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ABSTRACT

ALGEBRAIC SPECTRAL MOMENTS BASED MOVING CLUTTER
PARAMETER ESTIMATION AND CLUTTER SUPPRESSION

Oktar, Onur
M.Sc., Department of Electrical & Electronics Enggning
Supervisor : Prof. Dr. Yal¢in Tanik

January 2014, 150 Pages

In many modern radar systems, it is desired tocti¢kee presence of targets in the
interference which includes clutter and noise. ®asi signal processing techniques
are proposed to effectively suppress the cluttdriacrease the signal to interference
ratio. To achieve optimum suppression, radar systemst know clutter
characteristics and process the radar echoes lasdtiese characteristics. For
ground radars, the clutter environment charactesisare relatively stable and
predictable. These characteristics can be storethdars memory and optimum
clutter suppression can be achieved. However, fmitime radars, dealing with sea
clutter is a rather big problem since its charasties changes over time according to
change in velocity vector of wind, grazing angle. ¢ such a case, a radar needs to
adapt itself to changing clutter environment toieed good clutter suppression. The
bigger problem arises when both the rain cluttet Hie sea clutter coexists since
they are differently affected by environmental dtinds and radar parameters. In
these environments, adaptive estimation of bottierigharacteristics to suppress the
interference becomes obligatory if high-performatamgyet detection is needed. In
this study, parametric clutter parameter estimat@mmniques are considered and the
performance of algebraic spectral moments basedingoelutter parameter
estimation technique is investigated for differeanditions. To compare the clutter
suppression of the algebraic spectral moments basedng clutter parameter
estimation technique with that of more conventiomedthods, improvement factor
(IF) is used as the figure of merit.

Keywords: K-Distributed Sea Clutter, Rain Clutter, Rain ar®ka Clutter
Suppression, Parametric Clutter Parameter Estimatigprovement Factor



Oz

CEBIRSEL SPEKTRUM MOMENTLER TABANLI HAREKETL I KARGASA
PARAMETRELER TAHMINI VE KARGASA BASTIRIMI

Oktar, Onur
Yuksek Lisans, Elektrik & Elektronik Muhestigi Bolumu
Tez Yoneticisi : Prof. Dr. Yal¢in Tanik

Ocak 2014, 150 Sayfa

Modern radarlarin blyidk ¢@onlugunda, kargga ve gurdltinin dahil olgw
enterferans icinde hedef tespiti gercekiégmeye calsilmaktadir. Kargsanin
bastiriimasi ve sinyal ile enterferans oraninitirémrtasi igin birgok sinyalsleme
teknikleri  6nerilmgtir.  Optimum kargga bastirrmi icin  radarin karga
parametrelerini bilmesi ve bu parametrelere gorelarayansisini slemesi
gerekmektedir. Kara radarlari icin, kaggaortami parametreleri tahmin edilebilir ve
bayuk oranda kararlidir. Bu parametreler radarzaainda saklanabilir ve optimum
kargaa bastirnmi sglanabilmektedir. Fakat deniz radarlarinda denizg&asinin
karakteristgi rizgar, siyirma agisi v.b. etkenlere gore zangamde deistigi icin
bastiriimasi daha gug¢ bitir. Bu durumlarda etkin bastirmagsayabilmek icin radar
desisken cevreye uyum gmmalidir. Hem deniz hem de gaur kargaasinin
bulundigu ortamlarda ise, iki karga da cevresel faktérlerden ve radar
parametrelerinden farkh etkilergliicin kargga bastirimi daha guc¢ olmaktadir. Bu
tur ortamlarda, iki karg@anin da karakterigiinin uyarlamalisekilde tahmini ve
kargaa bastirnimi, yiksek performansta hedef tespiti gonunlu olmaktadir. Bu
calismada parametrik karga parametreleri tahmin metotlari sunukhue cebirsel
spektrum momentleri tabanh hareketli kag@aparametreleri tahmini metodunun
performansi farkl durumlarda incelerytim. Cebirsel spektrum momentleri tabanh
hareketli kargga parametreleri tahmini metodunun ve klasik yonegml kargaa
bastirimi etkinkginin kasrilastiriimasi icin iyilestirme faktorleri hesaplanmtir.

Anahtar Kelimeler: K-Dagilimh Deniz Kargaasi, Y&mur Kargaasi, Ya&mur ve
Deniz Kargaas! Bastirimi, Parametrik KargaParametreleri Tahminlyilestirme
Faktori
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CHAPTER 1

INTRODUCTION

1.1 Radar Definition

RADAR (RAdio Detection And Ranging) is a detectisystem which determines
range, angle and velocity of distant objects bylyaiag electromagnetic waves
reflected from their surfaces. The radar antenaastnits high energy radio waves
and the radar receiver measures the amplitudaliteetion of arrival and the round-

trip time of the radar pulse to get to the target seturn.

It can be used to detect and track aircraft, spaftecships, missiles and weather

formations such as clouds, rain, snow, hail.

1.2 Interference Definition

Interference in radar terminology can be definecaasunwanted signal that may
originate from internal and external sources anstrobts the detection of intended

targets. There are mainly three types of interfegenoise, jammer and clutter.

There are two sources of noise: Thermal noise amelreal noise. Thermal noise
originates mainly from electronics equipment of alacand caused by random
fluctuations in the electric signals. It is the orajeason that limits a radar’'s

detection performance. It depends mainly on naigerdé of the radar receiver and



system temperature. Another source of noise, eatt@wise, is caused by the natural
thermal radiation of the background surrounding tidrget of interest. Using high
energy radar pulses, matched filtering and Dopmplecessing are ways to overcome

noise.

Jammers are manmade sources that are used to angsk ppresences intentionally
by transmitting parasite signals in the frequenagdof radar. Jamming is the most
challenging problem for a radar since target sidgrealels two-way before entering
the radar receiver while jammer signal travels was-

Clutter is defined as the nuisance radar echodsctefl from the environment or
scene around the interested target. These radaegdan originate from any natural
objects like ground, buildings, sea, precipitatisnch as rain, snow or hail), insects
and even atmosphere itself. The nuisance radaresabginated from non-moving
environments with respect to radar can be claslsdgestationary clutter like ground,
building etc.; while sea, precipitation, insect$masphere can be classified as
moving clutter. Clutter is a common problem thatsimoe solved for many types of

radars.

1.3 Optimum Interference Suppression Filtering and Movng Target
Indicator (MTI) and Moving Target Detection (MTD) A Igorithms

To increase the signal to clutter ratio (SCR), imeo words, to suppress the clutter,
Moving Target Indicator (MTI) and Moving Target [@etion (MTD) are two old but
still valid methods. The MTI method uses the staiy property of the clutter and it
is used to separate moving targets from statioclrger such as buildings, hills,
trees and sea. The phase of the radar echo fromvengntarget changes from pulse
to pulse since the relative distance between tharrand the target differs while the
clutter echoes reach the radar antenna at the phase shift. The MTI algorithm

uses this difference and it is mostly implemente@ &ingle Delay Line Canceler or



a Double Delay Line Canceler in time domain inaaldars. Figure 1-1 shows these

implementation techniques for MTI. In Figure 1:4(t), y(t) and T shows input

signal, output signal and pulse repetition intervaspectively.

x(1) y(r)

delay, T |'—lf

Single Delay Line Canceller Double Delay Line Canceller

x(t)

—_ — T 1

L

delay, T |—»

Figure 1-1: Implementation Techniques for MTI [1].

Frequency responses of a single delay line caneel@ra double delay line canceler

are given in Figure 1-2.
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Figure 1-2: Normalized Frequency Responses for Single and [2oQbhcellers [1].

Although MTI is a very efficient algorithm to sumgss the stationary clutter, it has

some deficiencies [2]:

* Low detection probability in the presence of préaipon clutter since the
mean velocity of the rain clutter may not be cezdeat zero radial velocity
and the rain clutter can leak out of the MTI filt@rhis results in critical
degradation in a radar’'s performance especiallgha case that the radar

antenna is looking along the wind direction.

* High false alarm rate for systems having a rotaéingenna in the presence of
ground clutter (Antenna rotation causes Doppleeagprin even stationary
clutter and some of its power leaks through the Miltér causing false

alarms and decrease in the target detection peafore).



* Wide notch around zero and blind speeds limitsdiéection of the targets
with nearly zero radial velocity or the targetstwridial velocity near blind

speeds.

With these needs, a next generation algorithm, MWDjch offers better sub-
optimum filters, was developed and proposed bydlm&aboratory to overcome the
limitations of the moving target indicator (MTI) st¢ms [2]. Before addressing the
sub-optimum filters offered by the MTD, it is uskfa mention the optimum clutter

suppression filter.

Consider a complex signal Mx1 column vector

y=[y(M-1) yM-2) . y(o] (L.1)

which represents the radar echoes from a rangenodliding the target, the clutter

and the noise sampled with sampling perigdand a filter defined by an Mx1

column vector

h=[h(M-1) h(M-2) .. h((ﬂT (1.2)

Where( )T designates transpose operation.

The received signal vectoy is composed of the target signal vectorand the

interference vectow :

y=t+w, (1.3)

Then, the filtered target signal becomd with power h"tt"h and the filtered

interference becomels’w with power h"w"w"h where ()" designates Hermitian

transpose operation arﬁd)D designates conjugate operation.

The signal to interference ratio (SIR) at the oufgthe filter is



_h"t%"h

SR-—hHS H (1.4)

where the interference covariance matgxis

s =E{ww'}. (1.5)

The optimum clutter suppression filter coefficievector h,, is the filter that

maximizes the signal to interference ratio (SIRhatoutput [3].

According to Schwarz inequality

2

h"tth<|Anff|(A") "t

(h*sn)(t"(s)"t) (1.6)
where
SI = AH A. (1_7)

After arranging (1.6), the upper bound to the SdR be expressed as

SR<t'(S)"t" (1.8)

The optimum clutter suppression filter coefficiemctor h . is the vector satisfies

opt

the equality in (1.8):

hye=(S)°t". (1.9)

As seen, to design the optimum clutter suppresfiten, a priori knowledge of the
interference covariance matrix and the desirecetasmgnal replica to which the filter
Is matched is needed.

Since adaptive estimation of the interference damae matrix needs high

processing powers and the target signal is unknawgriori, the MTD algorithm



introduces some approximate approaches that symiilg optimum filtering that

leads to a sub-optimum filtering [2]:

The MTD algorithm uses an assum8&d of ground clutter and receiver noise

which is a function of only CNR and antenna scagnmodulation [2]. The
CNR can be obtained adaptively by clutter maps thedantenna scanning

modulation can be calculated according to anteataion speed.

The target return signal is assumed to be a Swge@litarget which has unit

power and constant velocity
p= |:1 e‘JZﬁf,Ts e-J'erf, as e‘J'Zfo‘(M -7, :| . (110)

where f, represents the target Doppler frequentyrepresents the PRI and

M represents the number of pulses in CPI.

Parallel Doppler filters tuned to different targetlocities covering whole

Doppler Spectra are designed.

An example of frequency responses of the sub-omtinclutter suppression filters

used by the MTD algorithm can be seen from Figuge 1

T 3 & ¥

......

Figure 1-3: MTD-2 Doppler Filter Characteristics (5-bit coeféats) [2].



The MTD algorithm uses basic principles of the MAdwever it enhances its linear

dynamic range by adding the parallel Doppler fidtéollowed by constant false

alarm rate detectors.

Principle features of the MTD processor presemdeigure 1-4 includes [2]

Use of digital Doppler filters to separate the &rgeturns from the clutter;
the MTD solved this problem by near-optimum filtegyi Near-optimum
filtering of the rain clutter can be done as in tiase of the ground clutter but
the mean velocity of rain (can be different fromm@eshould be considered.
The mean velocity of the rain clutter can be meadiout it was decided not
to do so because measuring the mean velocity ofaineclutter would bring

complexity to hardware.

Adaptive clutter maps to detect targets havingawhal velocity vectors with

respect to radar,

Block-staggered (“multiple PRF”) pulse repetitiorequencies to unmask
aircraft masked by precipitation echoes (PRF agititm CPI to CPI assures
that if the radial velocity of aircraft is differefrom rain, high speed aircraft

falls in to different Doppler filters on differeRRF’s),

Pulse to pulse micro-staggered pulse repetitioquigacy coupled with the

use of a coherent microwave transmitter to elingrsaticond trip echoes,

A constant false alarm rate thresholding algoritesting the output of each
range-azimuth-Doppler cell for the presence of rgeiaand clutter (Since
weather and noise are statistically Rayleigh disted, classic cell averaging
constant false alarm rate algorithms can stabilaédse alarm rate in the

Doppler bins which the rain clutter falls in.)

Correlation and centroiding algorithms that geresratsingle target report

from a cluster of range-azimuth-Doppler target regpo
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Figure 1-4: MTD-2 (Second Generation MTD) Processor Block Daagi2]

Superior features of the optimum filters over thdsp cancellers are listed below [2]:

At zero velocity and blind speeds, improvementdad zero but there is no

worsening as in the case of the 3-pulse canceller.

Except for the filters tuned to or near the bligekeds, there are very deep

nulls at blind speeds.

Since the width of notch around blind speeds igem@ned in an optimum
way with respect to the antenna rotation speed,wiltth of the notch

increases with the increasing antenna rotationdspgi@ce optimum weights
are the function of clutter power, the need to meémeothe scan to scan

clutter power rises.

A simple detector can be built. The optimum prooessan be broken into
two parts; a clutter filter used to multiply th@isal by antenna weighting and
by the inverse of the interference covariance mand a target filter which

is Discrete Fourier Transform. To decrease the cdatipn load, the near-



optimum filter can be approximated by a digitaleiilwhich approximates as
closely as possible the frequency response ofecltitter and the following

target filter which is Discrete Fourier Transfor®HT).

1.4 Thesis Motivation

In many modern radar systems, various signal psiogstechniques have been
proposed to effectively suppress the clutter amlemse the signal to interference
ratio. To achieve optimum suppression, the radatesy must know the clutter
characteristics and process the radar echoes basexse characteristics. Knowing

the clutter covariance matrix is the first ste@ofiieving this goal.

For fixed ground radars, the clutter environmerdrabteristics are relatively stable
and predictable. These characteristics can bedstoreadars memory and optimum
clutter suppression can be achieved. However,ddans on moving platforms, the
clutter characteristics become diverse due to #ative velocity between radar
platform and clutter. This problem can be solvetasithe modulation effect of the
relative velocity between the radar platform and tiutter can be cancelled by
measuring the radar platform velocity and adaptn¥ing target indication (AMTI)
algorithm. The bigger problem arises when both thie clutter and the ground
clutter exist together in the environment since i@iaracteristics changes over time
according to change in the velocity vector of wiod the rainfall rate or the
turbulence strength etc. In such a case, the naekeds to adapt itself to changing
clutter environment to achieve good clutter suppogs Adaptation requires
instantaneous characterization of the environmert gives rise to the need of
estimation of clutter parameters adaptively. TheDMaAlgorithm optimizes its clutter
suppression filters for only ground clutter becamssasuring the mean velocity and
Doppler characteristics of the rain clutter wouddjwire high processing power and

bring complexity to hardware.
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A more chaotic environment is the one where bothrdin clutter and sea clutter
coexists since they are differently affected by ¢éim@ironmental conditions and the
radar parameters. In these environments, adaptatenaion of the clutter

characteristics to suppress the clutter becomegatbty if high-performance target

detection is needed.

Suppression of clutter by estimation of the cluttbaracteristics can be done by
estimating the clutter covariance matrix or estintathe clutter parameters that can
describe the clutter covariance matrix. The estonaof the clutter parameters is
more preferable if they describe whole covarianegrim since they possess a priori

knowledge and reduce the number of unknowns irestienation process.

The main motivation of the thesis is to investiga¢eformance of recently proposed
clutter spectral parameter estimation techniques kwad to the optimum clutter
suppression filtering in the environment that iigs both sea clutter and rain clutter

and compare their main properties.

1.5 Thesis Organization

The main objectives of the thesis can be listefbk®ws:

* Reviewing the characteristics of K-distributed sdatter and Rayleigh

distributed rain clutter,
* Reviewing methods to simulate synthetic sea claitek rain clutter,
* Investigating parametric spectral parameter estimaéchniques,

e Calculating Cramér-Rao bounds for estimations of tutter spectral

parameters,

11



e Determining the RMS errors and biases to estinfatespectral parameters
that define the spectrum of K-distributed sea eluéind rain clutter using the

algebraic spectral moments estimation technique,

« Comparing the clutter suppression performance ef dlgebraic spectral
moments estimation technique with more conventionathods in terms of

improvement factor.

There are totally 6 chapters in the thesis. Chaptpresents the radar terminology
and interference suppression concepts and outtimeswork done in the thesis.
Chapter 2 reviews the characteristics of K-disteusea clutter and Rayleigh
distributed rain clutter. Chapter 3 covers the paataic spectral estimation

technigues. Chapter 4 investigates the performanhadutter parameter estimation
techniqgue which uses algebraic spectral momentsditberent CNRs, Doppler

spreads, Doppler separations, the number of olsmmgaand shape parameters.
Chapter 5 gives comparisons between the clutteprespion performances of the
algebraic spectral moment estimation technique witlie conventional methods in
terms of improvement factor. Finally, Chapter 6 siets of a summary of the work

and main conclusions drawn.
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CHAPTER 2

BACKGROUND

2.1 Problem Statement

In this thesis, the main problem is to estimatedieariance matrix of radar signals
that contain both the K-distributed sea clutter amoh clutter using parametric

spectral estimation methods. Then, the estimatgtecicovariance matrix is used to
design a filter to suppress clutter and thus toeiase the SIR (signal-to-interference
ratio). To investigate the performance of the eators, K-distributed sea clutter and
rain clutter are simulated. Then, the parametritimedor performances are

investigated for different clutter parameters arammpared to the Cramér-Rao
bounds. The K-distributed sea clutter model, rdutter model and radar receiver

noise model reviewed in this chapter.

2.2 Sea Clutter

Sea clutter is defined as the unwanted radar ectossthe sea surface. It has a
relatively low backscatterer coefficient than thed clutter and does not extend as
far as the land clutter. It is difficult to form elationship between sea clutter
characteristics and environmental factors thatrdetee sea clutter characteristics

[4]. Moreover, it is difficult to adapt sea cluttechoes since the sea surface changes
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with time. In other words, the scenario changes wihe, while for ground clutter it

stays the same.

The nature of sea echo generally depends upondhesgrface. There are two
fundamental motions on the sea surface: Wind wawuesswell waves. Wind waves,
also known as ripples, result in random-appearigight alternation and caused by
wind blowing on the sea surface. They are small esaless than 1.73 cm in
wavelength and their phase velocity is determingdirface tension of the water
[5]. Swell waves are sinusoidal, less random, laragelength, low-amplitude waves
and occur when wind waves move out of the regiorrertthey were originally

exited.

2.2.1 Characteristics of Sea Clutter

In this section, the sea clutter characteriste deépendencies and modeling method
are introduced. For this purpose, amplitude distidm, Doppler spectrum properties

of sea clutter shall be covered.

2.2.1.1 Amplitude Characteristics

Unlike white Gaussian radar receiver noise, setieclueturns exhibit properties of
correlated non-Gaussian processes [6]. For theregblution radars, experimental
sea clutter data collected from low grazing anglas significantly higher amplitude
variations than those predicted by the Rayleigtb&pdity Density Function [6]. For
this purpose, many sea clutter amplitude distrdngiare proposed to model sea
clutter: Log-Normal, Weibull and K-distribution. this thesis, K-distribution is used
to model sea clutter returns. The arguments ofcehof K-distribution model are as

follows [6]:
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* The statistical investigation of sea clutter returcollected from many
experiments provide evidence that K-distributiom cgerve as a limiting

distribution for sea clutter.

« Except for the K-distribution, other non-Rayleighstdbutions are not
derived from a physical model or scattering mectraniWhile other non-
Rayleigh distributions are based on fit to the expental data, the K-
distribution model are proposed to describe tenmpasad spatial
characteristics of sea clutter.

According to the compound K distribution model, tpdf of slowly varying

component has root gamma distribution which is

2b 2v-1 —b2y2
P(y)zm(by) e 2.1)

where v is the shape parametdys, is the scale parameter arh'(([)] is the gamma

function.

The other component of compound K distribution mpodamely the fast varying

component, has Rayleigh distribution which is

77')(2

p(xl y)=2—l;xze 4 (2.2)

K-distribution function is the weighted integral @.2) with respect toy:

p(x)=

o—38

p(119) (k=3 5] el 23

where K, is a modified Bessel function of the second kihdrderv-1 andc is a

scale parameter whose expression is
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2.2.1.2 Shape Parameter Model for Sea Clutter

The shape parameter is an important parametermpaond K-distribution model
for sea clutter amplitude characteristics sincéefines “spikiness” and some of
correlation properties of sea clutter. It is thegpaeter that affects detection and false

alarm performance of maritime radars.

The parameterization of shape parameter has begided by Ward [7] and is given

by a simple empirical formula

2 5 cos(26y,)
logo(v) = §loglo(¢§r) + gloglo(l‘lc) —kpor — TSW 2.7)

wherev is the shape parametéiy, is the grazing angle in degrees (842, <10°) ,
A, is the radar resolved area in square meter®gn the aspect angle with respect

to the swell direction.

In formula (2.7) k,,, represents polarizations dependence:

e 1.39 for vertical polarization and
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» 2.09 for horizontal polarization.

2.2.1.3 Mean Clutter Reflectivity (o)

Several mean sea clutter reflectivity models hasenbdeveloped based on different
analytical methods in electromagnetic scatterirgpitir. These models use a lot of
simplifying assumptions and can be used for predicof the mean sea clutter

reflectivity for a limited number of possible sitigms since scattering in microwave
frequencies is complex and complicated further wim@my scattering mechanism of
sea surface is taken in consideration [6]. To atiareze sea clutter radar returns,
instead of using purely analytical consideraticsemi-empirical models have been
developed. In these models the theoretical relatlmgtween model parameters are
defined and experimental data is used to modeltantss Sittrop [SIT], the Georgia

Institute of Technology (GIT), the Technology SeeviCorporation (TSC) and

Dockery (HYB) are examples of these semi-empincatiels.

In this thesis the TSC model is used to simulatecdetter returns since this model
can be used over a broad frequency range (0.5-35 @irtl provides full direction

dependence from upwind to downwind. This modeluggested instead of SIT and
GIT models when propagation conditions are unkndvatause it represents
Nathanson’s data which is the average of all lom&ctions and closely represents

average conditions [6].

The TSC model takes grazing angle, radar frequdooy, direction with respect to
wind direction, sea state and radar polarizatiompsts and gives mean sea clutter

reflectivity as an output.
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2.2.1.4 Doppler Characteristics of Sea Clutter

Sea clutter has generally correlation between pulsiected from a single resolution
cell. The composite model describes the form ofetation between pulses. Over a
short period of time, radar echoes from any clutielt including sea clutter are
always Rayleigh-distributed, which point outs tha radar return consists of many
scatterers. Moreover, this speckle component h@&hissquare distribution which

results in variations in the mean level of ampléwd sea clutter.

Speckle component of sea clutter has a short teahmtwcorrelation period and
becomes fully decorrelated from pulse to pulse fegdency agility [6]. However,
the underlying mean level has strong correlationgldecorrelation time and is not

affected by frequency agility.

If sea clutter is observed with a coherent procgssiterval that is much less than
decorrelation time of modulation process, the alagé characteristics of sea clutter
in coherent processing interval is mostly constastproposed by the composite
model. Then, the correlation caused by modulatimtgss can be considered as
having negligible effect. Correlation is caused dmyly rapidly varying speckle
component of the composite model.

After removing the sample mean level of cluttere thutocorrelation of speckle

component of sea clutter can be found by the faligviormula:

N-T
Z kan+k

ACF, =" —— (2.8)
n;) XX

where * denotes complex conjugate;, denotes complex radar return from a

resolution cell consisting of sea clutter ahd denotes the number of pulses in
coherent processing interval. (2.8) is valid orflthe duration of CPI is short when

compared to the decorrelation time of modulatiomgonent.
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This autocorrelation function is real and even whkea clutter spectrum is centered
at zero Doppler [8] and it is symmetric. If the sppem has a Doppler shift, the

autocorrelation function is product of the autoetation function of zero Doppler

clutter and complex sinusoiexp( j 27f,T) where f, represents the Doppler shift of

clutter spectrum andl represents the time lag [8].

The amount of Doppler shift of sea clutter accogdin wind speed for upwind

conditions is given as follows [5]:

Voopaw =0.25+ 0.18

v, =0.25+ 0.2 (2.9)

DopplerHH

where vy, . 1S Doppler shift of vertical polarization in m/s, is Doppler

opplerHH
shift of horizontal polarization in m/s andl is the wind speed in m/s. As seen from
(2.9), the Doppler shift of sea clutter is indepamtdof the radar frequency and the
grazing angle. Moreover, the constant terms in)(&present the upwind condition
and they can be multiplied by cosine function tdrads the conditions other than the

upwind condition [5].

Since sea clutter characteristics varies accordmgfrequency, grazing angle,

polarization, sea state, whether the sea is fudlyetbped or not and radar resolution,
fitting models to sea clutter data results in ewa@ of many sea clutter Doppler

spectrum models in literature. In this thesis, Batt Gaussian spectrum model [9]
Is used since it is a classical model which has hesed in radar system design for
many decades.

The Doppler spread model of Barlow's Gaussian spetts

o,y =0.3J
Oy =0.13) (2.10)
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where o, is the Doppler spread of vertical polarizationnms, o, Iis the

Doppler spread of horizontal polarization in m/g &h is the wind speed in m/s [5].
2.2.2 Simulation of K-distributed Sea Clutter

Pulse to pulse independent non-Gaussian cluttarn®etare easy to generate since
their probability density functions are product wofarginal probability density
functions. Also, it is straightforward to contrdiet covariance matrix of Gaussian
clutter returns. However, to generate pulse to goulspendent non-Gaussian sea
clutter is a rather difficult problem since it rés generation of random variables
that have a joint probability density function amdpecific covariance matrix. In
the literature, there are two methods proposed doiese this: Zero memory
nonlinear (ZMNL) transformations and sphericallyvanant random processes
(SIRP) [6].

Using zero memory nonlinear (ZMNL) transformatioiss considered to be not
practical for several reasons [6]. In SIRP modelsipossible to control both the

amplitude PDF and the correlation properties ofcdetter at the same time.

In this thesis the SIRP method is used to geneitatesea clutter returns. As
mentioned before the sea clutter returns obey ¢ingposite scatterer theory and can

be expressed as a product of two independent meses

x(t)=y(t)v(t) (2.11)
where v(t) is a zero-mean complex correlated Gaussian rangwotess

representing the speckle component ay(d) IS a non-negative stationary non-

Gaussian random process representing the undenyaaiylating component.

It is assumed that the decorrelation time pft) is much longer than the

decorrelation time ofv(t) and the coherent processing interval. As a resuilt,
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coherent processing intervay(t) is modeled by a random variable rather than a

process.

Then, the sea clutter returns can be expressed as

x(t)=v(t)y. (2.12)

v(t) can be modeled as a complex white Gaussian praeg$diltered by a linear

time-invariant system to achieve the desired tioreetation properties.

The PDF of y is Chi-squared [10]:

t(y) :% y*exp(-w?) (2.13)

wherev is the shape parameter an(l) is the gamma function.

In the SIRP method, K-distributed sea clutter whels a specific covariance matrix

R can be generated by the following steps [6]:

1) Generate a random variabjeaccording to the PDF (2.13).

2) Generate twa\xl sized uncorreletad white zero-mean Gaussian \&@prand

W, .

3) Perform liner transformation to obtain two sptaty invariant randomNxi sized

vectorV, andV,.

V, =GW,
(2.14)
V, =GW,
where
1
G =ED? (2.15)
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E is composed of the normalized eigenvectors ofctheariance matrix ofR and

D is the diagonal matrix of eigenvaluesmf

4) To generate K-distributed sea clutter which th@scovariance matrilR , multiply
theV,+jV, by vy.

2.3 Rain Clutter

Rain, an important meteorological phenomena, has mwajor effects on radar
performance: attenuation of radar signals and utedarechoes reflected from

raindrops which can mask target echoes.

Attenuation and unwanted echoes reflected fromdraps strictly depend on the
rainfall rate. The common rainfall descriptors amadhfall levels defined by The
National Weather Service is given in Table 2-1 &alle 2-2.

Table 2-1Common Rainfall Descriptors

Type Rainfall rate, I in
mm/hr

Drizzle 0.25

Light Rain 1.0

Moderate Rain 4.0

Heavy Rain 16.0

Excessive Rain >40

Table 2-2Rainfall Levels Defined by The National Weathen&ss

Level 1 1.52-6.09 mm/hr
Level 2 6.09-25.9 mm/hr
Level 3 25.9-53.1 mm/hr
Level 4 53.1-114.3 mm/hr
Level 5 114.3-180.3 mm/hr
Level 6 180.3- mm/hr
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Instantaneous rainfall rate probabilities in Turleeg given in Table 2-3.

Table 2-3Instantaneous Rainfall Probabilities in Turkey

Rainfall rate, r in mm/hr  Instantaneous
Rainfall Probability

in Turkey
1.0 % 1.5
2.0 % 0.7
4.0 % 0.25
20.0 % 0.01

2.3.1 Rain Clutter Attenuation

Rain attenuation is a function of rainfall rate airdp-size distribution model. Since
drop-size distributions differ in different areas world, a common, approximate
model is used in radar design.

Above 2 GHz, the attenuation effect of rain on wl@oagnetic waves becomes
significant when the droplets are small comparethéowavelength, in other words,
the size of rain droplets lies in the Rayleigh oegi4]. In this region, the rain

attenuation coefficient in terms of dB/km can bkglated by [11]

b

k=ar (2.16)

where k is the attenuation coefficient, is the rainfall rate in mm/ha and b are

constants that depends on radar frequency, pdiarnzand temperature.

a and b for different radar frequencies given in Table.2a4: and B, should be
used for the horizontal polarization and; and Rer should be used for the vertical

polarization.
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Table 2-4Rain Attenuation Model Parameters for Different Ra@requencies [11]

Frequency (GHz) & Aver Bhor Byer

1 0.0000387 0.0000352 0.912 0.880

3 0.00065 0.000591 1.121 1.075
10 0.0101 0.00887 1.276 1.264
20 0.0751 0.0691 1.099 1.065
40 0.350 0.310 0.939 0.929

2.3.2 Characteristics of Rain Clutter
2.3.2.1 Amplitude Characteristics

The performance of the constant false alarm raerghm does not change when the
rain comes into the radar observation area sineestatistical distribution of the
amplitude of the rain echo is Rayleigh [2].

2.3.2.2 Mean Clutter Reflectivity (60)

Rain reflectivity is denoted with the symh@land is called volume reflectivity. It
relates rain clutter reflectivity to distributiori @in drop sizes and usually expressed

in decibel units.

The relationship between mean rain clutter refligtiandZ is as follows [11]:

7'[5|K|2

7 (2.17)

wheren is mean rain clutter reflectivity in T A is the radar wavelength in I,
depends on the temperature and wavelength, for meather condition$K|? is

equal to 0.93 for liquid scatterers and 0.197 forén scatterers atlis in nf/m®.

Z values for different rainfall rates are given iable 2-5.
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Table 2-5Z values for different rainfall rates [11]

Rainfall rate, Z,dBz
r in mm/hr

0.25 14

1.0 23
4.0 32
16.0 41

2.3.2.3 Doppler Characteristics

Doppler spectra of radar echoes reflected from @n be described by four
mechanisms when only inter clutter motion is takén account: wind shear, beam
broadening, turbulence and fall velocity distrilbati{12]. A fifth mechanism can be
included if the radar antenna is rotating, namahtenna rotation effect or antenna

scanning modulation.

Assuming these mechanisms are independent, thaneariof Doppler velocity

spectrumg? of rain can be expressed as the sum of the \@@$safrom each

mechanism:
2 2 2 2 2
O, =O0gear T Opeam T Oy T Oty - (2.18)

In fact, these velocity variances are strictly tedato the second spectral moment
about the mean of Gaussian spectrum model. TWerpgpectral density function of

rain clutter can be described by a Gaussian spactg{ f) [13]

—f2

G(f)=Ge™ (2.19)

where G, is a constant that depends on the average raio potver, f is the

Doppler frequency and? is the Gaussian spectrum variance.
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o? andg? are related through

oy = /]V (2.20)

where A is the radar wavelength.

1. Wind shear: Wind shear effect is caused bycttege in wind velocity over the
vertical extend of radar beam. Wind velocity changadth altitude and results in a
distribution of radial velocities of rain drople&nd this phenomena has great effect
on spectrum width when extent of radar beam inicadridirection is large. This

mechanism can be the greatest of all mechanisipsciedly for ground based radars.

For Gaussian antenna pattern, the effect of wirgchisbn Doppler spectrum of rain
clutter can be related through

Oger = 0.44Rp (2.21)
wherek is the velocity gradient in the vertical directiohthe beam in m/s/kmRR is
the slant range to clutter in km amggl is the two-way half power antenna elevation

beamwidth in radians. For pencil beam radars,
* k=4.0 m/s/km is suggested for averaged over 360° azianuh

* k=5.7 m/s/km is suggested for along wind direction [14].

2. Beam broadening: The effect of the change oflvgipeed in vertical direction is
covered by the wind shear effect; however, theidigion of radial velocities caused
by tangential movement of rain droplets over thdarabeam induced by the
tangential wind direction is covered by the beamadening mechanism. In beam
broadening mechanism, only the horizontal compoisetaken into account because
the vertical component is negligible when compdoedind shear.
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The effect of beam broadening on Doppler spectrdnmmam clutter assuming a

Gaussian antenna pattern can be found by

Opern = 0.42/,8, SIiNB (2.22)

whereV, is the wind speed in the beam center in r/ds the two-way half power
antenna azimuth beam width in radians ghds the azimuth angle relative to the

wind direction at beam center in radians.

3. Wind turbulence: Since wind speed is a stochgstbcess, fluctuations in the
mean wind speed causes variation of speed of raiplets and broadening of rain
clutter spectra. According to a number of experitsen is found to be independent

of height and up to 1.5 km altitude,,,, can be approximated as 1 m/s and for higher

altitudeso,,, can be approximated as 0.6 m/s [14].

4. Fall velocity distribution: A spread in fall walities of rain droplets due to their
different individual sizes causes a spread of wBlowomponents along the radar

beam. o, is independent from rain intensity and dependshenelevation angle

through

Tl =1OS|rl// (223)

wherey is the elevation angle.

5. Antenna rotation effect: Antenna scanning alsases spread of rain clutter
spectrum caused by the modulation effect of antgratiern. The resulting antenna

rotation modulation effecr,,,, in Hz can be calculated by [15]
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arm (2.24)

where f, is the pulse repetition frequency and the number of hits between the

one way 3-dB points of antenna pattern. This effésd added to sea clutter Doppler

spread in the same way as rain clutter.

2.3.3 Simulation of Rayleigh-distributed Rain Clutter

The performance of the constant false alarm raerghm does not change when the
rain comes into the radar observation area sineestatistical distribution of the
amplitude of the rain echo is Rayleigh [2]. Thisepbmenon simplifies complexity
of rain clutter generation mechanisms when comptreea clutter.

Since rain clutter has complex Gaussian distrilmjtgenerating rain clutter which

has a specific covariance matrik is possible by a simple linear transformation.
Rain clutter can be generated by following steps:

1) Generate twa\xl sized uncorreletad white zero-mean Gaussian \&@¥prand
W,.

2) Perform liner transformation to obtain two sptaty invariant randomNxi sized

vectorV, andV,.

V, =GW,
(2.25)
V, =GW,
where
1
G =ED? (2.26)
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E is composed of the normalized eigenvectors ofcthariance matrix ofR and

D is the diagonal matrix of eigenvaluesi®f

3) The Gaussian distributed rain clutter which lias covariance matrixR is
V, +jV, .
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CHAPTER 3

METHODOLOGY

3.1 Signal Model

It is necessary to define signal models for thecdetter and the rain clutter and the
parameters of them since the methods presentetlignttiesis are developed to
estimate these parameters.

Let x(t) be a signal received from the environment thauohes both the sea clutter

and the rain clutter. The assumption here is thatradar echoes from sea and rain
have Gaussian shaped spectra and are uncorrelakedach other. However, the sea
clutter and the rain clutter are related throughdmiirection and speed. In order to
generalize the model, we assume that the mean Bxgpphd the spectral widths of

the clutters can take any value.

With the assumptions stated above, the power spac® (f) of x(t) can be

written as
P(f)=xS(f)+o? (3.1)

with
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S(f):\/;im exp[—%(%if‘] ] (3.2)

whereg?, P, f ando;, are the additive white Gaussian circular noiseasgnting

the radar receiver noise power spectral densigymbean powers of the clutters, the
mean frequencies of the clutters and the standaridtibns of the Doppler spectra of

the clutters, respectively.

Visualization of an exampl®,( f) can be seen in Figure 3-1.

Pyf)

>/
Figure 3-1Visualization of P,( f )
The autocorrelation function of(t) is
y(t)=§Piexp[(—2nzaft2+ j 2ft) |+ 075(1) (3.3)
i=1

where j? =-1 and d(t) denotes the Dirac delta function.
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Let x be the Mx1 vector representing the time seriesméar by sampling<(t) with

sampling periodr:

x=[x(0) x(T.) .. x(M-2T) x((M-9T.)] (3.4)
where ( )T designates the transpose operation.
Defining the Mx1 vecton as the additive white Gaussian noigecan be written as
X=y+n (3.5)

where the Mx1 vectory is a stochastic process which is formed by sargpie

radar echo whose power spectrunfis, ().

i=1

Sincen represents the uncorrelated receiver noise, tha&ri@nce matrix on is

R1 :0ﬁ| (3.6)

where | represents the MxM identity matrix.

The covariance matrix of can be written as

R,= E[w']=2R,(R.1.07) (3.7)
with
Ry (R.f.07)=RA(f)B(c7) A(1)) 3.8)
where
A(f)=diag(1 e . M) (3.9)
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Is an MxM matrix representing the Doppler shiftabdtter andB(Uiz) is an MxM

matrix representing the Doppler spread of thetetut

B, (%)= ) 1<k, <M. (3.10)

After combining (3.6) and (3.7), the covariance nwatf x is obtained
R (u#)=R,(u)+all (3.11)

where ,u:[Pl f o7 P, f, 05 Unz] is the parameter vector. If the elements of

M are known, the power spectrum of the radar echabeadescribed precisely and

the optimum clutter filter which maximizes the oult{$IR can be designed.

Actually, it is considered that? can be calculated by the instantaneous radar

receiver bandwidth, the system temperature anddfee figure of the radar receiver.
Then, the parameter vector that defines the powercteum of the radar echo

becomes

u=[R 1, o P, f, 0] (3.12)

3.2 Simplified Signal Model

The signal model whose parameter vector is defing@®.12) can be simplified by
eliminating the standard deviation of Gaussian speadn other words, we can
assume that the sea clutter and the rain clutteoescare target-like echoes which

have very narrow Doppler bandwidths.

This assumption can be used to design suboptimuttecisuppression filters that
place notches in the Doppler spectrum where thelséi@r and the rain clutter take

place, without taking care of the Doppler spreads.
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Actually, the narrow-band assumption is used by-$tep algorithms which can

estimate the parameter vector (3.12). In first swpyP,, f,, B, and f, are
estimated with the assumption that the clutterehaery narrow bandwidths and, in
the second step, solution is generalized to firidand o7. An example for two-step

algorithms can be found in [16].

Under the assumption, the power specti@rfif ) of x(t) can be written as
R(f)=2Ro(f~1)+0 (3.13)
i=1

whereg?, P, f and are the additive white Gaussian circular negeesenting the

radar receiver noise, the mean powers of the ctutted the mean frequencies of the

clutters, respectively.

A visualization of an exampl@s( f) can be seen from Figure 3-2.

P.f)

A

A >/

Figure 3-2Visualization of P,( f )

The corresponding autocorrelation functionxc(t) is
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y(t)= :lPi exp[j 2rft] + ol (t). (3.14)
Following the steps described in Section 3.1, tbeadance matrix ofx can be
found as
R (1)=LRA(1) A1) + a2 (3.15)
where
A(fi)zdiag(l e ejz’”‘(M‘l)TS) (3.16)

is an MxM matrix representing the Doppler shift o€lutter and
,u:[F; f, B f, aﬂ is the parameter vector. Sincg can be calculated by the
instantaneous radar receiver bandwidth, the systemperature and the noise figure

of the radar receiver, the parameter vector whiglinds the power spectrum of the

radar echo becomes

u=[R f, P, f,]. (3.17)

3.3 Maximum-Likelihood Estimator

One way to estimate the parameter vector in (3i42& standard technique in
statistical estimation called the maximume-likelidoML) method. In general, this
method is useful since it constitutes a basis offrison when the performance of a
new estimation method is studied. In the maximumahinhood method, unknown
parameters which maximize the likelihood functioe determined. Negative log-

likelihood function for our case is the followingd]:

L) =log(|R (u)]) + Tr{R* ()R} (3.18)
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where log(.), |.|, andr denote the natural logarithm, the matrix determirzand the

trace operator, respectiveliR is the sample covariance matrix:

> x(K)x(K)" (3.19)

k=1

~ 1
R.= K
where K is the number of observations.

Maximum-likelihood estimategi of the parameter vectouy can be obtained by

solving the following minimization problem:

o= arg”min(L(u)). (3.20)

Since analytic solutions to (3.20) do not exist d&ame of its multidimensional
nonlinearity, an easy to implement second-ordeepsst descent algorithm is

proposed in [16] to solve (3.20).

In [16], it is shown that the statistical perforrsanof the parametric maximum
likelihood estimator fits the Cramér-Rao bound atel optimality is provided.
However, in this method, in every step of the sedeorder steepest descent
algorithm, a 6x1 sized gradient vector and a 6x&diHessian matrix must be
calculated and these calculations require high ctatipnal power. Different
suboptimum methods having lesser computationalsi@ad presented in Section 3.4
and 3.5.

The maximume-likelihood estimator described in teextion can be also used to
estimate the parameter vector of the simplifiechaignodel. The only difference is
that the minimization problem defined in (3.20) glib be done according to

parameter vector (3.17).
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3.4 Subspace-Based Methods

When investigating the problem of finding the megaowers, the mean Doppler
frequencies and the Doppler spreads of more thanrdarference signal such as the
sea clutter and the rain clutter, high-resolutiohspace-based methods like MUSIC
(Multiple Signal Classification) can be used foeithgood statistical performances if
the interference signals are assumed to have \a@rgw spectral widths [17]. They
are also low-cost and suboptimal alternatives ® rtiaximume-likelihood method
when computational resources are important. Howewenen large Doppler
dispersions of the interference signals are tak#n account, DSPE [18] and
DISPARSE [19] algorithms outperform MUSIC. In [20WPSF (weighted
pseudosubspace fitting) algorithm is developed i&nd claimed that it provides
better estimates than the DSPE and the DISPARSHithims.

In [20], the solution to the problem of finding th@arameter vector

,u:[Pl W 0 P, w, 0, anz] starts with the assumption that interference

signals have very narrow spectral widthg (and o> are assumed to be 0) and then

the solution is generalized to find all the elerseoit the parameter vector. In other
words, in the first step, the radar echo is assutodsk in the form of the simplified
signal model and a solution is found and in thesddstep, the solution found in first

step is extended to the non-simplified signal model

The estimation performance of the WPSF methoddasegnted in [16] and it is shown
that it fails when compared to the performance loé fparametric maximum
likelihood estimator described in Section 3.3. Peeformance of WPSF method is
not investigated in this thesis; however, the WR&fhod is mentioned for the sake
of completeness and it is just noted that it i®@ently developed subspace based

parametric clutter parameter estimation method.
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Consider the signax(t) corresponding to echo regarding the radar rantjevbere

the rain and the sea clutter coexists. We assuatdlth clutter signals are complex-
valued sinusoids (very narrow band signals) coedigity additive white Gaussian

complex noisen(t) :

x(t) = Ezjai exp| jat+¢,]+n(t) = S 2 exd jat] +n(t),
= = (3.21)
z. =aexpg]

where g exp[¢.] and « are representing the complex amplitude and thenmea

Doppler frequencies of the clutters, respectiv@lie complex amplitudes of the

clutters are assumed constant in the CPI and imdigme from one CPI to another.

As mentioned before, the Mx1 sized vectarsind n are obtained by samplingt)

andn(t) M times with sampling period, and can be written as
x=G(w)z+n (3.22)
whereG(w) is an Mx2 matrix which is defined as

G(w)=(9(x1) o(w,));

(3.23)
g(a)):(l e (gi“’(“”‘l)Ts)T

and wherez equals the complex amplitudes of the clutter camepts in a CPI of

the radar,
2=(z, 2. (3.24)

The covariance function of is

R = E[xxm] =GRG"+JZl =R, +7;l (3.25)
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where R, is the covariance matrix of, o; is the noise power an®, is the
covariance matrix of noise free signals.
Assuminga and w, are not equal to each other and are separate leniegclutter

signals lie in the 2-D plane spanned by the linesrdiependent columns @& and

denoted byspan{G} . This 2-D plane is termethe signal space and contains the
largest two eigenvalues d?, (Since x contains two sinusoidal interference signals,

the rank ofR_ is two).

The eigendecomposition &, is as follows:

Aee’

N

R =

X

EAE +EA,E,S (3.26)

i=1

where A, =2l = diag([, 4, M) A=diag([A, A,]) andE, is termed
the noise subspace and is orthogonal tthe signal space. The unknown parameters

@) and w,can be extracted fror&, since span{G} = span{E_} .

If the interfering signals have considerable Dopglaread, the rank oR, increases
and extraction oty and «w, becomes difficult. However, if the assumption timatst
of the power inx(t) belongs to clutter is madd, and A, are much greater than the
rest of the eigenvalues d® . Then, one can definepseudosignal subspace as the

span of eigenvectors correspondingioand A, and apseudonoise subspace as the

span of eigenvectors corresponding to the resteoéigenvalues.

The eigendecomposition &, is then:

R.=$ 166" =EAE +EAE,. (3:27)
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In the WPSF algorithm, the key idea is findiggwhich makesés as orthogonal as
possible toén:
fr=arg, minp"(u)W p(u) (3.28)
where
p(u)= vec[En (1) és] (3.29)

where vec[A] is the column vector obtained by stacking the wwis of A, and
where W is a 2(M-2)x2(M -2) sized Hermitian positive definite matrix. The

choice of W takes place in [20] and a second-order steepesedealgorithm which

optimizes the criterion in (3.28) is proposed i6][1

The WPSF algorithm can estimate the parameter vecto

p=la o w di, (3.30)

but it cannot find P and o’ because these parameters have no effect on

orthogonality betweer’rﬁS and én.
From (3.27) an estimate @f’ can be obtained from [16]
G2=—Lt S5 (3.31)

The solution to the estimation problem fdt is also proposed in [16]. The
autocorrelation of sequence &fcan be written
y=C(wa)P+n, (3.32)

where
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P=[r, R].
c(w0)=[c(wa,) ofw,0,)],
c(@.0)=[1 a(n)es . a((M-9T)eem ], (3.33)
n,=[o? 0 .. 0] and

a(t) :exp(—’mzaiztz).

The estimates oP ’s can then be found as
p=[f 8] :[(cﬂc)‘lcﬂy. (3.34)

3.5 Algebraic Spectral Moment Based Moving Clutter Paraneter Estimation

High-resolution spectral analysis methods are basedtrigonometric moment
representation of spectral functions. Many estimsagoe designed to estimate these
trigonometric moments to describe the spectral gntogs like MUSIC, periodogram
etc. Algebraic moment representation is anothefulisgay of representing the
spectral functions. However the algebraic momerpragch is useless without
suitable methods for statistical estimation techeg)for the algebraic moments.
Such methods are recently obtained in [21] andgseg to solve direction of arrival
(DOA) problem of more than one interference signalss algorithm is calibrated in
order to estimate the clutter parameters and thiena&son performances under

different conditions are investigated in this tkesi
The properties and the advantages of this algorgaAmbe listed as
e ltis based on series representation of the cavegianatrix [22],

» It does not require a priori knowledge of the rageeiver noise power [22],
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* Itis a computationally simpler method than thespaze methods [23],

e It is a high-resolution spectral estimation aldumt in other words, it
requires much less number of observations to a@dhe spectral properties

of an interference [23],

* |t eliminates some mathematical difficulties endeuwed in the maximum-

likelihood estimation of the spectral moments [21],
» Itis a generalization of the well-known pulse pagorithms [21].

First of all, the spectral moments of the radaroeshwhich contain both the sea and
the rain clutter are stated based on the signaleledtiat are described in Sections
3.1 and 3.2. Secondly, the algebraic spectral morastimation method which is

proposed in [21] is presented and finally, the teluparameter calculation method

using estimates of the algebraic spectral momestprasented [23].
3.5.1 Spectral Moments of Simplified Narrow Band Interference Signals

With the assumption that the sea and the rainezsliiave zero Doppler spread, the
spectral moments of the radar echo are functionzsacdmeter vector (3.17). In this
section, algebraic spectral moments in terms ofarpater vector (3.17) are

described.

The spectral moments are defined as

Mg = [2,(f = fo)IS(f)df, 0<q<eo (3.35)
where M is the g'th spectral moment asqf) is the power spectral density of a

process.f, is an arbitrary Doppler frequency and the spectr@nents is found with

reference to this frequency. Changifigwill change the spectral moments. One can
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eliminate f, by taking it 0, however, it must be chosen clasehe mean clutter

Doppler frequencies. The reason shall be explamé&hapter 4.

Using (3.35), first four moments of the proces@() described in Section 3.2 are

calculated and presented in Table 3-1:

Table 3-1Spectral Moments of Simplified Narrow Band Inteéfiece Signals

Spectral | Spectral Moment in terms of
Moment Clutter Parameters
2
M, My =XR
i=1
2
Ml Mlzzle(f|_fo)
2
Mz MZ:Z_lPI(fI—fO)Z
2
M, My =L R (f - f)’

To find the parameter vector shown in Figure 3-dlydhe first 4 moments are

needed.

3.5.2 Spectral Moments of Wide Band Interference Signals

Using (3.35), the first six moments of the procegs) described in Section 3.1 are

calculated and presented in Table 3-2:
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Table 3-2Spectral Moments of Simplified Wide Band Interfezergignals

Spectral Spectral Moment in terms of
Moment Clutter Parameters
2
M, Mo=XR
i=1
2
M, My = R(f - f,)
2 2
M, M, =2 R[(f - 1) +o]
M, M3:§Pi|:(fi_f0)3+3fia-i2j|
i=1
M, =3R[ (- t,)" +6(1, - 1,) o? + 307
M4 4 = i i 0 i 0 i i
M, M= 2R[ (1~ f)" +10(1, - f)" 07 +15(f, ~ 1,) o]

To find the parameter vector shown in Figure 3-8lydhe first 6 moments are

needed.
3.5.3 Estimating Spectral Moments from Estimated Covariare Matrix

Let the radar echo from the clutter be a zero-nstationary random procesgst),
with the correlation functiorkK(z), The correlation function and the spectrum are

related through Wiener-Khintchine theorem [21]:

[oe]

K(t) = f S(f)el2mfTqf (3.36)
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whereS(f) is the spectral density of the process.

SinceK(r) = K(—1), with Taylor series expansion ef ?™/% term in (3.36) in the
vicinity of an arbitrary frequency,, equation (3.36) turns into
B e
k() = ey E2EL [ fyas(yay. 337

|
= T

When we define the spectral moments as

Mg =[5 (f = fo)IS(f)df, 0=q<oo (3.38)
and
aq(7) = e~12mh? _[-izqfflq, (3.39)
(3.37) becomes
K(r) = Z Myay(7). (3.40)
q=0

When we observe the proc€ss) with uniform sampling periodg;, equation (3.40)

turns into

Ky = Z Mgagm (3.41)
q=0

wherek,, are the samples of the covariance function at titfieanda,, is

—izmfymT, [Zi2mmTs] (3.42)

Agm = ag(mTs) = e pr

According to the method of moments (MM), the estasaof the spectral moments

are related to the estimates of the covariancetifumsamples at timm T by
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12;1 = Z?:O Imaqm y O S m S M - 1 (343)

whereM is a number of lags in which estimation of theartance function samples

is performed [21]. In our proble is the number of coherent radar echoes collected
in the coherent process interval. The reason afguie method of moments is that
the spectral moments are unobservable directly it weighted sums (the
elements of the covariance matrix) are observdhléhe method of moments, the
covariance matrix elements are expressed as funsctbthe spectral moments and
estimates of the spectral moments can be foundstiynating the covariance matrix

and using the inverses of these functions.

The matrix form of (3.43) is
K = 2 Ma, (3.44)

wherek = (k, ks, k/M:)T anda, = (240,241, ...,aq(M_l))T.

The linear system corresponding to the equatiofj3s as follows:
k=AM (3.45)
whered is the matrix whose columns are the vecto{ag} andM = {M,}" .
q=0 q=0

The linear system (3.45) does not have a uniquetisol because the vector set

{aq}q=0 is not linearly independent. The vector éelg}qzo consists of two linearly

independent subsets [21]. These subsets are veatbreven and odd indexes. Their
independence is due to the fact that even vectersvhole real and odd vectors are

whole imagine if f, is assumed to be 0. Moreover, the number of lipear

independent vectors in the §at2q}2°=0 is M and the number of linearly independent

vectors in the se{'razqﬂ}jzo is M-1 [21].
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Thus, it is needed to restrict the dimension of gistem. If the dimension of the

system is restricted o< 2M — 1, (3.45) becomes

k=4aMm (3.46)
whereA, is the matrix whose columns are the vectm{ag}:;z.
The system (3.46) can be divided into two indepahdebsystems:

Im{/l;} = ALOIW\O

. . L/2-1 .
where 4;, is the matrix whose columns are the vector{sgg}qio , A;, Is the

. L/z-=1 __ . L/2-1
matrix whose columns are the vector %Iem{azqﬂ}} , M, = {qu}q_o and
q=0 =
__ _ L/2-1
My = {Myq:1}

The solution to equation (3.46) can be obtainethbyleast-squares method [21]. Let

us define a function

Q(My, My, My, ..., My_y) = ||Bh2t My ay — K| (3.48)

The reason for using the least squares methodighb system is over-determined.
The number of independent set of equations is grélaadn the number of unknowns
(the spectral moments). In our case, the numbendd#gpendent set of equations is
2M as can be seen from (3.47) and the number of imk®iass L < 2M — 1. Thus,
overall solution is the one which minimizes the soinsquares of the errors made in
the result of every single equation.

The estimatequ,q =0,1,2,..,L —1 will corresponds to the minimum of the

functional@. In this case, the estimates satisfy followingagouns:
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Lt M Re{a," - a,} = Re{a," 'k} , p=012..,L-1 (3.49)

where a, = (apo,apl,...,ap(M_l))T, () designates the scalar product afd)

designates the Hermitian transpose.

The matrix form of (3.49) is

L-1

whereH, = {Re{aqH - ap}} is a finite sized matrix and¥f, = {Mq}:;z and

q,p=0
w, = {Re{apH : k}} are finite vectors.

p=0
The solution for the spectral moments using (3i6@} follows [21]:

M, =H'w,. (3.51)

Open form of (3.51) is
My, = ¥q=shpqRe{k" - as} = Re{k" - X¢"5hyqaq} . p=012,...,L—1 (3.52)
Whereﬁpq is the (p , g)th element of matd; !,

If g, is defined as

9y =X=ohpeaq » P=012,..,L—1 (3.53)

then, the spectral moments can be calculated & sraducts of the vectok and

vectorsg,, p=0,12,..,L —1.

M, =Re{k-g,"} , p=012.,L-1 (3.54)

Vectorsg,, p=0,1,2,..,L —1 do not depend on the radar echoes and correlation

between them. The vectors can be stored in raddrsised whenever needed.
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3.5.4 Finding Mean Frequencies and Powers of Simplified &row Band

Interference Signals Using Spectral Moments

According to Table 3-1 and Table 3-2, we can olesénat the clutter parameters are
nonlinear functions of the spectral moments. Theneo analytical solution to find

the clutter parameters using the spectral moments.

Fortunately, in [23], a method is proposed to fihe directions and the mean powers
of a group of N noncoherent signal sources. Inttesis, this method is used to find
the mean frequencies and the mean powers of sietphiarrow band clutter signals

using the spectral moments.

In [23], the performance of this method under widad interference signals is also
investigated and it is concluded that it has comiplarresults with MUSIC for much

less computational load. Therefore, in our problem,use this method to find the
mean frequencies and the mean powers of the sethanain clutter.

Because of the narrow band interference signalnagson the spectral moments of

the radar return are given by

2
Mp=§ll?(fi - f,)" where p=0,1,2,... (3.55)

Tofind f’s and R’s in Table 3-1, a rational function,

R(f):i M, where| f| > max | f,| (3.56)
p

=0 f p+l

is proposed in [23].

We can relate the rational function in (3.56) te thutter parameters using (3.55):

R(f)= il (3.57)

50



The poles of the functioR( f) are f,’s.

Since the functiorR( f) is rational it is possible to write it in the forof

R(f) :L (3.58)

where

g(f)=g,f +g, and
h(f)=f2+hf+h,

(3.59)

are polynomials.

After extending the rational function (3.56) usithg definition (3.59), the following
equation is obtained:

o f2+nf+
@hf+go=ZOMp—fh;+l LY (3.60)
p:

Open form of (3.60) is
0,f +g,=(M,) f +(Mh,+M)+(M ho+M h+M 2)%+(M he#M b #M )f—12+ : (3.61)

Then, comparing coefficients with equal powershs variable f in both parts of

(3.61), two mutually connected linear systems cawhbtten as

MOhO+M1h1+M2=O

(3.62)
Mlh0+M2h1+M 3:0
and
M0h1+ |\/Ilz gO (363)
M, =0,
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To find f.’s and P’s, first, we need to solve system (3.62) to fihds and then

solve system (3.63) to fing, ’s.

The solution to the equation
f2+hf+h,=0 (3.64)

gives f.’s and theP s can be found as

P= a.f +9 _ (3.65)
2f, +h

3.5.5 Frequency Domain Spectral Moments Estimation

In this section, an alternative way to the spectreiments estimation method

explained in section 3.5.3 is presented.
The spectral moments can be estimated directly tremelation (3.38).

Let x be the Mx1 vector defined in section 3.1. Thee, discrete Fourier transform
(DFT) of x is

X =3 xe M, k=01, M1 (3.66)

n=0
where x,, X, ....X,_, are elements of the vectar.

The relationship between the spectral moments attsrand the DFT based spectral

density estimate of the vectar is given as

M, :_Z k|| (3.67)
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CHAPTER 4

SIMULATION RESULTS

4.1 Simulations

In this section, the estimation performance of dlgebraic spectral moments based

method for different clutter parameters is investiigl.
In simulations, the clutter parameters are caledl& two steps:

1) In the first step, the mean powers and the nizgppler frequencies of sea and
rain clutter are found by the algebraic spectralmants based moving clutter

parameter estimation method.

2) In the second step, using the clutter paramedstsnated in the first step,
minimization of the negative log-likelihood funatiomf (3.20) is done by fixing the
mean powers and the mean Doppler frequencies arjcty the Doppler spreads.

The estimation performance of the algebraic spectraments based method is
investigated for different CNR, Doppler separatidyppler spread, number of
observation and the shape parameter values. Pemficeresults are compared with
the Cramér-Rao bounds and are presented in fiveestibns. The derivations for the

Cramér-Rao bounds for the clutter parameters aengn Appendix A.
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In all simulations, only 8 coherent radar pulses @ased and it is assumed that the
clutter spectrum can be expressed by 14 spectrahants instead of infinity.
Actually, this assumption corresponds to choosind4 in (3.50) and it is necessary
to estimate the spectral moments from the estimete@riance matrix [21]. It is
useful to note that the maximum allowable valuelLois 15 to find the spectral

moments in this case.

In all simulations, two clutters each having a Gaaus power spectrum are simulated
to represent sea and rain clutter. Clutter-1 isndef as the one having less mean
Doppler frequency. Clutter-1 and clutter-2 are asstito be uncorrelated with each

other.

The number of Monte Carlo runs is 1000 to calcullhéestandard deviations and the
biases of the proposed method. In section 4.1fficismcy of nhumber of Monte
Carlo runs is presented in terms of confidencervaleof 95% together with the
estimation performance of the proposed method. timero sections, only the

estimation performance of the proposed methodvissitigated.

4.1.1 Simulations for Different CNR Values

In this simulation, clutter-1 and clutter-2 aredted at -0.1 and 0.1 in the normalized
Doppler spectrum, respectively. In other words, eppler separation value
corresponds to 20% of the PRF.

Both Doppler spreads (the sigma values of the Dapggpectrums) are assumed to be
equal to 0.01. With the Gaussian Doppler spectrgsumption, this means that
clutter correlations drop to 10% after 34.2 tintes PRI.

Amplitude distributions of both clutters are assdrtebe Rayleigh.

20 range bins are used for estimation of the clutbwariance matrix using formula
(3.19). The clutter returns in these range binsaaseimed to be independent.
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The mean clutter powers are assumed to be 0.5henchéan power of the additive
white Gaussian noise, which represents the radaiver noise, is adjusted such that
the CNR varies from -10 dB to 30 dB for both cludte

The rms errors for the estimates of the first fspectral moments as a function of
CNR can be observed from Figure 4-1 through Figude
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Figure 4-4 M3 Estimation Performance as a Function of CNR

Figure 4-1, Figure 4-2, Figure 4-3 and Figure 4epidt that above 0 dB CNR, the
spectral moment estimation performance of the megomethod approaches the

Cramér-Rao bound significantly.

In section 3.5.3, we have already mentioned thastfectral moments are estimated
from the estimated covariance matrix using the oekthf moments. Disadvantages
of the method of moments when compared with theimam likelihood method are
that it is often not available and it does not hthe desirable asymptotic optimality
properties of the maximum likelihood method andldast squares estimators, as the
CNR or the number of observations increases. Giyethe primary use of the
moment estimates is to obtain initial values fa mhore precise maximum likelihood
and least squares estimates. However, as FigureRgare 4-2, Figure 4-3 and
Figure 4-4 depict, the optimality problem does simbw up and we can state that in
this configuration, the method of moments can bedufor its computational

advantages.
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Standard deviations for estimates of the clutteap@ters as a function of CNR can
be observed from Figure 4-5 through Figure 4-7c&ialutter-1 and clutter-2 are

located symmetrically in the Doppler spectra angeptclutter parameters are the
same for both clutters, only the estimation perfamoes for clutter-1 parameters are

presented.
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Figure 4-5 Standard deviations for Mean Clutter Power Estisiatea Function of
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Figure 4-7 Standard deviations for Doppler Spread EstimatesFamction of CNR

Figure 4-5 depicts that the mean power estimatierfopnance approaches the
Cramér-Rao bound for CNR values above 5 dB. Figuredepicts that the Doppler
spread estimation performance approaches the GiRaw@bound for CNR values
above 8 dB.

The estimation performance for the Doppler spreagplears to be better than the
Cramér-Rao bound for CNR values below -5 dB. Tlésrépancy is caused by the
large biased estimates of algebraic spectral moestimhation method, which can be

observed from Figure 4-10.

The mean Doppler frequency estimation performamgears to be increasing with
increasing CNR but there is always an offset betwdente Carlo results and the
Cramér-Rao bound. The reason shall be explaindétail in section 4.2 (Comments
on Simulation Results).
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Biases for estimates of the clutter parametersfascion of CNR can be observed

from Figure 4-8 through Figure 4-10.
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Figure 4-10Biases for Doppler Spread Estimates as a Functi@N&

Figure 4-8, Figure 4-9 and Figure 4-10 depict thatbiases on the mean power and
mean Doper frequency estimates vanish for CNR gafmve 0 dB and the biases
on the Doppler spread estimates vanish for CNRega#bbove 10 dB.

It is conjectured that as CNR decreases from 10tliBproposed method perceives
that the radar receiver noise, which spreads oNehe spectra, is a part of clutter

and this is why a positive bias is included to Blugpler spread estimates.

4.1.2 Simulations for Different Spectral Separation Valus

In this simulation, clutter-1 and clutter-2 are dted at the opposite sides of the
Doppler spectra and at the same distance from2eppler frequency. The Doppler

separation value is altered from 0.1 to 0.4.

Both Doppler spreads (the sigma values of the Dapgpectrums) are assumed to be
equal to 0.01. With the Gaussian Doppler spectrgsumption, this means that
clutter correlations drop to 10% after 34.2 tintes PRI.
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Amplitude distributions of both clutters are assdrtebe Rayleigh.

20 range bins are used for estimation of the clutbwariance matrix using formula

(3.19). The clutter returns in these range binsaaseimed to be independent.

The mean clutter powers are assumed to be 0.5henchéan power of the additive
white Gaussian noise, which represents the radaiver noise, is adjusted such that
the CNR is equal to 20 dB.

The rms errors for the estimates of the first fspectral moments as a function of
Doppler separation can be observed from Figure.4-11
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Figure 4-11 depicts that for the Doppler separatratues from 0.1 to 0.4, the
spectral moment estimation performance of the megomethod approaches the

Cramér-Rao bound significantly.

Moreover, as Figure 4-11 depicts, the standardadiewis for the first, the second and
the third moments increase as the Doppler separatmeases. The reason for this
outcome is that the first, the second and the thmiomnents are functions of the mean
Doppler frequencies of clutters as can be obseinged Table 3-2. They increase as
the mean Doppler frequencies of clutters increaskesa do standard deviations.

Standard deviations for estimates of the clutteaqp@ters as a function of Doppler
seperation can be observed from Figure 4-12. Siluteer-1 and clutter-2 are located

symmetrically in the Doppler spectra and otherteluparameters are the same for
both clutters, only the estimation performances @butter-1 parameters are

presented.
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As can be observed from Figure 4-12, the mean pa@sémation performance

approaches the Cramér-Rao bound.
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For the Doppler separation values below 0.15, #tenation performance of the
proposed method drops significantly. This resulelated to the Doppler resolution
of this method while using 8 coherent radar pulfas the clutter parameter
estimations.

Moreover, as the Doppler separation increases fidnto 0.4, estimation quality of
the mean Doppler frequency and the Doppler spreadlaies. The reason for the
oscillations in the Doppler spread is the oscitlas in the mean Doppler frequency,
since the Doppler spread is calculated in the ssbdep in the proposed algorithm
that uses the estimates of mean Doppler frequericiesd in the first step. The
reason for the oscillations in the mean Dopplegdency shall be explained in detalil

in section 4.2 (Comments on Simulation Results).

Biases for estimates of the clutter parametersfasaion of Doppler spreads can be
observed from Figure 4-13.
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Figure 4-13 depicts that although there are ndgégbiases on the estimates of the
mean power and the mean Doppler frequency, theae @scillation on the biases of

the Doppler spread estimates similar to that indsded deviation in Figure 4-12.

4.1.3 Simulations for Different Spectral Spread Values

In this simulation, clutter-1 and clutter-2 are dtexd at -0.15 and 0.15 in the
normalized Doppler spectrum, respectively. In otiwerds, the Doppler separation

value corresponds to 30% of the PRF.

Both Doppler spreads (the sigma values of the Dopgbectrums) are altered from
0.004 to 0.034.

Amplitude distributions of both clutters are assdrtebe Rayleigh.

20 range bins are used for estimation of the clutbgariance matrix using formula
(3.19). The clutter returns in these range binsaaseimed to be independent.

The mean clutter powers are assumed to be 0.5henchéan power of the additive
white Gaussian noise, which represents the radaiver noise, is adjusted such that
the CNR is equal to 20 dB.

The rms errors for the estimates of the first fepectral moments as a Function of

Doppler Spread can be observed from Figure 4-14.
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Figure 4-14 depicts that for the Doppler spreadueslifrom 0.004 to 0.034, the
spectral moment estimation performance of the eganethod is very close to the

Cramér-Rao bound.

Standard deviations for estimates of the clutteap@ters as a function of Doppler
spread can be observed from Figure 4-15. Sincéecllitand clutter-2 are located

symmetrically in the Doppler spectra and otherteluparameters are the same for
both clutters, only the estimation performances @buatter-1 parameters are

presented.
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Figure 4-15 depicts that the mean power and thepl@opspread estimation

performances are very close to the Cramér-Rao bfarrttie Doppler spread values
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of interest. The mean Doppler frequency estimagenformance appears to be
increasing with increasing Doppler spread and tiesways an offset between the
Monte Carlo results and the Cramér-Rao bound. Easan shall be explained in

detail in Section 4.2 (Comments on Simulation Rs$ul

Biases for estimates of the clutter parametersfaadaion of Doppler spread can be

observed from Figure 4-16.
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Figure 4-16 depicts that changing the Doppler Spnelues from 0.004 to 0.034

does not introduce a bias on the clutter paramestimates.
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4.1.4 Effect of Number of Observations

In this simulation, clutter-1 and clutter-2 aredted at -0.1 and 0.1 in the normalized
Doppler spectrum, respectively. In other words, eppler separation value
corresponds to 20% of the PRF.

Both Doppler spreads (the sigma values of the Daggectrums) are assumed to be
equal to 0.02. With the Gaussian Doppler spectrgsumption, this means that
clutter correlations drop to 10% after 17.1 tintes PRI.

Amplitude distributions of both clutters are assdrteebe Rayleigh.

The number of range bins that used for estimatioth® clutter covariance matrix
using formula (3.25) is changed from 8 to 96. Thater returns in these range bins

are assumed to be independent.

The mean clutter powers are assumed to be 0.5henchéan power of the additive
white Gaussian noise, which represents the radarver noise, is adjusted such that
the CNR is equal to 20 dB.

The rms errors for the estimates of the first fspectral moments as a function of
observation number can be observed from Figure.4Std@ndard deviations for

estimates of the clutter parameters as a functiavbservation number can be seen
from Figure 4-18. Biases for estimates of the eluftarameters as a function of

observation number can be seen from Figure 4-19.
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Figure 4-17 and Figure 4-18 depict that as the raunah observations increases,
estimation quality also increases in consistenhwhie Cramér-Rao bound for both

the spectral moments and the clutter parameters.

Figure 4-19 shows that the number of observatiaes chot affect the bias on the

estimates.

4.1.5 Simulations for Different Shape Parameter Values

In this simulation, clutter-1 and clutter-2 aredted at -0.1 and 0.1 in the normalized
Doppler spectrum, respectively. In other words, eppler separation value
corresponds to 20% of the PRF.

Both Doppler spreads (the sigma values of the Daggpectrums) are assumed to be
equal to 0.01. With the Gaussian Doppler spectrgsumption, this means that
clutter correlations drop to 10% after 34.2 tintes PRI.

The amplitude distribution of clutter-1 is assumied be K-distributed and the
amplitude distribution of clutter-2 is assumed &Rayleigh. The shape parameter of

clutter-1 is altered from 0.1 to 15.

20 range bins are used for estimation of clutterdbvariance matrix using formula
(3.19). The clutter returns in these range binsaaseimed to be independent.

The mean clutter powers are assumed to be 0.5henchéan power of the additive
white Gaussian noise, which represents the radaiver noise, is adjusted such that
the CNR is equal to 20 dB.

In section 3.3, we have already mentioned thathenspectral moment estimation
method, we use (3.19) to estimate the clutter ¢amee matrix. Actually, this
estimation method is the maximum likelihood estioratif the interference is

Gaussian. For non-Gaussian interference, its padence degrades and different
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kind of estimator should be used [24]. We stick3d.9) since clutter-2 is correlated

complex Gaussian clutter.

In this simulation, the Cramér-Rao bounds are ¢aled according to the correlated
complex Gaussian clutter in order to investigatedfiect of the shape parameter on

the clutter parameter estimations.

In Figure 4-20, some degradation in the estimaperformances for the spectral

moments can be observed for the shape parameters Be
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The estimation performance for the clutter-1 patansein terms of standard

deviation can be observed from Figure 4-21.
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Figure 4-21Standard deviations for Estimates of Clutter-1 Patars as a Function
of Shape Parameter

The estimation performance for the clutter-2 patansein terms of standard

deviation can be observed from Figure 4-22.
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Figure 4-22Standard deviations for Estimated Clutter-2 Pararseds a Function of
Shape Parameter

Figure 4-22 depicts that estimation qualities oittelr-2 parameters are not affected

by the shape parameter of clutter-1.
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The estimation performance for the clutter-1 patansein terms of bias can be seen

from Figure 4-23.
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Figure 4-23Biases for Estimated Clutter-1 Parameters as atiomnaf Shape
Parameter
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The estimation performance for the clutter-2 patansein terms of bias can be seen

from Figure 4-24.
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Figure 4-24Biases for Estimated Clutter-2 Parameters as atioumnaf Shape
Parameter
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Figure 4-23 and Figure 4-24 depict that K-distribatproperty of clutter-1 does not

introduce a bias on the estimates of the parametdrsth clutters.

4.2 Comments on Simulation Results

There are four possible reasons that may explairdiffierence between the Cramér-
Rao bounds and Monte Carlo analysis of estimatierfopmance of the clutter

powers, the mean Doppler frequencies and the Doppteads:
1) Sub-optimum estimations of the spectral momeémts, M,, M,, ...),

2) Zero Doppler spread assumption while estimatwegclutter powers and the mean

Doppler frequencies,

3) Errors carried from the estimations of the s@#ehoments to the estimations of

the clutter powers and the mean Doppler frequencies

4) Errors carried from the estimations of the @upowers and the mean Doppler

frequencies to the Doppler spreads.

1) Sub-optimum_estimations of the spectral momentsThe power spectrum of a

clutter is described completely by infinitely masgectral moments. However, the
method proposed assumes the power spectrum oftterchan be described by a
finite number of spectral moments. This is the majason that explains the
difference between the Cramér-Rao bounds and theteviGarlo analysis of the
estimation performance of the spectral moments whgt it is a sub-optimum
approach. As mentioned before, the number of tHese spectral moments is
defined as system orddr and the best way to understand the effect of yiseem
order L to the estimation performance is through momentmesor pattern

functions [22].
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The pth moment estimator pattern functien (f,L) is defined as the mean value

of the estimatd’\/i; when a deterministic unit power target at Dopgtequency f

with zero Doppler spread is observed when the systeler isL .

It is useful to note that

Ho(f,e)=f". 4.1)

In Figure 4-25, the moment estimator pattern fumgi for p=0,1,2,2 and

L =6,10,14¢ are plotted.
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Figure 4-25Moment Estimator Pattern Functions

In Figure 4-25, the regions whene (f,L)=H_ (f,») are the regions that the

=00

14 and L

, true estimation of the spectral moments can lme dicthe clutter Doppler spectrum

=10, L

estimation of the spectral moments holds true. [Fer6, L

+0.25 and +0.5 nornealifrequencies, respectively.

lies between +0.06 , +0.1,
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Since the Doppler separation of clutter power spets cannot exceed 0.5
normalized frequency because of spectrum foldingamnot be counted as a limiting

factor.

It is also helpful to note that the valid regiontbé spectral moment estimation can
be shifted towards any Doppler frequency by simgiignging the pointf, about
which the Taylor expansion is made. Thus, in ofdeuse this clutter parameter
estimating method effectively, it is necessary #&libcate its moment generating
functions according to data using coarse locatiothe clutter Doppler spectrum in
the spectra. An example of shifted moment geneagdtinctions is plotted in Figure
4-26.
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Figure 4-26 Shifted Moment Generating Functions to 0.2 NornealiErequency

There are four major consequences that can be deduc examining the moment

estimator pattern functions [22]:

* Outside the valid regions, the estimates of speatw@ments are less than
their actual values and as a result, biases o¢cuefficiently run the spectral
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moment estimation method without any biadess chosen as 14 to cover all

clutter spectra in simulations.

The width of region where good estimation of thecigal moments can be

achieved increases with the system order

Outside the region where true estimation of thectspk moments can be
done, the spectral moments are estimated lesdlibaractual values and the
“proportional” participant of noise increases amasks occur [22]. This leads
to an increase in the standard deviations of tleetsgl moment estimates. As
the mean frequency of clutter recedes from zerop@wpincrease in standard
deviations of spectral moment estimates occurss Txplains why the

standard deviations of the spectral moment estsnaterease when the
Doppler separation of clutters grows. In additighthe Doppler spread

increases, the tails of power spectrum startsak tait from the valid region

and this leads to receding of the estimation perémrce of the spectral

moments from the Cramér-Rao bound.

If the clutter spectra width is less than the ragihere true estimation of the
spectral moments can be done, excess noise patésipn the estimations
and there is always a difference between the stdrakviations of the mean
frequencies estimates and the Cramér-Rao bourttie Ifvidth of the valid

region is calibrated according to the clutter sgecit is expected that the

estimation performance approaches the Cramér-Raadbo

As can be seen from Figure 4-12, the estimatiofopaance (both the bias and the

standard deviation) oscillates as the Doppler sgjoar changes. This case is also

explained by the moment estimator pattern functidmghis case theoyth moment

estimator pattern function is modified as ( f,, f,,L) which is an observation of two

deterministic unit power targets at Doppler frequies f, and f, with zero Doppler

spread. The modified estimator pattern functiorplistted for different Doppler
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2) Zero Doppler spread estimation approach while éignating the clutter powers

and the mean Doppler_frequencies:Since the Doppler spreads of interest are

approximately ten times lower than the mean Dopipéguencies, their contribution
to spectral moments is relatively low when compatedthe mean Doppler
frequencies. Thus, it is assumed that the effedesb Doppler spread estimation

approach has negligible effect on the clutter patamestimations.

3) Errors carried from the estimations of the speanl moments to the

estimations of the clutter powers and the mean Doper frequencies: Since the

mean clutter powers and the mean Doppler frequenare estimated from the
spectral moments, any degradation in the estimgtieriormance of the spectral
moments reflects to the estimation performancenefdutter powers and the mean
Doppler frequencies.

4) Errors carried from estimations of clutter powers and mean Doppler

frequencies to Doppler spreadsSince the Doppler spreads are estimated using the

parametric maximum likelihood estimator by fixinget estimated mean clutter
powers and the mean Doppler frequencies, any datjpadin the estimation
performance of the mean clutter powers and the rdegpler frequencies reflects to

the estimation performance of the Doppler spreads.

4.3 Comparison between Spectral Moments Estimation Methds Described in
3.5

The spectral moments estimation methods descritbé&dSi is compared in terms of

the moment estimator pattern functions for différ@rherent pulse numbers.

The comparison results can be observed from Figt28, Figure 4-29 and Figure
4-30.
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Figure 4-28Moment Estimator Pattern Functions for 8 Cohereisds

According to Figure 4-28, the regions that theneation of the spectral moments

holds true for the frequency domain spectral mosestimation method cover the
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whole spectra. However biases occur in the spetibahents estimates. These biases

are caused by the DFT process when estimatingrapaubments.
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Figure 4-29Moment Estimator Pattern Functions for 32 CoheRanses
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According to Figure 4-29, the regions that thenaation of the spectral moments
holds true for the frequency domain spectral mosestimation method cover the
whole spectra. In this case, the biases are less8hcoherent pulses case since the
resolution of the estimation method is higher duentreasing number of coherent
pulses.
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Figure 4-30Moment Estimator Pattern Functions for 128 Cohelrenses

According to Figure 4-30, the regions that thereation of the spectral moments
holds true for the frequency domain spectral mosestimation method cover the

whole spectra. In this case, the biases are lessRigure 4-28 and Figure 4-29 since
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the resolution of the estimation method is highae do increasing number of

coherent pulses.

The spectral moments estimation performances ofntbthods for different CNR
values are also compared and presented in Fig8fe Bigure 4-32 and Figure 4-33.

The clutter parameters are the same as those fio5dcl.1.
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According to Figure 4-31, there is little differencbetween the estimation
performance of the frequency domain method andtithe domain method. The

difference is noticeable especially in Estimates.
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According to Figure 4-32, the difference betweea #stimation performances the
methods are less than 8 coherent pulses case doeréasing number of coherent

pulses.
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According to Figure 4-33, the difference betweea #stimation performances the
methods are less than Figure 4-31 and Figure 4t&2td increasing number of

coherent pulses.
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CHAPTER 5

PERFORMANCE COMPARISON

5.1 Method of Comparison

In this chapter, the clutter suppression performmanof the spectral moment
estimation method and more conventional methods campared in different

simulated scenarios. For this purpose, N coheahrrechoes that include the K-
distributed sea clutter, the Rayleigh-distributa¢hrclutter, and the radar receiver
noise are simulated. The clutter parameters (thgp[@o spreads, the mean Doppler
frequencies, and the mean powers) and the rada&iveecnoise are simulated
according to next generation airport surveillaneglar (ASR-11) according to

predefined wind speed, wind direction and sea .state

N Transversal filter coefficients/=(w, w, .. w,_,)" that are calculated according

to the algebraic spectral moments based clutteanpeter estimation method and

more conventional methods are listed below:

» The steered MTI filter for the sea clutter cascadaith the Doppler filter

tuned to a known target Doppler frequency,

» The steered MTI filter for the rain clutter cascadeith the Doppler filter

tuned to a known target Doppler frequency,
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e Cascaded steered MTI filter for the sea clutter stegred MTI filter for the
rain clutter and the Doppler filter tuned to a kmotarget Doppler frequency,

e The optimum filter obtained from a known interfecencovariance matrix

and a known target signal,
e The Doppler filter tuned to a known target Dopgteruency,

» The SMI (Sample Matrix Inversion) filter obtainedorn the estimated
covariance matrix that is obtained by the methocmiin equation (3.19)

applied on N radar returns.

The performances of the clutter suppression filtare compared in terms of

improvement factor (IF). IF is defined as follov#:[

o = [ S |[ Lo
(sr1). sy Ma (5.1)

where (S/1)_, is the output signal-to-interference rat(&/1). is the input signal-

to-interference ratioS,, is the output target powef, is the input target power,

I, is the input interference power aig is the output interference power.

The target powelR, the sea clutter poweP,, the rain clutter poweiP, and the

radar receiver nois€, are required to determir(&/ )

in”

(S/1). can be expressed in termsRf, P,, P, and P, as follows:

___ Rk
(S =g rm e (5.2)

(S/1),, can also be expressed in terms of the transvehstaér suppression filter

coefficients w, the Nx1 complex target signal vecta and the interference

covariance matrixR [3]:
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1) =
(S/ )m WHRVV

(5.3)

The elements 0§ is in the form of

s=Rexp(-j2ri-3f,), i=12..,N (5.4)

where f , is the normalized target Doppler frequen&y.is in the form of

R=Rs+R: + R/l (5.5)
where Ry is the sea clutter covariance matriR, is the rain clutter covariance

matrix and P, | is the radar receiver covariance matrix wheris the NxN identity

matrix.
5.2 Transversal Filter Coefficients for Processors
Calculations of the transversal filter coefficieate presented in this section.

5.2.1 The steered MTI filter for the sea clutter cascadedwith the Doppler

filter tuned to a known target Doppler frequency

In this clutter suppression filter, the steered Milkér for the sea clutter is cascaded
with the Doppler filter tuned to a known target Ptgy frequency. After denoting

the steered MTI filter for the sea clutter ag, ., and the Doppler filter tuned to a

known target Doppler frequency &g, the filter coefficients can be found by

W= Wi o LW, (5.6)

where [0 operator designates the convolution procedure.

w, is in the form of a steered single delay line edlec:

mti _sea
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Wmti_sea = |:1 —exp(j Zdes)]T (57)

where f, is the normalized mean sea clutter Doppler frequemd the elements of

(N-1)x1 vectorw, is in the form of
w, (i) =exp(j 22(i - 31, ), i=12..N--. (5.8)

5.2.2 The steered MTI filter for the rain clutter cascaded with the Doppler

filter tuned to a known target Doppler frequency

In this clutter suppression filter, the steered Miltér for the rain clutter is cascaded
with the Doppler filter tuned to a known target [Ptgy frequency. After denoting

the steered MTI filter for the rain clutter ag, .., the filter coefficients can be

found by
W=Woyi o LW (5.9)
Wi an IS iN the form of a steered single delay line edlec:

Wmti_rain = |:1 - exp( J 2der ):|T (510)

where f, is the normalized mean rain clutter Doppler freguyeand the elements of

(N-1)x1 vectorw, is in the form of (5.8).
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5.2.3 Cascaded steered MTI filter for the sea clutter andsteered MTI filter for
the rain clutter and the Doppler filter tuned to a known target Doppler

frequency

In this clutter suppression filter, the steered Milkér for the sea clutter is cascaded
with the steered MTI filter for the rain cluttercathe Doppler filter tuned to a known

target Doppler frequency. The transversal filtezfioients can be found by

W=Wei gen U Wi pain W (5.11)

In equation (5.11), the elements of (N-2)x1 veaipris in the form of
w, (i) =exp(j 2r(i - 31, ), i=12,..N- = (5.12)

5.2.4 The optimum filter obtained from a known interference covariance

matrix and a known target signal

Although the sea clutter obeys the compound K-tistion model, the interference
also includes the Rayleigh distributed rain clutf€hus, with the assumption of
Gaussian interference approach, the optimum fibefficients can be calculated for

perfectly known target signal as follows:

-1 _*

w=R"s (5.13)

where R™ is the inverse of known interference covariancerimgsum of the sea
clutter covariance matrbRg, the rain clutter covariance matriR; and the radar
receiver covariance matriR,1 ) and s is the known Swerling-0 target signal vector

which is defined in (5.4).
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5.2.5 The Doppler filter tuned to a known target Dopplerfrequency

The Doppler filter coefficients without any windavg process are defined by
w, (i) =exp(j 27(i - 31, ), i=1.2,...N. (5.14)

5.2.6 The SMI (Sample Matrix Inversion) filter obtained from the estimated

covariance matrix

In this method, the interference clutter covarianrix is obtained from adjacent
range bins. The assumption is that these adjae@gerbins include only the sea

clutter, the rain clutter and the radar receivas@&o

The covariance matriR,, is estimated by equation (3.19) and the filterficcients

are calculated by

1 _*

Woyy = Rgy ™S (5.15)

where Ry, is the inverse of sample estimate of the interfeeecovariance matrix.

5.2.7 The spectral moment estimation method

In this method, the transversal clutter suppressiians are calculated in four steps.

1) In the first step, the mean powers and the niegpler frequencies of the sea and
rain clutter are estimated by the algebraic speotaments based clutter parameter

estimation method.

2) In the second step, using the clutter paramedstsnated in the first step,
minimization of the negative log-likelihood funatiomf (3.20) is done by fixing the
mean powers and the mean Doppler frequencies arjcty the Doppler spreads.
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3) In the third step, the interference covariancatrix is calculated using the
estimated mean powers, the mean Doppler frequeaciéshe Doppler spreads of
the sea and rain clutter with the Gaussian powectsgm assumption for both sea

and rain clutter:

whereR; is the estimated covariance matrix of the seaerl@ndRj is the estimated

covariance matrix of the rain clutter.

The estimated covariance matrix of the sea clter calculated according to the
formula (3.8):

ﬁs(ﬁs' Ads' E.S?) = ﬁSA(fds)B(a'sE)A(fds)H (5.17)

whereB,, fis, o2 are the estimated mean power, the mean Dopplgudrey and

the Doppler Spread of the sea clutter, respectively
A(fas) = diag(1  ef2nfas . ei2mfas(N-D) (5.18)
and
Bkz(EE) = g2 aF (k=D (5.19)

The estimated covariance matrix of the rain clutsecalculated according to the
formula (3.8):

ﬁR(pR'de'aE) = PRA(de)B(EE)A(de)H (5.20)

wherePz, fur, 52 are the estimated mean power, the mean Dopplpudrey and the

Doppler Spread of rain clutter, respectively,
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A(fur) = diag(1  eJ2nfar | ei2nfar(N-1)) (5.21)

and

—_

Bia(0f ) = 7ok A", (5.22)

4) In the final step, the transversal clutter segpion filter is calculated in the

following way:
w = ﬁ_ls* (51)

whereR ™! is the inverse of the estimated interference cavag matrix.

5.3 Results

The improvement factors are calculated for differenvironmental scenarios and
compared to each other. The common assumptionsimigied simulations are stated

below. Differences between the scenarios take plader related scenario.
« The coherent processing interval (CPI) consis® pdilses.
* In a CPI, the PRF remains constant.
e The target Doppler frequency is known and doeshange in CPI.

* For the spectral moment estimation method and dhgke matrix inversion
method, 500 Monte Carlo runs are made and IF @itakd as the average of

the results from each Monte Carlo step.

* The radar used in the simulations is ASR-11 andk iassumed that its
parameters do not change in a CPI. The technicalifsgations of ASR-11
are given in Table 5-1 [25].
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Table 5-1ASR technical characteristics

Parameter ASR-11 Value
Peak transmitter 25 kW
power
Transmitter type solid state
Operational 2700-2900 MHz
frequency range
Antenna type modified parabolic
reflector with stacked
feed horns
Antenna gain 34 dBi
Typical antenna 12 m (40 ft)

height above ground

Antenna beam width

2.3° (horizontal)
50 (vertical)

Antenna polarization

vertical

Antenna sidelobe
levels

At least 25 dB below,
main-beam gain

Antenna beam-
scanning protocol

0 © —-360 ° rotational

Antenna beam-
scanning rate

12.5 rpm (4.8
sec/scan)

Transmitted pulse
widths

1 us (CW pulse)
89 us (linear FM)

Transmitted pulse
modulation

PON and Q3N
(unmodulated CW
pulses paired with
linear FM pulses)

Transmitted pulse
repetition rates

856 pulses/sec
(average) in a 4-
stagger sequence

Receiver target-
processing bandwidth

1.1 MHz

Nominal receiver
noise figure

2dB

Thermal noise level
in receiver bandwidth

(computed)

-111.6 dBm

5.3.1 Scenario-1 (Both The Sea and Rain Clutter Coexist.)

In this scenario, ASR-11 is located 100 m abovenm&sa level and its beam is

directed parallel to earth surface. A target having’ RCS is placed at 40 km range
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from the radar. The rainfall rate is 4 mm/hr (m@derrain) and the wind speed is 7.7
m/s towards the radar (corresponds to Sea Stateddding to the TSC model).

The number of coherent pulses and the number epigadent range bins used in the
spectral moment estimator are 8 and 10, respegtilteis assumed that the clutter
power spectrum can be expressed by 14 spectral mismEhe spectral moment
estimator is using the assumption that there is baih and sea clutter existing in the

radar echoes.

The power and the Doppler Characteristics of tingetathe rain clutter and the sea

clutter at 40 km are calculated and simulation rejgogiven below:

After Pul se Conpression Target and Interference Powers:

Target Echo Power: -75.53 dBm

Sea Clutter Power: -86.97 dBm

Rain Clutter Power: -75.30 dBm

Recei ver Noi se Power: -111.42 dBm

Sea Clutter to Noise Ratio: 24.45 dB

Rain Clutter to Noise Ratio: 36.11 dB

Sea Clutter Paraneters:

Shape Paraneter: 1.38

Mean Doppl er Frequency: 30.48 Hz

Doppl er Spread (sigma) due to Internal Clutter Mtion: 10.75 Hz
Doppl er Spread (sigma) due to Antenna Scanning Mdul ation: 8.64 Hz
Overal |l Doppler Spread (sigma): 13.80 Hz

Nor mal i zed Val ues:

Mean Doppl er Frequency: 0.030 (normalized freq.)

Doppl er Spread (sigma) due to Internal Clutter Mtion: 0.011
(normalized freq.)

Doppl er Spread (sigma) due to Antenna Scanning Mdul ati on: 0.0086
(normalized freq.)

Overal |l Doppler Spread (sigma): 0.0138 (normalized freq.)

Rain Clutter Paraneters:

Mean Doppl er Frequency: 143.38 Hz

Doppl er Spread (sigma) due to Internal Clutter Mtion: 57.83 Hz
Doppl er Spread (sigma, w nd sheer conponent): 54.73 Hz

Doppl er Spread (sigma, turbul ence conponent): 18.67 Hz

Doppl er Spread (sigma, beam broadeni ng conponent): 0.00 Hz

Doppl er Spread (sigma, fall velocity distribution conmponent): 0.00 Hz
Doppl er Spread (sigma) due to Antenna Scanning Mdul ation: 8.64 Hz
Overal |l Doppler Spread (sigma): 58.47 Hz

Nor mal i zed Val ues:

Mean Doppl er Frequency: 0.143 (normalized freq.)

Doppl er Spread (sigma) due to Internal Clutter Mtion: 0.058
(normalized freq.)

Doppl er Spread (sigm) due to Antenna Scanning Mdul ati on: 0.0086
(normalized freq.)

Overal |l Doppler Spread (sigma): 0.0585 (nornalized freq.)
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The improvement factors are calculated accordirthecclutter parameters and the

radar receiver noise level in the simulation repod presented in Figure 5-1.
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Figure 5-1: Improvement Factors for Scenario-1
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According to Figure 5-1, we can observe that theromement factor of the algebraic
spectral moments based clutter parameter estimati@thod nearly fits the
improvement factor of the optimum filter. Maximun¥ 3B secession occurs around

zero Doppler frequency.

The improvement factors of both the spectral monestimation method and the
optimum filter drop in the area of +0.25 Doppleedquency around 0.15 Doppler
frequency. This result is caused by the sea andatheclutter Doppler spreads which
are approximately 0.0828 (6 sigma) and 0.351 (fha)grespectively.

The methods using the steered MTI have deep nulleeamean Doppler frequencies
of clutters and in these areas, the improvemernbrfairops below 0. The Doppler
filter is better around at the mean Doppler freqies of clutters; however, its
performance is worse than the methods using tlezesteMTI in exoclutter regions.
This results from the fact that the clutters at Ermppler sidelobes have a negative

effect on the improvement factor.

The SMI method has a better improvement factor tharother methods except for
the optimum filter and the spectral moment estioratmethod. This shows that
knowing apriori information about the spectral stmpf clutters and estimating the

parameters that describe them result in a bettgrawement factor.
5.3.2 Scenario-2 (Only Sea Clutter Exists.)

In this scenario, ASR-11 is located 100 m aboverssa level and its beam is
directed parallel to the earth surface. A targefiftal nf RCS is placed at 40 km
range from the radar. Theren® rain and the wind speed is 7.7 m/s towards the

radar (corresponds to Sea State 3 according tdSkaemodel).

The number of coherent pulses and the number eperdent range bins used in the
spectral moment estimator are 8 and 10, respegtilteis assumed that the clutter

spectrum can be expressed by 14 spectral momdims. spectral moment
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estimator is using the assumption that there is bbtthe rain and the sea clutter

exist in the radar echoes, in fact only the sea dter exists.

The power and the Doppler Characteristics of tingetathe rain clutter and the sea
clutter at 40 km are calculated and simulation regogiven below:

After Pul se Conpression Target and Interference Powers:
Target Echo Power: -75.53 dBm

Sea Clutter Power: -86.97 dBm

Rain Clutter Power: -Inf dBm

Recei ver Noi se Power: -111.42 dBm

Sea Clutter to Noise Ratio: 24.45 dB

Rain Clutter to Noise Ratio: -Inf dB

Sea Clutter Paraneters:
Shape Paraneter: 1.38

Mean Doppl er Frequency:
Doppl er Spread (sigm)
Doppl er Spread (sigm)
Cveral | Doppl er Spread
Nor mal i zed Val ues:

Mean Doppl er Frequency:
Doppl er Spread (sigm)
(normalized freq.)
Doppl er Spread (sigm)
(normalized freq.)
Cveral | Doppl er Spread

30.48 Hz

due to Internal Cutter
due to Antenna Scanni ng
(sigma): 13.80 Hz

Mot i on:
Modul ati on:

0.030 (normalized freq.)
due to Internal Clutter Motion:
due to Antenna Scanni ng Mdul ati on:

(sigma): 0.0138 (nornalized freq.)

10. 75 Hz

8.64 Hz

0.011

0. 0086
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The improvement factors are calculated accordirthecclutter parameters and the

radar receiver noise level in the simulation repod presented in Figure 5-2.
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Figure 5-2: Improvement Factors for Scenario-2

According to Figure 5-2, we can observe that theromement factor of the algebraic

spectral moment based clutter parameter estimatidrihe steered MTI filter nearly

fit the improvement factor of the optimum filterrfexoclutter regions. In endoclutter
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regions a maximum of 2 dB secession occurs forsfyertral moment estimation
method. The improvement factor of the spectral munsstimation is worse than
scenario-1 since in this scenario, this methodrassuthat the rain and the sea clutter
coexist in the environment, in fact, only the skdter exists. This results in that the
spectral moment estimation tries to find two cligtend estimates their parameters
as closely spaced clutters around the mean Doprgdgquency of the sea clutter.

Thus, the estimated clutter powers are half osteeclutter power.

The improvement factors of both the spectral monestimation method and the
optimum filter drop in the area of +0.1 Dopplerduency around 0.03 Doppler
frequency. This result is caused by the sea clufleppler spread which is

approximately 0.0828 (6 sigma).

The steered MTI filter has a deep null at the mBappler frequency of the sea
clutter and in this area, the improvement factapdrbelow 0. The Doppler filter is
better around the mean Doppler frequency of the dledter, however, its
performance is worse than the steered MTI filteexoclutter regions. This results
from the fact that the sea clutter at Doppler sides has a negative effect on the

improvement factor.

The SMI method has a better improvement factor tharother methods except for
the optimum filter and the spectral moment estioratmethod. This shows that
knowing apriori information about the spectral shapthe clutter and estimating the
parameters that describe it result in a better avgament factor.

5.3.3 Scenario-3 (Only Rain Clutter Exists.)

In this scenario, ASR-11 is located 100 m aboverms=a level and its beam is
directed towards the air, thus, the radahoes do not contain sea clutte/A target
having 1 M RCS is placed at 40 km range from the radar. Hiefall rate is 4

mm/hr (moderate rain) and the wind speed is 7.7towsrds the radar.
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The number of coherent pulses and the number ependent range bins used in the

spectral moment estimator are 8

and 10, respegtiltels assumed that the clutter

spectrum can be expressed by 14 spectral momadims. spectral moment

estimator is using the assumption that there is bbtthe rain and the sea clutter

exist in the radar echoes, in fact only the rain ditter exists.

The power and the Doppler Characteristics of tingetathe rain clutter and the sea

clutter at 40 km are calculated and simulation regogiven below:

After Pul se Conpression Target

and I nterference Powers:

Target Echo Power: -75.53 dBm

Sea Clutter Power: -Inf dBm

Rain Clutter Power: -75.30 dBm

Recei ver Noi se Power: -111.42 dBm
Sea Clutter to Noise Ratio: -Inf dB
Rain Clutter to Noise Ratio: 36.11 dB

Rain Clutter Paraneters:

Mean Doppl er Frequency: 143.38 Hz

Doppl er Spread (sigma) due to Internal Clutter Mtion: 57.83 Hz
Doppl er Spread (sigma, w nd sheer conponent): 54.73 Hz

Doppl er Spread (sigma, turbul ence conponent): 18.67 Hz

Doppl er Spread (sigm, beam broadeni ng conmponent): 0.00 Hz

Doppl er Spread (sigma, fall velocity distribution conmponent): 0.00 Hz
Doppl er Spread (sigma) due to Antenna Scanni ng Mdul ation: 8.64 Hz
Overal | Doppler Spread (sigma): 58.47 Hz

Nor mal i zed Val ues:

Mean Doppl er Frequency: 0.143 (normalized freq.)

Doppl er Spread (sigma) due to Internal Clutter Mtion: 0.058
(normalized freq.)

Doppl er Spread (sigma) due to Antenna Scanning Mdul ation: 0.0086

(normalized freq.)
Cveral | Doppl er Spread

(sigma): 0.0585 (nornalized freq.)

The improvement factors are calculated accordirthecclutter parameters and the

radar receiver noise level in the simulation rejpoid presented in Figure 5-3.

120



Sample Matrix Inversion
Proposed Algorithm

Doppler Fitter

MTI for Rain + Doppler Filter

[ap] 1010e JUBWaAoIdw|

10
0

1
-2

1

02 -0
Doppler Frequency [normalized freq.]

-0.3

-0.4

-0.5

Figure 5-3: Improvement Factors for Scenario-3

According to Figure 5-3, we can observe that thpromement factor of algebraic

spectral moment based clutter parameter estimét®rthe improvement factor of

the optimum filter for the whole range in spitetbé fact that, in this scenario, this
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method assumes the rain and the sea clutter coexist environment. The reason is
that in Scenario-2, the sea clutter has a narroppl2o spread while in Scenario-3,
the rain clutter has a wider Doppler spread. Tha sifi the covariance matrices of
the clutters found by the spectral moment estimatmethod is close to the

covariance matrix of the rain since it has a wideppler spread. In other words, the
spectral moment estimation method can describedkariance matrix of the rain

clutter in terms of two different closely spacedttdrs since the rain clutter has a
wider Doppler spread.

When compared to Scenario -2, the performance ef sieered MTI drops in

Scenario-3 since the rain clutter has a much |abggpler spread.

The improvement factors of both the spectral monemstimation method and the
optimum filter drop in the area of £0.3 Dopplerduency around 0.15 Doppler
frequency. This result is caused by the rain du@®ppler spread which is
approximately 0.351 (6 sigma).

The steered MTI filter has a deep null at the mBappler frequency of the rain
clutter and in this area, the improvement factepdrbelow 0. The Doppler filter has
a better performance around the mean Doppler frexyuef rain clutter; however, its
performance is worse than the steered MTI filteexo-clutter regions. This results
from the fact that the rain clutter at Doppler sibes has negative effect on

improvement factor.

The SMI method has a better improvement factor tharother methods except for
the optimum filter and the spectral moment estioratmethod. This shows that
knowing apriori information about the spectral stapf clutter and estimating

parameters that describe it results in a betterorgment factor.
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5.3.4 Scenario-4 (Only Sea Clutter Exists.)

In this scenario, ASR-11 is located 100 m abovers=a level and its beam is
directed parallel to the earth surface. A targefiftal nf RCS is placed at 40 km
range from the radar. Theren® rain and the wind speed is 7.7 m/s towards the

radar (corresponds to Sea State 3 according tdSiaemodel).

The number of coherent pulses and the number ependent range bins used in the
spectral moment estimator are 8 and 10, respegtiltels assumed that the clutter
spectrum can be expressed by 14 spectral momdims. spectral moment
estimator is using the assumption that there is owl the sea clutter in the

environment.

The power and the Doppler Characteristics of tingetathe rain clutter and the sea

clutter at 40 km are calculated and simulation regogiven below:

After Pul se Conpression Target and Interference Powers:
Target Echo Power: -75.53 dBm

Sea Clutter Power: -86.97 dBm

Rain Clutter Power: -Inf dBm

Recei ver Noi se Power: -111.42 dBm

Sea Clutter to Noise Ratio: 24.45 dB

Rain Clutter to Noise Ratio: -Inf dB

Sea Clutter Paraneters:

Shape Paraneter: 1.38

Mean Doppl er Frequency: 30.48 Hz

Doppl er Spread (sigma) due to Internal Clutter Mtion: 10.75 Hz
Doppl er Spread (sigma) due to Antenna Scanni ng Mdul ation: 8.64 Hz
Overal | Doppler Spread (sigma): 13.80 Hz

Nor mal i zed Val ues:

Mean Doppl er Frequency: 0.030 (normalized freq.)

Doppl er Spread (sigma) due to Internal Clutter Mtion: 0.011
(normalized freq.)

Doppl er Spread (sigma) due to Antenna Scanning Mdul ati on: 0.0086
(normalized freq.)

Overal |l Doppler Spread (sigma): 0.0138 (nornulized freq.)
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The improvement factors are calculated accordirthecclutter parameters and the

radar receiver noise level in the simulation repod presented in Figure 5-4.
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Figure 5-4: Improvement Factors for Scenario-4
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According to Figure 5-4, we can observe that theromement factor of the algebraic
spectral moment based clutter parameter estiméit®rthe improvement factor of
the optimum filter for both endo-clutter and exattér clutter regions. The
improvement factor of the spectral moment estinmatioethod is better than

scenario-2 since this method assumes only thelgar@xists in the environment.

The improvement factors of both the spectral monestimation method and the
optimum filter drop in the area of £0.1 Dopplerduency around 0.03 Doppler
frequency. This result is caused by the sea clufieppler spread which is

approximately 0.0828 (6 sigma).

The Steered MTI filter has a deep null at the mBappler frequency of the sea
clutter and in this area the improvement factompdrbelow 0. The Doppler filter is
better around the mean Doppler frequency of the cle#ter, however, its

performance is worse than the steered MTI filteexo-clutter regions. This results
from the fact that the sea clutter at Doppler sidet has negative effect on

improvement factor.

The SMI method has a better improvement factor tharother methods except for
the optimum filter and the spectral moment estioratmethod. This shows that
knowing apriori information about the spectral shapf clutter and estimating

parameters that describes it results in a betterawement factor.

5.3.5 Scenario-5 (Only Sea Clutter with Exponential Autoorrelation Function
Exists.)

The mean power and the mean Doppler frequencyhsea clutter in this scenario
are the same as Scenario-4. The spectral momemiaést is using the assumption
that there is only the sea clutter in the environinelowever, in this scenario, the
exponential autocorrelation function model for Hea clutter is used. The proposed

125



method still uses the assumption that the sea ecluttbeys the Gaussian

autocorrelation function model.

The improvement factors are calculated and predentEigure 5-5.
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Figure 5-5: Improvement Factors for Scenario-5
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According to Figure 5-5, we can observe some degi@din the performance of the
proposed algorithm when compared to Scenario 4.rddegjon amount can be
observed from Figure 5-6. Degradation in the ctuttgppression performance of the
proposed method is due to the false assumption ttteatsea clutter obeys the
exponential autocorrelation function model. Morapwee can observe from Figure
5-5 that the improvement factors in Scenario-5l@se than Scenario-4. The reason
is that in the exponential autocorrelation functimodel, the clutter correlation
decays faster as the time between the clutter smnmptreases. This leads to increase

in clutter spread and decrease in the improvenastoifs.
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Figure 5-6: Degradation in the Performance of the Proposed ddeith Scenario 5
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5.3.6 Scenario-6 (Only Rain Clutter with Exponential Autocorrelation
Function EXxists.)

The mean power and the mean Doppler frequencyhérdin clutter in this scenario
are the same as Scenario-3. The spectral momemiaést is using the assumption
that there is only the rain clutter in the envir@mn However, in this scenario, the
exponential autocorrelation function model for tha clutter is used. The proposed

method still uses the assumption that the rainterlubbeys the Gaussian
autocorrelation function model.

The improvement factors are calculated and predentEigure 5-7.
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7: Improvement Factors for Scenario-6

Figure 5

According to Figure 5-7, we can observe some degi@din the performance of the

proposed algorithm when compared to Scenario 3.rddgjon amount can be

observed from Figure 5-8. Degradation in the ctuttgppression performance of the
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proposed method is due to the false assumption theatrain clutter obeys the
exponential autocorrelation function model. Morapwee can observe from Figure
5-7 that the improvement factors in Scenario-6less than Scenario-3. The reason
is that in the exponential autocorrelation functimodel, the clutter correlation
decays faster as the time between the clutter smnptreases. This leads to increase

in clutter spread and decrease in the improvenastoifs.
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Figure 5-8: Degradation in the Performance of the Proposed ddeith Scenario 6
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5.3.7 Scenario-7 (Both The Sea Clutter and The Rain Cluér with Exponential

Autocorrelation Function Coexist.)

The mean powers and the mean Doppler frequencidhdosea clutter and the rain
clutter in this scenario are the same as Scenafldwd spectral moment estimator is
using the assumption that there are both the sdtercland the rain clutter in the
environment. However, in this scenario, the exptiabrautocorrelation function
model for the sea clutter and the rain clutterseds The proposed method still uses
the assumption that the sea clutter and the rauttecl obey the Gaussian

autocorrelation function model.

The improvement factors are calculated and predentEigure 5-9.
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Figure 5

According to Figure 5-9, we can observe some degi@din the performance of the

proposed algorithm when compared to Scenario l.rddegon amount can be

observed from Figure 5-10. Degradation in the etluiuppression performance of
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the proposed method is due to the false assumfiteinthe sea clutter and the rain
clutter obey the exponential autocorrelation fumttimodel. Moreover, we can
observe from Figure 5-9 that the improvement facior Scenario-7 are less than
Scenario-1. The reason is that in the exponenti@carrelation function model, the
clutter correlation decays faster as the time betwthe clutter samples increases.

This leads to increase in clutter spread and dserigethe improvement factors.
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CHAPTER 6

CONCLUSION

6.1 Summary

The main motivation of this thesis work was to istvgate the performances of
recently proposed clutter spectral parameter emgechniques in an environment

that includes both the sea and the rain clutter.

For this purpose, firstly, the definitions of thatdrference and the optimum
interference suppression filtering were stated. nThthe MTI and the MTD

algorithms, which are widely used algorithms in e radars to suppress the
interference, are reviewed and their deficienciésciv differentiate them from the

optimum interference suppression filtering wereesta

Since the parametric methods which can effectigelgpress the interference that
includes both the rain and the sea clutter wereestigated in this thesis, the
characteristics of the rain clutter and the se#terlwere reviewed. In this context,
the amplitude characteristics, the mean cluttdecg¥ity behaviours, the Doppler
characteristics of both clutters were summarizedrddver, the models and the
methods that can be used to simulate synthetiasgaain clutter that have specific

amplitude distribution and specific time correlatjproperties were reviewed.
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The parametric maximume-likelihood estimator, the SWP (weighted

pseudosubspace fitting) algorithm and the algebsaiectral moment estimation
method were listed as the methods which can sdlgentoving clutter parameter
estimation problem and their clutter parameter nestion performances were
investigated in this thesis. It was noted that tthetter parameter estimation
performance of the parametric maximum-likelihoodineator perfectly fits the

Cramér-Rao bound. However, solving the minimizatgoblem in this estimator
requires high computational power. When comparethé parametric maximum-
likelihood estimator, it was noted that the WPSki@hted pseudosubspace fitting)
algorithm has less computational power. Howeveés ivell shown in the literature
that it fails when compared to the performance loé fparametric maximum

likelihood estimator.

On the other hand, the algebraic spectral mometma&son method is recently
proposed to solve direction of arrival (DOA) prabl®f more than one interference
signals. Original algorithm is developed to fing thean powers and the directions
of more than one signal sources. In this thesis,algorithm is used to find the mean
powers and the mean Doppler shifts of more than rapging clutters. Since it
provides the mean powers and the mean Dopplerdrenes of the clutters only, it is
combined with the parametric maximum-likelihoodiresttor to find additionally
Doppler spreads of the clutters and it is propased two step method to achieve full
clutter characterization: In the first step, theamgowers and the mean Doppler
frequencies of clutters are estimated using thebaic spectral moments based
estimation technique and in the second step, ubmglutter parameters estimated in
first step, minimization of the negative log-liketiod function is done by fixing the
mean powers and the mean Doppler frequencies arjcty the Doppler spreads.

To investigate the performance of the proposedterluparameters estimation
method, the sea and the rain clutter were simulatetl the Monte-Carlo analysis

were done to determine its RMS and bias performafieen, the performance of the
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proposed method was compared with the Cramér-Ramdsofor different mean
clutter powers, the Doppler separations, the meappl2r frequencies and the shape
parameters. From the results, it was observed fbatabove 10 dB CNR, 0.15
normalized Doppler separation value and above sh@pameter value 3, its
performance fits the Cramér-Rao bound. Moreoveg, ghfficiency of number of
Monte Carlo runs was presented in terms of contidenterval of 95% together with

the estimation performance of the proposed method.

To investigate the clutter suppression performartbe, proposed method and
conventional methods (the steering MTI followedtbg Doppler filter, the optimum
filter, the Doppler filter, the sample matrix ingesn method) were compared in
terms of the improvement factor for realistic ragarameters. In these comparisons,
the technical parameters of next generation airpunteillance radar (ASR-11) were

used.

For clutter environment in which both the rain tdutand the sea clutter coexists, it
was observed that the improvement factor of thepgeed method is very close to

the optimum filter and its performance surpassestibre conventional methods.

For the clutter environments in which only the ralotter exists and only the sea
clutter exists, it was observed that the improvenf@ctor of the proposed method is
slightly decreased by 2 dB since it searches far ¢lutters in the radar echoes. In
spite of this false assumption, it is observed fthmimprovement factor comparison
results that the performance of the proposed matholdsest to optimum filter when

compared to the conventional methods.

After calibrating the proposed method in such a &y it searches only one clutter
in the radar echoes, the improvement factor agacomes very close to optimum
filter (less than 1 dB).

To investigate the robustness of the proposed ighgor its clutter suppression

performance under the exponential autocorrelatiomction model assumption is
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calculated. Since it uses the assumption thataimeatutter and the sea clutter obey

the Gaussian autocorrelation function model, it observed that its clutter

suppression performance degrades up to 6 dB dilne tialse assumption mentioned

above.

6.2 Future Work

There are some topics regarding the clutter suparesubject to further develop the

proposed parametric method. These topics are lasviol

Investigating the performance of the proposed ntetlos an environment

which includes both the ground and the rain clutter

Comparing the performance of the proposed methath Wie subspace
methods for different clutter powers, mean Dopgdlequencies, Doppler

spreads and shape parameters,

Extending the covariance matrix estimation methséduin the proposed
method for different amplitude distributions asthe case of sea clutter and

investigating the performance results,

To reduce computation load, develop a method td five transversal filter
coefficients as a function of clutter parameteirs tijis thesis, we accomplish
this by calculating the interference covariance rinafrom the clutter
parameters and taking the inverse of the estin@tatkr covariance matrix.)
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APPENDIX A

CRAMER-RAO BOUND CALCULATIONS

It will be useful to calculate the Cramér-Rao basifar the clutter parameters since
they permit to evaluate ultimate estimation perfance and to know if an

improvement for a practical algorithm is possible.

A.1Cramér-Rao Bounds for Spectral Moments and Clutter Parameters of

Simplified Narrow Band Interference Signals

We can model the sea and rain clutter returns as reean multivariate Gaussian

random vectors with covariance matricBs and R,. Forms of R, and R, are the

same as (3.15), however, for the purpose of makhmeg covariance matrices
independent of the radar PRF, we shall use norethlimean Doppler frequency for
the Cramér-Rao bound derivations. Assuming thatlideovations are made in the

CPI, MxM matricesR, and R, can be written as

Rl(m,n)=P1eXp(j 27ul(m—n)), mn=1M , (A.1)

Rz(m,n):PZexp(j 277u2(m—n)), mn=1,M (A.2)

where R and P, are the clutter powers angandu, are the normalized frequencies

which corresponds to the mean radial velocitiethefclutters.
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Covariance matrixR of the radar return which contains the rain chittbe sea

clutter and the radar receiver noise can be exptess following:

R=R +R,+FRl (A.3)
where P, stands for the power of receiver noise dnts the identity matrix.

We can express the covariance matixn terms of the spectral moments:

R=3 MA, +R| (A.4)

a=0

where A, is an MxM matrix [21]

21 . . q
A, —aexp(—J 2r(m-n)u, )(-j 2z(m-n))". (A5)
When we define the unknown parameter vector afirgstdour spectral moments,
6=[M, M; M, M]. (A.6)

Fisher information matrix for N-variate normal distition is obtained as [26]

.
I (mn) S g W L e R s R minsa (A7)
6. 96, 2 6. 96 :

m n

where u is the Nx1 column vector whose elements are thansi@f the complex

clutter returns andr ([J is the trace operator.

Since we model the clutters as zero mean multis&afEussian random vectors, the
derivatives of the means with respect to the speotoments are zero and the term

.
ZL; R‘ls—; drops. Furthermore, since our data is complex, itfermation

m n

. . 1
contained inR doubles and the ternzq drops also.
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Hence, the Fisher information matrix for our casedmes

4 O0R _,0R
I(m,n)ztr(RlaRla—gnJ, 1<mn<4. (A8)

Using (A.4), partial derivative of the covariancatnx with respect to the spectral

moments is equal to

aR
Wq:Aq- 0=q<w. (A.9)

Using (A.8) and (A.9), the Fisher information matcan be expressed as

| (mn)=tr(R*'A,RA,), 1smn< 4. (A10)
Error covariances must satisfy the Cramér-Rao iakdgu
cov(My) = I"*(M,) (A.11)
where

‘(m,)=1"qq).1<q<4. (A.12)
To find the Cramér-Rao bounds for powers and meaguéncies of clutters, we
need to change our unknown parameter set to
6=[R P u u). (A.13)

Then, partial derivatives of the covariance matwith respect to unknown

parameters in (A.13) become

oR(mn)
oR

=exp(j 2w, (m-n)), 1smns< 4, (A.14)
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, 1<mn< 4 and

aR(m,n):{Pz . m=n ,1<mn<4.

P,j27z(m-n)exy( j 2m,(m-n)) ow}
Error covariances must satisfy the Cramér-Rao bsund

cov(Py) = I"1(Py),
cov(P,) = I"1(P,),
cov(y) = I"*(u,) and

cov(z) = I"1(uy).

(A.15)

(A.16)

(A.17)

(A.18)

A.2Cramér-Rao Bounds for Spectral Moments and ClutterParameters of Wide

Band Interference Signals

The Cramér-Rao bound derivations for the cluttgnais that have Doppler spreads

differ only in the form of the radar return covamc@ matrix R and the unknown

parameter vector for the spectral moments andlthecparameters.

In this case, the MxM matriceR and R, take form of
R(mn)= Plexp(—mzaf(m—n)2 +j 2mu,(m- n)) , 1<mn<4 and
R,(mn)= Pzexp(—zfa;(m—n)2 +] Zzuz(m—n)), 1<mn<4

whereg? and o? represent the Doppler spreads of clutters.

The unknown parameter vector for the spectral maosneecomes

148

(A.19)
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6=[M, M, M, M; M, M{, (A.21)
and the rest of the derivation for the Cramér-Raunlls is the same as the simplified
signal model.

To find the Cramér-Rao bounds for the powers, theamfrequencies and the
Doppler spreads of the clutters, the unknown patanwector changes to

6=[R B, u u, o 73] (A.22)

and so the partial derivatives.

Then, the partial derivatives of the covariancermatith respect to the unknown

parameters in (A.22) become

oR 2 .
(()gll,n) =exp(—272012(m—n) +j mul(m—n)), l<mn<4, (A.23)
R 2, .
(glr;:n) =exp(_272022(m_n) i z-luz(m—n)), lsmn<4, (A.24)
oR(mn) |R . m=n
e LA VI Uy A 0 R
l<mn<4,
oR(mn) _ P m=n
ou,  |Pizr(m-n)exp(-2r0%(m-n)+] 2m,(m-n)) |, ow[' (a5
l<mn<4,
oR(mn) |R » m=n
057 |R(-272 (m=n))exp(- 220 (m=n)" + ] 2w, (m-n)) , ow[' ()
l<=mn<4
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1<mn<4
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(A.28)



