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Abstract. The most typical method to estimate the covariance matrix of sea clutter by secondary
samples is the sample covariance matrix (SCM), implying secondary samples with the same
statistical property. The hypothesis established or not depends on whether or not sea clutter is
spatially homogeneous. In order to get rid of the hypothesis on secondary samples, a novel
covariance matrix estimation algorithm based on adaptive diagonal loading technique is presented.
The loading coefficient is a factor to measure the statistical consistency of secondary samples.
Experimental results show that, to detect the distributed targets in real sea clutter by generalized
likelihood ratio detector (GLRT), the proposed estimator is robust to jamming and the performance
improves in different range resolution sea clutter, especially as high as 15dB in 3m range resolution.

Introduction

It is well known that sample covariance matrix (SCM) estimator is the maximum likelihood
estimate of covariance matrix in Gaussian white noise [1]. It is simple in operation and small in
computation. For target detection in sea clutter, SCM estimator works well in the low range
resolution where sea clutter can be modelled as complex Gaussian random process. Secondary
samples are with the same statistical properties, such as share the same covariance matrix. However,
with the improvement of radar range resolution, sea clutter in the range cell is the vector
superposition of only a few scatterers. Sea clutter is spatially heterogeneous [2], which is mainly
reflected in the inconsistency of covariance matrix of sea clutter. For the high range resolution, due
to the statistical inconsistency of secondary samples, SCM estimator has a large error in estimating
covariance matrix, which will lead to a performance loss of detector.

In this letter, an adaptive covariance matrix estimator based on the diagonal loading (DL) is
proposed. It combines SCM with the unit matrix adaptively, where the coefficient of combination
changes with the statistical property of secondary samples adaptively. Experimental results show
that, to detect the distributed target in real sea clutter by generalized likelihood ratio test (GLRT)
detector [3], the proposed estimator is robust to jamming, and its performance has a significant
improvement in high range radar resolution sea clutter, compared with SCM.

Problem Description

Let N -dimensional complex vector z,,c,, pbe the received echoes, sea clutter and Doppler
steering vector, r=1,2,---,L, where Lis the number of range cells that target presences. «, ,
r=12,---,L, are unknown constants relevant to target radar cross section. z,,r=L+1,---,L+ K, are

secondary samples. Target detection in sea clutter is a conventional binary hypothesis testing,
defined as

© 2015. The authors - Published by Atlantis Press 470


http://mail.njupt.edu.cn/coremail/XJS/pab/view.jsp?sid=BAvbnOllJkOmHUZceVllmmnKQQoQWkxO&totalCount=2&view_no=0&puid=73&gid=7

H,:z,=c, r=12,---,L,L+1---L+K
H _{zrza,p+cr, r=12--L (1)
“"lz,=c,, r=L+1--,L+K
For the distributed target, the GLRT detector [3] is
p"M ™,

t:—N;In 1_(pHI\7I‘1p)(z:'I\7I'12r) (2)

where M is the estimated temporal covariance matrix of the clutter vector c, . In the letter, the
superscript H denotes conjugate transpose, and the superscript T denotes transpose.

2

Proposed Estimator

According to the statistical inconsistency of sea clutter in the high range resolution radar, a new
estimator of covariance matrix of the clutter vector c, is presented

M =(1-8)M" + I (3)
where M”is SCM, given by
L+K
M == zz' (4)
K r=L+1

and 1 is an unit matrix. The weighted coefficient g is a factor to measure the statistical
consistency of secondary samples, calculated as follows

L+K

D llzzt =M
r=L+1
STV ©
Symbol|| A|l=/tr(AA") . Formula (3) involves O(2K +1)N? floating-point operations. In addition,
it is easy to prove 0< g <1.
The factor g reflects the statistical consistency of covariance matrix of secondary samples
z,,r=L+1---,L+K, the numerator of factor g is equivalent to the variance of exterior product of
z, , reflecting the deviation of exterior product from the mean of SCM. If the degree of deviation is

large, the exterior product matrix is instable, and there is a bad statistical consistency of covariance
matrix of z s in different range cells, which is corresponding to heterogeneous sea clutter

background. Thus, SCM will obviously bring in estimation errors. Hence, it is necessary to use g
to modify the estimation results. And, vice versa.
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Fig. 1 The change of £ with the increasing K

In addition, because g reflects the degree of deviation between two matrixes, considered the
change of g with the number of secondary samples, the graph of g versus K is shown in Fig 1 by

471



using the simulation data, wherez, ~CN(0,1),N =8,L=0. The simulation was conducted with 50
Monte-Carlo runs. From Fig 1, the curve shows the fall in g with increasing K . The larger K , the
smaller 8, and tend to O eventually, namely iim S =0. When the clutter is spatially homogeneous

for a larger K , corresponding to an abundant of secondary samples available, M tends toM". Thus,
the covariance matrix can almost be estimated by SCM accurately. So, it makes no sense to
calculate g any more. When the number of the secondary sample is small, a deviation will be
brought in by SCM. Therefore, it is indispensable to introduce the parameter g to revise the
estimation results. The conclusion can be reached that the proposed estimator is suitable for the
spatially heterogeneous and/or a small number of secondary samples available.

Let the eigendecomposition of M~ be

M™ =UAU" (6)
where U is the clutter subspace matrix, A is diagonal matrix composed of the eigenvalues of clutter,
A=diag(4, A, Ay) A >4 >> A (7)
Substituting (6) into (2), it can be shown that
Y )i H
M=>01-p)U[4+——1]U 8
- pULA+ 1] 8)

The eigenvalues of M are (1- )4, + 8, n=1,2,---,N . The inverse matrix of M is,

A-1_ 1 py1 L ' H
M™=(1-p) U{A+1_ﬂl} U 9)

Considering the influence of clutter power, we normalize the eigenvalue by 4,. Thus

S BT e
M~ =(1-p) U{A/ﬂ,ﬁrl_ﬂl} U

-1

= 4 U{A+ 4B I} u"
1-8 1-8

Substituting (10) into (2), the GLRT detector is related with the loading coefficient 4,4/(1- 3).

From formula (8), M has a similar form to the DL algorithm in space-time adaptive processing
(STAP) [4] which compresses eigenvalues of noise, weakens the adaptive capacity to small
jammings, with the aim of decreasing the system sensitivity. The loading coefficient in STAP is
generally set by experience, which may deviate away from an actual environment and bring in an
error. As to guarantee the invertibility of the covariance matrix with small number of secondary
samples, the DL algorithm is used to estimate the covariance matrix of clutter, where the loading
coefficient is 2-3 times of the noise power [5]. So the loading coefficient is also an empirical value.
In the letter, g is adaptive with the statistical consistency of secondary samples. The loading
coefficient is set with an actual condition, no longer an experience value.

For spatially heterogeneous sea clutter in high radar range resolution, the covariance matrix of
sea clutter varies with the spatial secondary samples [6]. Secondary samples do not necessarily
share the same covariance matrix. More precisely, we assume that the secondary samples can be
clustered into M groups, each one of them containing L snapshots and sharing the same

covariance matrix. The particular case M =1 corresponds to the scenario where sea clutter is
spatially homogeneous. The extreme case L, =1 for m=1---,M would correspond to a situation

where all secondary samples would have a different covariance matrix. Let L=[L,,---,L,---, L, 1",

(10)

M
Zm:le =K . Regroup the secondary samples as Z =[z_,,---,z,,---, 2.« 1= [Z,,--,2Z,,,-~-, Z,, ], Where

z, eCVand z_ eC"* . The SCM based on Z_ is denoted as

M, =2,2] (12)
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Similarly, based on (3), the estimation of covariance matrix M_ is
M, == )M, + 5,1
=U, [~ B,) 4, + B, 110
where U, 4, and g, are the eigenvector matrix, eigenvalue matrix and weighted coefficient of
M ", respectively.
Normalize the eigenvalue by A

m,1?

(12)

"2

m,1

v _1_ﬂm ﬂ’m,l m H
M ——Um{/lm T I}Um (13)

where 4, , is the maximum eigenvalue of 4.
So, the covariance matrix estimator of Z is given by

(14)

i(l—ﬂm)u{Ame,lﬁm ,}Ug

m

Substituting (14) into (2), the GLRT detector is related not only with the loading coefficient
An:By 1 (1-B,) but also with (1-4,)/ 4,,.

Experimental Work

We now illustrate the performance of the various estimation schemes introduced in the previous
sections. The following experiment uses the real sea clutter data collected by IPIX radar
(http://soma.mcmaster.ca/ipix.php). The file is 19980223-170435 with the range resolution 15m.
The synthetic target returns are expressed as:

S, (n)=a, exp(i(2znf,T +¢)), n=1,2,---,N,r=1,---,L (15)
where f, is the target Doppler frequency, T is the coherent processing interval, the initial phase ¢
is a uniform distributed random number in [-7, 7] in trials, and a,is a constant relevant to radar
cross section of target used to adjust signal-to-clutter ratio (SCR), defined by

SCR=10log,, (La’ /P,) (16)
where P, is the average power of sea clutter time series. a, =a, =---= a, . The false alarm probability
is taken as 0.001. The parameters are setasL=2,N =4,K =28, f,=-100Hz. We vary the number of
groups M . More specifically, we consider four cases with M =1 (correspond to formula
(8)),M =2and M =4, respectively. For M =4, we consider two cases: L =---=L_ =---=L,, and
different L, in each group. This means that there exist 1, 2 or 4 different covariance matrices among
the secondary samples. The four cases are defined by
case 1: L=28;case 2: L=[14,14]";case 3: L=[7,7,7,7]" ;case 4: L=[6,8,8,6]".

Fig 2 gives the detection performance of SCM and proposed estimators in four cases. For
detecting the distributed target in real sea clutter by GLRT, the proposed estimator obviously
outperforms SCM.

In order to measure the robust of the proposed estimator, we add a jamming at the first range cell.
The jamming is

I(n) =Bexp(i(2znf.T +¢)) (17)
where f =-400Hz, ¢, is a uniform distributed random number in [-7z,#] in trials, and Bis adjust as
interference-to-clutter ratio (ICR), defined by

ICR=10log,, (B /P,) (18)
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Fig 3 gives the detection performance of SCM and proposed estimators in four cases with ICR =
10dB. Compared fig. 2 with fig. 3, the results presented prove grouping is of advantage in
improving anti-jamming capability.
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Fig. 4 Pd versus SCR of GLRT detector with proposed estimator and SCM with the range resolution (a) 15m,
(b) 9m, (c) 3m.
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In following, we analyze the performance of spatially heterogeneous sea clutter in different range
resolution. Suppose that the length of target is 30m and N =18, M =1. The parameters are
K =28and L =2 for 19980223-170435( the range resolution is 156m), K =26 and L = 4 for 19980223-
173950( the range resolution is 9m), K =20 and L =10for 19980223-172410( the range resolution
is 3m), respectively.

Fig. 4 gives the detection performance of SCM and proposed estimator. The proposed estimator
performs even better than SCM with the higher range resolution.

Conclusion

In order to overcome the statistical inconsistency of secondary samples in the high range
resolution, a robust covariance matrix estimator based on the adaptive DL is proposed. It is suitable
for spatially heterogeneous and/or a small number of secondary samples available. The
experimental results show that, to detect the distributed target in real sea clutter by GLRT, the
proposed estimator is robust to jamming and the performance improves in different range resolution
sea clutter, especially as high as 15dB in 3m range resolution.
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