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ABSTRACT

INVESTIGATION OF RANGE MIGRATION COMPENSATION IN
RADAR DETECTION

Culha, Onur
Doctor of Philosophy, Electrical and Electronic Engineering
Supervisor : Prof. Dr. Yal¢in Tanik

September 2022, 155 pages

In this study, range migration compensation methods in radar detection are examined
from two different aspects: proposing novel methods to compromise between
computational complexity and detection performance, and investigating range
migration compensation under clutter and target fluctuation. We proposed a low
complexity implementation of repetitive chirp-z transform (CZT) in order to be
employed in Keystone transform and Radon Fourier transform with no loss in
performance. Another efficient method has been proposed to compensate range
migration without repeating CZT. The computer simulations show that the proposed
method can achieve almost the same detection performance with significantly lower
computational complexity compared to the classical ones. In addition, we investigate
performance of range migration compensation methods under clutter and target
fluctuation, and propose new methods to compensate range migration in these

environments.

Keywords: Radar Detection, Range Migration, Clutter, Target Fluctuation






Oz

RADAR TESPITINDE MENZIiL KAYMASI TELAFISININ INCELENMESI

Culha, Onur
Doktora, Elektrik ve Elektronik Miithendisligi
Tez Yoneticisi: Prof. Dr. Yal¢in Tanik

Eylil 2022, 155 sayfa

Bu calismada, radar tespitinde menzil kaymas telafi yontemleri iki farkli agidan
incelenmistir: hesaplama karmagiklifi ve tespit performansi arasinda denge
saglamak icin yeni yontemler dnermek ve kargasa ve hedef dalgalanmasi altinda
menzil kaymasi telafisini arastirmak. Keystone doniisiimiinde ve Radon Fourier
doniisiimiinde performans kaybi olmadan kullanilmak {izere tekrarlayan chirp-z
donisiimiiniin (CZT) diisiik karmagiklikta bir uygulamasini 0ngordiik. Ayrica,
CZT'yi tekrarlamadan menzil kaymasini telafi etmek igin bir baska verimli yontem
onerilmistir. Yaptigimiz bilgisayar benzetimleri, Onerilen yontemin klasik
yontemlere kiyasla onemli Ol¢iide daha diisiik hesaplama karmasikligi ile hemen
hemen ayni tespit performansini elde edebilecegini gostermektedir. Son olarak,
kargasa ve hedef dalgalanmasi altinda menzil kaymasi telafi ydntemlerinin
performansi arastirilmis ve bu ortamlarda menzil kaymasini telafi etmek igin yeni

yontemler 6nerilmistir.

Anahtar Kelimeler: Radar Tespiti, Menzil Kaymasi, Kargasa, Hedef Dalgalanmasi
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CHAPTER 1

INTRODUCTION

Since its beginning a century ago, the ranging, imaging and positioning of radar
targets has been extensively studied, for which numerous applications and variations
exist. Although modern radar techniques have undergone rapid development in many
fields, there are some serious challenges for effective radar detection. Among them,
low SNR high speed targets should be detected effectively with high resolution.
Regarding this, it is proposed to increase antenna aperture and transmission power
in conventional approach. Nonetheless, this approach may bring about some
electronic warfare and radar survivability issues such as cost, vulnerability and
probability of intercept. To enhance detection performance while keeping physical

radar parameters unchanged is a challenging problem.

Theoretically, it is known that detection performance can be increased via long
integration time [1] [2]. However, increasing integration time brings benefit by the
price of another limitation: target echoes are required to be confined in a single range
resolution cell. Many detection algorithms have been developed in the last decades
in order to remove the range walk, which can be divided into two categories:
coherent and non-coherent integration. Radon Transform [3] [4] [5], Hough
Transform [6] [7] [8] and the track-before-detect technique [9] [10] are classical non-
coherent integration techniques. Since the non-coherent integration methods do not
consider the phase variation between the pulses, their performance under low signal-
to-noise ratio (SNR) environment is insufficient. Regarding the coherent integration
techniques, there are mainly two types of methods: parametric and non-parametric

search. Sequence reverse transform (SRT) [11], adjacent cross correlation function



(ACCF) [12] and scaled inverse Fourier transform (SCIFT) [13] are typical non-
parametric search methods. These non-parametric search methods are
computationally more efficient than the parametric search methods; however, they
require high SNR input. With regards to the parametric search methods utilizing
coherent integration, Keystone Transform (KT) [14] [15] [16] [17] [18] and Radon
Fourier Transform (RFT) [19] [20] [21] are well-known algorithms. Although KT
can remove range walk by rescaling the slow time axis for each range frequency, it
requires interpolation operations and an extensive computational load to search for
the Doppler ambiguity factor. A computationally efficient implementation of KT
[22] has been proposed by using Chirp-Z transform (CZT). However, this method is
still not very efficient because it has to repeat CZT operation for each Doppler
ambiguity factor. RFT can compensate range migration by searching through the
range and the velocity axes together, but it is computationally expensive because of
the 2-dimensional search. Yu et al. [21] proposed to implement RFT by employing
CZT to reduce computational load. Even though computational complexity can be
lowered by using CZT in KT and RFT, they still need to be improved for real-time
operations. Analysis and implementation aspects of KT and RFT are discussed in

more detail in Chapter 2.

Most of the studies proposing range migration compensation (RMC) methods in the
literature do not take into account the two main issues in real radar detection
problem: clutter and target fluctuation. First, unwanted echoes, known as clutter,
reflected from land, sea and rain can cause critical performance problems in radar
detection. In addition, there may be some cases where both the target and clutter
echoes are range migrating. Then, special efforts should be made to mitigate the
range migration problem. Secondly, the amplitude of the echo signal from a moving
target tends to have some fluctuations, which reduces the probability of detection.



1.1  Objectives

The main objectives pursued in this thesis are related to possible improvements on
RMC methods and investigations on application of RMC methods in realistic
conditions such as clutter and target fluctuation. The objectives can be detailed as:
e Analyze well-known RMC methods and their implementation aspects
e Propose two new methods: (i) to reduce computational load of existing KT
and RFT algorithms without sacrificing the detection performance, and (ii)
to achieve almost same detection performance as the RFT with lower
computational complexity
e Evaluate the coherent integration performance when KT is applied to detect
targets in sea clutter background
e Examine the effect of swapping the orders of clutter suppression and KT in
detection of moving targets in rain clutter
e Propose an efficient method to detect targets when both rain clutter and
target are range-migrating
e Investigate performance of the KT method for fluctuating targets
e Propose hybrid integration scheme for moderately fluctuating targets in case

of range migration

1.2 Outline

We present the problem definition, review well-known RMC methods such as KT

and RFT and analyze their implementation aspects in Chapter 2.

In Chapter 3, the KT is evaluated in realistic radar environment such as target
fluctuation and clutter. We first introduce target fluctuation and clutter models.
Consequently, hybrid integration technique has been analyzed to detect moderately
fluctuating targets. Next, we examined the range migration compensation under sea
and rain clutter. Finally, we propose a method to remove range migration jointly for
both range migrating clutter and target.



Two novel methods are proposed to reduce computational complexity of existing
RMC methods in Chapter 4. The first method proposes an efficient implementation
of KT and RFT repeating execution of CZT for each Doppler ambiguity factor. The
second one is an efficient method to search for the Doppler ambiguity number and
residual velocity based on a new technique called Doppler ambiguity shift transform
(DAST) developed in this thesis study.

In Chapter 5, this thesis work is summarized and conclusions are drawn.



CHAPTER 2

REVIEW OF COMMON RANGE MIGRATION COMPENSATION METHODS

In this chapter, we will define the range migration problem in radar, review some

well-known range compensation methods, and analyze their implementation aspects.

2.1 Problem definition

Pulse integration is an effective way of improving target detection performance in a
Pulsed Doppler (PD) radar under a noisy environment. Coherent integration allows
obtaining a higher detection signal-to-noise ratio (SNR) than non-coherent
integration, thanks to the compensation of phase variations between transmitted
pulses.

Besides the improved detection performance, it is possible to obtain lower Doppler
frequency and range resolution when transmitting wide-band pulse train in the PD
radar. Nevertheless, the combination of the factors such as wide-band pulse, the high
target velocity with respect to radar, the long coherent processing interval (CPI)
results in considerable range migration. If the target has a high velocity, range
between radar and target changes significantly during the long CPI. Wide bandwidth
means low range resolution cell. Hence, the high speed target may move more than
many range cells for wideband signal and an effective integration among multiple
pulses cannot be realized due to the range migration effect. Therefore, how to

compensate the envelope migration is the key problem which needs to be solved.

Consider a radar emitting N pulses during the CPI,



sx(t,n) = p(t — nT)exp(j2rf.t) (2.1)

where t is time, n is pulse number, Ty is pulse repetition interval (PRI), fc is the carrier
frequency and, p(t) is an arbitrary envelope signal. We define

Q(f) = P(HP(f) (2.2)

where P(f) is the FT of p(t), ()" denotes complex conjugate, and g (t) and Q(f) are
FT pairs:

q(t) =p(t) *p*(-t) (2.3)

We assume the pulses are scattered back from a point scatterer and the radial distance
between the radar and the target is R(n) for the n' pulse. We store the received signals
in a 2-dimensional matrix sg,(t, n ) where t =t — nTr, is known as the "fast
time" and n is the pulse count (slow-time index) from 0 to N-1. The received signal
at the n'™ pulse after downconversion can be expressed as

srx(E,1) = p[t — t(m)]exp[—j2nfr(m)] + w(f) (2.4)

where t(n) is the round time delay between the moving target and the radar at time
nT, defined as

t(n) =19+ 2vnT, /c = 2 (R, + vnT, )/c (2.5)

in which ¢ denotes the velocity of light, v is the radial velocity between the target
and the radar, Ro is the target range at the transmission time of the 1% pulse, i.e. n =
0.

Equation (2.4) is an approximation, because 7(n) is assumed to be constant during
pulse repetition interval T,.. This approximation is acceptable, unless T, is very long.
w(t) represents bandpass complex white Gaussian noise with zero mean and variance
o?. The input SNR is then defined as 1/02. In addition, we ignore the variation of
scatterer range during the pulse interval To.

The Fourier transform (FT) of (2.4) over £ is
S(f,m) = P(f) - exp[—j2n(f + f)rt(m)] + W(f) (2.6)
where W (f) is the FT of w(%).

Multiplying S(f, n) by FT of the matched filter (MF) impulse response gives

0(f,n) = Q(NHexpl—j2n(f + f)r(M] + P*(HW () (2.7)



where the matched filter impulse response is h(t) = p*(—t), and P(f) isthe FT of
p(t), ()" denotes complex conjugate. Substituting 7(n), we have the following
statement

2vnT, (2.8)
c

O(f,m) = Q(P)expl—j2n(f + foyrolexp |~j2n(f + £)
+ P OWF)

where n=0,1,..., N — 1.

There is obviously a coupling between the fast time frequency f and slow time n in
the exponential term exp [—jan ZvnTr] in (2.8), which means that there is range
migration.

c

We can illustrate the range migration problem in fast time — slow time domain as a
sketch plot shown in Figure 2.1, where amplitude of each pulse is shown in a row
only for illustration purpose, and x-axis shows the range bins corresponding to fast
time. It is obvious that arrival times of pulses are not confined in the same range bin.
This is why simple addition of pulses without any correction leads to reduction in
the amplitude of the output. Figure 2.2 depicts the case when the arrival times of the
pulses are aligned. Note that the amplitudes of all pulses peak in the same range bin,
so the pulses can be simply summed up and the effect of the range migration problem

is mitigated.



range bin

pulse #1
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-
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Figure 2.1 Illustration of range migration in fast time — slow time domain
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Figure 2.2 Illustration of pulses after range alignment

ANALYSIS AND IMPLEMENTATION ASPECTS OF KT

2.2

In this section we examine the KT algorithm, one of the well-known RMC

algorithms, from analysis and implementation aspects.



221 RMC AND DOPPLER AMBIGUITY RESOLUTION VIA KT

The term exp [—j 47” fvnTr] in (2.8) generates the range migration because f and n

couple with each other. KT is employed to get rid of this coupling. Define the
transform as
n=mf./(fc + f) (2.9)

This can be interpreted as the rescaling of axis n for each frequency f. Figure 2.3
shows the remapping process. The process is called "Keystone Transform™ due to its

Keystone shape [14].

4‘;‘"

o(f,n)

* n
Yy

7 _ O(f,m)

\ S

Ay .-'f P m

Figure 2.3. Transform of two dimensional data: the Keystone transformation.

Substituting (2.9) into (1.6), the rescaling operation is done and there is no more

coupling between f and m axes:

Okr(f,m) =0 (ﬂ%)

4
= Q(Prexpl—j2n(f + pymleww |~ = mpt | + w0

where m =[0,1,...,N — 1] (%)

10



Notice that the fast-time frequency f and the rescaled slow-time m are no more

coupled. Hence, we eliminated the range migration by performing the KT.

In (2.10), Ok (f, m) is defined for non-integer values of m. We need to recover
Or(f,m') for integer values of m' = 0,1, ..., N — 1 by sinc interpolation based on

truncating the Shannon interpolation formula as proposed in [16] and [17] ;

(N-1Da
Okr(f,m') = Z Okr(f,m)sinc[m —m’]
m=0
(N-1)a (2.11)
= Z O(f,m/a)sinc[m —m']
m=0
where a = fcf;f

Substituting m = na

N-1 (2.12)
Okr(f,m") = Z O(f,n)sinc[na — m']

Effect of Doppler Ambiguity

High speed targets causes to significant Doppler ambiguity depending on the length
of PRI. This would influence the compensation accuracy and hence integration

effectivity. Hence, the KT requires a particular adaptation.

Let us inspect only the slow-time phase term %”mfchr in Ok (f, m) of equation
(2.10). Supposing the velocity v is low such that there is no Doppler ambiguity, we
can rewrite the slow-time phase term, exp [—j%”mevTr] = exp[—j2mmf,T,]

2vfe

c

where f; = is the Doppler shift at frequency f.. We now assume the target

velocity is high enough to have Doppler ambiguity and folded over F times.

The slow-time phase term in Ogr(f,m) becomes exp [—jan(fd —Ti)TT] =

exp[—j2mmf,;T,] again; there is no change in the desired result.

11



Let us examine the impact of Doppler ambiguity on the exponential coupling term

of the matched filter output in equation (2.10)

exp [~ f + foyonty | = exp [~z [ + £~ |t

= exp [—jl%n(f + fc)vnTT] explj2mFn] (2.13)

Although exp[j2mFn] equals to unity due to integer values of F, we have included
this term to show the effect of rescaling the slow-time coefficient. After rescaling n
— m to obtain Ogr(f, m), the first slow-time phase term will be corrected to match
the ideal result, however there will be an extra term because of the Doppler

ambiguity:

exp |—J 4% f + fc)vnTr] explj2nFn] (2.14)

4
= exp [—ijfchr] exp [jZnF

fe

(fe + 1)

m

This equation shows that the corrected term must be considered in the case of
ambiguity factor F, which is defined as

e mf, (2.15)
C(F) = exp[ j2nF f)]

(fe +

Then the KT algorithm in (2.12) is compensated by the multiplication by C(F) as

Okr—amb (f: m) = C(F)Okr(f,m) (2.16)

After taking the inverse Fourier transform (IFT) in f domain, the range is compressed
and the profiles are realigned as

ogr(E,m) = IFT [Ogr—amp (f, m)] (2.17)

12



In the case of unknown Doppler ambiguity factor, the ambiguity compensation in
(2.16) can be executed after coherent integration using all possible values of
ambiguity factor F. In the end, we select the one giving the maximum amplitude
peaks. As a remark, Doppler ambiguity can be searched for and found during
detection phase. Namely, Doppler ambiguity factor is already known in the tracking
mode of the radar, which allows us to significantly reduce the computational

complexity of the KT algorithm during tracking.

Coherent Integration after Keystone Transform

Coherent integration can be carried out by taking discrete FT (DFT) of ok (£,n) in

(2.17) with respect to slow time n, as follows:

N-1 . 2.18)
. . j2nnk (
ogr(t, k) = Z ogr(E,n)exp (‘ N )
n=0

where k is Doppler frequency index.

2.2.2 SPECIAL CASE: LFM SIGNAL

In this section we analyze the KT when the transmitted baseband signal is LFM,

which will be the case in the simulations performed in this work.

The received signal at the n™ pulse after downconversion, can be written as

s(t,n) = p[t — t(n)]exp[—j2nf.r(n)]exp(—j2nf,t) + w(t) (2.19)

Suppose that the transmitting baseband signal of PD radar is LFM signal (chirp

pulse) that is given as

p(t) = rect(t/Ty)exp(jmut?) (2.20)

13



where To is the pulsewidth, p =T5is the modulation rate, and rect(t/ To) is the
0

rectangular function with duration To.

The Fourier transform (FT) of (2.19) over  is

S(fin) = P(f + fa) - exp[—j2n(f + fo + f)T(m)] + W(f) (2.21)

4
S = PU + £ exp [T (f + £+ f R +vmry)| B2
+W(f)
The matched filter output can be represented as follows
o0(f,n) = S(f,mP*(f) (2.23)

FT of the chirp signal can be found applying stationary phase principle [23] as
follows:

jmf? (2.24)

P(f) Erect(%) exp(— A )

This approximation improves as the time-bandwidth product BTo increases. If P(f)
IS substituted in (2.23)

Vk B —fa
X exp{—j2n(fy + fo)t(M)} + P*(HHW(f) (2.25)

fa
o(f,n) = irect (f i 26{) exp (_j%fdz) exp {—jan [T(n) + %]}

Substituting (2.9) into (2.25), the rescaling operation is done and there is no more

coupling between f and m axes

mf.
fetf

Okr(f,m) = O(f, )

14



1 f+f7d
= —rect

N B—f, | &P (_j%fdz) exp {—jan [To + ,;(_d]}

x exp(=j2nfamT,) exp{—j2n(fq + f)To} + P*(FHW(f) (2.26)

After taking the IFT in f domain, range compression and realignment of profiles are

completed as

oxr(Em) = L\/{d)sinc {CEAIEEN f—d)}

k
X exp(—jmfat) exp[—jnfato]
x exp(— j2nf.ty) exp(—j2nfymT,) + w'(t) (2.27)

Range Displacement due to Doppler Shift:

After eliminating the range migration, the maximum amplitude of the pulses in CPI

are aligned to be in the same range binat £ = 7, + ’%‘i This range bin corresponds to
the range for the pulse n = m = 0. Substituting k=B/ To and taking B=1/dt, peaks

are found at

. T 2.28
t=T0+%=T0+%=T0+fd'To'dt ( )

where dt is the sampling period. Hence, there will be discretization loss, if f; - T, is

not an integer.

In addition, the peak does not appear at ¢ = 7, as we desire. Rather, there will be a
shift in fast time which is is proportional to the Doppler shift. The range
measurement will include an error since the range is found depending on this peak

time. The error in the range measurement can be written as

15



¢ faTo (2.29)

R, =
4 2B

Figure 2.4 shows that range displacement is proportional to Doppler shift. Range is

measured as Ra instead of initial range Ro between target and radar.

Q—_:r'i Doppler

Range-Delay

R0+RA R(}

Figure 2.4. lllustration of the effect of range-Doppler coupling

Ilustration of Rescaling in KT

We provide an illustration of the rescaling operation in KT to make it hopefully

clearer to readers.

The received signal at the n™ pulse after down conversion, can be rewritten as
s(E,n) = p[t — t(n)]e /2YcPoexp[—j2nf.nAt] (2.30)

The round-trip delay can be expressed as follows

16



Ry + vnTy
c

20Ty

t(n) =2 =1y + nAt and At =

where v>0 implies a receding target.

The Fourier transform of s(,n) over t is

S(f,n) = P(f)e /20 - exp[—j2n(f + f,)nAt] (2.31)

where P(f) = IFT{p(t)}.

The matched filter output in fast time frequency domain can be expressed as

o(f,n) = P*(f)S(f,n) (2.32)
0(f,n) = Q(f)e /ZmU % . exp[—j2n(f + f.)nAt] (2.33)
o(f,n) = q[f — t(n)]e /?™Toexp[—j2n f.nAt] (2.34)

where q(t), Q(f) are defined in (2.2) and (2.3).

We recall that Keystone transform is defined as rescaling slow time index using n =

_ o fetf 20et)  (N-DUets)
Tk

from integers = 0,1, ..., N — 1. After substituting n = mf,./(f, + f) into O(f,n) in

mf./(f. + f). Namely, we obtain non-integers m

(2.33), the rescaling operation is done and there is no more coupling between f and

m axes
_ mfe
OKT(f'm') - O(f'ﬁ: _I_f)
Okr(f, m) = Q(f)e /2 U*f)% - exp[—j2nf,mAT] (2.35)

17



The first exponential in this expression is a constant phase shift corresponding to

round-trip time delay of the first pulse. The second exponential term

muTy

exp[—j2nf,mAt] = exp [—j4nfc . ] corresponds to the Doppler shift where mT,
represents slow time and v is the Doppler velocity. We do not have the exponential

term exp[—j2mfnAt] representing coupling between fand n anymore.

Since m values are not integer, we find Ox(f, m) samples by interpolating O(f, n)
for each value of as shown in Figure 2.5. In this figure, black full-dots show O (f, n)
samples in range-frequency f and slow time index n domain, whereas red circles

show Ok (f, m) samples in range-frequency f and slow time index m axes.

Af
f=B/2

» > »

> D »

< L [ )

» »

»

« ¢ <

f=0

L 4

® > [
@ q [
L L [
3 [ ] > »
b [ ] > »

f B/2n=0 n=1 'm=2 | n=3 on

Figure 2.5 Illustration of KT in slow time - range frequency domain

We have shown in (2.26) that rescaling O(f,n) eliminates the range migration. In

order to find Ok (f, m) for integer values of m, we recover O(f,n) for non-integer

18



values of n. We can recover by sinc interpolation based on truncating the Shannon

interpolation formula as proposed in [16] and [17].

N=1 (2.36)
Okr(f,m) = z O(f,n)sinc[na — m]
n=0

fetf
fe

where ¢ =

In summary, O(f,n) isgivenforn € {0,1, ..., N — 1}, and we want to recover values
forne{0,1/a,..,(N —1)/a}.

Ideally, desired interpolated signal will be as follows

Or (f.m) = O(£,2) (230

form=0,1,..,N—1.

Figure 2.6 illustrates the interpolation operation in KT. Known samples of O(f,n) at
n=20,1,2,..,N — 1 are shown by black full-circles, and, samples to be recovered

atn =0,1/a, ..., (N — 1)/a are shown by red circles.
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° known samples

samples to be

found

v
>

0 Ua 1 2d 2 3d 3 4la 4

v
3

0 1 o 2 20 3 3a 4 dg

Figure 2.6. Illustration of interpolation in Keystone Transform

2.2.3 DISCRETE TIME ANALYSIS OF KT

We consider discrete time sampling of relevant signals in this section. Assume we

have sampling period T, and pulse repetition interval T, is composed of L samples.

T. = LT, (2.38)

Fast time sampling indices I = 0,1,...,L — 1 can be represented as ¢ = IT,. The
slowtimeindexis n = 0,1, ..., N — 1. We can express received and down-converted

signal s(,n) in discrete-fast time as given

sqll,n] = s(Ts,n) (2.39)

where

20



s(E,n) = p(f — 1 (n)) e /2Hc(totnin) (2.40)

We can obtain 1-dimensional discrete signal in fast time domain by sampling p(% )

with period T

paalll = pUTs) (2.41)

Using Shannon interpolation formula [24], we can write

i t — kT 2.42
p(t) = me[k]sinc <t T ) (2.42)

Substituting £ — 7 (n) in place of £ in (2.42),

t— — kT, 2.43
p(f - T (n)) = zk: p1alk]sinc (t ‘ (;l},) > (2.43)

We can define 2-dimensional continuous fast-time, discrete slow-time signal

p.(t,n) =p( — 7 (n)). Then, we have following expression

t t - - kTs 2.44
p.(En) = Z pog[k]sine <t r (;f) ) (2.44)

We can obtain 2-dimensional discrete signal p,4[I, n] by sampling p.(f,n) with

sampling period Ts.

D2a [l’ Tl] = pc(lTs’n) = p(lTs - (n)) (245)
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Then, we obtain following expression after substituting (2.44) in (2.45)

IT, — T(T‘L)—kTs>

p2allin] = Zk: P1alklsinc < T

P2all,n] = p1all] * hg[l, ] (2.46)

where hy[l,n] = sinc (l — T;n) ),

By employing (2.40), (2.45) and using the definition in (2.39), we can express

sqll,n] in the following form:

sall,n] = paqll, n]e™/2HeTo+nan) (2.47)

Taking DFT along I,

L—-1
Salk,n] = PFL(s4[L,n]) = ) s4[l, n]e /2L (2.48)
1=0

where k =0,1,...K — 1.

After substituting s4[l, n],

L-1
_j2mkl

Salk,n] = P2ttt N 1, mle ™ L (249)
=0

Since p,4[l,n] can be expressed as output of ideal fractional delay filter (FDF) as
given in (2.46), we obtain the following expression by employing the ideal frequency
response of FDF [25]
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L-1

_j2mkl
> paallnle™ L = DFT{pyqlL,n])
=0

k 2.50
= Piglk]exp [—jZRZT;T:)l (2.50)

where P, 4[k] is DFT of p,4[1] along I. Then,

k()] _.
Silk,n] = Py, [k]exp l—]znz T e~ J2rfc(TotnaT) (2.51)
DFT of the discrete-time matched filter output along discrete fast-time is
Oalk,n] = P14"[k]Salk,n], (2.52)
. - j27t(f +L)r0 - j27t(f +L)nm
04k, n] = P14 [K]Pyg[k]e =V LT 0 T2 VETLTS (2.53)
where Qg[k] = Pig"[k]1Piglk] = |..|? is the DFT of qu4[k] = p14ll] * p1g*[—1]. It

is obvious that there is a coupling between the range frequency index k and the slow

—j2n(fC+LLTS)nAT

time index n in the exponential term e in (2.53), which causes the

range migration.

We can define a new frequency f; = ﬁ and substitute in O, [k, n]

041k, n] = Q4[k]e 727 Uectfi)T0g=i2n(fctfiInAT (2.54)

Now perform KT by n=mf_/(f, + f,)

Od—KT [k’ m] = Qd [k]e_jzn(fc+fk)'[0e_jznfcmAT (255)

where m=0,1,...,N-1.
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Note that there is no coupling between the range frequency index k and the slow time
index n. Hence, the range migration has been removed and the derivation is valid for

discrete time.

Sampling Theorem Perspective on KT:

The analytical derivation of KT is composed of two steps in the literature: (i)
rescaling slow-time = mf./(f. + f) , and (ii) compensating for the unwanted effect
of rescaling in the case of the Doppler ambiguity. We find it helpful to show that the
derivation can be done by using the sampling theorem, as it has not been found

explicitly in the literature.

We rewrite the matched filter output in range frequency — continuous slow time

domain referring to (2.8),

2vts] (2.56)
c

0(f,ts) = Q(Nexpl—j2n(f + f)tolexp | —j2n(f + fo)

where t, denotes slow-time. We define x.(t;) = O(f,ts) as 1-dimensional

continuous slow-time signal for particular value of range frequency f.

To simplify the analysis, we assume that x.(t;) is composed of only the coupling

term as follows:

xc(ts) = exp{janOts} (257)

where f, = [27” f+f)+ Tir] We can include the Doppler ambiguity factor F in the

expression in order to consider the effect of ambiguous Doppler referring to (2.13).
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Actually, we have the MF output signal in discrete slow-time sampled by pulse
repetition frequency (PRF) f;; = 1/T,. Sampling the signal x.(t;) with a sampling

frequency fs; = 1/T,, we obtain

x14[n] = exp{j2nf,T,n}

= exp {jZT[ [ZC—U fF+f)+ Tir] Trn} (2.58)

The expression x;4[n] shows the MF output signal in discrete slow-time. Since we

want to get rid of the coupling between f and n in (2.58), the desired output is
exp {jZn [%vfc] Trn}. The desired output can be obtained by sampling the

continuous time x.(t,;) with another sampling frequency.

Thus, we sample continuous time x.(t;) with sampling frequency f;, = ’;’f to
ctr

obtain
xaq[n] = exp{j2nf,T,n} (2.59)
where f; = fCZT'].

In summary, we have samples of x;4[n] for n=0,1,...,N-1 and we want to

reconstruct x,4[n].

After sampling x.(t;) with a sampling frequency f, =1/T,,

x1(ts) = xc(t5) Z 8(ts —nT,) = Z x.(nT,)8(t, — nT,) (2.60)

n

X1d [n] = xc(nTr) (2.61)
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where & () is the unit impulse function, or Dirac delta function. We refer to a system
that implements the operation of (2.61) as an ideal continuous-to-discrete-time

converter, and we show it in block diagram form as indicated in

» ¢cb [ —*
xc(ts) x[n] = x.(ts)

¥

T;

Figure 2.7 Block diagram representation of an ideal continuous-to-discrete-time
(C/D) converter.

Continuous time FT (CTFT) of x.(ts) and x,(t;) can be written as

CTFT{x;(ts)} = Xc(fs) = 6(fs — fo) (2.62)

where f; denotes the frequency corresponding to slow-time.

CTFT of x,(t5) can be found by employing X;(f;) = Tizk X.(fs + kfs1) [26]

1
CTFT{x,(t)} = X, (f,) = FZ 5= f + kfu) (2.63)
"k

CTFT of x.(t,) and x, (t,) are given in Figure 2.8 and Figure 2.9.
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AX.(f)

fs

v

ShE——>
1 |l

~|

Figure 2.8. CTFT of x.(ts)

RAD

i

Figure 2.9. CTFT of x,(t,)

We can infer from Figure 2.8 and Figure 2.9 that X.(f;) can be obtained by

performing two operations on X; (f;)

Q) filtering X (f;) with a rectangular filter of width 1/T,. and multiplying by
T,

(i) shifting the output of (i) by Ti in frequency domain

We can express these operations as follows:

F F
Xc(fs) =X (fs - F) T,rect ((fS - F)Tr) (2.64)
After taking IFT of (2.64) , we have
Yelts) = exp <_j§"_nFtS) <x1(t5) * Sinc (;—S>> (2.69)

Substituting (2.60) in (2.65) ,

27



r

. , (2.66)
xo(t) = exp (~ 7 Fs) (Z %c(t:)O(ts - mm) +sine ()

m

Z ty —mT, _
Xc(ts) = exp (—] T—T[Fts) Z xc(mTr)sinc (sTrnr> (2 67)
r T

m

Substituting (2.61) into (2.67),

ty — mTr> (2.68)

2m
x.(ts) = exp (—j —Fts) Z X14[m]sinc (
T T

m

Hence, we can reconstruct x.(t,) from x,4[n].

We finally obtain x,4[n] by sampling continuous time x.(ts) with a sampling

f+fe PP fcTr
. ituting t; = n=-—
T, Substituting t, = n o

frequency f, =

A (2.69)
F+f. m>

_ , fe .
Xoq(n] —\ exp (—]27TFf n fcn); X14[m]sinc (n
|

Doppler ambiguity correction

Note that, the expression (2.69) includes the same operations given in (2.12), (2.15)
and (2.16). Thus, we have shown the derivation of KT using the sampling theorem

and we obtain the same result.
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224 FAST IMPLEMENTATION WITH CZT

The application of KT to chirp signal using sinc interpolation kernel was presented
in [16] and [17]. It is noted that when the accumulation time is long, the pulse
number N will be very large. In that case, the algorithm is computationally
burdensome. In [27] Chirp-Z interpolation algorithm was proposed and investigated
in detail. In [22] a modified algorithm based on the fast implementation of KT using
CZT algorithm is proposed. A fast KT using CZT is employed, whose main idea is
to implement FFT over the slow time variable instead of interpolation and
sequentially decreases the algorithm’s complexity. In this section, we introduce CZT

and provide a summary of the fast KT implementation method using CZT.
Review of CZT [28]

CZT employs the idea of expressing z-transform on a spiral contour as a discrete
convolution and thus FFT operations can be used to compute the z-transform
efficiently. CZT is the K-element z-transform of sequence x(n), where W and A are
scalars which specify the contour in the z-plane on which the z-transform is
computed. A is the complex starting point, W is a complex scalar describing the
complex ratio between points on the contour (point spacing). A and W are complex

numbers are of the form A = A,e/2™%, W = W,e/?™%o
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z-plane

Ity
oM I\ oo

\O

(a)

AT = :rLln Wy

--IL FAnAs fe— '
TeT e (b)

Figure 2.10. An illustration of independent parameters of the CZT: the
correspondence of (a) a z-plane contour to (b) an s-plane contour through the

relation z = e5T.

Figure 2.10 illustrates the correspondence of (a) a z-plane contour to (b) an s-plane

contour through the relation z = e5T. The contour in the z-plane (a spiral or "chirp

contour) is described by

z, = AWk, k=12,..,K (2.70)

K-point CZT of the N points input signal x(n) becomes
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X[k = ) 2@ AW+

n

2.71
X[k] = Z X () AWk @.71)
n
Let us substitute nk = < =E=% o4,
(2.71)
X[k] = Z 2, AW /D (62 /2y ~Ce=m)? 2 (2.72)

n

In fact, (2.72) can be thought as a three-step process

1) Form a new sequence y,, = x, A~ "W ®*/2)

2) Convolve y, with the sequence defined as v,, = W=""/2 tg give a sequence
Ik = ZnYnVik-n

3) Multiply g, with W */2 to give X[k]: X[k] = g, W**/?

HIGH SPEED —~
Xn /\Q gn__| cONVOLUTION L N Xk
N=0,1,...,N -1 yn@w N2 1 k=0,1,2,... M~
A-D Wn?/2 wk¥/2

Figure 2.11. Implementation of the CZT as a circular convolution

The implementation of the CZT as a circular convolution is demonstrated in Figure
2.11.

Implementation of the CZT can be done by a circular convolution operation or
equivalently as two FFT, one IFFT and four complex multiplication operations (see
Figure 2.12). Since we will have constant values for W, we will need to take FFT of
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Wn*/2 gt only first time step. Hence, 1 FFT, 1 IFFT and 4 complex multiplications

will be sufficient for CZT operation.

x(1) (0w FFT () IFFT (00— X(z,)
i n=0,1,M-1
A anl/Z FFET an/z
W 172/2

Figure 2.12. Implementation of the CZT using FFT's

KT Implementation using CZT
In KT implementation, the CZT parameters A and W are set as

A=1 (2.73)

e< -27T(f+fc))

W = N fe

Since we take A = 1, the contour in the z-plane is not a spiral any more. We take z-
transform on the unit circle as in Discrete Fourier Transform (DFT), the difference

with respect to DFT is the spacing between points on the contour. Figure 2.13 shows

the contour in the z-plane where the phase distance between points is %U;—m

c

We note that when the radar is in tracking mode it is not necessary to search the
entire velocity range as the velocity is already found during detection and we assume
that the velocity does not change significantly from detection to tracking mode.

32



Consequently, the contour becomes only an arc on the unit circle instead of a full

circle. Therefore, it brings less computational complexity in tracking mode.

2m (f + fo)
N e

z-plane

Figure 2.13 Illustration of the CZT parameters to be set for KT in z-plane

In the standard KT implementation, the compensation of the Doppler ambiguity is
usually performed after KT, as shown (2.16). However, Doppler ambiguity

compensation is done prior to CZT in the KT implementation via CZT [22].

Oamb(f: n) = C(F)O(f,n) (2.74)

where C(F) and O(f,n) are given in (2.15) and (2.8), respectively.
CZT of Ogmp (f, n) is taken along slow-time n,

Oczt(f k) = CZT,{Ogqmp (f, 1)} (2.75)

where k is the Doppler frequency index.
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Then, we can obtain coherent integration output in fast-time, Doppler frequency

domain by taking IFT of O_,.(f, k) in range frequency f,

ycoh—czt(ff k) = IFTf{Oczt(f' k)} (2.76)

Unlike KT via sinc interpolation, we do not need to take FFT over slow-time for
coherent integration when we apply KT using CZT. Figure 2.14 shows block

diagrams of KT algorithm utilizing sinc and CZT interpolation algorithms.

The CZT eliminates the need for interpolation, while providing the desired point
spacing. The FT over slow time with different granularity can be performed by the
CZT algorithm using FFT. The KT algorithm utilizing CZT achieves high speed in
real-time processing due to fast FFT operations.

According to [22], the interpolation algorithm given in [16] demands the following

number of complex multiplications: MN? +(MN /2)log,(N) ,whereas the KT using

CZT requires the following number of complex multiplications:
M x(L+2N+(3/2)Llog, L+(3/2)Nlog,(N)) , where L should satisfy the

equation L=2" ,and L>2N -1,

In summary, it has been shown that fast KT based on CZT has less computational

complexity.
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Figure 2.14 Comparison of implementations of KT via sinc interpolation and CZT

2.3

ANALYSIS AND IMPLEMENTATION ASPECTS OF RFT

In this section, we examine the RFT algorithm, one of the well-known coherent

integration methods for the moving targets with range migration, from analysis and

implementation aspects. Before analyzing the RFT in detail, it is helpful to review

briefly the inspirational method Radon transform (RT) and a method very similar to

RT, the Hough transform.

231

Radon Transform [29]

The Radon transform (RT) takes his name from J. Radon who presented the

description of a function in terms of its (integral) projections [30]. The most famous

RT application is in medical imaging, providing the theoretical principles for
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computerized tomography devices. Nevertheless, there are also other RT
applications in numerous fields such as radar signal processing [31] [32] [3].

Carretero-Moya [3] proposed to employ RT to detect small-targets in sea clutter.

A typical coordinate system for setting up the Radon transform is the following.
Figure 2.15 shows a line L, in R? with distances from the origin O = (0,0) in X,y-
plane is further characterized by an angle 6 where B = (pcos#, psinf) is a fixed

point on L.

y A
N
B
19
0 | -
0 N >
Ly(6)

Figure 2.15. Typical coordinate system for the RT

So each line has two parameters ,6 . Let A = (x,y) denote a variable point on

L,(8). Then, if the distance from A to B equals t, we have

X = pcosf — tsinf (2.77)
y = psinf + tcosO

To define the Radon transform we assume that f: R, - R is continuous and

integrable, and we write
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Rf(p,0) = [Z fx,y)dt,  (x,y) € Ly(6) (2.78)

In general, the RT Rf (p, 8) of a two-dimensional function f(x, y) is calculated by

integrating along slanted lines:

s (2.79)
Rf(p,0) = ff f(x,y) 6(p — xcosf — ysinf)dxdy

where ¢ is the Dirac delta function.

The line-like features on the input image appears as single points in p — 0 space after
taking Radon transform. Indeed, the RT is a well-known feature detector especially

for finding lines in a noisy background.

2.3.2 Hough Transform [33]

Paul Hough proposed the Hough transform (HT) [34] to detect complex patterns in
binary image processing. There are also some applications of the HT in radar signal
processing. Carlson [6] [7] [8] introduced the HT based methods for noncoherent

integration of range migrating targets.

The HT implementation utilizes the parametric representation of lines passing
through a point in the image plane indexed by x-y coordinates. Figure 2.16 shows an
illustration of HT of a straight line. A point P(x,y) in the image plane is defined by a
set of intersecting lines at P(x,y). Each line passing through can be represented by its

parametric representation using
p = xcosO + ysinf (2.80)

where (X,y) is the pixel coordinate in the image plane, p is the length of the
perpendicular from the origin to the line, and 6 is the angle made by the
perpendicular with the x-axis. Every line that passes through P(x,y) is represented by

a unique p — 6 combination. These p — 6 values are used to create a two
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dimensional parametric space called Hough space where a point in image space is

represented by a sinusoidal curve.

A 4 pm”(’) min HH’TBX
Pi(x1, y1) s
Pa(xz y2) 1 . 1|
N M 1]
Ps(x3, y3) ! S
Pre sl
¢ _ Pmax T
0] y

(a) (b) (c)

Figure 2.16. Straight line Hough transform. (a) Collinear points in image plane. (b)
Intersecting sinusoids in Hough space. (¢) Implementation as a two-dimensional

array of accumulators.

The Hough transform can be used to detect collinear points by studying the Hough
space as shown in Figure 2.16 (b). Points P1(x,y), P2(x,y), and P3(x,y), lying on the
same line, share the same p — 6 combination, p; — 6; , which implies that the

sinusoidal curves of the collinear points intersect in the Hough space.

The Hough transform is generally applied on an edge map to detect straight lines. It
is implemented using a two-dimensional p — 8 accumulator array as shown in Figure
2.16 (c). For every edge pixel coordinate, the p values are computed for angles from
Omin 10 OBpmax , and the bins corresponding to these p — 6@ combinations are
incremented. After processing the entire edge map, the array is scanned for
accumulators that give high values or peaks. A peak in the array represents

intersection in the parametric space and hence a straight line in the edge map.
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2.3.3 The Relation between RT and HT

The Radon and Hough transforms are very closely related. According to van Ginkel
[35], both RT and HT are mappings but in two different paradigms: reading and
writing. In RT, we consider how a data point in the destination space is obtained
from the data in the source space: the reading paradigm. In HT, we consider how a
data point in the source space maps onto data points in the destination space: the
writing paradigm. Another difference is that the HT is a discretization of the
(continuous) RT. Usually, the RT is considered in the context of computed

tomography, and the HT is considered in that of shape detection.

234 Radon Fourier Transform [19]

The integration loss of the Hough transform (HT) and Radon transform (RT)-based
methods can be large compared to a coherent integration method because the phase
fluctuation is not compensated for [36] [33] [6] [7] [8]. Therefore, it cannot be used
when the SNR is extremely low. RFT [19] [20] [21] has been proposed to perform
long-time coherent integration while there is linear range migration. RFT-based
method is an optimal detector under the white Gaussian noise background [21].
However high peak blind speed side lobes (BSSL) can exist in the RFT-output [20].

Target's energy is concentrated to a focused peak in 2-dimensional space by jointly
searching along velocity and range of the moving target.

We assume that a radar transmits LFM signal and signal model is as given in (2.4)

and (2.20). The range between the radar and the target can be expressed as given:

R(t;) = Ry + vt, (2.81)
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where v denotes the radial velocity between the target and the radar, t; is the slow-
time, and R, is the range location of the target when the first pulse was emitted, i.e.,

attime t; = 0.

After substituting (2.20) and (2.81) in (2.4), two-dimensional echoes of received
signal is as follows:

;_ 2R(t)
C
T,

(7 2R 2 JjATf.R(ts)
exp ]77.' (t——c ) exp(——c > (2.82)

where Ar is the complex amplitude of the echo.

s(t, ty) = A,rect

The matched filter impulse response is h(t) = p*(—t) where p(t) is given as in

(2.20). After the pulse compression, the target’s 2-dimensional echoes:

S(E t) = Apmsine <nB (z _ ZRfs))> exp (—M> (2.83)

Cc

where A,,, = BTyA,.. Substituting r = ct/2

s(r,n) = Appsinc (27TB (= R(ts))> exp <_M>

c c (2.84)
We define relative ranges with respect to a pre-set range center R..:
R(ty) = (Ry —R.) + R, + vty = Ry + R, + vtg
(2.85)
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where the initial relative range R¢; = Ry — R,.. Define r; = r — R, and substitute
(2.85) into (2.84), we have

T[(rs - Rs (ts))

r

s(rs,ts) = Arsinc ( ) exp(—2mfyt;) (2.86)

where R (t;) = Ryp + vty , py = é is the range resolution, A, is a complex

backscattering coefficient.

From (2.86), it is seen that s(r, t;) has peak amplitude values when

1. = Ry(ts) = Ry + vt, holds. The equation r; = Ry + vt corresponds to a
straight line with a slope v in the t; — r; plane. In other words, the range-compressed
echoes of the moving target are approximately distributed along a straight line in the
ty — 15 plane. From Figure 2.17, the target’s range migration line in the t, — 5 plane
may also be found by other two parameters (p, 8), where polar angle 6 is defined as
the anticlockwise angle from the range walk line to nT,-axis as 8 = cot™1(—v).
Also, polar distance p is defined as the minimum distance between the range walk

and the t; — r; plane origin as p = Ry sin 6.
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Ry(ty) = Ry + vt, 4_/>\ Rgr

i /

Figure 2.17. Representation of the moving target’s range-compressed echoes,
which are approximately distributed along a straight line in the t, — 7, plane.
We define Doppler filter function

Ho, (t) = exp (j 4rf, cc;t(@) ts) (2.87)

Reminding that v = —cot(8), this filter can be used to compensate phase differences
due to Doppler changes along slow time. Then, we introduce a kind of special
integration on s(rs, tg) as
: (2.88)
Goo(p,0) = || s(rs,ts) 8(p — ts cos 6 — 15 sin B) Hy, (ts)dtsdry

Coherent integration of the pulses during integration interval is done via (2.88). RT

of s(r, t,) is given for comparison as

Ry0(p,0) = ff s(rs, ts) 6(p — tgcos 8 — 1y sin B)dt dry (2.89)
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Obviously, we have |G,(p,0)| = |R,e(p,0)| because the phase differences

between pulses are not compensated for (2.89).

2.35 LOW COMPLEXITY RFT DETECTOR USING CZT [21]

In this section, an efficient RFT implementation proposed by Yu et. al [21] is
reviewed. The standard RFT implementation may require considerably high
computational load for high number of pulses during CPI. CZT has been employed

for parameter searching to reduce complexity of the RFT detector.

Suppose smn is transmitted signal with slow-time index m and fast-time index n (m =
1,..,M; n=1,..,N). Then these received echo samples can be represented as a

binary decision problem as given
Ho:  Xpn = Win
Hi:  Xpn = Smn + Wi

where x,,, are received echoes, w,,,, is white Gaussian noise, H, and H; are the

hypotheses for target and no target, respectively.

A low complexity detector can be implemented in four steps as described below:
Step 1:

An FFT operation is performed along the fast time axis.

Xma = FFT{xpmn} (2.90)

where 7 is the range frequency index.

Step 2:

Matched filtering is accomplished in the discrete-frequency-domain as
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Yina = HaXma (2.91)

where H; = FFT,{p*(—nTy)} is the frequency response of the matched filter, T; is
the sampling period, and p(t) is the transmitted baseband signal. Then we have the

matched filter output Y,,,; obtained in frequency domain.

Step 3:

We can compensate the phase differences between the received pulses (due to the
motion of the target) and integrate for each range frequency index.

where C; = exp (]47rAv fC+f"T ) , k=—-+ + 1,. % is velocity search index,

Av is the velocity search resolution, f; is the range frequency, N, is the number of

searched velocities. We remind that frequency response of matched filter output
includes the exponential term exp (—]vanf‘ f”T) as given in (2.8).

Consequently, C; is employed for compensation of this term.

Thus, we apply a Doppler filter to compensate phase differences for each possible

velocity cell as we show for standard RFT in (2.87).

Note that (2.92) is CZT of Y,,5 as given in definition of CZT (2.71). Thus, RFT
employs CZT for searching velocity by setting CZT parametersas A = 1 and W =

exp (]471Avfc letfa )

1
G)(M?+k%—(m—-k)?)
Zyn = E C.2 Yia
m
(G)k? ~Qm-k? [ Gm?
=C2 YmC,° <CA Ymﬁ)

G [ ~Gmz [ Gm? (2.93)
=C, (CA (CA Ymﬁ))
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Since (2.93) is a convolution operation, we can rearrange using FFT and IFFT

operations.

7, = gZ/ZIFFTm {FFTm {Cng/Z} . FFTm{ %nZ/Zymﬁ}} (2.94)

which equals t0 Zy; = CZT{Yma} . Zra Yields maximum coherent integration

magnitude when the searching velocity index k corresponds to the true velocity.

Step 4.

Coherent integration output in range-Doppler frequency domain can be obtained by
taking IFFT of CZT output along range frequency. We have test statistic

Tn = IFFTp{Za}l (2.95)

Binary decision can be done by comparing the test statistic with a certain threshold.

Xm .| FFT X
over
Ymﬁ N
czT Dyl IFFT L[ () T
Matched func. over

) | FFT

h(n) =p*(-nTy) | overn | .

n

Figure 2.18. Low complexity RFT detector

Figure 2.18 shows implementation steps of the fast RFT detector in a block

diagram.
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For comparison, the computational complexity of the standard RFT is O(N,MN)
and that of the RFT employing CZT is N/log] where ] = M + N,,, N is the number
of range bins in PRI, M is the number of pulses to be integrated, N,, is the number of
searched velocities. Accordingly, RFT can be implemented efficiently by using CZT

for searching for parameters.

46



CHAPTER 3

EVALUATION OF KT IN REALISTIC ENVIRONMENT (TARGET
FLUCTUATION AND CLUTTER)

We examine the performance of the KT in realistic environments such as clutter and
target fluctuation in this chapter. Firstly, we introduce sea and rain clutter models,
and clutter suppression methods. Secondly, we provide background information
about target fluctuation models. Then, we investigate the detection of fluctuating
targets in case of range migration. Next, we examine the range migration problem in
sea and rain clutter. Finally, we look over the detection of range migrating targets in
range migrating clutter, and propose an efficient method to remove jointly the

target’s and clutter’s range migration.

3.1  Clutter Modeling and Suppression

In this section, we present background information about rain and sea clutter

models, and explain methods and metrics for radar clutter suppression.

3.1.1 Sea Clutter Model [37]

It is unavoidable for radars working in sea to come across returned signals from the
sea surface, generally called sea clutter. Sea clutter is undesired for many
applications due to interference with the desired backscattering from the target. It is
essential for the radar system designer to comprehend the characteristics of sea
clutter in order to acquire appropriate signal processing approaches and to estimate
performance in various cases. In order to fulfil this aim, it is an important task to

develop statistical clutter models. These models have to be capable of combining the
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spatial and temporal properties of the return for broad range of environmental

conditions and various radar properties.

The clutter backscatters can be characterized by using many features including
e the area reflectivity, ¢°
e the amplitude distribution of the clutter amplitudes or power
e the Doppler spectrum of the clutter returns

e the spatial variation of the clutter return

3.1.1.1  Sea Clutter Reflectivity

The area reflectivity ¢° is described by mean value of radar cross-section (RCS) of
the backscatters divided by unit area. The clutter RCS can be found by ¢°4 if the
illuminated surface area is A. Due to continuously varying and composite structure

of the sea surface, there is a large fluctuation around the average RCS o¢°.

3.1.1.2  Amplitude Statistics of Sea Clutter

The average clutter power is represented by the area reflectivity ¢°. The
instantaneous power received from a particular resolution cell changes around the

average value. Two components mainly cause the reflectivity to fluctuate:

1. The change in local surface shape, grazing angle, ripple density, and other
factors associated with the passage of long waves and swell, cause the return from

local tiny surfaces to change around the average reflectivity.

2. There are returns from lots of tiny structures in a single resolution cell, and
there is a relative motion with respect to each other. Hence, this causes the returns to

interfere. (usually called speckle).
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Speckle is usually defined as a uniform field of numerous random scatterers that

shows Gaussian scattering statistics.

We usually model the clutter as speckle when the sea swell wavelength is much less
than the resolution cell and grazing angle is less than ten degrees. The amplitude
distribution is Rayleigh in this case. The clutter‘s temporal decorrelation time is
reasonably short, about between five and ten msec. Also, the clutter decorrelates

reasonably well between pulses for frequency agile radars.

When the grazing angle decreases, and the radar resolution gets larger, the amplitude
distribution of the clutter starts to have a longer ‘tail’. In such a case, the clutter
backscatters are generally called to become spiky and the clutter pdf is characterized
by K-distribution.

Not only does the clutter of high resolution radar resemble no longer like a Rayleigh
distribution, but the correlation characteristics in time and space also becomes
dissimilar to the correlation characteristics of speckles. Especially, the decorrelation
of clutter with frequency agility does not exist anymore. The longest correlation

times are observed in seconds instead of milliseconds.

The compound K-distribution [37] model represents the clutter with two
components: (i) a relatively slowly changing underlying intensity z which is gamma
distributed (ii) a more rapidly changing multiplicative noise component which
modulates the underlying mean level. This component x has a Rayleigh distributed

probability density function.

3.1.1.3  Spatial Correlation in Sea Clutter

There is a close relationship between the correlation of the clutter in space and the

sea swell or sea wave patterns.
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The correlation length of the sea surface in the range direction is denoted by p, and
considered as a length characteristic of wind waves. It is found that [38]:
T W? 3.1
p= E?GCOSZH + 1)/2 @5
where 6 is the angle between the line of sight and the wind direction, W is wind

velocity W, and g is the gravitational acceleration.

Mostly, the effect of the correlation of the slowly varying gamma component on the
radar performance is more important [39]. Due to this reason, it is more important to
pay attention while generating gamma distributed random processes with determined

correlation statistics.

3.1.1.4  Temporal Correlation in Sea Clutter

The form of the correlation between pulses is described by the use of the composite
model: over a short period the reflected signals from any clutter resolution cell are
always Rayleigh-distributed, indicating a return from multiple scatterers, and this
speckle component has a Chi-distributed underlying average value, which describes,
e.g. , the average value variation of clutter spikes or the periodic amplitude change
while looking up or down the sea swell. The speckle component from any single
resolution cell has a short temporal decorrelation period (1-10 msec) and is fully
decorrelated from pulse to pulse over frequency agility. In contrast, temporal
decorrelation period of the average value is long and does not change with frequency
agility. Consequently, the temporal autocorrelation function of the sea clutter has a

fast drop-off, which is followed by a slower periodic decay.

If the observation and processing intervals of sea clutter signals reflected from the
individual resolution cell are much shorter than the average decorrelation time of the
modulating process (usually the case for numerous operational radar systems), then
according to the composite scattering model the return strength of these signals is
proportional to the sea clutter radar cross-section per unit area, but is essentially

constant during the time a single resolution cell is illuminated. Thus, the modulating
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process exhibits negligible temporal fluctuations within the radar coherent
processing interval or dwell. In this case, the overall correlation properties of the
returned signals are dictated by those of the rapidly varying component of the sea
clutter.

3.1.2 Rain Clutter Model

We introduce rain clutter model before analyzing the effects of rain clutter on the
performance of KT in the following sections. Except for weather radars, the
backscatter from precipitation is not desired and interferes with the radar’s operation.
It is necessary to develop statistical rain clutter models depending on radar and
scenario parameters before developing suppression strategies. We need to
characterize amplitude and spectral characteristics of rain clutter returns.
Furthermore, the attenuation of the radar signal can be considerable for frequencies

significantly above 9 GHz [40].

Rain Clutter Attenuation

Rain clutter attenuation [40] depends on altitude, radar frequency and humidity.

Two-way rain clutter attenuation can be approximated as

a =3.7x1074£185 (dB/km)/(mm/h) (3.2)

where f is carrier frequency in GHz.

Amplitude Characteristics of Rain Clutter [41]
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Backscattering from precipitation particles results from many small rain drops, no

one of which is dominant. The amplitude is Rayleigh distributed.

The mean volume reflectivity of rain can be expressed as

_ mIKI?PZ 4
= —/14 m

(3.3)

where A is the carrier wavelength, K is fairly constant 0.9 for rain. The term Z - called

the volume reflectivitiy - includes the wavelength dependency and is expressed in

mm®/m3, It is shown in the form

Z = ar?

(3.4)

where r is rainfall rate in mm/h. The most commonly accepted relationship is Z =

200716, Table 3.1, derived from both theoretical and experimental data, gives

relation of reflectivity with frequency and precipitation type [41].

Table 3.1 Rain clutter reflectivity

7, dBm~!
Transmit frequency, GHz
zZ, Radar band: S C X Ky Ka W mm
dBz Type 3.0 5.6 9.3 15.0 35 95 140
—12 Heavy stratus clouds —100 —85 —69 —62
14 Drizzle, 0.25 mm'h —102 —91 —81 —-71 —58 —45* —50%
23 Light rain, 1 mm/h —92 —815 —72 —62 —49 —43% —39%
32 Moderate rain, 4 mm/h —83 —72 —62 —53 —41 —3g* —38*
41 Heavy rain, 16 mm/h —73 —62 —53 —45 —33 —35* —37*
* Approximate
Signal to clutter ratio (SCR) of rain clutter is given as [42]
SCR = — (3.5)

R21ARO @

52



where o is target RCS, R is the radial range between radar and scatterer, 4R is range
resolution, @ is half power antenna azimuth beamwidth in radians, ¢ is half power

antenna elevation beamwidth in radians.

Spectral Characteristics of Rain Clutter

The returns from rain clutter is often considered to have a Gaussian power spectral
density. It can be characterized by standard deviation g,, and mean velocity v, in
m/s. Nathanson and Reilly [41] have shown that Doppler spectra of rain clutter is

determined by four mechanisms:
 Wind shear: change in wind velocity in various altitudes.

Oshear = 0.42kR¢ (3.6)

where k is the velocity gradient in the vertical direction of the beam in m/s/km, R is
the slant range to clutter in km and ¢ is the two-way half power antenna elevation
beamwidth in radians. For pencil beam radars, k = 4 m/s/km is suggested for an

arbitrary radar azimuth.
* Turbulences: unpredictable sudden change in wind.

It is not dependent on height and up to 1.5 km altitude, owrb is approximately equal

to 1 m/s as found in many experiments.

« Fall velocity distribution

orqu = 1.0 siny where 1 is the elevation angle.

» Beam broadening

Opeam = 0.42v,0 sin B where v, is the wind speed in the beam center in m/s, 6 is
the half power antenna azimuth beam width in radians and g is the azimuth angle

relative to the wind direction at beam center in radians.
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If we assume these mechanisms are independent, the variance of Doppler velocity

spectrum as sum of variances comes from each mechanism.

0v° = Oshear’ + Oveam” + Oturp” + Ofan® (3.7)
The mean velocity of the rain clutter can be represented as follows [1]:

vy = v, cos(4, — Ap) — vy, cos(4,, — Ap) + v, siny (3.8)

where A, is the azimuth and v, is the magnitude of the radar platform velocity, 4,
is the azimuth and v, is the magnitude of the wind velocity, A, is the azimuth of the

beam axis, v, is the rain fall velocity.

3.1.21 Rain Clutter Simulation

We can generate rain clutter samples assuming amplitude of the rain clutter is
Rayleigh distributed and has a Gaussian-shaped Doppler spectra. SIRP [43] is a well
known approach for modeling non-Gaussian random variables. In order to generate

correlated Rayleigh distributed random vector y with a desired covariance matrix C,

i.  We first generate uncorrelated zero-mean unity variance Gaussian random

vectors x1 and x2.

ii.  Then we obtain desired real and complex components of random vector y

using linear transformation as follows
Re{y} = Gx;, Im{y} = Gx, (3.9)
where G = EDY/? |

E is the matrix of normalized eigenvectors of the covariance matrix C, and D is the

diagonal matrix of eigenvalues of C.
A Gaussian-shaped clutter spectrum with unity power can be represented as given

) 3_257 (3.10)

S(f) =

27raf
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The velocity standard deviation has been converted to standard deviation of clutter

power spectrum in Hz using the Doppler relation:

20y

The corresponding auto-correlation function is
R(7) = e ™7™ (3.12)

Hence the covariance matrix can be represented as

1 R(T.) . . RA(N-DT.)] (3.13)

R(N-DT,) R(N-2)T,) . .. 1
where Ty is the pulse repetition interval.

3.1.3 Clutter Suppression

We review clutter suppression methods such as optimal MTI filters and PD
processing, clutter suppression performance metrics, and provide simulation results

of some examples.

3.1.3.1  Optimum MTI Filter [42]
Consider a complex signal column vector y,, = [y[m] y[m — 1] ...y[m — N + 1]]T

and a filter weight vector h = [h[0] ... h[N — 1]]", where [-]T denotes matrix

transpose. For simplicity y,,, will be written as simply y. A single output sample z

55



of the filter is represented by z = hTy. The target signal vector is shown by t and the
interference vector by w, so that y = t + w. Denote the expected value of w*w' as

the interference covariance matrix Si.

When the covariance matrix of the interference S, is known, coefficients of the

optimum clutter suppression filter are given by the equation

h[0]

(3.14)
— Sl—lt*

h[N — 1]

Target signal can be represented as follows if the target moves with a constant radial

velocity

t=[1e/2n/oT ... e—janD(N—l)T]T (3.15)

where f;, is Doppler frequency.
The filtered data can be shown as

z=hTy=t"(5")y (3.16)
where [-]* denotes Hermitian transpose.

Thus, the fast time/slow time data sequence is high-pass filtered in the slow-time,
producing another fast time/slow time data matrix where the clutter components are

attenuated.

3.1.3.2  Pulse Doppler (PD) Processing

PD processing differs from optimum MTI filtering in that high-pass filtering in the
slow-time domain is replaced by explicit spectral analysis of slow-time data for each
range bin. Thus, the result is a data matrix whose dimensions are fast time and

Doppler frequency.
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The aim is to pass the data through a bank of filters, each of them tuned to a different
Doppler frequency. The filtered data can be presented to optimum MTI filter as

follows
z=t1(s7 )y =tly, (3.17)

where y,, = (S; )y = [y [0] ...y [N — 1]]T shows whitened data.

z = IN2d y,, [k]es?mroT (3.18)
We can perform the same operation using N-point DFT assuming f, = —% :
z[n] = T2 ywlkle/2mn/N (3.19)
z = DFT(y,) = [2[0] ..z[N —1]]" (3.20)
z=DFT((S,)"y) (3.21)

Thus, the n" DFT sample corresponds to a Doppler filter bank output assuming
Doppler frequency fp, = — % i.e. the Doppler frequency coincides exactly with one
of the DFT sample frequencies. Because the N-point DFT calculates N different
outputs from each input vector, actually it applies a bank of N matched filters
simultaneously, each of them tuned to a different Doppler frequency. The peak value
of the DFT amplitude is highest when Doppler frequency is exactly f, = —%, and

decreases when target Doppler frequency is between DFT sample frequencies. This

amplitude decrease is defined as Doppler straddle loss.

Doppler spectrum of a moving target has side-lobes in addition to the main-lobe
which is centered at f,,. In order to reduce amplitude of these side-lobes, windowing

can be applied before taking DFT [42]. Then (3.19) becomes as follows

z[n] = XkZs wlklyw [K]e~72mn/N (3.22)

where w(k] represents coefficients of selected windowing filter.
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3.1.3.3  Clutter Suppression Performance Analysis

Some useful figure of merits necessary to analyze clutter suppression performance
are defined in [42]. The first criterion is clutter attenuation (CA). It is simply as
follows

clutter power at the filter input _ Pcy, (3.23)
clutter power at the filter output - PCout

CA =

Clutter power at the filter output can be calculated analytically
P = h"S7Mh (3.24)
where h is the vector of coefficients of the MTI filter.

Another measure of the MT] filter performance is the improvement factor (IF), which
can be defined as ratio of (signal to clutter ratio) SCR at the filter output to the SCR
at the filter input.

— SCRout — Psout Pein =G-CA (325)
SCRin Ps

IF

in PCout

where G = % is power gain of the filter. The numerator of G (the signal power at

Sin

the filter output) can be expressed as
P, . = ht'th (3.26)
where t is the desired target signal vector.

Minimum detectable Doppler (MDD) or minimum detectable velocity (MDV) is
another metric. Let's define SCR loss as reduction in SCR relative to no clutter case
- the maximum SCR possible, and "acceptable™ value of SCR loss Lo (typical value
-3dB). MDD and usable Doppler space fraction (UDSF) are illustrated in Figure 3.1.
MDD is the Doppler shift above which the SCR loss is greater than Lo [44].
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Figure 3.1. Illustration of minimum detectable Doppler

3.134 Simulation Results

Numerical simulations have been performed to show examples for rain clutter
modeling and clutter suppression. We compared IF for optimum MTI and PD
processing methods at various scenarios. Radar simulation parameters are listed in
Table 3.2 and the rain clutter simulation parameters referring to section 3.1.2 are

listed in Table 3.3.

Table 3.2 Radar simulation parameters

Target fluctuation Swerling-0

Pulse width 30ps

Bandwidth 20MHz

Number of pulses, N | 64

PRI 75Us

Carrier frequency 9GHz
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Table 3.3 Rain clutter simulation parameters

Parameter | Value Explanation

R 15000 the slant range to clutter in m

AR 75 Range resolution, m

n -62dB Volume reflectivity of rain for 9.3GHz,
m-l

®2 2.8 the two-way half power antenna elevation
beamwidth in degree

K 4 the velocity gradient in the vertical
direction of the beam in m/s/km

Vo 10 the wind speed in the beam center in m/s

02 2.8 the two-way half power
antenna azimuth beam width in degree

S 45 the azimuth angle relative to the
wind direction at beam center in degree

W 10 the elevation angle in degree

Oturb 1 m/s

Oshear 0.82 m/s

Obeam 0.16 m/s

ofall 0.17 m/s
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o, 1.31 Standard deviation of Doppler velocity
spectrum m/s

oy 78.6 Standard deviation of Doppler frequency
spectrum Hz

\Y 3.3e4 Volume resolution cell

SCR -1.92dB Signal to clutter ratio (before considering
attenuation)

Vz 5 Rain fall velocity, m/s

Vi 8 : upper limit Wind speed, m/s

Beaufort-4

Vp 0 Radar platform velocity, m/s

Aw- Ap 45 Azimuth angle between beam axis and
wind, degrees

Vo 6.5 Mean clutter velocity, m/s

Figure 3.2 shows improvement factor obtained analytically and by simulations for

optimum MTI and PD processing clutter suppression methods when mean clutter

velocity is Vo=6.5 m/s and standard deviation of Doppler velocity spectrum is

ov=1.31 m/s.
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Figure 3.2. Improvement factor comparison for Vo=6.5 m/s and ¢,=1.31 m/s

In Figure 3.2, it is observed that IF obtained by analytical calculation and simulation

results coincide after suppressing the clutter using an optimum MT] filter. Optimum

comparison of analytical and calculated Improvement Factor
T T T T T

T
{f,...-v.‘u,- [V S v B Y S X SRS Y SR TS R N S e

»V optimum MTI simulation ~
. - = = =optimum MTI analytical

i PD processing simulation, no windowing 7
------- PD processing simulation, Hamming window

0 0.1 02 03 04 05 06 07 08 09 1

(target veloci'(y)/vblind

MTI filter results in slightly higher IF compared to PD processing.

Figure 3.3 and Figure 3.4 shows improvement factor for various standard deviation
of Doppler velocity ¢,.=3.93 m/s and ¢v=0.1 m/s, respectively. Comparing Figure
3.2, Figure 3.3 and Figure 3.4, one can conclude that lower MDV can be obtained

for lower values of ov. On the other hand, maximum IF does not change significantly

depending on ov.
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comparison of analytical and calculated Improvement Factor
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Figure 3.3. Improvement factor comparison for Vo=6.5 m/s and 6,=3.93 m/s
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Figure 3.4. Improvement factor comparison for Vo=6.5 m/s and ¢,=0.1 m/s

Figure 3.5 shows the improvement factor when the clutter suppression filter assumes
Vo=0 m/s while true mean clutter velocity is Vo=6.5 m/s. It is obvious that there is a

performance degradation if the correct mean clutter velocity is not known.
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comparison of analytical and calculated Improvement Factor
80 ll___l—_-l——d-——l———l——-h——l-—_l—_
\

N\'\.N’\J\Aikj%\ ,

60

40

20

dB
=}

-20

3 optimum MTI assuming incorrect covariance
40 [ = = =optimum MTI analytical, correct covariance
PD assuming incorrect covariance, no windowing
---------- PD assuming incorrect covariance, hamming window

CLNNT T

-60

80 I | | | I .
0 0.1 02 03 04 05 06 07 0.8 09 1

(target velocity)/vblind

Figure 3.5. Improvement factor comparison for Vo=6.5 m/s and ,=0.1 m/s when

clutter suppression filter assumes Vo=0 m/s

We have also investigated how the clutter suppression performance changes when
correct standard deviation of Doppler velocity spectrum is not known for different
target velocities. Figure 3.6 and Figure 3.7 present improvement factor versus ratio
of assumed oy to true oy for MTI filtering and PD processing respectively. The figures
show that we obtain higher MDV if we assume higher values of oy when we do not
know exact value of av. Hence, we can suggest to apply slightly higher values of oy

in the clutter suppression filter when exact value of Doppler spread is not known.
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Comparison of IF vs assumed Doppler spread of the clutter
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Figure 3.6. MTI filter - comparison of IF vs assumed Doppler spread of the clutter
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3.2  Target Fluctuation Model

In chapter 2, we supposed that the echo of an individual target did not change with
time. However, we usually do not expect the amplitude of the received signal from
a moving target to be constant [2]. A reasonable way of evaluating the impact of a
fluctuating cross section is to suppose an acceptable model and to examine it

analytically. In this section, we examine the target fluctuation models.

3.2.1 Swerling Target Models

The Swerling models are based on the probability density function (pdf) and time
correlation characteristics of the received signals from a target [42]. The Swerling
models are relevant to a finite set of pulses. A rotating surveillance radar was
considered in the development of the Swerling models. When the radar beam scans
through a target (a single scan), it accumulates returns from that target in the proper
range resolution cell for multiple pulses. If the beam passes through the target, no
more returns are received until the next scan. As the beam returns to the target
position; then another set of multiple pulses is received. It is supposed that all of the
pulses from a single scan are used for detection. Therefore, we are interested in the

joint statistics of a set of target echo samples from contiguous pulses of a single scan.

The Swerling models are composed of the four combinations of 2 probability density
functions (pdf’s) for the individual echo powers and 2 presumptions concerning the

correlation of pulses during a single sweep, as given in the following table:
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Table 3.4 Swerling Target Models

probability density decorrelation
function of power
scan-to-scan pulse-to-pulse
exponential 1 2
chi-square, degree 4 3 4

We assume the pdf of the particular echo powers are either exponential (Swerling 1
and 2) or fourth-degree chi-square (Swerling 3 and 4). The voltage distributions are
the Rayleigh and the fourth-degree chi distributions. Regarding the correlation, the
“scan-to-scan decorrelation” means that all the echoes have the same value during a
particular scan, drawn from the same pdf. All of the pulses in the next scan are again
same as one another, but not same as pulses in the previous scan. Rather, their value

is new, drawn independently from the same pdf.

3.2.2 Moderately Fluctuating Targets

There are two main situations that are used in the literature to detect the pulse train
reflected from a fluctuating target [41]: (i) fast fluctuation where the fluctuation
correlation time is shorter than PRI (uncorrelated), (ii) slow fluctuation where the
correlation time is longer than CPI (fully correlated). ). For the target amplitude
with Rayleigh distribution, the slow fluctuation corresponds to the Swerling-1
model, and the fast fluctuation corresponds to the Swerling-2 model. In practice,
medium-speed fluctuating (partially correlated) targets occur, indicating the
situations between these two extremes, that is, the correlation time of the
fluctuation is short compared to the total observation time, but longer than the time

between pulses [45] (0< p< I).

According to Table 3.4, Swerling-1 target fluctuation model has the assumption of

scan-to-scan decorrelation. The “scan-to-scan decorrelation” means that all the

67



echoes have the same value during a particular scan, drawn from the same pdf. All
of the pulses in the next scan are again same as one another, but not same as pulses
in the previous scan. Rather, their value is new, drawn independently from the
same pdf. However, it is not be the case in moderately fluctuating targets. We can
assume that amplitude of target echo is decorrelated throughout a scan

continuously. That is, amplitude is not fully correlated during a scan.

Hence, we can model target echo amplitude of moderately fluctuating target as

correlated Rayleigh random variables.

Suppose that N represents number of samples in the signal amplitude fluctuation

process, and N;, the j™" element of N, satisfies the recursion

IV]‘ = pIVj—l + 4/ 1 —sz],] = 2,3,

or equivalently in terms of N;_, ( k elements before j" element of N )

N = p*Nii + Zi%0 PV1 = p?Ujs (3:27)

with p real,|p| <1, where Uj sequence consists of mean-zero independent complex

Gaussian random variables with

Bz} =0, E{ju|’} =1 (3.28)

We can verify it simply if such a recursion begins with a zero-mean complex

Gaussian random variable N; having

E{N{} = 0; E{IN;|*} =1 (3.29)

Therefore, the covariance matrix Cn of N is represented by

68



R (3.30)
p 1 p .op"7

Cv=| p» p 1 PN
_prl pl\.|72 pN—S 1 |

3.3 Detection of Moderately Fluctuating Targets by Hybrid Integration

In this section, we present a hybrid integration method to detect moderately
fluctuating targets. Firstly, we describe the hybrid integration procedure. Secondly,
we derive the expressions of detection and false alarm probability in hybrid
integration for four different fluctuation types. Finally, we show simulation results

after applying hybrid integration method for both static and range-migrating targets.

3.3.1 Procedure to perform Hybrid Integration

Integrating signals received from nonfluctuating or slowly-fluctuating targets
coherently gives better P4 vs SNR performance, while noncoherent integration gives
better performance for pulse-to-pulse fluctuations [46]. We can integrate the signals

received from a fluctuating target in a more efficient manner,

i) divide the observation time into blocks where fluctuation is assumed not
decorrelated,

i) integrate the signals coherently in each block,

iii) integrate the resultant integrals noncoherently.
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We want to examine the performance for this kind of hybrid integration.
Hybrid integration scheme is given in Figure 3.8. Observation time is
divided into K blocks, each block is a pulse train having N pulses. Each block
is integrated coherently by collecting N pulses to obtain y;'s. Then resultant

integration output z is obtained by integrating y,'s noncoherently.

Figure 3.8 Hybrid integration scheme

3.3.2 False Alarm and Detection Probability

We derive the Pp and Pr expressions for four different cases when hybrid
integration is performed:

1. Nonfluctuating target

2. Fully correlated Swerling-1 target
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3. Statistically independent fully correlated Swerling-1 target in each block
4. Statistically independent partially correlated Swerling-1 target in each block

In cases 3 and 4, K' coherent pulse trains each consisting of N' pulses are transmitted
for a total of K'N' pulses. Each of the K' pulse trains is transmitted at a different
frequency, spaced sufficiently far apart that the target fluctuation processes at the
different frequencies can be assumed to be statistically independent. Analytical
expressions of Pp and Pr will be given for the case N=N'and K=K". K" and N' values

will be swept in the simulations.

We assume detection will be based on KN samples of data s;,, during a CPI, where

Skn 1S the signal received from a point-target.

Ha: Skn = Qgn + Wi

Ho: Skn = Win

where a,,, is echo amplitude of target, and wy,, is complex Gaussian noise, in-

2
phase and quadrature channels each contain i.i.d. ~N (0, %).

3.3.2.1  Case I - Nonfluctuating Target

For nonfluctuating target model, echo amplitude of target is deterministic,

e, =A Vikn (3.31)

SNR = A (3.32)

o2

Coherent integration

N pulses are integrated coherently in each of K blocks.
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N (3.33)
Yie = Z Skn
n=1
Ho: vy = 3N win ~NC(0,Ng?)
Hii  y = NA+X}_ 1wy ~NC(NA,No?) (3.34)
SNR value for y;,, can be given as
SNR,,, = N - SNR (3.35)

Noncoherent integration [42]

After normalizing the coherent integration outputs of each block, and performing

square-low noncoherent integration, hybrid integration output z is obtained.

|y |? (3.36)
e = 0_2

Under hypothesis H,, the pdf of r;, is exponential :

e’ =0 3.37
prlto) = {) ez (3.37)
Under hypothesis Hy, the pdf of ;. is Rician :
—(Tk+SNRcon) 338
pr, (il Hy) = {eo i+ SNReo) [o (24/SNRconTic) Trk<z(;) (3.38)
k

where I, (.) is the modified Bessel function of the first kind.
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=

I

N
EVA

(3.39)
Since z is the sum of K scaled random variables, the pdf of z is the K-fold convolution

of the pdf given in (3.37) and (3.38). This can be found using characteristic functions.

Under Ho hypothesis:

Characteristic function of ry, is given by

(0]

. 1
¢, (q) = f Py (e T, = ——
1=Jq (3.40)

— 00

Characteristic function of z is

1

@) =g =x (3.41)

The pdf of z is obtained by inverting its characteristic function using the inverse

Fourier transform

1 [ .
poCaliy) = o [ Gl dg

(3.42)
Then, the Erlang density is obtained
ZK—l
p,zIH) ={ k=1 220
0 z<0 (3.43)
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The false alarm probability can be obtained by integrating from the threshold to

infinity. The result is

o)

Ppy = f p,(z|Hy)dz = 1 —1(\/%"{ - 1) (3.44)

M+1 o—T+M
where I(u, M) = [T gr

0 M!

Now we determine the probability of detection Pp.

Under H; hypothesis:

Each individual data sample r;, is Rician; the corresponding characteristic function

is

e—(#)smcoh
q+1 (3.45)

Crk (@) =

and the characteristic function of the sum of K samples is

—K(L)SNRcoh
= q+1
C(@) = e (3.46)
The pdf of z is given by
z vz —K-SNR
p,(z|Hy) = (m) e” confye_1(24/KzSNR,p) (3.47)

We can find P, by integrating (3.47)
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[00]

Py = [ poCalidz
T
= Qu (/K - SNR o, V2T)
K

T (r-1)/2
+ o~ (T+K*SNRcop) Z ( )
£, \K - SNRcon

I_1(2{/K - SNR,,T)

(3.48)

where Q,, is Marcum’s Q-function.

Hence, we have obtained detection and false alarm probability expressions for non-
fluctuating targets as given in (3.44) and (3.48).

3.3.2.2 Case Il - Fully Correlated Swerling-1 Target

The signal received from fully correlated Swerling-1 target can be expressed as

follows for two hypotheses:

Ho: Sk = Wi
Hi: Skn = Akn + Win (349)

For Swerling-1 target, echo amplitude of target A is a Rayleigh distributed random

variable but it is a fixed value for all KN pulses.

agn =A  Vk,n (3.50)

SNR ="~ (3.51)

Coherent integration

N pulses are integrated coherently in each of K blocks.
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N
Y = Z Skn
n=1 (3.52)

Ho: vy = 3N win ~NC(0,Ng?)
Hii  y, =NA+Y¥N_ wi, ~NC(NA, No?) (3.53)
SNR value for y,, can be given as

SNRCOh = N " SNRCOh (354)

Noncoherent integration [42]

After normalizing the coherent integration outputs of each block, and performing

square-low noncoherent integration, hybrid integration output z is obtained.

_ |y
=52 (3.55)
Hl
K
z= rk>T
= <
< (3.56)

Since Pg, is determined only by the pdf when there is no target, target fluctuation

has no effect on Pr,. Namely, the false alarm probability is same as given in (3.44).

Under H; hypothesis:

Similar to (3.45), characteristic function of z is as follows

_ 1 k(9)ewr
C,(q; SNReop, K) = @1 DFC Ga)oReon (3.58)
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Equation (3.58) is the same expression as equation (3.45) except that now C, is

written explicitly as a function of q,SNR,,, K .

After taking expected value of the characteristic function over SNR,p,

(0]

C,(4; SNRuon, K) = f Psva.... SNReon) o (¢ SR con, K ) dSN Reon

0 (3.59)
where Pgyr_ (SNRcop) is pdf of SNR_,p, and will be exponential.
Pss (SNR ) = ,_\_1, e‘mcoh/SN—Rcoh
SNRcon N RO T SNR on (3.60)
SNR_,, is the average SNR of y,, over CPI.
C,(q;SNR,,n, K) = ! S—
282 eon B = (0  DE1(1 + q(1 + K - SNRoop)) (3.61)
The pdf of z is given by
(K-2)
H)=——(14+——
pZ(Zl 1) KSNRcoh < KSNRCOh)
X ]( _Z K — 2) e—Z/(1+K5N—Rcoh)
(1+1/(KSNRop))VK — 1
(3.62)
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T
x 1 ,K—2

1
(1 * KSNRcoh> k-1

(3.63)
Hence, we have found the detection and false alarm probability expressions for fully

correlated Swerling-1 targets as given in (3.44) and (3.63).

3.3.2.3  Case Il - Statistically independent fully correlated Swerling-1
target in each block

In this target model, echo amplitude of target is assumed to have same value within
N pulses drawn from Rayleigh pdf. The next N pulses are same as one another but
not to ones in previous N pulses. Rather, their value is new, drawn independently

from Rayleigh pdf.

Apn = Ak vn (364)

A; and A; are independent if i # ;.

SNR of s;,, for k" block of N pulses in CPI is exponentially distributed, and can be

given as

A2
SNRy = —3 (3.65)

Coherent integration

N pulses are integrated coherently in each of K blocks.
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N
Yk = Z Skn
n=1 (3.66)

Ho: vy = 3N win ~NC(0,No?)
Hii  yp = NAg + X3_ Wi ~NC(NAy, No?) (3.67)

SNR Of Vi iS SNRk,COh =N- SNRk

Noncoherent integration

After normalizing the coherent integration outputs of each block, and performing

square-low noncoherent integration, hybrid integration output z is obtained.

_ |y
=3 (3.68)
Hl
K
7= Z r, 7T
k=1 <
Hy (3.69)

Under Hi hypothesis:

The characteristic function of ry, is as follows

1 (-2
Cri(4 SNRicon) = e Gzt (3.70)

Averaging C, (q) over SNRy .,p, Qives us
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co

CTr (CI; S]VR) = J. SNRk,coh(SNRk,coh)Crk(q; SNRk,coh)dSNRk,coh
0 (3.71)

C.(q;SNR) = —
r(@SNR) = 5 T SRR (3.72)

Then perform N-fold multiplication

_ _ _ K 1
C,(q;SNR) = (C,(q; SNR)) = =
2(a; SNR) = (G, (q; SNR)) (1+ q(1 + SNR)K (3.73)
Inverse transforming
ZK_le_(l-l';I\_/R)
H)) = —
P = A SN RR (R = D)1 (3.74)
Pp=1-I———F=,K—-1
P <(1 + SNRWK ) (3.75)

3.3.24  Case IV: Statistically independent partially correlated Swerling-1
target in each block

Partially correlated Swerling-1 target model implies that fluctuations have a shorter
correlation time than the CPI and longer than the PRI.

Scholtz [47] evaluated the receiver performance for the block-coherent frequency-
hopping transmitter approach. In this approach, the observation time is divided into

K intervals. A coherent pulse train is transmitted coherently during each interval, but
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carrier frequency is changed between intervals. Coherent integration is employed

during each interval and the results are noncoherently integrated over the K intervals.

Echo amplitude of target for N pulses in the i block {a;; ---a;y} is drawn from
correlated Rayleigh pdf. In the next N pulses, target amplitude {a(;;+1)1 - aq+1)n}

is drawn from the same pdf independent of previous pulses.

Covariance matrix of signal amplitude fluctuation process :

C, = E{aa"} (3.76)

Where a= [a11 aKN].

C. O 0
c.-|0 G 0
_O O ses C;_ (3.77)

where Cjand O are NxN submatrices, O includes only zeroes. The matrix C,
represents the covariance matrix of the elements of a;,, (n=1,...,N) which
correspond to measurements for a given coherent pulse train containing N pulses.

Then, the covariance matrix becomes as follows

1 r r2 rN
r 1 rN-?
C.=| r* r 1 N
N-1 N-2 N-3
r r r v 1] (3.78)

. . . . tdecor 1
Decorrelation time t ..., Of target fluctuation can be defined as r Pri~ = -

For example,r = 0.9 implies t ocor = 9.5PRI.
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In this analysis:

While constituting target fluctuation model, CP1 is divided into K" intervals, each of
which is composed of N' pulses. A coherent pulse train composed of N' pulses is
transmitted coherently during each of the K' intervals, but carrier frequency is
changed between intervals such that another statistically independent fluctuation

process is utilized within each of the K" intervals.

In order to perform block-coherent integration, CPI is divided into K blocks, each of
which is composed of N pulses. A block of N pulses is predetection integrated during

each of K intervals, and the results are postdetection integrated over the K intervals.

In [47], Scholtz found analytical expression of detection probability for the case N =

N', K = K" which is given by

T
P, = 1—1(—2,1()

o) (3.79)
where g2 is the conditional variance
0,? = E{(r*|H,)} (3.80)

3.3.3 Simulation Results

Since we are interested in moderately fluctuating targets, we performed two groups
of simulations for Case 111 (3.3.2.3) and Case IV (3.3.2.4) in this subsection.
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3.3.31 Simulations: Case |11

Simulations are carried out in order to see if theoretical Pp values coincide with
simulation results. Simulation parameters are given in Table 3.5. After applying
Keystone Transform, hybrid integration has been performed. In this target model,
echo amplitude of target is assumed to have same value within N pulses drawn from
Rayleigh pdf. The next N pulses are same as one another but not as ones in previous

N pulses. Rather, their value is new, drawn independently from Rayleigh pdf.

Pp versus logz(N) is shown in Figure 3.9 where N' (number of pulses during which
echo amplitude of target is same) is swept. SNR per pulse is adjusted such that
Pp=0.9 and Pe=10* for N = N’. In addition, theoretical Pp value [47] for N = N’
is shown in the figure. It is seen that Pp values obtained in the simulation is consistent
with the theoretical Pp. We also note that selecting N = N’ gives best achievable

Pp for a given N'.

Figure 3.10 shows SNR per pulse required to obtain Pp=0.9, Pr=10" for N = N'.

Lowest SNR per pulse can be achieved when N=8.

Table 3.5 Simulation parameters

Carrier 9GHz
frequency

Bandwidth 20MHz
PRI 10ps
Number of 64
pulses in a CPI

Radial velocity | 0 m/s
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Figure 3.9. Pp versus logz(N) when P=10"
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Figure 3.10. SNR per pulse required to obtain Pp=0.9, Pr=10"*
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3.3.3.2 Simulations: Case IV

Echo amplitude of target for N pulses in each block is drawn from correlated
Rayleigh pdf. In the next N pulses, target amplitude is drawn from the same pdf
independent of previous N pulses.

We explored the performance for different values of N' in the simulations. Total
number of pulses in CPI is kept constant KN=64. We swept both K and K' in
{20,21,...,2°}. Pp versus logz(N) is shown in Figure 3.11 -Figure 3.16 for different
values of r and corresponding decorrelation time , which is defined as the time for r
to fall to 1/e, as shown in Table 3.7 where Pe=10"*. N'=64 corresponds to the case
where carrier frequency is constant during observation time, while N'=1 corresponds
to the case where each pulse has different carrier frequency. Keystone Transform has

been applied before hybrid integration.

Table 3.6 Simulation parameters

Carrier 9GHz
frequency

Bandwidth 20MHz
PRI 500ps
Number of 64
pulses in a CPI

Radial velocity | 0 m/s

Remarks regarding Figure 3.11 -Figure 3.16 are as follows:

e Theoretical Pp values given by Scholtz [47] for N'=N cases are consistent

with Pp values obtained in simulations.
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e Foragiven N, maximum Pp can be achieved when N'=N.

e Foragiven N', maximum Pp may not be achieved when N=N' depending on
correlation coefficient r. For example, N=1 gives the maximum Pp for all
values of N when r=0.3. On the other hand, N=N' gives the maximum Pp for
all values of N when r=1.When the correlation between pulses in each block
is low enough e.g. r=0.3, integrating non-coherently all pulses (i.e. N=1)
gives the best detection performance independent of N' ( number of pulses
transmitted with same frequency in each block). On the other hand, if the
pulses in each block are fully correlated (e.g. r=1), we can achieve the best
detection performance with coherent integration of the pulses which has the
same transmission frequency in hybrid integration scheme. Hence, we expect

for a given N' that N=N' gives the maximum Pp only if the correlation

between pulses in each block is very high.

Table 3.7 Decorrelation times for correlation coefficients

r tyeeor / PRI
0.3 ]0.83

0.6 |1.96

0.8 |4.48

09 |949
0.95|14.50

1 o0
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1 T T I T
; ; — N=1
0.8 5 — N=2 1
0 | —N=4
e L ] — N'=3 1
1 T VY. [ S SR — N=16 _
AN ; N'=32
1 O, S, N ; —— =64 i
; ; O theor P for N=N'
7] SR+ NS - e S
1 PITI s RN
0_3 ...........................................................
1 S, N I N .. SO S
e RS R
0
0 1 2 3 4 5 6
log,(M)
Figure 3.11. Pp versus logz(N) for r=0.3
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Figure 3.12. Pp versus logz(N) for r=0.6
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SNR=-1.5dB, K*"N=64, =0.8
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Figure 3.13. Pp versus logz(N) for r=0.8
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Figure 3.14. Pp versus logz2(N) for r=0.9
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SNR=-2.3dB, K*N=64, r=0.95
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Figure 3.15. Pp versus logz(N) for r=0.95
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Figure 3.16. Pp versus logz(N) for r=1

Another aim of the simulations is to examine the detection performance when there

is range migration and Keystone Transform is applied to mitigate range migration
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effect before integration. In the simulations, radial velocity is taken v=500m/s which
causes to 2.13 range resolution cell migration. Pp versus log2(N) is shown in Figure
3.17 - Figure 3.22 for different values of r and corresponding decorrelation time as
shown in Table 3.7.

Following remarks can be noted on Figure 3.17 - Figure 3.22:

e There is a degradation on Pp compared to theoretical formula given by
Scholtz [47] because KT can’t eliminate the range migration perfectly due to
interpolation loss.

e Foragiven N, maximum Pp can be achieved when N'=N.

e Foragiven N', maximum Pp may not be achieved when N=N' depending on
correlation coefficient r. As explained for the zero velocity case, we expect
for a given N' that N=N' gives the maximum Pp only if the correlation

between pulses in each block is very high.
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' s s —— =54
0.5 - ---r- ‘Q- ------- o theor. Ppfor N=N"
a : ' '

_________________

_____________________

log,(N)

Figure 3.17. Pp versus log2(N) for r=0.3 v=500m/s
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Figure 3.18. Pp versus logz2(N) for r=0.6 v=500m/s
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Figure 3.19. Pp versus logz2(N) for r=0.8 v=500m/s
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Figure 3.20. Pp versus logz2(N) for r=0.9 v=500m/s
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Figure 3.21. Pp versus logz(N) for r=0.95 v=500m/s
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Figure 3.22. Pp versus logz>(N) for r=1 v=500m/s

Figure 3.23 shows Pp versus logz(N) when SNR is increased 0.8dB with respect to
Figure 3.21. It shows that almost same Pp curve can be obtained with a 0.8 dB SNR
loss for r=0.9 when there is range migration and Keystone Transform is applied.

O theor. F'Dfor N'=N
+  exp. F'D N'=M and SNR_1.15dB

log,(N')

Figure 3.23. Pp versus log2(N) for r=0.9 v=500m/s
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To summarize, simulation results show that (i) it is possible to find which N value
gives the best detection probability for a given combination of SNR, correlation
coefficient and total number of pulses, and (ii) there is a degradation in detection
performance of about 0.8 dB SNR due to interpolation loss during KT when KT is
applied to remove range migration for moderately fluctuating targets.

3.4  Range Migration Compensation by KT Under Sea Clutter

In this section, we examine the case where both range migration and sea clutter exist.
Firstly, we generate realistic synthetic clutter data. Next, we perform a numerical

simulation where we suppress the clutter and apply KT.

34.1 Realistic Synthetic Clutter Generation

In order to see the effect of the sea clutter on the performance of Keystone
Transform, a simulation has been implemented. Real data [48] is used to generate
realistic clutter. Environment information and radar parameters associated with the
data is given in Table 3.8. Real data is composed of radar echo collected for 14
seconds. Real data is composed of 33001x31 array as shown in Figure 3.24,
corresponding to 31 range gate and 33001 pulses. In Figure 3.25, range-time
intensity plot of the real data is shown. In this dataset, a pencil duck has been
deployed at sea in the range of 3485m. We can obtain clutter data if we crop the part
of the data corresponding to the range up to 3500m. After cropping, the new range-

time intensity plot of the clutter data is shown in Figure 3.26.
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Table 3.8 Environment information and radar parameters associated with the real

clutter data

Wind speed [m/s] 9.1
Maximum (gust) 13.4
speed [m/s]

Direction of wind 191
[°N]

Maximum height of 4.56
wave [m]

Wave direction [°N] 160
Wave period [s] 14.29
Pulse repetition 4e-4
interval [s]

Sampling period [s] le-7
Pulse width [s] le-7
Polarization of VvV
antenna

Transmit frequency [Hz] %9
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Figure 3.24. Real array data
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Figure 3.26 Range-time intensity plot of the clutter data

The goal is to generate a synthetic clutter data which has similar characteristics of
the real clutter data. Firstly, the texture component of the real clutter data can be

obtained by averaging the intensity of the clutter. Then, we generate a new speckle
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component. Finally, by combining the speckle and the texture components we obtain

a generated clutter data which has a similar characteristics of real clutter data.

According to compound K-distribution model [37], samples of the complex envelope

of the sea clutter process are stated as the multiplication of two components
c(tr,ts) = |t(tp, ts)x(ty, ts) where T is gamma distributed texture component, and

x(tr, ts) = x1(t, ts) + xo(tf, t5) isacomplex Gaussian process; x; and x,, are the
in-phase and quadrature components which are supposed to meet E; {x; (¢, t)} =

0, E; {xo(ts, t5)} = 0 with E, {(xQ (tf, ts)z)} =E;, {(x,(tf, ts)z)} = % tr is fast

time, ts is slow time.

Average power of the backscattered signal over time T is as follows

1 1
7 JleCere)Pats =1 [ IeCer, el lx(er ) e,
T T (3.81)

In fact, the texture is assumed to be constant during each CPI due to its long

correlation time. When T is less than or comparable with CPI, texture can be
considered constant. Using the assumption E_ {(x(tf,ts)z)}:l, we obtain

average power gives estimate of texture.
1 2 1 2
7 JleCer el des = e el [ Ix(er ) des = [e(ept)
T T (3.82)

To get an estimate of the texture component, we find the average intensity of the
array for each range bin in Figure 3.26. For instance, Figure 3.27 shows intensity of

the original data for 16" range bin and the average intensity for a moving window of
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length 256. Figure 3.28 shows range-time plot of the estimated texture component

for whole array.

intensity plot for 16th range bin
4-5 T T T T I I I
: : : : intensity of original data
average intensity H

intensity

Figure 3.27. Range-time intensity plot

Range-Time intensity plot of texture
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Range [m]

3700

3750

3800
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Time [s]

Figure 3.28. Range-time plot of the estimated texture
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In the simulation, we will take the number of pulses in a coherent pulse interval (CPI)
as N=256. So, first 256 samples for each range bin are used in the simulations.
Range-Time intensity plot of the original data in the 1%t CPI is given in Figure 3.29.

Figure 3.30 shows the range-time intensity plot of texture in the first CPI.

Range-Time intensity plot of original data in the 1st CPI

3550
3600
3650
3700
3750

3800

50 100 150 200 250

Figure 3.29. Range-Time intensity plot of original data in the 15 CPI
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Range-Time intensity plot of texture in the 1st CPI
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Figure 3.30. Range-time intensity plot of texture in the first CPI

Since it is stated in [37] that speckle component decorrelates in the order of 10ms,
we can generate correlated Rayleigh random variables with decorrelation time of
10ms to obtain our speckle component of clutter. Range time plot of the generated

speckle is given in Figure 3.31.
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Range-Time intensity plot of generated speckle
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Figure 3.31. Range time plot of the generated speckle

By multiplying the square-root of the texture with generated speckle, we get a

generated clutter data which has a similar characteristics of real clutter data. Figure

3.32 shows the range time plot of generated clutter.

Range [m]

Range-Time intensity plot of generated clutter

3550

3600

3650

3700

3750

3800

50 100 150 200 250
pulse number
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Figure 3.32. Range time plot of the generated clutter

Now, we can compose the signal backscatters from the target. It is assumed the target
has a radial velocity of v=300m/s and an initial range of 3555m. In this simulation,

Swerling-0 type nonfluctuating target has been created.

The received signal is the summation of clutter echo, target echo and additive white

Gaussian noise of 3dB.

The clutter echo can be constituted by using a tapped-delay line channel model as
assumed in [49]. The truncated tapped-delay line model is shown in Figure 3.33.
Assuming the channel is slowly fading and frequently selective, the noiseless

received signal from the channel can be expressed in the form

L

n© = ) ea® it —n/W)

n=1

(3.83)

where W is the bandwidth used by the real bandpass signal, s;(t) is lowpass
equivalent signal transmitted through the channel, c,(t) is time-variable channel

coefficients, and L is the truncation size.
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Figure 3.33. Tapped-delay line model of the channel

3.4.2 Numerical Simulation

A numerical simulation has been performed to examine the performance of KT and

clutter suppression together. Simulation parameters are shown in Table 3.9.
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Table 3.9 Simulation parameters

Signal to Clutter Ratio

-10.7dB

Signal to Noise Ratio

3dB

Radial target velocity

300 m/s

Number of pulses in CPI

256

Decorrelation time of
speckle component

10 ms

It is observed in real data that the clutter echoes are not stationary and have a speed

of about 4m/s. Hence, the output of the tapped-delay line channel is created as it has

a speed of 4m/s.

Range-Time plot for this received signal is given in Figure 3.34.

range-time plot of the received signal

3550

3600

3650

Range [m]

3700

3750

3800

50 100 150
pulse number

200 250

Figure 3.34. Range-Time plot of the received signal

Range-Doppler plot of the received signal is shown in Figure 3.35.
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range-doppler plot of the received signal
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Figure 3.35. Range-Doppler plot of the received signal

Clutter effects can be reduced by suppressing the low Doppler frequencies. A simple
4-delay line canceller can be used to suppress the signals having low Doppler

frequencies [2].

After reducing the clutter, the Range-Doppler plot is as shown in Figure 3.36.
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range-doppler plat of the received =ignal after clutter suppression

10~
o

2000
3700 1000
3600

Range [m] 35002000 Doppler frequency [Hz]

Figure 3.36. Range-Doppler plot after clutter reduction

Coherent integration output of the received signal after clutter suppression and KT

applied is shown in Figure 3.37.

Coherent integration output
14 T T T T T I

after suppressing clutter
after suppressing clutter and applying KT

=
oo

intensity

=
[=3]

=
IS

02

0 I I I I I
3500 3550 3600 3650 3700 3750 3800 3850
Range [m]
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Figure 3.37. Coherent integration output of the received signal after clutter

suppression and KT applied

Note that amplitude of coherent integration output is higher in range of 3555m when
KT is applied. Hence, we have shown that detection performance can be improved

if KT is applied after suppressing the clutter.

3.5  Range Migration Compensation by KT under Rain Clutter
In this section, we investigate the case where KT is applied for range migrating
targets under rain clutter. We will compare performances for both cases where
i.  we suppress the rain clutter first and then apply KT,
ii.  we apply KT first before suppressing the rain clutter.
We used the following parameters in the simulations:

Table 3.10 Simulation Parameters

Parameters Value

Carrier frequency 9 GHz

Pulse width 30ps

Bandwidth 20MHz

N -number of pulses | 64

in CPI

PRI 75Us
Target velocity 15.125 Vblind
Range resolution 7.5m
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Range migration 16.13m

during one CPI

SCR -30B

The received signal is composed of target and clutter component. Range-Doppler

plot of the received signal is given in Figure 3.38.

Range-dopppler plot of received signal

15000 «

1500

1000

Doppler bins 0 o Range bins

Figure 3.38. Range-Doppler plot of the received signal

Range-Doppler plot after applying sinc interpolation is given in Figure 3.39
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After sinc interpolation
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Figure 3.39. Range-Doppler plot after applying sinc interpolation

Figure 3.40 shows the Range-Doppler plot after sinc interpolation and Doppler
ambiguity correction has been applied respectively. It is seen that Doppler spectrum
has been enlarged after Doppler ambiguity correction. MTI filter after Doppler
ambiguity correction is not expected to suppress clutter perfectly since the MTI filter
is applied according to clutter covariance matrix before Doppler ambiguity

correction.
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sinc interpolation -> Doppler ambiguity correction
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Figure 3.40. Range-Doppler plot after sinc interpolation, Doppler ambiguity has

been applied respectively

Figure 3.41 shows Range-Doppler plot after sinc interpolation, Doppler ambiguity
and MTI filter has been applied respectively.

111



sinc interpolation -> Doppler ambiguity cormrection -> clutter suppression

250 ~
200 A
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Figure 3.41. Range Doppler plot after KT and clutter suppression applied
respectively.

Figure 3.42 shows Range-Doppler plot when we apply sinc interpolation, clutter
suppression and Doppler ambiguity correction respectively. Clutter has been
suppressed better with respect to Figure 3.41, as expected.
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sinc interpolation -> clutter suppression -> Doppler ambiguity correction

250 ~
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Figure 3.42. Range-Doppler plot when we apply sinc interpolation, clutter
suppression and Doppler ambiguity correction respectively

Figure 3.43 shows Range-Doppler plot when clutter is suppressed and KT is applied

respectively. It has better clutter suppression performance with respect to Figure
3.41.
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clutter suppression -> sinc interpolation -> Doppler ambiguity correction
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Figure 3.43. Range-Doppler plot when clutter is suppressed and KT is applied
respectively

Hence, we can conclude that suppressing the clutter before applying KT improves
performance more especially in clutter suppression compared to applying KT before

suppressing the clutter.

Note that we assume static clutter covariance for rain clutter. In case of variable
clutter characteristics, adaptive clutter estimation methods [50] can be applied. In
such a case, performance could be improved by joint methods, i.e. considering
solving clutter suppression and targeting detection problems together instead of

sequential operations.
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3.6  Range Migrating Target Detection in Range Migrating Clutter

When the radar has high velocity motion, range of clutter backscattered from rain or
cloud will migrate, and classical clutter suppression techniques will not work due to
range migration of clutter. In this section, we propose a method to solve range
migration problem jointly for range migrating clutter and the range migrating target.
In such a case, we need to align range profiles of clutter before suppressing clutter.
Then, we can align range profiles of target. The flow diagram of the proposed

algorithm is given in Figure 3.44.

Range alignment

_ofclutter | Range alignment

: ! of target _ __
Matched i KT sinc i Clutter i i
filtering : interpolation % i suppression ﬁ%—?

| | | |

| C(F | ' C(F, Fy)

l ! !

Figure 3.44. Range alignment of range migrating clutter and target

After matched filtering, range alignment of clutter can be done by applying KT
without sweeping all possible Doppler ambiguity factors, because we know radar
platform’s velocity and find Doppler ambiguity factor corresponding to platform’s
velocity. Thus, range alignment of clutter includes sinc interpolation and Doppler
ambiguity correction, which can be performed by employing (2.12) and (2.16)
respectively. Doppler ambiguity correction term can be found by following

expression:

B » mf, (3.84)
C(F.) = exp |—j2mF, —(fc +f)]
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where F¢ is Doppler ambiguity factor for radial speed between clutter and radar.

Then, clutter can be suppressed easily if we have clutter statistics. Since we
performed interpolation step of KT while we are aligning clutter range profiles, we
do not need to perform interpolation step of KT again for range alignment of target
once more. It will be sufficient to correct Doppler ambiguity for target. However, we
should take into consideration that we corrected Doppler ambiguity for clutter.
Doppler ambiguity correction can be performed as given in (2.16). Therefore, we

will update Doppler ambiguity correction term as follows:

mfc

C(F, Fy) = exp |—j2n(F; — F.) AT (3.85)

where Ft is Doppler ambiguity factor for radial velocity between target and radar.

By this proposed method, we can align range profiles of both clutter and target
without bringing additional computational cost with respect to only range alignment
of target.

3.6.1 Simulation

We have the following scenario and radar parameters:

Table 3.11 Scenario and radar parameters

Radar platform velocity 312 m/s

Target velocity 616 m/s (approaching)
Carrier frequency 9 GHz

Pulse width 30pus

Bandwidth, B 20MHz

N -number of pulses in CPI 32
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Table 3.11 continues

PRI 480ps
Range resolution 7.5m
SCR -30B

Table 3.12 Rain clutter simulation parameters

Parameter | Value Explanation

R 15000 the slant range to clutter in m

AR 7.5 Range resolution, m

n -62dB Volume reflectivity of rain for 9.3GHz, m"
1

02 2.8 the two-way half power antenna elevation
beamwidth in degree

k 4 the wvelocity gradient in the vertical
direction of the beam in m/s/km

Vo 10 the wind speed in the beam center in m/s

02 2.8 the two-way half power
antenna azimuth beam width in degree

B 45 the azimuth angle relative to the
wind direction at beam center in degree

W 10 the elevation angle in degree

Oturb 1 m/s

Oshear 0.82 m/s
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Table 3.12 continues

Obeam 0.16 m/s

Ofall 0.17 m/s

o, 1.31 Standard deviation of Doppler velocity
spectrum m/s

o, 78.6 Standard deviation of Doppler frequency
spectrum Hz

\Y 3.3e4 Volume resolution cell

SCR -1.92dB Signal to clutter ratio (before considering
attenuation)

Vz 5 Rain fall velocity, m/s

Vi 8 upper  limit | Wind speed, m/s

Beaufort-4

Vp 0 Radar platform velocity, m/s

Aw- Ap 45 Azimuth angle between beam axis and
wind, degrees

Vo 6.5 Mean clutter velocity, m/s

In simulations, optimum MT] filter is used for clutter suppression. Figure 3.45-
Figure 3.47 show range - Doppler plot after range alignment of clutter, clutter
suppression and range alignment of target, respectively, which are the steps of block

diagram shown in Figure 3.44.
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Range - Doppler plot after range alignment of clutter

Range cells 0 o Doppler bins

Figure 3.45. Range - Doppler plot after range alignment of clutter

Range - Doppler plot after clutter suppression
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Figure 3.46. Range - Doppler plot after clutter suppression
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Range - Doppler plot after range alignment of target
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Figure 3.47. Range - Doppler plot after range alignment of target

Comparing Figure 3.46 with Figure 3.45, we note that clutter has been suppressed
and we have only range migrating target in range-Doppler plot. We can notice that
amplitude of range-Doppler plot has been amplified after aligning the target’s range

profiles in Figure 3.47.

In addition, performance for different Doppler velocity of target are examined.
Figure 3.48 shows IF vs ratio of Doppler velocity to blind speed. As expected, we

obtain higher IF performance when target velocity is further away from clutter speed.
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Figure 3.48. IF vs ratio of Doppler velocity to blind speed

Furthermore, IF performance against Doppler spread of clutter is examined and
shown in Figure 3.49. We observe that IF performance degrades with increasing

Doppler spread.

Hence, we have shown effectiveness of the proposed method by numerical

simulations.
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Figure 3.49. IF against Doppler spread of clutter
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CHAPTER 4

PROPOSED RANGE MIGRATION COMPENSATION METHODS

In this chapter, we propose two different methods (published in [51] and [52]) to
compensate range migration with lower computational complexity than the KT and

the RFT while achieving similar detection performance.

4.1  Efficient Implementation of KT and RFT Utilizing CZT [51]

We propose an efficient new technique to repeat execution of the CZT with different
initial points and the same angular distance on the spiral contour. Consequently, not
only the KT and the RFT can be applied with lower computational load using the
proposed method but also possibly other applications demanding to repeat execution
of the CZT. Mathematical analysis shows that the proposed technique is same as the
standard CZT algorithm. Therefore, the same detection performance can be achieved
with lower computational load as the existing KT and RFT implementations by
implementing the KT and the RFT using the proposed method. In addition, we show
by computer simulations that there is no performance loss compared to the standard
KT and RFT.

Implementation of the KT algorithm using the repeated execution of the CZT has
been reviewed in 2.2.4. Doppler ambiguity compensation, CZT and IFFT over range
frequency is repeated Ny times, where N denotes the number of possible values of

Doppler ambiguity factor F.
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41.1 A New RFT method to execute repeated CZT

We can write the matched filter output as given in (4.1).

5 . (R + vnT,)
Y(f,n) = 1P(Dexpl—jan(f + fo) ———1 (4.1)

c

Radial velocity between the radar and the target is represented as follows

UV = FUpjing + Ures (4-2)

where Doppler ambiguity factor is F = round (v/vyinq); round(.) is the function

which returns the nearest integer, blind speed is defined as vp;ing = ZfLT , V. IS the
cir

. _ vy,
residual velocity with |v_ |< -2

res

If (4.2) is substituted in (4.1), we obtain the following expression:

. 2Ry
Y(f,n,F) = IP(f)IZeXp[—JZH(f+fc)T]

2 vres

x exp[—j2n(f + f.) Tyn]exp[—j2nF ayn] (4.3)

c

fetf

c

where ay =

Doppler ambiguity compensation can be performed as follows

YC,RFT(f’ n, F) = Y(f: n, F)CRFT(f' n, F) (44)

where we define Doppler ambiguity compensation factor as
Crer (f,n, F) = exp[j2nF asn].

After compensating the Doppler ambiguity, we have the following expression
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2R,
Vorrr (£, F) =[PP exp | ~j2m(f + £) =2

vres

exp[—j2n(f + f) - Trn] (4.5)

We do not have to search for all possible velocity values. Rather, the ambiguity is
compensated and the residual velocity is searched assuming known Doppler

ambiguity factor F. Thanks to the CZT?, we can search the residual velocity index k:

Zrer(f K, F) = C%T[YC,RFT (fin, F)] (4.6)

2Av
c

where CZT parameters are given as A=1 and Wy = exp[j2n(f + f.) —T,]. If there

is equality between the searching residual velocity and the true residual velocity, i.e.
Vres = kAv, amplitude of the coherent integration output shown in (4.6) is

maximum.

If the Doppler ambiguity is unknown, it can be found by searching coherent
integration outputs giving the maximum peak amplitude over the potential ambiguity

factor F values. The following expression shows how to find coherent integration

Zuer (t, K, F) = IFFTZrer (f, k, F)] 4.7)

where Kk is the search velocity index.

L CZT is defined in 2.2.4
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To be repeated Ny times

Y(f.n) Yo (f.nF) CZT | z_(f.kF) |IFFT 2 (7K, F)
— YT | overn " over f >
CK{(fana F) -

Figure 4.1. Implementation of KT employing repeated CZT operations

To summarize, we represent single formulation to implement both the KT and the
RFT using repeated CZT. Figure 4.1 represents not only implementation of the KT
with repeated CZT but also block diagram of the RFT using repeated CZT.

4.1.2 Proposed method for efficient implementation of recurrent CZT

As mentioned in 4.1.1, Doppler ambiguity compensation and CZT operation is
repeated for possible values of ambiguity factor in the RFT and the KT
implementations. There are 2 tricks to be employed for reduction of computational

load of both implementations:

1. Instead of multiplying with an ambiguity correction term, initial point of CZT
can be set in terms of f and F. We set A¢(F) = exp(—j2nFay) for the RFT
and Ay (F) = exp(j2rF /ay) for the KT.(See Eg. 3.3)

2. We can reduce the computational load of the repetition of CZT operation for

various A (F) values in the following way.

Calculation of the CZT operation for a particular value of F is given as follows

Z(f,k F) = Z Y(f, m)[Ap (F)] "Wk (4.8)
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where Y (f, n) is the matched filter output in range frequency and slow time index.

Regarding the 2" trick, (4.9) is substituted in (4.8):

n?+k?—(k—n)?

[Ar (" WK = [Ap(F)F A ()] Wik = w2 (4.9)
Z(f, k, F)
= [y (P W Z WP e
Actually Z(f, k, F) includes a convolution:
Z(f, b, F) = [Ap ()] W2 Z w (v (k — n, F) i
Z(f b, F) = [Ar ()W P [up (n) = v (n, F)] (4.12)

where u;(n) = W /Y (f,n), vr (n, F) = W, ™ *[A-(F)]"} and

* represents convolution.

Convolution operation can be computed by employing IFFT and FFT’s:

Z(f, k. F) = [Ap(F)] W P IFFT[FFT[w ()]FFT[op ()] (4.13)

Hence, we obtain (4.13) for the computation of CZT of Y (f,n). The new method

proposed to implement CZT is shown in Figure 4.2 as a block diagram.
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lnf,-z FFT ~k gy K12
v, = A,

f
Wf—n' /2 [Af (F)]n

Figure 4.2. New method to implement CZT

If the two tricks are applied, we obtain the block diagram of the proposed RFT and
KT implementation as given in Figure 4.3. Note that we must repeat only 1 IFFT

operation in the proposed CZT implementation, because we can compute and store

FFT of Vlgf"z/z [As(F)]™ for all values of F.

After applying the two previously mentioned maneuvers, a modified implementation
of KT and RFT employing recurrent CZT operations is obtained as shown in Figure
4.3. Since the prestored values of FFT of m‘"z/z [Af(F)]™ can be used, only one

IFFT will be required to be repeated. On the contrary, the RFT and the KT
implementations with repeated CZT shown in Figure 4.1 can be performed by

repeating single IFFT and FFT for each F.

To be repeated N times

N CZT__
! FFT IFFT Z(/.k,F)|| IFFT 20,k F)
Y(fn) | QR .k, k
‘E_?— over n Il over f°
e —
: FFT over n [Af(F)]*kWfk-‘2

Wf—nz.’Z [Af (F)]n

Figure 4.3. Proposed implementation of KT and RFT employing recurrent

CZT operations
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4.1.3 Computational Load Comparison

Processes in the implementation of the existing RFT and KT algorithms and

computational complexity of these processes are given in Table 4.1 —

Table 4.4, where N is the number of pulses to be integrated, M is the number of range
bins in PRI, Ny is the total number of ambiguity factors, N,, is the number of searched
velocities, and K is the number of search residual velocities. We assume that K is an
integer satisfying N, = KN. To simplify the investigation, we set ] = N, + N, and
T=K+N.

Table 4.1 Computational load of processes in the existing KT with CZT

Step Processing Number of complex

multiplications

— — —— VN
Obtaining MN-point complex multiplication and MN + == logM
Y (f,n) N groups of M-point FFT 2
Ambiguity Nk groups of MN-point complex NzMN

compensation | multiplication

CZT overn Nr repetition of M groups of N-point 2NpzMNlog2N
CZT of N-point input

— noi MN
IFFT over f | N repetition of N groups of M-point Ny —~logM

IFFT 2
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Table 4.2 Computational load of processes in the proposed KT with CZT

Step Processing Number of complex
multiplications
ini -poi iplicati MN
Obtaining | MN-point complex multiplication MN + =~ logM
Y(f,n) and N groups of M-point FFT 2
CZT over n | Nr repetition of M groups of N- (Ng + 1)MNlog2N
point modified CZT of N-point
input
IFFT over f | Nr repetition of N groups of M-

point IFFT

MN
NF TlOgM

Table 4.3 Computational load of processes in the existing RFT with CZT

Step Processing Number of complex
multiplications
— — TN
Obtaining MN-point complex MN + = logM
Y(f,n) multiplication and N groups of 2
M-point FFT
CZT overn | M groups of Ny -point CZT of M]log]
N-point input
-DOi MN
IFFT over f | N groups of M-point IFFT TlogM
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Table 4.4 Computational load of processes in the proposed RFT with CZT

Step Processing Number of complex
multiplications
— — N
Obtaining | MN-point complex MN + 2 1ogM
Y(f,n) multiplication and N groups of 2
M-point FFT
CZT N tition of M f Ng +
over F repetition of M groups o M( F )TlogT
n K-point modified CZT of N- 2
point input
iti NpMN
IFFT over | Nr repetition of N groups of F logM
f M-point IFFT 2

Table 4.1 and Table 4.3 show computational load of the processes in the existing

KT and RFT using CZT, while Table 4.2 and

Table 4.4 show computational load of the processes in the existing KT and RFT

using CZT, respectively.

Table 4.5 depicts the total number of complex multiplications required in the

proposed and the standard RFT and KT algorithms.

The ratios of the proposed methods’ computational complexity to the existing
methods’ complexity are shown in Figure 4.4 where M = 512, N = 4,N,, = 1024.

The reduction in the computational load of the KT is a factor of 1.5 for moderate and
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high Ng. The reduction in the computational load of the RFT is more than a factor of

2 for moderate Nr. However, the proposed RFT is not favorable for extreme Np.

Table 4.5 Computational load of the existing and the proposed methods

Algorithm

Number of complex multiplications

Standard KT

(Np + 1)

MN[1
[1+—

logM + Ng(1 + 2log 2N)]

Proposed KT

(Np+ 1)

MN[1
[1+—

logM + (Np + 1)log2N|

Standard RFT

M[N + (Nlog M + Jlog])]

Proposed RFT

+ (Np + 1)

M[N
[ 2

(NlogM + TlogT)]
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Ratio of complexity of standard algarithms wit proposed algarithms
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Figure 4.4. The ratios of the proposed methods’ computational complexity to the
existing methods’ complexity over Ng

Furthermore, we have investigated the impact of N on the efficiency. The proposed

KT is more favorable for higher values of N, on the contrary to the proposed RFT.

We also find that the proposed RFT is more advantageous if Nz and K values are

close.

The four algorithms’ computational load over N,, is shown in Figure 4.5 for M =
512,N = 4, N = K. Itis clear that the proposed methods are more efficient than the

existing methods.
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Figure 4.5. The algorithms’ computational load over N,
414 Simulations

A computer simulation has been carried out to observe the equality between the
coherent integration output of the existing and the proposed methods. Radar
parameters are given as carrier frequency f. = 3 GHz , bandwidth B = 10 MHz,
sampling frequency is 10 MHz, pulse width is 100 ps, pulse repetition interval T,. =

0.5 ms.

Simulation parameters are set as: R, = 60 km, v = 500 ?,Nv =800,N; = 8,K =

100, M = 5000 , the single-sample SNR after matched filtering is 0dB. Amplitude
of the coherent integration output of the proposed RFT is depicted in Figure 4.6. The
maximum differences between normalized coherent integration output results of the
existing and the proposed methods are 1.08 10°*2 for RFT and 1.65 102 for KT.
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Namely, both are equal within the numerical precision tolerances offered by the

computers used.

Mormalized amplitude

800

g e 400
B0 O

range cell doppler cell

Figure 4.6. Amplitude of the coherent integration output of the proposed RFT

4.1.5 Summary

We proposed a lower complexity method to execute repeated CZT operations with
differing initial points and constant angular distance on the spiral contour. We have
depicted that the KT can be implemented with o loss in performance using the
proposed method. In addition, a new method to implement the RFT using repeated
CZT has been developed. Then, we have developed a new RFT implementation with
lower computational complexity and the same performance compared to the existing
RFT. Consequently, we have provided a computer simulation, which demonstrates

the equality of integration performances of both the existing and the proposed RFT.
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Both KT and RFT implementations proposed in this work are more favorable when
there is Doppler ambiguity. The proposed KT implementation is more advantageous
for higher number of pulses to be integrated and higher number of possible ambiguity
factors. The proposed RFT implementation is computationally efficient when a low
number of pulses are integrated which is commonly encountered for low PRF mode
due to limited integration time and the searching ambiguity factor number N is not

too high.

4.2 Low Complexity Range Alignment Technique Based on Doppler
Ambiguity Shift Transform [52]

In this section, a low complexity method to compensate range migration is proposed.
The proposed method searches for the Doppler ambiguity factor and the residual
velocity jointly. Besides, a novel method, called Doppler ambiguity shift transform
(DAST) is introduced to search for Doppler ambiguity factor. We show with analysis
and simulations that the proposed method achieves almost same detection

performance as the standard RFT method.

4.2.1 Proposed algorithm

We can write the matched filter output as given in (4.14).

4
Y(fin) = IP(f)IZeXP[—an(f + f)(Ro + vnTy)]
+ P (HU(,n) (4.14)

Instead of searching for the velocity by using CZT in the existing RFT, we can

correct Doppler ambiguity and search for the residual velocity.

We express radial velocity in terms of the blind and the residual velocity:

V = FambVUblina + Vres (4.15)
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where the Doppler ambiguity factor is represented by F,,,;, = round(v/vpiina), the
blind speed is given as vying =2fLT , and v, is the residual velocity with

|< Vblind

|v
2

Inserting (4.15) into (4.14), we get the following expression:

4
Y(f,n) = |P(f)|*exp[—j — (f +f)(Ro + Vyesn Ty )]

X exp[—j2nFamp %n] + P (HU,n) (4.16)

We suggest to use CZT in order to search for the Doppler ambiguity factor and the

residual velocity different from the existing RFT. CZT of Y(f,n) is computed as
follows

2(£,00) = CZTIY(f, )] = ) Y(f,mA"W"*

(4.17)

where we K = vb&% is defined as the number of the residual velocities to be

searched.

Inserting Y(f,n), A, and Winto (4.17), we have the following expression

Z(f, k) = Z Y. (f,n)exp[—j2nFamp %]

n

2Av
x exp[j2mnk(f + fc)TTr] + H(f, k)
(4.18)

where Y.(f,n) can be expressed as given in (4.19).

137



Yc(f: n) = |P(f)|2exp[_j4n(f + fc)(RO + vresnTr)/C]

(4.19)
We can rewrite (4.18):
21,0 = Z Yelf mexpl= 2 kams — 0 12T
R
(4.20)

where

Kamy = FampK =L ,and H(f, k) = CZT[P*(HU(f,m)].

the Doppler-ambiguity-compensated CZT output can be obtained after substituting
k + kgmp Tor k in the signal component of (4.20).

(f +f)nk
fe K

Z(f k) = Z Y.(f, m)explj2m ]

n

(4.21)

That is to say, the Doppler ambiguity can be compensated if we shift Z(f, k)in
Doppler frequency for each f, but one should consider the change in phase and
amplitude of Z(f, k) while shifting Z(f, k)

in k. Substituting Y.(f,n) in (4.20), we get

. 2R,
Z(f, k) = |P(O)?exp[—j2n(f + fo) T]Zexp[—jzﬂxn]

n

+H(f, k)
(4.22)
(F+fo) k
fo K

where x = (f + f;)

ZUES T 4 Frgy = +
fe

Cc
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The expression (4.22) can be rearranged as

2R,1sin(mNx)
¢ 1 sin(mx)

Z(f, k) = [P(O)|? exp [—j2r(f + fo)
= DI+ H(f, k)

exp[jmx(N
(4.23)

Obviously, phase and amplitude variations exist due to the shifting of Z(f, k) kgmp
samples. Therefore, we introduce a novel technique, DAST (Doppler ambiguity shift

transform), for the Doppler ambiguity compensation. DAST can be applied by

A

shifting k,mp = round(kqm,) samples for each f in Z(f, k) and correcting the

phase and amplitude variation coming from shifting:

DAST[Z(f, k), Fymp]

(f + ) kamp ., sin(my)
fc K ° sin(mNy)

=7(f, k+ Izamb) X exp[jr(N — 1)

(4.24)
f M kamp

where y = F Tk
The Doppler ambiguity factor can be searched by applying coherent integration for
each F,,,, value, and choosing F,,,, value giving the maximum peak amplitude.

One can perform coherent integration by taking IDTFT on (4.24):

A

Zc(t' k, Famb) = IDZ:FT[DAST[Z(f' k)fFamb]]Famb

= arﬁgmax[lzc(t,k, Famp)l]
amb

(4.25)
Figure 4.7 shows the block diagram of the proposed method.
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— DAST{Z(./‘.HI")’EUHITI} IDTFT ]
over f
Z(f,k)
Y(fn) | CZT 4 2 IDTFT arg max|. .
— overn DAST{Z(f’A)’ Fana) over f 8 Fos | ‘ — F,,
—DAST {Z(f k), Fpn, || 1TFT o
over f

Figure 4.7. Block diagram of the proposed algorithm employing DAST

Section 4.1 [51], we developed a low complexity method to repeat execution of CZT
for searching the Doppler ambiguity number and the residual velocity. Although in
this way we can reduce the computational complexity compared to the RFT [21]
realized with CZT, there would be a significant improvement in complexity
reduction if we could get rid of repeating CZT. For this reason, we propose a new
method to perform single CZT instead of repeating CZT many times in searching for

the Doppler ambiguity number and the residual velocity.

4.2.2 Computational Load Analysis

Table 4.6 depicts the number of complex multiplications required in the existing RFT
[19] examined in 2.3.4, the RFT realized with CZT [21] examined in 2.3.5, and the
proposed method. where N is the number of pulses to be integrated, M is the number
of range bins in PRI, Ny is the total number of ambiguity factors, N,, is the number
of searched velocities, and K is the number of search residual velocities. We assume
that K is an integer satisfying N,, = KNg. To simplify the investigation, we set | =
N,+N,andT = K + N.
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Table 4.6 Number of complex multiplications for algorithms

Algorithm

Number of complex multiplications

Conventional RFT [19]
(see in 2.3.4)

M[N + NlogM + NNy + Ny /2]

CZT-based RFT [21]
(see in 2.3.5)

M[N + NlogM + Jlog]]

Proposed method

Np

N
M[N + glogM + TlogT + NpK + logM]

2

Figure 4.8 shows the ratio of the proposed method’s computational complexity to
the existing method’s [21] complexity depending on the velocity search resolution
Av. We assume f, = 0.5 GHz, f; = B = 20 MHz, pulse repetition interval T, =
240us, N = 32, Uax = 15000 m/s, which corresponds to M = 4800, N = 25.

In addition, the impact of N on the efficiency is examined. Figure 4.9 shows the ratio
of the proposed method’s computational complexity to the existing method’s [21]
complexity depending on number of pulses in CPl. We assume N,, = 5120, N, =
20,M = 4800. We note that the proposed algorithm has a much lower
computational complexity compared to the existing method [21] , particularly at a
lower velocity search resolution and a lower number of impulses in CPI, which is
the usual case when high velocity resolution is needed at low and medium PRF is

radars.
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Ratio of cornplexity of standard RFT algorithm to complexity of proposed algorithm
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Figure 4.8. Ratio of the proposed method’s computational complexity to the
existing method’s [21] complexity depending on the velocity search resolution Av
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Ratio of complexity of standard RFT algorithm to complexity of proposed algorithm
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Figure 4.9 Ratio of the proposed method’s computational complexity to the
existing method’s [21] complexity over N when Nr=K

423 Simulation Results

A computer simulation has been carried out for the performance comparison of the
existing [21] and the proposed algorithm. We assume a simple point target model,
LFM envelope , non-fluctuating Swerling-0 signal model, and complex additive
Gaussian white noise background. Radar parameters are given as carrier frequency
f. = 0.5 GHz , bandwidth B = 20 MHz, sampling frequency is 40 MHz, pulse width
is 60 s, pulse repetition interval T,, = 240 ps. Simulation parameters are set as: v =
7000 m/s, N = 16, K = 64, Ny = 1536. Figure 4.10 and Figure 4.11 demonstrate that

the DAST compensates the range migration.

Figure 4.12 shows probability of detection vs. single-sample SNR for the CZT based
RFT [21] and the proposed method where false alarm probability isP, = 10~*.
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Simulation result depicts that approximately same detection performance can be

achieved by the proposed method.

Range - Doppler plot before DAST
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Figure 4.10. Range - Doppler plot of |Z|, i.e., before DAST
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Range - Doppler plot after DAST
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Figure 4.11. Range- Doppler plot of IDAST[Z]|, i.e., after DAST
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Figure 4.12. Pp vs SNR after matched filtering with false alarm probability Pr=
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424 Summary

We proposed a low complexity algorithm to compensate the range migration. Instead
of searching for the radial velocity, we search jointly the residual velocity and the
Doppler ambiguity factor. CZT is employed to search for the residual velocity. We
have introduced a new computationally inexpensive method, DAST, searches and
corrects the Doopler ambiguity. It turns out that the proposed method can be used to
achieve approximately the same detection performance as with the RFT. The
computational efficiency has been improved by more than ten times comparing with

our previously proposed algorithm [51].
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CHAPTER 5

CONCLUSIONS

In this thesis, we have considered the range migration problem that can arise
especially in conjunction with wide bandwidth, long integration time, and high speed

target in radar systems.

We have approached the range migration issue from two different perspectives:
exploring new RMC methods to strike a balance between the computational
efficiency and the detection performance, and investigating the RMC methods in

realistic radar environment including clutter and target fluctuation.

Realistic synthetic sea clutter data has been generated and it is shown that detection
performance can be improved if KT is applied after suppressing this clutter for
detection of range-migrating target. It has been depicted that suppressing the clutter
before applying KT improves performance compared to applying KT before
suppressing the clutter. The main reason is that Doppler spectrum gets larger after
applying the KT and the clutter cannot be suppressed perfectly since the clutter
suppression filter is applied according to clutter covariance matrix before applying
the KT.

A new method has been proposed to eliminate the range migration problem jointly
for range migrating clutter and the range migrating target. By the proposed method,
we can align range profiles of both clutter and target without bringing additional

computational cost with respect to only range alignment of target.

A hybrid integration scheme has been presented to detect moderately fluctuating
targets. It is shown that it is possible by the combination of hybrid integration and
frequency diversity to achieve the best detection probability for a given combination

of SNR, correlation coefficient and total number of pulses. When the KT is applied
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to remove range migration for moderately fluctuating targets, the detection

performance is degraded about 0.8 dB SNR due to interpolation loss during KT.

We have proposed [51] an efficient implementation of repetitive CZT to reduce
computational complexity of the KT because the KT requires repeated execution of
CZT for each potential Doppler ambiguity factor. We found a new implementation
of RFT that uses repetitive CZT operation. In this way, we managed to reduce the
complexity of the RFT as well by employing our new efficient repetitive CZT
method. The proposed method turns out to be mathematically equivalent to the

standard method, so there is no loss of performance.

We have introduced [52] another efficient method to search for the Doppler
ambiguity and the residual velocity without repeating CZT, which is more than ten
times more efficient compared to [51]. The proposed method is more favorable
especially in low and medium PRF radars with high velocity resolution.

In this thesis, we have investigated the range migration compensation under the
target fluctuation and the clutter separately. Future research may consider another
realistic case when the target fluctuation and the clutter exist at the same time.
Performance of the combination of hybrid integration scheme with frequency
diversity can be evaluated for this case. New methods can be explored to handle the
target fluctuation and clutter together. It would be interesting how to combine
frequency diversity and hybrid integration to improve detection performance for a
given clutter statistics and fluctuation correlation coefficient. In addition, one could
take the complex nature of sea clutter fluctuations into account to provide a better

performance.
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