RADAR DETECTION IN COMPOUND-GAUSSIAN CLUTTER
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ABSTRACT Under the hypothesiBly, it is instead assumed that the
In this paper, we study the adaptive version of the asymptobserved data consist in the sum of a sigeat ap and
ical Bayesian Optimum Radar Detector (BORD) built with clutter ¢, wherep is a perfectly known complex steering
a covariance matrix estimate. We investigate its propertiesjector andx is the signal complex amplitude.
when the noise is modelled as a non-Gaussian complex pro-
cess, such as Spherically Invariant Random Process (SIRP). The clutter is modelled as a SIRP, a non-homogeneous
We derive, for appropriate covariance matrix estimates, th&aussian process with random power : its randomness is
analytical expression of the relationship between the Probanduced by spatial variation in the radar backscattering. A
bility of False Alarm (PFA) and the detection threshold. WeSIRP [10] is the product of a positive random variablgex-
show that this detector distribution does not depend on theiure), and am-dimensional independent complex Gaussian

SIRP characteristics. vectorx (specklg, with zero mean and normalized covari-
ance matrixv = ]Ei(xxT) with Mji = 1, wheret denotes the
1. INTRODUCTION conjugate transpose operator :
Experimental clutter measurements made by organizations c= VIX.

like MIT [1] showed that these data are correctly described

by non-Gaussian statistical models. Then, the interest of The SIRP PDF expression is recalled :

detection in compound-Gaussian clutter has increased in .

radar community. Since several yed@gherically Invariant e

Random ProcessgSIRPs) were considered like the most Pm(C) = 0 gm(c, T) p(T)dT, (2)
appropriate clutter model. A SIRP is the product of a
Gaussian random process - callgueckle- with a positive
random variable - calletexture This model leads to many
results [2, 3, 4, 5, 6, 7]. For example, Gini et al’s have ctM-le
derived in [7], the optimum detector in the presence of a _>, (3)

1
Om(C,7T) = ———— exp<
SIRP noise with known statistics. (2mT)™2, /M| 21

In previous works [8, 9], a Bayesian approach was pro- _Let us consider the classical likelihood ratio for the de-
posed to determine the PDF of thexture (the SIRP char- tection problem (1)
acteristic PDF) fromN reference clutter cells. It allowed H
to derive the expression of the optimum detector called (y) = p(y/H1) >1,7 )
Bayesian Optimum Radar Detector (BORD). For all the p(y/Ho) /5
SIRPs, the BORD does not require the knowledge of the . . . .
PDF texture and nevertheless reaches the performances of the FOr given range cell and steering vecorthis detection
Neyman-Pearson detector with known noise statistic. Moret€St involves the following unknown quantities : the am-
over BORD was shown to be an adaptive detector : it is s@!itude a, the texture PDFp() and the covariance matrix
no more necessary to have any knowledge about the cluttf- Therefore, a Generalized Likelihood Ratio Test (GLRT)

statistics but BORD deals directly with the received data. 'S usually developed. The major difficulty comes from
the estimation of the texture PDF. Whéh is known, this

2. PROBLEM STATEMENT AND BACKGROUND problem was solved in a different way in [8, 9] (BORD) and
[3, 4] (GLRT - Linear Quadratic (GLRT-LQ)).

We consider here the basic problem of detecting a complex

where

signals corrupted by an additive SIRP noisgclutter) in a For the BORD,p(y/H1) and p(y/Ho) were replaced by
m-dimensional complex vectgr. This can be stated as the their Bayesian estimates. Asymptotically, BORD tends to
following binary hypothesis test : asymptotical BORD (aBORD) leading to the test :
Hoty=c  y=c¢ i=1..,N ( p'™MThyE
Y — o i— 1) A= >, 5
{ Hly—S+C yI_C| |—1,...,N (pTM,lp)(yTM,ly>H<O ( )

wherey; are N signal-free independent measurements L
which will be used to estimate clutter covariance matrix. withA =1—n—m,



The aBORD properties were studied in [9]. In partic-
ular, it has the CFAR property with regard to thexture Ci <:Jr
distribution (i.e. it remains independent whatever the texture Mnscme= N Z (8)
e c Ci
distribution).

Denominator is used to normalize each term of the
This is illustrated on the following figure which repre- sample covariance matrix estimate by the SIRP power.
sents the relation between the detection threshodthd the N
Probability of False AlarnP;, for different SIRP distribu- Mnscumedefined by (8) is statistically independent of the
tion : Gaussian, K-distribution, Student-t and SIRP with atexturedistribution :

Weibull texture
M = 9
NSCME= N E ( |> N (X X|> 9

CFAR property of Asymptotic BORD for different SIRVs
T T T T

10

K disbuion This feature is significant and is referred to as the texture-
T e CFAR property. However, it can be shown that the test dis-
. __ Theoretic tribution depends on the covariance matvix the resulting

10°

test |s notM-CFAR. Nevertheless, whem tends to infin-
|ty, X; x,/mtends to one. Therefore, it is interesting to study

/\(M w) whenM,, is the sample Gaussian covariance matrix :

fa

10

which is complex Wishart-distributed.

3.1 A(My) distribution

i o Tresrs 1 w0’ ' The starting point [12] for the derivation #(M) PDF is
based on Wishart's theory. Kraut, in [12] rewntA:sM w)

Figure 1: CFAR property for the aBORD when the covari-defined by (7) in terms of random variatie
ance matrix is perfectly known

10°

N F
/\ M == =
The relationship between the Probability of False Alarm (Mw) F+1

Pta defined by : .
fa y whereF depends on another random variaBle Con-

Pra=P(A > A /Ho), ditionally to B, F is B2\, -distributed andB is
and the detection threshoid(or A) leads to : Fﬁé]WmedismbUted’ Withﬁal,b andﬁib PDF defined by
13]:
1
pLm m, A=1-P 1M 6 MNa+b
=P f © BL (00 = 1ot 200,
In practice,M is generally unknown and quite difficult ' F(@)r(b) '
to obtain. Hence it has to be estimated frgnaata. and
Test (5), rewritten in terms of estimated covariance Ma+h) 1
g?tori';(Dl\/l_, provides the so-called adaptive version of the Bap(X) = F(a)r(b) (11 x)ab x>0
' wherell g 1(X) is the window function on the interval
A IpT™ 71y|2 Hy [0,1]. After several basic probabilistic considerations, we ob-
AM) = P H% A, (7)  tain the following original results :
(P™™ “p)(y'™ y) Fo o the adaptive GLR\(M,) is distributed according to :
where we have emphasized the functional dependence of
A\ on the covariance estimathf. (N—m+1)(m—1) ,Fi(aab;x)

Onm(X) = —T1g.17(X)
The major contribution of this paper is to establish the " (N-1) (1—x)N-m o

distribution of A(M) for several estimatorsi. wherea= N —m+2, b= N+ 2 and,F; is the hyperge-

ometric function [13] defined as :
3. ADAPTIVE DETECTION PERFORMANCES

We will start with the normalized sample covariance matrix r(c)
estimate (NSCME) first proposed in [11] and defined as fol- 2F1(a,b; ¢ x) =
lows :

(a+Kk)r (b+k) x

T
f@rd) Y, Teik K




¢ the relationship between the threshagldor A) andPs4 In this section, we derive new properties of this estima-

is given by : tor. These properties are of a great interest for our detection
problem. Let the functiorf be defined from the recursive
) ) relation (12) :
a
Pa = n 2R (aa-1b-11-n") (1)

N AF
= (1-2)*1F(aa-1;b-1A) f(A):TZ f'ic,'l . (13)
Ni& ciTM G

Figure 2 validates the theoretical relationship (11) by the
Monte-Carlo method fom = 10 and various values dNf. )
The dashed line is obtained from the relationship (6) wherd heorem 1 We have the following results
the covariance matriil is perfectly known.

) . i 1. the functionf admits a single fixed point, calléd f ,;

As expected, the Monte-Carlo simulations confirm the | -~ ~
theoretical result given by (11). Moreover, since the covari-<- Mt — Mp;
ance matrix estimate (10) tends to the true covariance matrig. the estimatdv fp is not biased;
M whenN tends to infinity, we also have the convergence |n4. the GLRA(M 1,) is texture-CFAR for all SIRPS;

probability off\(mw) to the aBORD (5) : RN
5. the GLRA(M¢p) is M-CFAR for all SIRPs.

A~

P(A(Mw) > A) ——P(A>A).

As a consequence, whét tends to infinity, there is a

| Proof 1 Proofs are too long to fit in this paper and will be
convergence of (11) to (6), as shown on figure 2.

developed in a forthcoming paper.

Comparison between theoretic curves and Monte-Carlo simulations

We wiill call SIRP-CFAR detector, a detector which veri-

X~ . .
N fies the two points 4 and 5 of the above theorem.
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Figure 2: Validation of the relation (11) for different values ‘
Of N 1 10 40 80

Number of Iterations

R Figure 3: lllustration of the convergence to the fixed point.
3.2 Animproved estimatorM ¢p

Despite of its interesting properties, the NSCME (8) suffers ~ Figure 3 illustrates the second point of the above theo-
the following drawbacks : rem. On this figure, the relative errgf (M) — M¢||/[|M]|
has been plotted verstiswith initial value My = Myscme

e itis a biased estimate; (8).
e the resulting adaptive GLR(M nscme) is notM-CFAR.

Other simulations have been performed with different

Recently, a recursive estimation of the covariance malnitial valuesMg (ex : sample Gaussian covariance esti-
trix has been introduced in [14] as a numerical procedure foftate, matrix with uniform PDF, deterministic Toeplitz ma-
computing the Maximum Likelihood d¥! : trix), each of them conducting to the same value with an ex-

tremely fast convergence :
N mN cic;r
Miy1= *Zl =1 |- (12)
NG\ oM, Yo

Hf(I\A/It) - I\7|t|| H—rxj 0



3.3 Study of A(M ) behavior

In this section, we analyze by Monte-Carlo simulations the
relationship between the Probablity of False Alarm and th

threshold for the GLR\(M ).

Figure 4 presents Monte-Carlo simulations. On this fig- 1]
ure, the dependance between the threshold and the PFA thS
been displayed for different SIRP distribution : Gaussian,
K-distribution, Student-t, Cauchy, Laplace. 2]
One can observe that the relationship (11) between the
threshold and the PFA, found in the special case where the
covariance matrix estimate is Wishart-distributed, seems to
be valid even if the SIRP is not Gaussian when takingMor
the fixed point off.

Therefore, remarkably, the Monte-Carlo simulations [4]
show that all the GLR\(M ) follow the same distribution
than theA(My)’s one. Hence, we infer that the relationship

(11) remains valid forf\(l\ﬁ fp) althought we have not yet
proved this assertion.

(5]

Verification of the relationship (11) for various SIRP
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Figure 4:/\(M fp) CFAR property for different SIRPs
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4. CONCLUSION

In this paper, we have studied the adaptive GLRT (BORDJ13]
when the SIRP covariance matrix is estimated. We have
first derived the distribution of the adaptive BORD in the
Gaussian case using the sample covariance matrix. Although]
this case is restrictive in our non-Gaussian context, we have
shown through extensive simulations that this distribution
seems to be valid in a non-Gaussian noise (SIRP) when
using an appropriate covariance matrix estimate.

The resulting detector has the following important
property : it is SIRP-CFAR (invariance of its distribution
with respect to the texture and to the speckle covariance
matrix).

Moreover, this estimate was shown to be unbiased, to be
the fixed point of a suitable function and to be the limit of a
fecurrence relation.
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