GLRT-based Detection in SIRV Clutter with
Steering Vector Mismatches

Xin Dai*, Guolong Cui**, Lingjiang Kong**

* College of Automation, Chongging University, Chongqing, China

**School of Electronic Engineering, University of Electric Science and Technology of China, Chengdu, China
Corresponding Author: cuiguolong@uestc.edu.cn

Abstract—This paper mainly deals with the problem of detecting
a target in SIRV clutter with steering vector mismatches.
Assuming that the mismatch of the steering vector is satisfied the
conic constraint, the generalized likelihood ratio test (GLRT) is
devised, and the geometry explain is presented for the derived
solution. Meanwhile, fixed point estimate (FPE) of the covariance
structure is adopted using the secondary data. Finally, we assess
the performance of the derived test by Monte Carlo techniques,
and several numerical results show that the derived test is
consistent with the famous normalized matched filter (NMF),
and has the ability to reject high mismatched signals.

Keywords—the SIRYV clutter, steering vector mismatches,
GLRT, normalized matched filter (NMF)

I. INTRODUCTION

Recently, many works are concerned on the adaptive
detection problem with steering vector mismatches against
Gaussian clutter. In [1], the adaptive robust detection was
devised in Gaussian clutter with unknown covariance matrix
in presence of steering vector mismatches, and the work was
extended by considering of the interference in [2]. In [3], the
distributed target was investigated in presence of mismatches,
and in [4], the test was design in partially homogeneous
environment. The above results show that the
acceptance/rejection performance is improved greatly by
considering the steering vector mismatches at the design stage.

However, in practical application, clutter is more consistent
to some high tails non-Gaussian distributions. The Spherically
Invariant Random Vector (SIRV) model has been proved to
describe the real radar measurements well, especially in high
resolution radars or/and at low grazing angles. It is described
as the product of a “slowly varying” texture component, times
a more “rapidly varying” speckle process, Gaussian
distributed due to the local validity of Central Limit Theorem
[5-8].

Motivated by extending the target detection problem with
steering vector mismatches in Gaussian background to that
against SIRV clutter, we consider a general binary hypotheses
target detection model as in [1], the difference is that the test
is devised in SIRV clutter. Since the optimum Neyman-
Pearson receiver is not available, the suboptimum GLRT-
based receiver is devised by assuming that the actual steering
vector is constraint within a cone.
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To make the derived GLRT-based receiver fully adaptive,
we will resort to the secondary data, which is free of signals
and shares the same covariance matrix with the primary data,
to estimate the exact covariance matrix. The fixed-point
estimate (FPE) is adopted [9-11], since in SIRVs, it is
unbiased, consistent and ensures the CFAR property with
respect to both the structure of the covariance matrix and the
clutter power levels. The sampled covariance matrix performs
well in Gaussian background, however, in SIRVs, it does not
work well.

Finally, several numerical simulations are given using
Monte Carlo techniques, and the results show that the GLRT-
based receiver is consistent with NMF, meanwhile, it can
reject high mismatched signals.

II. PROBLEM FORMULATION AND DETECTOR DESIGN

We assume that the signals are collected form N sensors,
and the problem of detecting a target can be formulated in
terms of the following binary hypotheses test:

{HO: z=c )

H: z=u+c
where z ,u and ¢ are the N -dimensional complex vectors
sampled from the sensors' based-band equivalent of the
received signals, the transmitted signals and the clutter,
respectively. In general, the clutter vector is modeled as SIRV
[8], which can be written as
c=1g

where the texture component 7 is a non-negative random
variable with probability density function (pdf) f.(-) and
unite root mean square value. The speckle component g is a
zero-mean complex Gaussian vector with covariance matrix
M , and statistically independent with texture 7 .

Applying whitening and rotating transform on the received
signal, the detection problem becomes

H,:
2
{Hl : ( )
where r=UM "%z, n=UM "¢ = z’UM'”zg ,and U is a
unitary transformation such that p=UM"’u=ce, |,
e, =[0,0,...,1]" (" denotes the transpose) in perfect matching

case withu=s, and & is a complex unknown parameter.
However, in practical applications, mismatches usually occur

r=n

r=p+n
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and cause deviations from the nominal direction e, .
Moreover, assume that p is belong to the cone set I" defined
as follows [1]. ,

Definition: Let x= [x;_l,xN] is an N -dimensional
complex vector with last component x, , and the cone set

r={x=[xln ] e C x| < 7]
={xe cv :xTZxSO}

where C" is the N -dimensional complex vector space, |||| is
the Euclidean norm, || is the modulus of a complex number,
and X= diag(l,...,l,—;/2 ) is an N -dimensional diagonal
matrix with tané =y, @, is the acute angle of the cone, and
(-)T is the conjugate transpose.

In general, the Neyman-Pearson test is not available, thus,
the sub-optimal GLRT-based receiver is derived which is
equivalent to replacing the unknown parameters with their
maximum likelihood estimates. Specifically, the GLRT for the
problem (1) can be written as

ma>§f(z|Hl,T,p)

7,pe

3

H,

2G “)
m?xf(z|H0,T) b

where G is the detection threshold, f(r|H,,7,p) and

f (r|H0,T) are pdfs of the complex receive signals under H,

and H, hypotheses, further more, they are

1] (£
= (r-p) (r-p)
Y det(7M) eXp{_ 7 }

1 z+M_'z
P(l.0)= g |-

_ 1 ox _rTr
7" det (M) P17
Thus, by substituting the maximum likelihood estimates
(MLEs) of the texture component 7 under H, and H,
hypotheses, respectively, after some algebraic manipulations,
the GLRT-based test (4) can be written as,

T T H,
max rﬁ_r =— d r+ Z G (5)
<t (r-p) (r-p) min(r-p) (r-p)u,

Performed as in [2], it is not difficult to obtain that
. 1
1’};16111:1(" 'p)T (r 'p) = W(HFN-I "_ 7/|’”N|)2 u(,@,) (6)

where u(-) is the unit step function.
In the following, we present the geometry explain of the
above solution, and the constraint cone is shown in Figure 1.
In general, if r'Zr <0, or to say that the vector r lies
with in the cone, it is obvious that the minimum value is
achieved at r = p, such that

. ¥ _
min(r-p) (r-p)=0
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Figure 1 The geometry of the constraint cone

However, in the case of r'Zr >0, the norm triangle
inequality is satisfied, i.e.,

Ir-pl=](r-ay)-(p-ax )2l -4y |~ P-4,

2[|r-qy [~ |lp. -4l
where ¢, is the projection of r onto e, , p is the vector
with in the cone, and p, is the vector on the surface of
cone ,such that pZp =0. Thus, the possible p_ lies in the
same plane with r and ¢, , then, the minimum value of
||r —p|| is obtained, i.e.,

()

. 1
minr -l = (I = 7An )" eos” 6, == (I l=7n
®)

Concerning on the condition r'Zr >0, the solution is the
same as (6).
Thus, the GLRT-based test can be expressed in terms of
the original data vector, i.e.,
H,

z+M"z MT2EMV2,) > G
e )

2 2
L
M z- -

sM's sM's

)

Define that the normalized matched filter (NMF) is
wf
zTM'lz)(s*M'ls)
Thus, the GLRT-based test (7) can be recast as
1 . u(zTMfl/zszl/zz)g G
(\jl'lNMF -7 lNMF) Ho

where G is the suitable modification of the original threshold.

(10)

he = (

(11

ITII.ADAPTIVE SCHEMES

Assume the secondary data X =[x,,x,...,x,]e C"* are
available to estimate the covariance matrix, which makes the
derived test fully adaptive. The fixed-point estimate (FPE) is
adopted, which is given by
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~ N& x.x/
M, =—» ——F*— 12
FEP K kZ::, xZM;]lngk ( )
The FPE performs well in SIRVs, and is unbiased,
consistent and ensures the CFAR property with respect to both
the structure of the covariance matrix and the clutter power
levels. To solve the FPE of (12), it can be resorted to the

recursive operation, that is,

_ NE x, x!
MFEP(€+1):—Z ——t

—= —{=0,1,.,L
K S x Mg, (f)xk

»+++5 LipEp (1 3)
and the initial estimate M, (0) is given by

K

. N & x, x]
Mg, (O)ZE; xl;xk (14)
= kk

The recursive error is defined as
ER (f) _ ||MFEP (Ag +1)_MFEP (€)||
Mz (241,

where ||||F denotes the Frobenius norm and L., denotes the
number of the recursion. In general, the L., is less than 5 for
ER < 5% . By the way, the FPE is also called recursive ML-
estimator.

Therefore, the two-step fully adaptive GLRT-based tests
are given, i.e.,

- (15

1 _ _ o
5 u(zTM’”zZM’”zz)ZGl (16)

(Vl_iNMF -7 iNMF) o

~ 2
A |2 M s
NMF — o o
(ZTMF}IEPZ)(STMF}EPS)
and G, is are the suitable modification of the original
threshold in (11).

where

a7

IV.PERFORMANCE ASSESSMENT

A uniform linear array with N omnidirectional elements,
and the nominal steering vector s is given by

s:L[l,l,...,l]T

NN
and the actual steering vector after whitening and rotating is
given
e

p= Aexp{j«f}[e,v cos¢)+—”i’sin¢}
Jex

where A is the amplitude, & is the random phase , ey is a
complex vector, orthogonal to e, , with independent
identically distributed complex Gaussian random components,
and ¢ is the mismatches acute angle between actual steering
vector and nominal vector, such that

T
[p'e,]
cos¢=—N

[Pl
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We assume a clutter-dominated scenario, which is
sampled from K-distribution random process with exponential
correction structure covariance matrix, such that

M (k,j)=p""l, 1<k, j<N
where p is the one-lag correlation coefficient. The SCR is
defined as
SCR = 4*s'M's

The standard Monte Carlo technique is adopted to
assessed the performance of derived GLRT-based test and
together with NMF.

In Figure 2, the cos¢ is analyzed, and the results show
that the performance is decreased with the small cos¢ , in
other words, for large ¢, the mismatches are more serious.
And the test is prone to reject the signals, although the SCR is
high. The adaptive derived GLRT is consistent with adaptive
NMF in such case, however, in high cos¢ with the small ¢,
the detection performance of NMF is a litter better, or the
GLRT has better rejection performance for mismatched

signals.
1
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Figure 2 P, plots v.s. SCR with cos¢=0.89,0.85,0.8, “0 ”
curves NMF, “ A ” curves GLRT, for Pﬁ, =102, N=8,

K=32,v=0.5,y=0.5, p=0.9and non-fluctuating target
1 : . : gt .

0 ‘:") 1‘0 1‘5 20 2‘5 3‘0 3‘5 40
SCR

Figure 3 P, plots v.s. SCR with K =16,32,64 , “0 ” curves NMF,
“A” curves GLRT, for P, =107, N=8,v=05, =05,

cos @ =0.89, p = 0.9 and non-fluctuating target
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Figure 4 P, plots v.s. SCR with different fluctuating model, “o
curves NMF, “A ™ curves GLRT, for Pfu =107, N=8,v=05,
K=32, =05, cos¢=0.85, p=0.9 and fluctuating target

In Figure 3, the size of secondary that effects the
detection performance is analyzed, meanwhile, the curves
with exact covariance matrix are also given. The curves show
that the detection performance is increased by increasing the
size K , and the adaptive loss is acceptable. Specifically, the
loss is 2dB in the case P, = 0.9 between exact covariance and
estimated covariance with K =64 . Meanwhile, the adaptive
derived GLRT is consistent with adaptive NMF in large size
case, however, in the small size K , the detection performance
of NMF is better.

The fluctuating target is also analyzed in Figure 4, and the
amplitude 4 has a chi distribution with 2m degrees of
freedom [1]. The results show that the fluctuation law
significantly affects the detection performance, and it is better
for higher value of m . It can be explained that for the higher
value of m, the fluctuation is more prone to non- fluctuation
characteristics.

V. CONCLUSIONS

In this paper, we have addressed the receiver design against
SIRV clutter in presence of steering vector mismatches with
unknown covariance matrix, and the fully adaptive GLRT-
based receiver is devised by resorting to the secondary data.
The simulation results show that the derived test is consistent
with adaptive NMF in exact covariance case or/and serious
mismatched cases. Meanwhile, the fluctuation law of target is
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also effects the detection performance greatly. The further
work is extending the framework to the polarimetric or/and
MIMO case.
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