3.5 gives the
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Figure 3.9: Probability of detection of a Swerling 1 target with GO distributed clutter for
different values of the shape parameter o and scale parameter 5 = @ — 1, and N = 6.

performance loss of the proposed OS-DP-TBD technique with GO distributed clutter and
complex Gaussian noise for a Swerling type O target, N = 6 and Pp = 0.5, for different
values of @ and 8 = @ — 1. These results show that there is a loss when noise is present, as
expected. Further, the loss decreases with increasing «.

Table 3.6 gives the performance loss of the proposed OS-DP-TBD technique with GO
distributed clutter and complex Gaussian noise for Swerling type 1 targets, N = 6, Pp = 0.5,
and different values of @ and 8 = @ — 1. Again, this shows that the loss decreases with
increasing a. Tables 3.5 and 3.6 indicate that the performance loss for either Swerling type

is not great.
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Figure 3.10: Probability of detection of a Swerling O targets with GO distributed clutter
for different values of shape parameter «, scale parameter § = @ — 1, N = 6, and complex
Gaussian noise with SNR = 10 dB.

Table 3.5: OS-DP-TBD performance loss for a Swerling 0 target with GO distributed clutter,
N =6, Pp =0.5 and SNR = 10 dB.

Shape Parameter « GO  Clutter GO  Clutter Performance

and Noise Only Loss (dB)
2 8 5.6 2.4
3 6.3 4.9 1.4
6 4.9 4.3 0.6

50 4.1 3.5 0.6
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Figure 3.11: Probability of detection of a Swerling 1 target with GO distributed clutter
for different values of the shape parameter @ and scale parameter § = a — 1, N = 6 and

complex Gaussian noise SNR = 10 dB.

Table 3.6: OS-DP-TBD performance loss for a Swerling 1 target with GO distributed clutter,

N =6, Pp =0.5 and SNR = 10 dB.

Shape Parameter « GO  Clutter GO  Clutter Performance
and Noise Only Loss (dB)

2 9.5 8.4 1.1

3 7.9 6.7 1.2

6 6.3 53 1.0

50 4.9 4.1 0.8

3.7 Conclusion

This chapter considered the detection of fluctuating targets in non-Gaussian distributed

clutter. An OS-DP-TBD algorithm was proposed and evaluated for Swerling type 0, 1 and
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3 targets in non-Gaussian clutter. Results were presented which show that the proposed
OS-DP-TBD technique performs better than the DP-TBD technique in [36] with gains of 0.5
to 2 dB in K distributed clutter. The proposed technique also performs better than DP-TBD
technique in [14] with gains of 0.4 to 2.1 dB in GO distributed clutter. Further, the effect
of complex Gaussian noise was considered. It was shown that the performance loss due to

noise with the proposed technique is not great.
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Chapter 4

Order Statistics Dynamic Programming
Track-Before-Detect for Extended

Targets in Weibull Distributed Clutter

4.1 Introduction

Most target tracking algorithms consider a single moving target as a point and estimate its
center of mass based on the incoming sensor data such as range and azimuth. However,
recently developed high resolution radar systems are able to resolve individual features of
the targets [44]. In addition, advances in pulse compression techniques for radar receivers
allows the generation of high resolution radar data where targets typically occupy more than
one resolution cell [1]. Thus, the target does not appear as a point target [45]. Depending
on the range and azimuth resolution, the target may appear as a point in some systems
while there may be target energy spillover in other systems. This chapter considers the

case where the resolution is not sufficient so an extended target model is considered. An
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extended target model is also useful when the size of the target is small [46]. Detecting
and tracking extended targets were considered in [45,47,48]. A realistic extended target
model for TBD was presented in [45], To improve target tracking, a point spread function
was employed. In [47], range distributed target detection in compound-Gaussian clutter
was considered. Particle filter TBD with a marked Poisson point process (MPPP) model
was proposed in [48] to estimate the extended target signals and the corresponding centroid
direction Of arrival (DOA).

The decision as to whether a target is present in a resolution cell is central to modern
radar systems. It is a key task in radar signal processing and is typically the first step. A
target is determined to be present in a resolution cell by comparing the decision statistic
with a threshold. The results are then processed using traditional tracking algorithms [15].
However, when the signal to noise ratio (SNR) is low ,the target signal is often discarded
since the detector only retains measurements above an intensity threshold, resulting in
poor detection performance [7]. Track-before-detect (TBD) techniques employ joint target
detection and tracking and are effective in low SNR environments. A decision on the
presence of a target is made using several consecutive frames of data [17], [9]. TBD uses
no threshold or a very low threshold in order to capture low SNR radar measurements and
then detection and tracking is conducted [18].

Recent research has determined that radar systems have significant heterogeneous back-
ground clutter [33]. In addition, the data obtained with a small grazing angle or high
resolution radar from a heterogeneous terrain such as urban and forested areas is not Gaus-
sian distributed. Experiments conducted with an HF surface wave radar [37] have shown
that the clutter is highly heterogeneous. The Weibull, log-normal, K [36] and GO distri-

butions [14] are commonly used compound-Gaussian distributions for such clutter. The
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Weibull distribution was first validated with land clutter returns observed by high resolution
radars. The skewness of this distribution was shown to increase as the radar depression
angle decreases [28]. Recently, this distribution was used to characterize weather clutter
and sea clutter. These results motivate the use of the Weibull clutter model here.

Order statistics (OS) is widely employed in wireless communication systems to mitigate
the effects of fading [29]. It has been shown to be effective for different types of fading
distributions with unknown parameters. This chapter considers OS to detect Swerling type
0, 1 and 3 targets in heterogeneous background clutter which is Weibull distributed. The
logarithm of the envelope likelihood ratio (LELR) is used as the scoring function with

DP-TBD. The contributions of this chapter are as follows.

1. Order statistic DP-TBD (OS-DP-TBD) is proposed which selects the best candidate
targets in each scan. The proposed algorithm provides significantly improved detec-
tion performance for extended targets with different energy spillover levels compared

to basic DP-TBD in [26].

2. The proposed OS-DP-TBD technique is evaluated in Weibull distributed background

clutter for Swerling type 0, 1 and 3 targets with different target energy spillover levels.

The rest of the chapter is organized as follows. The system model and notation are given
in Section 4.2. Section 4.3 provides the problem formulation and the OS-DP-TBD technique
is introduced in Section 4.4. The performance of OS-DP-TBD for different target energy
spillover levels with Weibull distributed clutter is evaluated in Section 4.5 for Swerling type

0, 1 and 3 targets. Finally, some concluding remarks are given in Section 4.6.
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4.2 System Model and Notation

In this section, the dynamic target model and measurement model are introduced.

4.2.1 Dynamic Target Model

We assume a two-dimensional surveillance radar in the range-azimuth plane. The surveil-
lance region has N, X N, cells where N, = R/A, and N, = w/A, are the number of range
and azimuth cells, respectively. R is the maximum range and w is the azimuth extension of
the surveillance region. The range resolution A, is determined by the waveform bandwidth
B where A, = ¢/(2B) and c is the speed of light. The azimuth resolution A is given by the
3-dB beamwidth.

Let N be the number of consecutive frames processed with DP-TBD. The target is

assumed to move in the surveillance region with target state in the nth frame given by

xn = [xn,r’ Vn,ra xn,ba Vn,b]’a 1 S n S N’ (41)

where ” denotes transpose, x,, and x,; are the range and azimuth target positions, respec-
tively, and v, and v, are the range and azimuth target velocities, respectively. The target

state evolution can be described by the Markov process

Xp1 = Fx, + vy, 4.2)

where v, is an independent and identically distributed (i.i.d.) Gaussian noise process. F'is
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the transition matrix given by

1 T
F=h® , 4.3)

0 1

where ® is the Kronecker product, I is the two-dimensional identity matrix, and 7 is the
time between consecutive scans.

The noise process v, is typically Gaussian with covariance matrix Q given by

0, 0 T3/3 T?%/2
Q= ; Qs = gy ; (4.4)
0 O, T2/2 T

where ¢; is the power spectral density of the acceleration noise in the spatial dimensions.
This model is suitable for slow moving targets [49]. Although a single target is considered

in this chapter, the proposed technique can easily be extended to multiple targets.

4.2.2 Measurement Model

The observation region is divided into N, X Nj, resolution cells. When a target is present, let
h""(x,) denote the point spread function which accounts for the spillover of target energy
to the (r, b)th resolution cell. The point spread function parameters are chosen based on the
characteristics of the radar system. As shown in in Fig. 4.1, the adjacent resolution cells
may contain target energy spillover which makes the measurements in these resolution cells
target-like.

Note that the target energy can spillover not only to adjacent range cells but also to
adjacent azimuth cells [16].

When a target is present in resolution cell (r,b), 1 < r < N,, 1 < b < Np, the radar
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Figure 4.1: The radar surveillance region in the range and azimuth dimensions.

measurement is given by

20 = Agexp (jou) h0(x,) + CEP, (4.5)

where A, is the amplitude of the complex measurement of the target in the nth scan, ¢, is
the corresponding target phase which is assumed to be uniformly distributed over [0, 27),
and C,r,’b denotes i.i.d. clutter which is assumed to be Weibull distributed. If there is no

target, the measurement in cell (r, b) in the nth frame is given by

b= crb, (4.6)
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with amplitude

ay? =257,

where 1 <r < N,, 1 < b < Np, 1 £n < N. The measurements for frame n can be

expressed as

L1 LN, NN
TN R s S A 4.7)

The measurements for the N frames can be expressed as an N, N, X N matrix

ZIZN = [ZI,ZZ, .. ~’ZN]7 (4'8)

where Z.y denotes columns 1 to N.

The Swerling models were introduced in [15] to describe the statistical properties of
the radar cross-sections of targets. The scattering of the electromagnetic energy from a
target depends on many factors such as target geometry, size, shape, viewing aspect, and

polarization. The models for Swerling type 0, 1 and 3 targets are given below.

Swerling Type 0 Target

The Swerling type 0 model describes an idealized target without any fluctuations (constant

radar cross-section), and constant amplitude A,, given by

A, = \/Fl’ (49)

where o is the mean squared target amplitude.
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Swerling Type 1 Target

For the Swerling type 1 model, the radar cross-section is constant from pulse to pulse, but
varies independently from scan to scan. The target amplitude A, is Rayleigh distributed

with probability density function (PDF)

2
P(A,) = 2:" exp (—ﬂ) . (4.10)

t t

Swerling Type 3 Target

For the Swerling type 3 model, the radar cross-section is constant during the radar antenna
dwell time, but varies from scan to scan. The target amplitude A, is chi-square distributed

with four degrees of freedom and has PDF

8 A3 2 A2
P(A,) = - exp | — ) 4.11)
o} Oy

Clutter is a term used to describe any object that generates unwanted radar return
backscatter. In many cases, the clutter signal level is much higher than the receiver noise
level. The ability of a radar to detect targets embedded in clutter depends on the signal-
to-clutter ratio (SCR) [2]. Clutter includes earth surface echoes (terrain and sea), weather
echoes (rain and clouds), and man-made clutter such as chaft clouds which consist of strips
of reflective material. Clutter echoes differ from both target echoes and noise, and can

appear as either a target or noise [3]. In this chapter, the SCR is defined as

SCR = 10log,, ((f’), (4.12)

(e

where o, denotes the mean of the clutter power.
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The Weibull distribution has been used to model clutter at low grazing angles (less than
five degrees) for frequencies between 1 GHZ and 10 GHZ [2]. Further, shadowing at low
grazing angles can hide large scatterers so that the clutter distribution has long tails. The

PDF of the Weibull distribution is
B (B-1) ~(x/A)®
f(x|A, B) = Z(x/A) e , (4.13)

with mean and variance

,u:Al“(1+%), (4.14)

var e {12) (e 2] ). w19

respectively [2], where I'(-) denotes the Gamma function, and A and B are the Weibull
scale and shape parameters, respectively. Figure 4.2 shows the effect of changing B on the
PDF with scale parameter A = 1. For B = 2, the Weibull distribution becomes a Rayleigh
distribution, and for small values of B the tail is long. For B < 1, the Weibull distribution

becomes an exponential distribution.

4.3 Problem Formulation

At the nth scan, a list of candidate targets is obtained from the receiver processing chain
consisting of matched filtering, moving target detection, CFAR (constant false alarm rate),
detection, clustering and data extraction. In this chapter a low pre-processing threshold is
employed with the radar measurements (4.5) to provide a good tradeoft between performance
and computational complexity. The sequence of candidate targets acquired at scan n is

m, = 1,2,..., M,. This may include false targets due to noise or background clutter. An
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Figure 4.2: The PDF of the Weibull distribution for values of the shape parameter B.

extended target model with different target energy spillover is considered in this chapter.

The DP-TBD algorithm has two steps. First a decision is made concerning whether a
target is present or not. Then the trajectories which are most likely to correspond to actual
targets are extracted. For the N consecutive scans Z.y, the integration process is given
by [31]

I(xnlzlzn) = max )I(xn—l |len—1) + S(zn |xn)’ (4.16)

Xn-1€Q(xp,
where I(x,|Z1.,) is the merit function for state x;,,, S(z,|x,) is the scoring function [14], [26],
and Q(x,) is the set of states at scan n — 1 for which a transition to x,, is possible and is
given by

Qx,) =arg max I(x,-). 4.17)

xn—leg(xn—l)

The following commonly employed DP-TBD scoring functions are considered.
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1. Amplitude scoring function [31], [8]

S(znlxn) = ay™". (4.18)

2. Squared amplitude (SA) scoring function [22]

S@alxn) = (ay™m)?. (4.19)

3. Logarithm of envelope likelihood ratio (LELR) scoring function [16], [32]

(4.20)

Salx) = In (P @, "‘")),

P(ay)

L1 LN, N,,Nb]

where a,, = [a,",...,a, ", ..., a, is the amplitude vector for the nth scan.

It was shown in [33] that DP-TBD with the LELR scoring function (4.20) provides better
performance than with (4.18) or (4.19). This is due to the use of both clutter-only and clutter-

plus-target distributions. The LELR for the three Swerling types are given below [26].

1. Swerling 0 model

2AE & 24,
Li(@nlx,) = ~ £33 ( ( i )) (421
r=1 b=1

C

where Ij(.) is the modified first order Bessel function and & denotes the N, N, dimen-

sional vector formed by

Wb(x); r=1,...,N, b=1,...,N,
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so that
h=[h""(x), ..., 0" (x,), ..., NN (x,)] . (4.22)
2. Swerling 1 model
Ny Np r,.b
1 2
Le@lo) = — L ()
Tc 15421 Te TY°
N, N, -
+ In{—<—|. (4.23)
VZ:; ; (O-C + W’b)
where
2
Yt = (h”b(xn)) . (4.24)

3. Swerling 3 model

Np 2.1 r,b
4 s

Lg(ay|x,) W

Il
F i[M=

Wb (ay)?

m(l+m{%%+wa

LShge vt 2y 4.25
+ — — () . :
O¢ Z Z 20—0 + wr,b (an ) ( )

4.4 Order Statistics Dynamic Programming TBD (OS-DP-

TBD)

Order statistics (OS) is used to determine the best candidate targets in a radar scan. This
controls the number of targets to be processed based on the merit function values. Back-

tracking is then used to estimate the trajectories of these targets. Pseudo-code for the order
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statistics dynamic programming track-before-detect (OS-DP-TBD) algorithm is given in

Algorithm 4.1.

Algorithm 4.1 The OS-DP-TBD Algorithm for Extended Target with Different Energy
Spillover
Input: N,N,, Ny, L, F, D, d,, dp

1: forn=1toN do

2:  [X,, M,] = point_threshold(F, n);

3: end for

4: forn=1to N do

5. if n =1 then

6: for m=1,2,...,M, do

7. 1(m) = S@nlum):

8: Q(xpm) = Null;

0: end for

10:  else

11: for m=12,...,.M, do

12: I(xpm) = max  I(xp-1m) + S@n|Xnm);
Xp—1 €Q(Xn,m

13: Qxpm) =arg max  I(xXp—1m);

Xp-1€Qx,-1)

14: end for

15:  endif

16: end for

17: Ordered_targets_list = SORT (/(xn,umy ));

18: Best_targets = SELECT (Ordered_targets_list, D);

19: Search_zone = CONE(d,, dp);

20: Trajectory = BACKTRACK (Best_targets, Search_zone);

The algorithm requires the following input parameters: number of integration frames
N, dimensions of the range and azimuth cells N, and N,, respectively, the scanned frames
to be processed F;,, target energy spillover L where the number of range resolution cells
that contain target energy is 2L + 1, and the number of ordered candidate targets to be
processed D. D is a design parameter that is a compromise between detection performance
and computational complexity which here is et to D = N, X N /50. As discussed in Section
4.2, N, and N, depend upon range and azimuth resolution of the radar system, respectively.

d, and dp are the number of cells that the target can move to in the next scan in the range



89

and azimuth directions, respectively, according to the motion model.
Line 2 applies the point_threshold function to the nth frame to extract the number of

potential targets M,, and their associated states

Xl’l = [xi’l,17 xn,Z’ L) xn,Mn]a

where x,,,, is the state vector for candidate target m, 1 < m < M,. Using a low pre-
processing threshold (rather than none) on the received measurements z, at each scan
will reduce the computational complexity of the algorithm. An adaptive pre-processing
threshold is used here which is 0.1 X mean(z,,).

Lines 4 to 16 evaluate the merit function /(x,,,) and Q(x,,,,) for each scan. Q(x,,,) in
lines 8 and 13 is the set of target states in the (n — 1)th scan from which a transition to x,, is
possible to identify potential target trajectories.

The scoring function S(z,|x,,,) in lines 7 and 12 is evaluated using (4.21), (4.23) and
(4.25) for Swerling type O, 1 and 3 targets, respectively.

Lines 4 to 9 initialize the merit function /(x;,,) and Q(x ) for states x1 .

Lines 11 to 14 integrate the merit function values /(x,,,) and Q(x,,) for all candidate
target states x,,, in the nth scan obtained using the scoring function, 2 < n < N.

Line 17 sorts the merit function values I(xy, sz, ) of the candidate targets in the last scan
(N).

Line 18 selects the best D targets that have the highest merit scores.

Line 19 uses the parameters d, and d,, to define the search zone in the previous scan
relative to the position of the selected target in the current scan.

Line 20 constructs the target trajectories using backtracking. The target trajectories are
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built with a search area around each candidate target location at each scan based on the

target motion model. Moving targets with a constant velocity are considered in this chapter.

4.5 Performance Results

The performance of the proposed techniques is examined in this section. First, the perfor-
mance of OS-DP-TBD is presented for Swerling type 0, 1 and 3 targets with different target
energy spillover L. These results are compared with those with DP-TBD [26] to demonstrate
the improvement with the proposed algorithm. We assume that the target moves in the far
zone of the radar system, in which case the target energy spills over only to the adjacent
range resolution cells and not to the adjacent azimuth resolution cells. Then 4"?(x,,) is given
by

I
(r = Xrn) ) (4.26)

nb(x,) = exp | -————].
(xn) exp( 2

We define the probability of detection Pp as the probability of determining the target
trajectory within 2 cells of the actual target cell throughout the entire trajectory. The
probability of false alarm Py, is defined as the probability of detecting a false track in the

absence of a target. The signal-to-noise ratio (SNR) is defined as

SNR = 10logy, (”’ ) 4.27)

On

where o, is the complex Gaussian noise power. The Pp results for the proposed algorithm

are obtained based on the desired Py, which here is 107
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The position root-mean-squared error (RMSE) is defined as

M N
_ 1 am m \2 am m \2
RMSE=—— %" % \/(x,,n ) (R xR, (4.28)

m=1 n=1

where (£, )EZf’n) and (x,,, fon) are the estimated and true target positions at the nth scan
during the mth simulation, respectively. The simulation parameters are N, = 50, N;, = 50,
and N = 5 and 10 integration frames. Unless otherwise specified, the scale and shape
parameters for the Weibull distribution are A = 1.0 and B = 1.5, respectively. The number

of simulation trials is 100, 000 for each probability of detection result.

4.5.1 OS-DP-TBD Performance with Complex Gaussian Noise

The detection performance of OS-DP-TBD using the LELR scoring function with N = 5,
target energy spillover L = 1, and complex Gaussian noise for Swerling type 0, 1 and 3
targets is presented in Figs. 4.3, 4.4 and 4.5, respectively.

Basic-DP-TBD in these figures denotes LELR-DP-TBD in [26]. Figures 4.6, 4.7 and
4.8 give the corresponding performance with L = 2. These results show that OS-DP-
TBD performs better than basic DP-TBD. This is because of the noncoherent intraframe
integration with the order statistics algorithm. Tables 4.1 and 4.2 give the performance
gain of OS-DP-TBD over basic DP-TBD for Swerling type 0, 1 and 3 targets, N = 5, and
Pp = 0.5 with target energy spillover L = 1 and L = 2, respectively. This shows that the
improvement with the proposed technique is between 0.9 and 1.7 dB. Further, the processing
gain of the proposed algorithm increases with the number of integration frames, but the
workload also increases.

Table 4.3 gives the performance loss of the proposed OS-DP-TBD algorithm for Swerling
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Figure 4.3: Probability of detection of a Swerling 0 target using OS-DP-TBD and Basic
DP-TBD for target energy spillover L = 1 with complex Gaussian distributed noise and
N =5.
type 0, 1 and 3 targets, N = 5, and Pp = 0.5 with complex Gaussian noise with different
target energy spillover L. This shows the performance loss is 0.4 to 0.6 dB greater with
L=2.

Table 4.1: Performance Gain of OS-DP-TBD Compared with Basic DP-TBD for L = 1,
N =5and Pp =0.5.

Swerling Type Performance Gain (dB)
0 1.7
1 1.1
3 1.2
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Figure 4.4: Probability of detection of a Swerling 1 target using OS-DP-TBD and Basic
DP-TBD for target energy spillover L = 1 with complex Gaussian distributed noise and
N =5.

Table 4.2: Performance Gain of OS-DP-TBD Compared with Basic DP-TBD for L = 2,
N =5and Pp =0.5.

Swerling Type Performance Gain (dB)

0 1.3
1 0.9
3 1.4

4.5.2 OS-DP-TBD Performance with Weibull Distributed Clutter

The detection performance of the proposed OS-DP-TBD algorithm for Weibull distributed
background clutter with different shape parameters B, scale parameter A = 1, N = 5, and
L =1 and 2 is given in Figs. 4.9, 4.10 and 4.11 for Swerling type O, 1, and 3 targets,
respectively. These results show the effect of the background clutter on the detection

performance. In particular, a smaller shape parameter B results in worse performance. In
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Figure 4.5: Probability of detection of a Swerling 3 target using OS-DP-TBD and Basic
DP-TBD for target energy spillover L = 1 with complex Gaussian distributed noise and
N =5.

Table 4.3: Performance Loss of the Proposed OS-DP-TBD Algorithm with Complex
Gaussian Noise, L=1and L =2, N =5and Pp = 0.5.

Swerling Type Energy Energy Performance
Spillover Spillover Loss (dB)

0 4.1 4.6 0.5

1 4.6 5.2 0.6

3 4.3 4.7 0.4

addition, as L increases, the performance of the proposed OS-DP-TBD algorithm suffers
because with a fixed target energy, the noncoherent intraframe integration performance is
degraded. For Pp = 0.5 and a fixed shape parameter B, the performance loss with L = 2

compared to L = 1is 0.5 to 1.5 dB for Swerling target types 0, 1, and 3.
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Figure 4.6: Probability of detection of a Swerling 0 target using OS-DP-TBD and Basic
DP-TBD for target energy spillover L = 2 with complex Gaussian distributed noise and
N =5.

Table 4.4 gives the performance loss of the proposed OS-DP-TBD algorithm for Swerling
type 0, 1 and 3 targets, N = 5, and Pp = 0.5 with Weibull distributed clutter, shape parameter
B = 1.5 with different target energy spillover L. This shows that the performance loss is 1

to 1.6 dB greater with L = 2.

Table 4.4: Performance Loss of the Proposed OS-DP-TBD Algorithm with Weibull Dis-
tributed Clutterfor L=1and L =2, N =5, B =1.5and Pp = 0.5.

Swerling Type Energy Energy Performance
Spillover Spillover Loss (dB)

0 5.4 6.6 1.2

1 7.2 8.7 1.5

3 6.2 7.5 1.3
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Figure 4.7: Probability of detection of a Swerling 1 target using OS-DP-TBD and Basic
DP-TBD for target energy spillover L = 2 with complex Gaussian distributed noise and
N =5.

Figures 4.12, 4.13 and 4.14 present the detection performance of the proposed OS-
DP-TBD algorithm with Weibull distributed clutter, B = 1.5, A = 1, N = 5 and 10, and
L =1 and 2 for Swerling type 0, 1, and 3 targets, respectively. These results indicate that
increasing the number of integration frames improves the detection performance, but at a
cost of increasing the computational complexity.

The RMSE for the proposed OS-DP-TBD algorithm with Weibull distributed back-
ground clutter and L = 1 and 2 is given in Figs.4.15, 4.16 and 4.17 for Swerling targets
types 0, 1, and 3, respectively. This shows that the RMSE decreases with increasing SCR
and is greatest with Swerling type 1 targets. Furthermore, a larger L results in worse tracking

accuracy for all three Swerling target types.
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Figure 4.8: Probability of detection of a Swerling 3 target using OS-DP-TBD and Basic
DP-TBD for target energy spillover L = 2 with complex Gaussian distributed noise and
N =5.

4.6 Conclusion

The detection of fluctuating targets in complex Gaussian noise and Weibull distributed
clutter was considered. An OS-DP-TBD algorithm was proposed which employs order
statistics to determine the best targets. The performance was evaluated for Swerling type 0,
1 and 3 targets and an extended target with target energy spillover in the range resolution
cells was considered. Results were presented which show that the proposed OS-DP-
TBD algorithm performs better than basic DP-TBD with a gain of approximately 1 to
2 dB. Furthermore, the effect of Weibull distributed clutter was examined. The detection
performance of the proposed OS-DP-TBD algorithm decreased with increased target energy
spillover for all Swerling target types. Although the detection of a single target was

considered in this chapter, the proposed OS-DP-TBD algorithm can be employed to detect
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Figure 4.9: OS-DP-TBD probability of detection of a Swerling O target for L = 1 and 2

with Weibull distributed clutter for different shape parameters B, A = 1, and N = 5.
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Figure 4.10: OS-DP-TBD probability of detection of a Swerling 1 target for L = 1 and 2

with Weibull distributed clutter for different shape parameters B, A =1, and N = 5.
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Figure 4.11: OS-DP-TBD probability of detection of a Swerling 3 target for L = 1 and 2
with Weibull distributed clutter for different shape parameters B, A = 1, and N = 5.
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Figure 4.12: OS-DP-TBD probability of detection of a Swerling O target for L = 1 and 2
with Weibull distributed clutter for B =1.5, A =1,and N = 5 and 10.
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Figure 4.13: OS-DP-TBD probability of detection of a Swerling 1 target for L = 1 and 2
with Weibull distributed clutter for B =1.5,A=1,and N = 5 and 10.
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Figure 4.14: OS-DP-TBD probability of detection of a Swerling 3 target for L = 1 and 2
with Weibull distributed clutter for B =1.5, A =1,and N = 5 and 10.
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Figure 4.15: RMSE of a Swerling O target for L = 1 and 2 with Weibull distributed clutter
withB=15,A=1,and N = 5.
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Figure 4.16: RMSE of a Swerling 1 target for L = 1 and 2 with Weibull distributed clutter
withB=15,A=1,and N = 5.
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Figure 4.17: RMSE of a Swerling 3 target for L = 1 and 2 with Weibull distributed clutter
withB=15,A=1,and N = 5.

multiple targets.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

The main goal of this work is to improve the target detection and tracking of weak fluctuating
targets. In this dissertation, two novel techniques have been proposed.

In Chapter 2, the detection of fluctuating targets in Weibull distributed clutter was
considered. A new OS-DP-TBD algorithm was proposed and evaluated for Swerling type
0, 1 and 3 targets. In addition, a new expanding window technique EW-TBD for multiframe
integration was proposed. It was shown that EW-TBD outperforms conventional batch
window processing in terms of both detection performance and computational complexity.
Simulation results were presented which show that the proposed OS-DP-TBD algorithm
performs better than basic DP-TBD with a gain of 1 to 2 dB. Furthermore, the effect of
Weibull distributed clutter was examined. It was shown that the performance with EW-TBD
is better than batch window processing with reasonable computational complexity and no
latency.

In Chapter 3, the detection of fluctuating targets in non-Gaussian distributed clutter was
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evaluated. The proposed OS-DP-TBD algorithm was evaluated for Swerling type 0, 1 and
3 targets in non-Gaussian clutter. Results were presented which show that the proposed
OS-DP-TBD technique performs better than the DP-TBD technique in [36] with gains of
0.5 to 2 dB in K distributed clutter. The proposed technique also performs better than the
DP-TBD technique in [14] with gains of 0.4 to 2.1 dB in GO distributed clutter. Further, the
effect of complex Gaussian noise was considered. It was shown that the performance loss
due to noise with the proposed technique is small.

In Chapter 4, the detection of fluctuating extended targets in complex Gaussian noise
and Weibull distribution clutter was considered. The proposed OS-DP-TBD algorithm was
evaluated for Swerling type 0, 1 and 3 targets and different target energy spillover levels in
the range resolution were considered. Simulation results were presented which show that
the proposed OS-DP-TBD performs better than basic DP-TBD with a gain of 1 to 2 dB.
The detection performance of the proposed algorithm decreased with higher target energy

spillover L for all types of Swerling targets.

5.2 Future Work

In the course of this research, several ideas arose that could lead to interesting results. The

following topics can be considered in the future.

1. Investigate the effect of using the logarithm of the complex data based likelihood ratio

(LCLR) as the scoring function for different types of Swerling targets.

2. Eliminate the zero merit function values of the candidate targets of the proposed

algorithm to reduce the computational complexity.

3. Evaluate the proposed techniques for the multiple targets scenario.
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4. Develop a detection function based on the first and second order differences of
the candidate tracks to eliminate uncorrelated trajectories to improve the detection

performance of maneuvering targets.
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