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Abstract. In this paper, we consider the range distributed target detection in
partially homogeneous clutter which satisfies a different statistical property in
adjacent range cells. The group method wherein adjacent cells with slightly
varied statistics are in the same group is presented firstly, which can improve the
accuracy of modeling clutter. We assume that all texture of the compound
Gaussian clutter satisfies an inverse Gamma distribution but scale and shape
parameters in those groups differ from one another. The group generalized
likelihood ratio test (G-GLRT) developed here concerns the cells group effects
on deducing the GLRT. Considering a knowledge-aided (KA) model that
tracking into account the partially homogeneous training samples, we develop a
KA-G-GLRT for range-spread target detection and verify the constant false
alarm rate (CFAR) with respect to the estimated covariance matrix of speckle.
Experimental results are presented to illustrate the performance and effective-
ness of the KA-G-GLRT in real clutter data.
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1 Introduction

In recent years, there have been a large number of investigations on the signal detection
problem in sea clutter with unknown covariance matrix (CM) [1-6]. Typically for the
low range resolution radar, it is assumed that sea clutter at a range cell under test
(CUT), which is also said to be primary data, may have the same statistical property
with training samples. These training samples (also called secondary data) obtained
from the range cells adjacent to the CUT contain sea clutter only, and are usually used
to estimate the CM of sea clutter at the CUT. This scenario is often called homoge-
neous environment if the adjacent clutter has the same power level and the same CM
[7-10]. However, the idealized homogeneous assumption is not suitable for the high
radar range resolution, and this environment submits to a partially homogeneous
scenario where the adjacent clutter behaves the similar CM structure with a diverse
power factor [11, 12]. The higher radar range resolution scenario evolves to the
inhomogeneous environment where the adjacent vectors do not share the same CM
structure [13]. To mitigate the effects of nonhomogeneity, the authors in [14] advocate
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a Bayesian approach, and the authors in [15] improve the Bayesian approach to be
feasible to the heterogeneous samples, which are more complicated than the inhomo-
geneous samples. In the heterogeneous scenario, the training data are clustered in
groups, each group containing a similar but random CM. Although many authors
assumed that the primary data have the same power levels, it is practically not the real
case as authors in [16, 17] advocated. The power levels at the CUT were deterministic
unknown constants different from each range cell [16], whereas the power levels at the
CUT were random variables (RVs) and satisfied the same distribution (see inverse
Gamma distribution) but with the significantly different distributed parameters [17]. In
the above detectors, the authors only considered the partial homogeneity or the non-
homogeneity for the sea clutter at the CUT and assumed the homogeneity for the sea
clutter in the secondary data. Sea clutter collected from the sea surface have the same
property, no matter they are from the primary data or from the secondary data.

In the paper, we will detect the range distributed target detection in partially
homogeneous compound Gaussian (CG) clutter consisting of speckle modulated by
texture. The speckle is modeled as a complex Gaussian random vector. The texture is
modeled as an unknown deterministic or a RV, mainly satisfies Gamma, inverse
Gamma or Pareto distribution [18, 19]. In [17], three types of group generalized
likelihood ratio test (G-GLRT) were proposed by using the group strategy according to
the variations of scale and shape parameters of texture at the CUT. However, the
irrational assumption that secondary data were homogeneous brought a serious
detecting performance loss. In [20], the primary and the secondary data were only
partially homogeneous to the case in which their covariance matrices are mismatch
according to a scaling factor other than one. In [21], Gao et al. modeled the disturbance
covariance matrices of the secondary data in MIMO radar as random matrices satisfied
the inverse Wishart distribution, and obtained the improved performance. In the paper,
we assume secondary data are partially homogeneous and satisfy a knowledge-aided
model (such as the inverse Wishart distribution), and develop a KA-G-GLRT for
range-spread target detection in partially homogeneous sea clutter. The KA-G-GLRT
possess the constant false alarm rate property (CFAR) to the estimated CM of speckle
(ECMS). Experimental results are presented to illustrate the performance and effec-
tiveness of the KA-G-GLRT in real clutter data.

The remainder of the paper is organized as follows: next section describes signal
model and detection scheme. Section 3 analyzes the CFARness to the ECMS.
Experimental results are provided to illustrate the detecting performance of the pro-
posed detector in Sect. 4. Finally, Sect. 5 concludes the paper.

2 Signal Model and Detection Scheme

In the paper, the received echoes z; € CV U k=1,2,--- K, are composed of N pulse
samples returning from the k-th range cell, where C being the complex field. Binary
hypothesis testing is used to detect the range distributed target in clutter background:
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where, p € CV*! is the known nominal steering vector; o are energy distribution ratio
of target in different range cells; Primary data ¢, € CV*! is the additive sea clutter in
the k-th range cell; Secondary data ¢; € C¥*! in the i-th range cell has a different CM
with the primary data; K and L are the range number of the CUT and that of secondary
data, respectively.

With the speckle g, ~ CN(0,M) and random texture 7y, the primary clutter ¢,y is
modeled as the CG random process [7—10] with

ok = VU w >0 (2)

where M is known initially, 7, and g, are independent of each other.

Gu et al. claimed that the textures in adjacent cells have different deterministic
values [16]. Furthermore, Shi found that the textures behaved statistically different in
adjacent cells, i.e. the parameters of PDF vary [17]. Referring to the group strategy [17]
in partially homogeneous clutter environments, we firstly divide the K range cells into
G groups, and hg, g = 1,2,---, G, is the cell number in each group, Zgzl he =K.

It has been verified in [18] that the CG model with inverse Gamma texture is
suitable for modeling clutter data. Therefore, we assume that the textures in all G
groups satisfy an inverse Gamma distribution but scale parameters f, and shape
parameters 1, in those groups differ from one another. That reads

Mg 1 ﬁ
Ji6(ti; Bgy1g) = =~ exp( g)’gzl,g,...@

Flng) o 710\ 3)
Hg+1§k§Hg+hg, e >0
where
— Oa g:l
Hg{Z;‘gllhia g:2737-..,G7ﬁg>07 1’[g>0 (4)

The group partially homogeneous texture satisfies fic(tx; B, 1,,) 7 fic(Th;

ﬁg27ng2)’ if gl%gz and g1, =1,2,---,G. Define B:[ﬁlaﬁ27"'7ﬁG]’ n=

112, gl and b= [y, b, - -+, hg).
With g, ~ CN(0,M), the joint PDFs of z,,- - -, zg are
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where i =0 and i = 1 correspond to Hy and Hj, respectively. With the estimated
parameters o, fi, and 1, by the maximum likelihood estimator and the method of
moments, respectively, the G-GLRT is given by [17],

&I |pHM_]zk|2 H,
2 o T e ) [ ©

B, are different in G groups, so are 1,s, the scenario is suitable for the group partially
homogeneous clutter environment. When 8, = f,, and n, = 1,,, with g; # g, and
81,8 =1,2,---,G, in this case, the G-GLRT reduces to the GLRT due to the
homogeneous scenario [18].

Notice that, the known CMS M is not suitable in the partially homogeneous
environment, we can establish the relationship for the CMS between in primary data
and in secondary data. Firstly, we model M as a complex inverse Wishart random
matrix [21],

M~ CWy' (v, A(v — N)M) (7)

where v denotes the degrees of freedom of the inverse Wishart distribution, (v — N)M
denotes the prior CM structure, and A denotes the power level of speckle. The PDF of
M is given by

A(v = N)M["

—(y — A 71 \/
FN(v)|M|”*Nm[ (v—N)M~'M] (8)

fM) =

where Ty(v) = 2ZV-D2TY_ T(v —n+41).
Then, we consider the maximum a posteriori (MAP) estimate of M by using the
secondary datay,, [ =1, --- L,

M = argl\l;lnaxf(ylv e aYL|M)f(M)

iNv _ (9)
X Wetr{—M71 [S -+ (V — N);LM]}

M

where S = S°F_| y,yiL. It follows from (9) that
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mﬁx(v +N+L)log(M~')) —tr{M~'[S+ (v — N)/M]} (10)
Referring to the conclusion in [21], we have

 V4N+L

(11)

Substituting M into (6), we obtain the KA-G-GLRT as

2
H,
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3 CFAR Property of the KA-G-GLRT

In this section, we focus on the CFAR property of the KA-G-GLRT. It has been
testified in [17] that the G-GLRT has the CFAR property to 8, and M. Here, we prove

the KA-G-GLRT also has the CFARness to M.
Since the left-hand side of the KA-G-GLRT contains a RV wy,

‘PHM_ : Zi

(z,E‘M_lzk + [fg) (pHM_lp)

‘ 2

Wi = (13)

the CFAR property to the M of the KA-G-GLRT lies in whether the RV y is inde-
pendent of the CMS, which will be shown as follows.
Let
ve=M g =M g l=1,--- Lpg=M"p (14)

Then, v ~ CN(0,1Ly), p;~CN(0,Iy),l = 1,---, L. Under the Hy hypothesis,

o . " _ —1
AM 'z = g g = o (MMM o= oWy (1)

where
W — 1\,[71/21\7[1\,[*1/2 _ 1 M- 28M12 4 (v—=N)4 M-2viv 2
v+N-+L v+N+L (16)
1 (v—=N)2 ~1/2
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Set XX" = S0, here, 327 yppl! = XAXY, and A = diag(t)). Due to
w,~CN(0,1y), we have A™Y?p,~CN(0,A), and XAX" satisfies the complex
Wishart distribution with XAX" ~ CWy(Iy,A) for the IID random vectors p,.
MY 21\7[M_1/ 2 is a constant with the known M. Hence, random matrix W follows the
complex Wishart distribution. Thus, zkHI\A/Iilzk under the Hy hypothesis is independent
of the CMS M.

Further, rotate the vector p, into the first coordinate vector, and setting

- 2 -
v = UMv~CN(0,1), we have ’pHM lzk‘ /(pHM lp)
anp | > etw 5,
V] jppw et W

— - — (17)
piM 1p PeW'p, ellw ‘e,
where
- 1 L —N)A _
W=U'WU=—"—U"Y U+ V= N2 g1y ‘U,
v+N+L P v+N+L (18)

e, =U'py, e, =[100---0]"

and U is a unitary matrix.

Table 1. The energy distribution ratio oy of the range distributed target

Cell index | 1 2 3 4 5 6 7 8 9 10 |11 |12
Modell 1712 (1712 | 1/12 | 112 | 1/12 | 1/12 | 1/12 | 1/12 | 1/12 | 1/12 | 1/12 | 1/12
Model2 173 |0 173 10 0 0 0 0 0 0 0 0
Model3 173 10 173 10 173 10 0 0 0 0 0 0
Model4 174 1/4 |1/4 1/4 |0 0 0 0 0 0 0 0

Similarly, the reasons that the random matrix U Zszl iU ~ CWi (1, UMAU)

and UNM~'/2MM"/?U is a constant result in the random matrix W following the
complex Wishart distribution.
Finally, the RV Wy can be rewritten as
s 2
‘eﬁ’W vk‘
W = . — (19)
(Teof' W o + B,) (elfW el)

Obviously, wy is independent of the CMS M. Therefore, the KA-G-GLRT has the
CFAR property to M.
In the following section, the performance of KA-G-GLRT will be evaluated.
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4 Experimental Results and Performance Evaluation

We will evaluate the performance of the KA-G-GLRT and the compared detectors (1S-
G-GLRT [17], GCC-GLRT [16], OS-GLRT [5], and NSDD-GLRT [4]) by Fynmeet
radar data. The point that we wish to make that although the 1S-G-GLRT and the GCC-
GLRT applied the group method, the former assumed that t;s were RVs in different
range cells and the secondary data were homogeneous, and the later assumed that t;s
were the unknown and different constants in all groups, whose values can be estimated
by the likelihood estimator from the received sea echoes. In contrast, in our KA-G-
GLRT, rt; satisfies an inverse Gamma distribution with different parameters in G
groups and the secondary data are partially homogeneous with an inverse Wishart
distribution, which is a better approximation of the real complicated scenario than that
in the 1S-G-GLRT and in the GCC-GLRT. The range distributed target is the multiple
dominant scattering (MDS) model [16]. Set K = 12, the energy distribution ratio o of
the target in each range cell is shown in Table 1.
The signal to clutter ratio is

1 K
SCR = PTZm Aoy |, (20)

where A is the amplitude of detecting target, and P, is the power of ¢,¢. M is given by
pl7l with a one-lag correlation coefficient p.

The analyzed data are TFA10-006 recorded by the Fynmeet radar in 2006 [22].
Figure 1 shows the detection performance of five detectors versus SCR with the
parameters L =48, N=4, K=12, G=3, p=0, v=24 A1=2,
B =[0.133, 0.112, 0.604], n = [3.491,2.260, 6.695], h = [3,3,6] and P; = 1073. The
reason of group may refer to [17]. The KA-G-GLRT behaves best for all five models,
such as in model 4 (see Fig. 1(d)), the 1S-G-GLRT is below the KA-G- GLRT by
approximately 1 dB, the OS-GLRT present about 2 dB worse, and the GCC-GLRT
and NSDD-GLRT present about 3 dB worst. The NSDD-GLRT and the OS-GLRT are
overcome by the KA-G-GLRT since the assumed homogeneous clutter in these two
detectors deviates from the real clutter that is partially homogeneous. The simplified
assumption that texture is an unknown constant leads to the worse behaviors of the
GCC-GLRT than the KA-G-GLRT wherein the random texture, much more coinciding
with the real environment, is used. Meanwhile, the KA speckle helps to promote the
detection performance of the KA-G-GLRT compared to the 1S-G-GLRT. We can
therefore draw a conclusion that the KA-G-GLRT behaves best in all four target
models, and it has a more extensive applicability.
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Fig. 1. Probability of detection versus SCR for the real data. (a) Model 1; (b) Model 2;
(c) Model 3; (d) Model 4.

5 Conclusion

In this paper, we have dealt with the range distributed target detection in the grouped
partially homogeneous clutter environment. CG clutter has been composed of inverse
Gamma partially homogeneous texture and Gaussian speckle. A stochastic KA model
with complex inverse Wishart distribution was introduced, where the CMS exhibits
partially homogeneity. The KA-G-GLRT detector has been proposed in the paper.
Having the range cells grouped guarantees that texture satisfies an inverse Gamma
distribution but scale and shape parameters in those groups differ from one another.
The KA-G-GLRT is CFAR with respect to the ECM. The experimental performance
shows that, for four different MDS target models, the KA-G-GLRT outperforms the
1S-G-GLRT, GCC-GLRT, OS-GLRT and NSDD-GLRT, and has a more extensive
applicability in the real sea clutter. The validity of the KA-G-GLRT in partially
homogeneous clutter environment has been verified at length.
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