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Abstract

This research addresses the challenge of detecting
radar range-spread targets in compound-Gaussian
clutter environments. In such scenarios, the target
signals occupy unknown coordinates within
a subspace, while the clutter is modeled as
compound-Gaussian distribution involving inverse
Gamma textures and complex Gaussian speckles

with an unknown persymmetric covariance matrix.

Additionally, we assume the availability of training

data for estimating clutter covariance matrix.

Utilizing a two-step approach, three detectors are
proposed according to the Gradient, Rao, and Wald
tests, by taking advantage of the persymmetry
of the clutter covariance matrix. = Theoretical
analyses demonstrate that the proposed detectors
maintain an asymptotically constant false alarm
rate relative to the structure of the clutter covariance
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matrix. Furthermore, Monte Carlo simulations
have yielded numerical evidence indicating that
the proposed detectors outperform the current
contrastive approaches, especially in cases where
the training data is scarce.

Keywords: compound-Gaussian clutter, range-spread
targets, persymmetry, gradient test, rao test, wald test.

1 Introduction

In scenarios involving high-resolution radar (HRR)
detection, the scattered energy from target generally
disperses across several neighboring range cells,
leading to the creation of range-spread targets [1-
3]. Currently, numerous detectors for detecting
range-spread targets have been primarily designed and
been further optimized for operation in homogeneous
environments (HE) [4-6], where it is assumed that
the clutter components in the range cell under test
have the same covariance matrix as the training data
consisting of clutter only. However, in detection
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modes characterized by low grazing angles or HRR,
the clutter exhibits increasingly strong non-Gaussian
characteristics [7], making the detectors designed for
HE difficult to apply.

As one of the typical non-Gaussian models, the
compound-Gaussian distribution is extensively
employed to characterize the non-Gaussian
statistical attributes of the actual clutter [8].
Preliminary researches have been conducted on
the adaptive detection of range-spread targets within
compound-Gaussian clutter. For example, three
detectors are designed for the point targets and the
range-spread targets in [9] and [10] respectively, by
utilizing the one-step generalized likelihood ratio test
(GLRT), the maximum a posteriori (MAP) GLRT, and
the two-step GLRT. In [11] the adaptive detection
approaches are investigated for range-spread targets,
employing the two-step Rao and Wald test criteria.
It is worth noting that the aforementioned adaptive
detectors [9, 10, 12-14] are all based on the rank-one
signal model and assume that the target steering
vector is already known.

Nonetheless, in real-world scenarios, due to the
influence of factors such as beam pointing errors and
multipath effects [15-19], it is sometimes challenging
to obtain accurate target steering vectors. To address
this issue, it might be reasonable to consider modeling
the target signal as a subspace signal [20], more
precisely, we assume the target signal lies within
a known multi-rank subspace, with its specific
coordinates remaining unknown. The subspace
model has already demonstrated its effectiveness
in numerous methods [21-23]. For example, by
utilizing a two-step design process, the subspace
models are employed in [24] to explore radar detectors
for range-spread targets within compound-Gaussian
clutter. Different detection frameworks are developed
by applying the GLRT, Wald, Gradient, Rao, and
Durbin tests (labeled as S-GLRT-CG, S-Wald-CG,
S-Rao-CG, S-Gradient-CG and S-Durbin-CG). For
this case, identical results are demonstrated for
the detection mechanisms based on the Gradient,
Rao, and Durbin tests. It is noteworthy that
the clutter texture components are modeled as the
deterministic unknowns, which are subsequently
solved by employing the maximum likelihood (ML)
estimation. However, owing to the oversight of
potential prior distribution related to the clutter
texture components, the efficacy of the introduced
detectors might be compromised under certain texture
configurations within the compound-Gaussian clutter.

Recently, as the research about compound-Gaussian
models has intensified, the modeling of clutter
texture components has become increasingly
refined. Existing research results indicate that the
clutter texture components fit well the inverse
Gamma distribution [25]. Within the realm
of compound-Gaussian clutter, the absence of
a uniformly most powerful invariant test for
range-spread target detection necessitates further
exploration of adaptive detectors that rely on
diverse testing criteria. In addition, it is known that
target-free training data should be at least twice the
channel cardinality to achieve desirable detection
performance [26, 27]; otherwise, the detector will
suffer a relatively large performance penalty. However,
the available training data are always insufficient in
numerous real-world situations, including those with
pronounced multipath effects, outliers, and irregular
topographical features [28-32]. Considering the
radar receiver employing symmetrically structure for
spatial processing (arrays) or temporal processing
(coherent pluses) [33-35], the clutter covariance
matrix (CCM) possesses the persymmetric structure
which can be used to potentially reduce the
training data requirement for detector design.
With the persymmetry leveraged, detecting a
rank-one point-like target is considered within
compound-Gaussian clutter [36], assuming the
texture follows either a Gamma distribution or
an inverse Gamma distribution, and the two-step
GLRT is employed for this purpose. Meanwhile, the
two-step Rao and two-step Wald tests are devised
in [37] to detect a rank-one range-spread target in
compound-Gaussian clutter, specifically assuming that
the texture conforms to an inverse Gamma distribution
(denoted as P-Rao-iGCG and P-Wald-iGCG).

Drawing inspiration from the previously cited works,
we harness the persymmetry property of the CCM
to design three detectors tailored for identifying
range-spread targets within compound-Gaussian
clutter characterized by an inverse Gamma texture.
The primary contributions of this paper are
summarized below:

1. By employing a two-step approach, we develop
three detection schemes based on the Gradient,
Rao, and Wald tests for detecting range-spread
targets in compound-Gaussian clutter with
inverse Gamma texture. Interestingly, the
Gradient-based and Rao-based detectors are
theoretically demonstrated to be equivalent.
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2. All of these developed persymmetric detectors are
proved to provide an asymptotically constant false
alarm rate (CFAR) in relation to the structure of
the CCM, as demonstrated both theoretically and
through simulations.

3. Numerical results demonstrate that the developed
detectors outperform their competitors under
both matched and mismatched conditions, across
different training data sizes, with particularly
notable advantages in scenarios where training
data is limited.

The structure of this paper is outlined as follows:
Section 2 offers a comprehensive introduction to the
problem under investigation. Section 3 details the
derivation of detectors based on a two-step design
procedure. Section 4 showcases the numerical findings,
while the concluding remarks are encapsulated in
Section 5.

Notations

The superscripts (-)*, (-)7 and (-)¥ represent the
conjugate, the transpose and the conjugate transpose,
respectively. I, represents an m X m unit matrix,
0,,xn signifies an m x n zero matrix, and j = V-1
stands for the imaginary unit. C™*" refers to an
m x n Buclidean space composed of complex matrices.
tr(-) indicates the trace of a square matrix. vec(-)
represents the conversion of a matrix into a vector.
CN(z, %) denotes the circular complex Gaussian
distribution with mean-vector = and covariance matrix
Y1, while CW(n, ¥3) indicates the complex central
Wishart distribution with n degrees of freedom and
a given scale matrix 3,. P4 signifies the orthogonal
projection matrix onto the subspace spanned by the
columns of matrix A, specifically calculated as P4 =
A(ATA)"'AH In(.) represents the natural logarithm
of a scalar-valued function, and dg/0¥ is the partial
derivative of g with respect to (w.r.t) ¥, where ¥ is
a vector or matrix. e and 3m represent the real part
and the imaginary part, respectively.

2 Problem formulation

Imagine a scenario where a target is dispersed over
K range cells. The vector z;, € CNl k=1,2,--- | K
represents the test data gathered from the kth range
cell under test (CUT), with N indicating the joint
space-time dimension. The echo signal from the
target in the kth range cell can be represented as a
subspace vector s, = Ub, € CV*1 k =1,2... K,
where the subspace matrix U € CN*" is a known
full-column-rank matrix with rank r, and the vector
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bj. € C™*! denotes an unknown complex coordinate
vector. Furthermore, the clutter components ¢, €
CN*l 'k = 1,2,---,K in the CUT are presumed
to be independent and identically distributed (IID).
More precisely, it exhibits a compound-Gaussian
distribution, which can be characterized as ¢, =
VTkgk- Herein, the variable 7, k = 1,2,--- K,
denoted as a positive random variable, is commonly
known as texture and signifies the local power of
clutter. Meanwhile, the speckle g, , an N-dimensional
random vector, is typically identified as a Gaussian
distribution and captures the clutter characteristics of
the joint space-time domain.

Regarding the distribution of the texture component
T, we examine the situation where it follows an
inverse-Gamma distribution [9, 10, 25]. In such a case,
the probability density function (PDF) of 7, can be
expressed as follows:

i

f(’]'k) = W ex

p <—ﬁk> Tk > 0,q,>0,8, >0
Tk
(1)

where ¢ and Bj are shape and scale parameters,
respectively; the speckle component gy, is characterized
as a Gaussian vector with zero mean and unknown
CCMM, ie., g; ~ CN(0nx1,M). Consequently, under
the hypothesis Hj, which assumes the absence of target
signal and the presence of clutter only, the expression
for z;, can be formulated as follows:

k=12, K 2)

zj, = Cg,

Meanwhile, under the alternative hypothesis H;,
which assumes the presence of target signal, the vector
zj, can be represented as:

z, =Ub,+cp, k=12--- K (3)

Additionally, for the estimation of the unknown CCM
M, it is usually assumed that a collection of training
data from R cells neighboring the CUT, devoid of target
signal echoes, is available [38]. The training data can
be formulated asy, = ¢;, [ =1,2,--- R, with¢ €
CN*! being IID as the clutter components c;, in the
CUT.

In summary, the framework for range-spread
target detection can be expressed through a binary
hypothesis test as follows:
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Z = Cg, k:1725”'7K
H():
Yl:Cl> l:1527"'7R (4)
o Zk:Ubk—l-Ck, k=1,2,--- K
1- y, =« l:1,2,"'>R

3 Design of adaptive detectors

In this section, we are dedicated to developing three
detectors specifically designed to solve the detection
problem outlined in (4). These detectors are developed
following a two-step design procedure, based on

the principles of Rao, Wald, and Gradient tests.

Additionally, this endeavor involves incorporating the
concept of persymmetry into the design stage of these
detectors, with the aim of enhancing their detection
performance beyond that of existing detectors.

3.1 Data transformation

For radar systems utilizing symmetrical configurations
in spatial processing (arrays) or temporal processing
(coherent pulses) [39], the CCM M is observed to
satisfy the condition M = DyM*Dy, with the N x N
anti-diagonal matrix Dy being represented as:

00 --- 01
00 --- 10
Dy=i i = i (5)
01 --- 00
r 0 - 0 O_NxN

Moreover, each column within the subspace matrix U
is also expected to exhibit the persymmetry, meaning
U = DyU". By leveraging the persymmetry of the
CCM, we can obtain:

tr (M1 (2 — iUby,) (2 — iUby) )

— tr (M™! (2,1 — Ubyy) (7 — iUby)" ), (6)

i=0,1;, k=12,--- K
where
zpk’ = [Zek‘azok’] € CNXZ (7>
by = [Re(by), jSm(by)] € C™*2
with
Zek = 5 (21, + Dyzj) € CVX1 8)
Zok = % (Zk — DNZZ) e ChNx1

Consequently, the conditional PDF of Z, =
[Zp1,2p2, -+ yZp] € CN*2K can be expressed
as

Ko tr [M™" (2,5, — iUby) (24 — iUby) |
11(2,1©) = g STV { - ,
i=0.1
9)
where © = [@f,@sT]T € COr+LEN = with
©; = vec([bp1,bp2,  ,byk]) € C¥EN and ©, =

[T, 72, ,TK]T € CEx1,

3.2 Detector design for known M

In this subsection, we employ a two-step approach by
utilizing the Rao, Wald, and Gradient tests to construct
detectors. More specifically, we initially assume that
the texture components 7,k = 1,2,--- , K and the
covariance matrix structure M are known. Under this
premise, we derive the test statistics for three detectors.
Following this, we incorporate the MAP estimate of
7, and the fixed-point (FP) estimate of M into the
previously derived test statistics, which allows us to
develop fully adaptive decision-making frameworks.

3.2.1 Gradient test for known M

The detection statistics of Gradient test for the detection
problem indicated in (4) can be expressed as [40]:

Oln f1(Z,10)|"

00T

(éﬂ - 0r0)

where 6, represents the maximum likelihood (ML)
estimate of @ under Hy, 0,1 denotes the ML estimate
of 8, under Hy, and 6,9 = 02,k 1 corresponds to the

actual value of 6, under Hy.

)\Gradient = (1 0)

0=0,

By computing the partial derivative of (9) w.r.t ©,
under H;, we can obtain

{@m-Ub,)M U} {(z,2-Ub)M-'U}" r
O £1(2,©) _, " ’ z ’
BLC) - T ’
r {(szbepK)HM’IU}
' (11)
Due to the absence of target under Hy, we have by, =
0,2, and then (11) can be rewritten as
_ T _ T
{zHfMm-1U} {zHMm—1U}
Oln fo(Z,|®) 71,0 ’ 72,0 ’
—%e | . = 2 e
T 0=0, {szMflU}T
TK,0
(12)
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where 7,09,k = 1,2,--- , K represents the estimated
value of 7, under Hy.

By taking the derivative of fi(Z,|®) in (9) w.r.t the
unknown coordinate vector b, and then equating the
derivative to zero, we can obtain the ML estimate of
b, under Hy:

b, = (UM 'U) ' UM 1z, (13)

Substituting Bpk into ©,, we can obtain the ML
estimate of ®, under Hy:

0,1 = vec [(UHM_IU)f1 UMz,
(UAM'U) ' UM 2,0,

o (UFMTIU) T UM 2,k

(14)

Given the high computational complexity of the ML
estimate of 7, under Hy, subsequent steps will involve
performing the MAP estimate of 7, under Hy. From (1)
and (9), the maximum a posteriori probability density
function (MAP PDF) of 7, under Hj can be expressed
as

~ fo(Zy|®) f (%)
fo(mx|Zp) = o Zy) (15)
where fo(Z,) = [ fo(Z,|®©)f(11)f(72)- - f(TK)dOs

denotes the PDF of Z,, under H,.

By differentiating fo(74|Z,) w.r.t 7, and setting the
derivative to zero, the MAP estimate of 7, under H
can be obtained as

tr(zng_lzpk) + Bk
N+g +1
(16)
By substituting (12), (14), and (16) into (10) and
simplifying the result, we can obtain the Gradient test
statistics for given M as

Tk,0 = arg max fo(Zp|®)f(m1) =

KN + e + 1) tr(z Puzy)

AGradient = —
radien kz:l tI‘(ZﬁCM lzpk) +5k

(17)

where Py = M~ lU(UAMtU) - TUIM L.
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3.2.2 Rao test for known M

The detection statistic based on the two-step Rao
criterion for the detection problem indicated in (4)
can be expressed as [41]

dln f1(Z,|0®)

omnz0)|
n
A = 1 Tp . o

Rao = 90 @_@ |:I_1((:)0):| 0,,0, @_é
(18)

where the submatrix [I7'(®)]g o represents the

portion of I"}(®) corresponding to the vector ®,,, with
I(®) implying the Fisher Information Matrix w.r.t ©,
i.e.,

__[0Inf1(Z,|®) dIn f1(Z,|®©)
I(@)E{ T T } (19)

and according to the relevant components of ®, and
O,, I(®) can be partitioned as

I@'r,er(g) :[67'7@5(@):| (20)

1(®) = [I@S,er(@) Ie,0.(0)

Based on the matrix inversion formula [42], we can
derive

17'(0)]g, 6, = {Ier,er(Q) - IeT,es(9)1615,95(@)195,&(@)]
(21)

Noting the independence between component ®, and
®,, we have Ig, ,(®) = 0. Thus, (21) can be
reformulated as

[I_l((-))]@%er = [167'767"(@)]_1 (22)

Differentiating the logarithm of (9) w.r.t ®; results in:

UHM_l(Zpl —Uby1) T

T )
U“M 1 (Z1 —Ub
p2 p2)

= T2 ’

0111 f1(2p|@)

23
so. (23)

.
UEM (2, —Ub, )
TK

By substituting (11) and (23) into (19), we can obtain.

Io,0,(00) =F { [8111 J;((g?@)] [31n J(;l(E)Z%FP@)] }

4 4 4
:UHM_1U~diag(A >
71,0 72,0 TK,0
(24)

Then, it can be derived from (22) and (24) that:
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[1(6) — diag (%, %0, T50) (UFM'Y)

(25)

}er,er

Plugging (12), (16), (23) and (25) into (18) and
simplifying the result, we can obtain the Rao test as

K (N + qi + ].) tr (ngPUZpk>

tr (ngMflpo ~+ Bk

ARao = (26)

k=1

Comparing (17) and (26), it can be found that for
the hypothesis testing problem in (4), the detection
statistic based on the two-step Rao criterion is
consistent with that based on the two-step Gradient
criterion. Given this equivalence, the subsequent
analysis will primarily focus on the performance of
the Gradient-based detector.

3.2.3 Wald test for known M

The detection statistic based on the two-step Wald
criterion for the detection problem indicated in (4)
can be formulated as

AWald = (ém - @ro)H [Il (@1)6 o }1 (érl - @ro)
o (27)

with @1 being the ML estimate of ® under H;. Note
that ®,9 = 09,k x1. Similar to (24), we can derive

A 4 4 4
Io, o, (@1) uM-lu- dlag< = )
Ti1 T2 TK,1
(28)
where 7, 1,k = 1,2,..., K denotes the estimated value

of 7, under H;. And the MAP PDF of 7, under H; can
be expressed as:

1 (Zp|®) f(7r)
f1(Zy)

fi (1] Zp) = (29)

where f1 (Zy) = [ f1(Z,|O) f (11) f (12) -
denotes the PDF of Z, under H;.

By taking the derivative of f; (74|Z,) w.r.t 7, and
equating it to zero, we can derive the MAP estimate of
7 under Hi:

. f (TK) d@s

Th1 = arg max f1(Zp|®) f (k)

tr [(Zp — Uby) M (20 — Uby)| + B
N +qp+1

(30)

Note that ©,9 = 02,k x1. By substituting (14), (28),
and (30) into (27) and subsequently simplifying the
result, we arrive at the Wald test:

K (N +qr + 1) tr (ZkaPUZpk>

AWald = . (31)
k=1 tr (ZkaUZpk> + Bk
with P = M~ — Py.
3.3 Implementation of Adaptive Detector for

unknown M

In practice, the CCM M is always unknown and
should be approximated based on the training data.
Subsequently, we utilize the persymmetric FP estimate
of CCM to replace the unknown M in the detection
statistic derived in subsection 3.2. Specifically, the FP
estimate of CCM can be obtained by [43]:

R
M-y
RS yiovg)ty,

(32)

where I\A/I;ZIZ represents the tth iterated estimate. The

© _ R yy!
initial value is set as Mpp = DI i and the
1)1l

~(t
final iteration result is denoted by M](Flz, where t

represents the number of iterations. Integrating the
persymmetry [44] into the estimate in (32) results in
the persymmetric FP estimate:

(t)

- 1 /.~ ~ (t
Mprp = 3 (MFP + DN(MI(:)

»)Dy)  (33)

Replacing the unknown M in (17) and (31) by Mprp
in (33), we can obtain the final adaptive statistics of
the Gradient (or Rao equivalently) and Wald tests
(notated as PS-Gradient-iGCG and PS-Wald-iGCG)
as follows:

APS-GradientiGCG = APS-Rao-iGCG
K (N + g+ 1) tr (2 Pyzn )

P
k=1 tr (ngMPFPZpk> + B
(34)
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Eq(5-8)

Data preprocessing

v L 2 L 4
The Gradient tests The Rao tests The Wald tests
Eq(16) Eq(12) Eq(17) Eq(25) Eq(30) Eq(28) Eq(31)
TAk,O ’ 8 ln ﬁ /a@r ’ /’i‘Gradimlt Eq(lG) 171 (éo) Eq(26) TAJC,I ’ 171 (él) » A’Wald
Eq(14) Tro Eq(12) "’ Arao Eq(14)
o, oln £, /00, o,
Eq33) ¢
Replacing M with its persymmetric fixed-point estimate
EGY) g Eq(34) y EGS)_y
A’PS—Gradient—iGCG A’PS—Rao—iGCG j’PS—VVaId—iGCG
Figure 1. Illustrative flowchart of derivation.
Table 1. Distribution of energy among various MDS models.
The number of range cell
Model 1 5 ~ ho — 1 ho - K
Model 1 1/h0 1/h0 1/h0 1/h0 0 0 1/h0
Model2 05 0.5/(hg—1) 0.5/(hg—1) 05/(hg—1) 0 0 0.5/(hg—1)
Model3 09 0.1/(hg—1) 0.1/(hg—1) 0.1/(hg—1) O 0 0.1/(ho—1)
Model 4 1 0 0 0 0 0 0
and 4 Numerical results

K (N4+q+1)tr (Zﬁ:PUZPk>

(35
tr (Zﬁpézpa + Bk

)

APS-Wald-iGCG =
k=1

where P Mlgép — Py with Py
MprpU (UTMpppU) U M.

The proposed detectors can be viewed as a novel
information fusion scheme, which coherently
combines the information from multiple range cells
to enhance the detection performance. To clearly
illustrate the sequence of parameter estimation, we
have provided Figure 1. Additionally, it is worth
noting that all three proposed detectors possess
the asymptotically CFAR property. For detailed
theoretical proofs, please refer to Appendix.
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In this section, we perform Monte Carlo simulations
to assess the efficacy of the proposed detectors. Due
to the equivalence between PS-Gradient-iGCG and
PS-Rao-iGCG, this section will focus on analyzing
the detection performance of PS-Gradient-iGCG and
PS-Wald-iGCG. We conduct 10* and 10° independent
trials to ascertain the probability of detection (F,) and
the threshold, respectively, for a specified probability
of false alarm Pj, = 103. Balancing the requirements
for estimation accuracy and computational complexity,
the number of iterations for CCM estimation is set to
t = 3. Moreover, the non-zero matrices U is generated
randomly for the purpose of the simulations, and the
element located at the i*" row and the j* column of
M can be expressed as [M]; ; = pl" ™7, 1<4,j <N
where p signifies the one-lag correlation coefficient
of clutter. And the shape parameter ¢; and the scale
parameter [, for the texture component are generated
randomly.
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Figure 2. P, vs. threshold for N =8, K =5, R=12,r =3,p=0.1,0.3,0.5,0.9,hg = 3, = 3,5 = 4.
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Figure 3. P, vs. threshold for N =8, K =5,R=12,r=3,p=0.9,hg = 3,¢ =2.4,2.7,3,3.3,3.6, 5 = 4.

Furthermore, the signal-to-clutter ratio (SCR) is
defined as:

K
> b/UM'Ub, (36)

1
SCR = ———
K -E(1) —
Additionally, Table 1 showcases four illustrative
examples of multiple dominant scatterers (MDS),
emphasizing that within the range of K cells, only
hg cells contain target signal components.

For the sake of simplicity and clarity, unless stated
otherwise, the shape parameters ¢;,, k = 1,2,..., K+R
and scale parameters 5;, k = 1,2,..., K + R are set to

be identical across all range cells, i.e., ¢ = ¢g1 = ¢2 =
- =qrgyrand f =P = fo = = B4R

4.1 Asymptotically CFAR evaluation

To verify that the proposed detectors exhibit the
asymptotically CFAR characteristic, Figure 2 depict the
correlation between Py, and the detection threshold
across various configurations of p. Notably, the
four curves, each embodying distinct parameter sets,
exhibit negligible separation, indicating that the both
detectors of PS-Rao-iGCG and PS-Gradient-iGCG
retain the asymptotic CFAR property.

Moreover, Figures 3 and 4 provide further detail on
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Figure 5. P; vs. SCR with Model.1-4 for N =8, K =5, R=12,r=3,p=0.9,hg =3,q = 3,5 = 4.

how the P4, and detection threshold vary with changes
in the shape and scale parameters of the texture,
respectively. The results show that the proposed
detectors exhibit CFAR behavior w.r.t to the scale
parameter, but does not maintain CFAR properties
under variations in the shape parameter.

4.2 Effect of parameters on the proposed detectors

Figure 5 displays the plots of P; against SCR for
four representative M DS models listed in Table 1.
It is evident that when the target signal energy is
evenly distributed across multiple range cells (as
defined in Model.1), the proposed detectors achieve
peak detection capability. Conversely, a significant
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concentration of target energy within a single range
cell leads to measurable performance degradation,
a phenomenon termed “collapsing loss” [45]. For
consistency, all subsequent analyses will adopt the
energy distribution framework outlined in Model.1
unless explicitly stated otherwise. Moreover, Figure 6
displays the curves illustrating the relationship
between P; and SCR for various values of hg (hg =
1,2,3,4). The results demonstrate that as the values
of hy rise, the performance of the proposed detectors
improves.

In Figure 7, the detection capabilities of the proposed
detectors are exhibited across various clutter one-lag
correlation coefficients. The closely aligned curves
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indicate that detectors maintain robust performance
regardless of the clutter correlation. In addition,
Figure 8 demonstrates the detection performance of
the proposed detectors for different values of NV and
R. Specifically, when R is fixed at 12, the performance
of the detectors decreases as IV increases. This decline
can be explained by the fact that the dimension of the
unknown parameter in M scales with N. When the
training data size is fixed, a larger value of N results
in reduced estimation accuracy for M, negatively
impacting detection performance. Conversely, the
results indicate that for a fixed N = 12, enhancing
detection performance is possible by increasing R, as
a larger training dataset allows for a more accurate

estimation of the unknown M.

4.3 Comparison of performance among various
detectors

We compare the proposed PS-Gradient-iGCG and
PS-Wald-iGCG with other existing non-persymmetric
subspace detectors, namely S-GLRT-CG [24],
S-Rao-CG [24], and S-Wald-CG [24] (note that
S-Gradient-CG and S-Durbin-CG are not considered
as they are equivalent to S-Rao-CG, as mentioned in
the introduction). Additionally, we also compare them
with the existing persymmetric detectors including
P-Rao-iGCG [37] and P-Wald-iGCG [37].
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Figure 9 contrasts the performance of the proposed
detectors with that of competitors across various
values of R. It is evident from the Figure 9 that
the proposed PS-Gradient-iGCG surpasses other
detectors, particularly when training data is scarce.
Furthermore, as the amount of training data increases,
the performance gap between the non-persymmetric
detectors and the persymmetric ones narrows. This
suggests that exploiting the persymmetric structure
of the CCM can yield a significant enhancement
in detection performance, especially when training
data is limited. However, when a sufficient amount
of training data is available, the CCM can be
estimated accurately without necessarily leveraging
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the persymmetry.

Additionally, Figure 10 demonstrates the P, for
various detectors as a function of R, with a constant
SCR 15dB. The results clearly indicate that
the proposed PS-Gradient-iGCG outperforms its
counterparts, especially in scenarios where the training
dataset is limited in size.

However, in real-world applications, various factors
like wavefront distortions and errors in array
calibration can lead to deviations between the nominal
signal subspace matrix U and the actual signal
subspace matrix U. Subsequent discussions will focus
on such mismatch scenarios. The angle of mismatch
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(denoted as ¢) is defined as [46]:

‘tr(ij’lU)
tr(UM~U) tr(UM~'U)

‘2
cos? ¢ =

(37)

When there is a mismatch, the ratio of signal to clutter
is characterized as follows:

K

1 ;1 ~
—— N pIU MUy,
K- E(7) ; F

SCR' = (38)

The detection performance of different detectors
under moderate signal mismatch (cos?¢p = 0.5)
is visualized for different values of R in Figure 11
through P, vs. SCR’ curves. Experimental findings
reveal that the proposed algorithms, especially the
PS-Gradient-iGCG, maintain enhanced effectiveness
against signal mismatch. Figure 12 further analyzes the
relationship between P, and cos? ¢ for a given value
of SCR/, consistently demonstrating the superiority
of PS-Gradient-iGCG and PS-Wald-iGCG in multiple
mismatch scenarios.  For clearer visualization,
Figure 13 presents showcases mesa plots that
depict constant P; for selected detectors, including
PS-Gradient-iGCG, PS-Wald-iGCG, S-Wald-CG,
and P-Wald-iGCG, which showed relatively stable
performance in preceding analyses. It is evident that
all detectors require incremental SCR’ adjustments to
maintain equivalent P; as mismatch levels increase.
Notably, the designed PS-Gradient-iGCG exhibits
the smallest variation in SCR’ compared to the
counterparts, indicating its enhanced adaptability.

To demonstrate the effectiveness of the proposed
detectors, we evaluated their performance using
real sea clutter data collected by the IPIX radar in
1998 [47]. The key parameters of the selected dataset
are provided in Table 2. As illustrated in Figure 14,
the proposed detectors exhibit superior detection
performance compared to other methods under both
matched and mismatched conditions.

Table 2. Real data parameters.

File name
19980205_171203_ANTSTEP

Range resolution Range cells
30m 28

5 Conclusion

This paper addresses the challenge of adaptively
detecting range-spread targets embedded within
compound-Gaussian  clutter characterized by
inverse-Gamma textures and an unknown CCM.
Specifically, the target signals are presumed to be
deterministic and confined within a predefined
subspace, albeit with unknown coordinates.
Leveraging the persymmetry of the CCM, we have
devised three detectors including PS-Gradient-iGCG,
PS-Rao-iGCG and PS-Wald-iGCG, which all exhibit
the asymptotic CFAR characteristics relative to the
unknown speckle covariance matrix structure, and the
robustness of three proposed detectors under different
clutter correlation scenarios is confirmed through
Monte Carlo simulations. Interestingly, two designed
detectors PS-Gradient-iGCG and PS-Rao-iGCG are
found to be equivalent theoretically. And both of
them outperform the developed PS-Wald-iGCG in
terms of match and mismatch cases. Furthermore, the
proposed detectors demonstrate superior performance
compared to existing methods, particularly in
scenarios with limited training data. With further
development and optimization, the proposed methods
could be applied to maritime wideband radar target
detection under clutter-heavy environments, as well
as in the detection of spatially close point-like targets
moving at similar velocities.

Appendix: CFAR behaviors of the proposed
detectors

The asymptotically CFAR property serves as a crucial
indicator for evaluating the adaptive performance
of the detectors. Following, we will theoretically
demonstrate the asymptotically CFAR characteristic of
the PS-Gradient-iGCG (or equivalent PS-Rao-iGCG)
and PS-Wald-iGCG w.r.t the structure of the unknown
CCM.
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From (34) and (35), it is evident that, in order to prove

the asymptotically CFAR property of the proposed

detectors, it suffices to demonstrate that as n — oo,

the asymptotic statistical properties of the components
~ 1

Z{;J][qMPFPzpk and szPUzpk are independent of M under

Hy.

~ 1
; o H Hp-
First, we rewrite z ; Mpppzpy, and 2, Pyzp as

A —1 ——1
H _ ZH =
2, . MpppZpk = Z; MpppZpi

P Al
= zgngpk (AD)

H pl
ZkaU Zpj,
with
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= —-1/2
Zpk =M / Zpk

Mppp = M™Y2Mppp M ~1/2

U=M"%U

—1

= =1 =1 == —H-——x1 = —H-—r
P = Mppp — MpppU(U MpppU)~'U Mppp

(A2)

Certainly, under Hy, we have z,;, ~ CN(Oyx2,1In)
after whitening by the true covariance matrix M.
Furthermore, when the final iteration count reaches
n — oo, Mppp ~ CW (2R, Iy). Consequently, from
(A.1), under Hj, the asymptotic statistical properties

a1 )
of ZﬁMprZpk are independent of M.
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Then, define the unitary matrix E as

E = [Eg, Eo] (A3)

where E; = U (UHﬁ)fl/z

EYE, =1Iy_,.

’ Eé{Eﬁ = O(N—r)xr and

Let
— Hf
20 = EgZpn (A4)
Zopk = Egzpk
Then we have
z)}. Pz = Zj  EY PEoZy (A.5)
Next, we partition the matrix E”"ME as
= M M12}
E'ME = A6
[Mm Moo (A-6)

Based on the matrix inversion lemma [48], coupled
with some additional computations, we can derive

EL'PE, = M,, (A7)
Substitute (A.7) into (A.5), and we obtain
—H b= “H p—l=
zﬁchpk = ngka Z3 pk (A.8)

Obviously, after unitary transformation (A.4)
and (A.6), Zo,r and My, follow the distributions
respectively of.

PS-Gradient-iGCG
09|~ —PS-Wald-iGCG
: -+ P-Rac-iGCG
sl T " P-Wald-iGCG
| —+—S-GLRT-CG
c —#— S-Rao-CG
o 07 —8—S-Wald-CG
g
‘CTJ' 06 I
°
4
© 05+
=
So4r
o
[
a 03
02
0.1r

(b) cos?¢p=0.5
3,p=09,h0=3,9g=3,8=4,cos2p =0.5,1.

{ZQ,pk ~ CN (O(Nfr)xb IN—T‘) (A 9)

My, ~ CW (2R, In_,)

Thus, the asymptotic statistical properties of Zgjipk
in (A.8) are not influenced by M under H.

In summary, both the PS-Gradient-iGCG (or
equivalent PS-Rao-iGCG) and PS-Wald-iGCG exhibit
asymptotic CFAR properties w.r.t the structure of the
unknown CCM.
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