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Abstract

We derive the expression of an optimum non-Gaussian radar detector from the non-Gaussian spherically invariant random
process (SIRP) clutter model and a bayesian estimator of the SIRP characteristic density. SIRP modelizes non-Gaussian
process as a complex Gaussian process whose variance, the so-called fexture, is itself a positive random variable (r.v.).
After performing a bayesian estimation of the fexture probability density function (PDF) from reference clutter cells we
derive the so-called bayesian optimum radar detector (BORD) without any knowledge about the clutter statistics. We also
derive the asymptotic expression of BORD (in law convergence), the so-called asymptotic BORD, as well as its theoretical
performance (analytical threshold expression). BORD performance curves are shown for an unknown target signal embedded
in correlated K-distributed and are compared with those of the optimum K-distributed detector. These results show that

BORD reach optimal detector performances.
© 2003 Elsevier Science B.V. All rights reserved.
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1. Introduction

Coherent radar detection against non-Gaussian
clutter has gained many interests in the radar commu-
nity since experimental clutter measurements made
by organizations like MIT [17,18,4] have shown
to fit non-Gaussian statistical models. One of the
most tractable and elegant non-Gaussian models re-
sults in the so-called spherically invariant random
process (SIRP) which states that many non-Gaussian
random processes are the product of a Gaussian
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random process (called the speckle) with a non-
negative random variable (r.v.) (the so-called
texture), so that an SIRP is a compound Gaussian
process. This model is the base of many results like
Gini et al.’s works [8] in which the optimum detector
in the presence of composite disturbance of known
statistics modeled as SIRP is derived.

In this paper, a bayesian approach is proposed to
determine the probability density function (PDF) of
the texture from N,r reference clutter cells. We use
Bayes’ rule and a Monte Carlo estimation given a
non-informative prior on the texture. This approach
exploits the SIRP model particularity to describe
non-Gaussian processes as compound processes and
allows one to derive the expression of the optimum
detector called bayesian optimum radar detector
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(BORD). Henceforth, it is no more necessary to have
any knowledge about the clutter statistics and BORD
deals directly with the received data. In Sections 2
and 3 we briefly recall the formulation of a detection
problem and describe how the SIRP model clutter
yields to general and particular optimum detector. In
Section 4, we explain the bayesian approach used to
determine a bayesian estimator to the texture PDF
and give the expression of the resulting BORD. In
this section the asymptotic expression of BORD (the
so-called asymptotic BORD) and the analytical per-
formance of the Asymptotic BORD are also derived.
Section 5 is devoted to the simulations description
to evaluate BORD performance (compared with
optimum detectors performance). Conclusions and
outlooks are given in Section 6.

2. General relations of detection theory

We consider here the basic problem of detecting the
presence (H, ) or absence (Hy) of a complex signal s in
a set of N,r measurements of m-complex vectors y =
y1+]jyq corrupted by a sum ¢ of independent additive
complex noises (noises+-clutter). The problem can be
described in terms of a statistical hypothesis test:

Hyp:y=c¢, (1)

Hy:y=s+c. (2)

When present, the target signal s corresponds to a
modified version of the perfectly known transmitted
signal t and can be rewritten as s = AT(0)t. 4 is the
target complex amplitude and we suppose to have de-
termined all the others parameters () which charac-
terize the target (Doppler frequency, time delay, etc).
In the following, p = T'(0)t.

The observed vector y is used to form the likeli-
hood ratio test (LRT) A(y) which is compared with
a threshold 5 set to a desired false alarm probability
(Ps,) value:

_ py(Y/Hl ) Ii
) Py(Y/HO)Ifon'

LRT performances follow from the statistics of the
data: Py, is the probability of choosing H; when the

(3)

target is absent, and the detection probability (Py)
is the probability of choosing H; when the target is
present, that is,

Py = P(A(y) > n[Ho)
and

Py = P(A(y) > n[Hy).

3. Non-Gaussian clutter case: SIRV and optimum
radar detector

In the case of non-Gaussian clutter, detection strate-
gies can be derived if we consider a particular clutter
nature, i.e. if an a priori hypothesis is made on the
clutter statistics. To model non-Gaussian clutter and
derive general detector expressions, we use the SIRP
representation [1,8,13,19].

3.1. Description and general expressions

A spherically invariant random vector (SIRV)
is a vector issued from a SIRP which modelizes
each element of the clutter vector ¢ as the product
of a m-complex Gaussian vector x (the speckle)
(€A47(0,2M)) with a positive r.v. t (the fexture),
that is ¢ = x+/7. The so-formed vector ¢ is, con-
ditionally to 7, a complex Gaussian random vector
(€.4°(0,2tM)) with multivariate PDF p(c/t). The
PDF of the clutter is then

too gmm cM~ e
p(c) :/o WGXI’ <_2r) p(r)dr,
(4)

where { is the transpose conjugate operator, and |M]|
is the determinant of the matrix M. This general ex-
pression leads, for a known p(7), to multivariate PDFs
of non-Gaussian random vectors. For example, joint
K-distributed PDF is obtained if p(t) is a Gamma
PDF (see further).

3.2. Optimum SIRV detector

Applied to the detection problem, expression (4)
gives pc(y/Ho) and pc(y/Hi) = pc(y —s/Ho) when
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the target signal s is known. The LRT becomes

JoF T exp(—qi(y)/2¢) de i

5
Jo 27 T m exp(—go(y)/2¢) d 1y " ®)
where
q(y)=yMy, (6)

q1(y) = qo(y — s) for a known signal s and 1 = In(7).
When the target complex amplitude 4 is unknown,
ML estimation of 4 is performed [8]:

. p'M~y

AL = ————, 7
ML= M Tp (7)

and the detection strategy is given by (5) where
now [8]

pTM~'y[?

=yMly - : 8
a(y)=y Y= iMTp 8)
With (8), expression (5) is called generalized LRT

(GLRT).

3.3. Examples: various optimum SIRV detectors

All the following optimum SIRV detectors are given
for an unknown amplitude target whose value is esti-
mated is the ML sense. So, the quadratic forms g(y)
and ¢q,(y) are, respectively, given by (6) and (8).

3.3.1. OKD: optimum K detector

In the case of K-distributed clutter (size m) with
parameters v and b, texture PDF is a Gamma(v, 2/b?)
PDF with expression

,Evfle\! ‘L'b2
p(r) = T2 &P (2) . )

The PDF of y under Hy hypothesis is then given by

B 2bv+mq0(y)(v—m)/2
py(y/Ho) = ML ()2 Ky m (b\/qo(y)),
(10)

where K,(.) is the modified Bessel function of
order v and I'(.) is the Gamma function. The value
of v determines the spikiness of the distribution. Fol-
lowing the same processes with (5) expression of

the so-called optimum K-distributed detector (OKD)
becomes Vm > 2

(ql(y))(v " K Ky m(by/q1(¥)) )Hl
6IO(y) 1 m(b V (Zo(y )HU

For m =1, qo(y) = |y|* (where y is the scalar vector
we observe) and expression (11) becomes

(1)

H 2711 (y)

v—1
Ky_1(b _—
|y| 1( |y‘)H<0 2bv 1‘);7

(12)

3.3.2. OLD: optimum Laplace detector

This detector can be considered as a particular case
of OKD since the K-distribution becomes a Laplace
PDF when v = 1. The fexture PDF is then an expo-
nential PDF with parameter 5%/2, with expression

b b
p() = 2exp<—;), (13)

and the resulting expression of the OLD becomes
Vm =2

<q1(y>>“ R VR (14
qo(y) Ki—m(b+/qo(y) ) Ho
For m =1, qo(y) = |y|* and we just have
2
Ko(b\J/|)§0 s (15)

3.3.3. OStD: optimum Student-t detector

Student-#(v, b) marginal PDF is obtained when the
texture PDF is an inverse gamma PDF .#%(v,2/b?)
whose expression is

bZV,L.fvfl b2
p(t) = N(\OeXp<_21> . (16)
The resulting expression of the OStD is then
2 m+vy H
<b2+qo(y)> . (17)
b+ q:(y) Hy

3.3.4. OyD: optimum y detector

As for the other examples given from now, the
texture PDF of a y SIRV (the marginal PDF is a y
PDF with v degrees of freedom and parameter b, ¢ is
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the variance) is analytically unknown. It is, however,
possible [13] to derive the optimum y detector for
v < 1, which is

S (DI (B2 Dy (1), v ba) B
S (IO (2o T Dgtgo 3 b o)
(18)

where for j =0,1,

Di(q;(y),v,b,0)
m—1

=10 = gy e o

and

k—1 _ (m—1)!
Co1 = (k—Dl(m— k)"

3.3.5. OgRD: optimum generalized Rayleigh
detector

As said previously, the texture PDF of a gener-
alized Rayleigh SIRV (the marginal PDF is a gen-
eralized Rayleigh PDF with parameters 5 and f, o>
is the variance) is analytically unknown but the
optimum generalized Rayleigh detector is given for
n<2by

1—m n
(Z;g;) exp <;,7[CI0()’)"/2 - q1<y)"/2])

ZZ 1I (De(m)/k")(a/q1(y)/B)™* Hlé
S D@ o B

where ¢ is an threshold notation other than #,

Dk(n)—Z( IYCJH( —i),

Jj=1 i=0

(19)

and C} = (k)!/()'(k — ).

3.3.6. OWD: optimum Weibull detector

For a Weibull SIRV, the texture PDF can be writ-
ten as an integral form depending on the G-Meijer’s
functions. Its expression can be found in [3,9]

and the optimum Weibull detector is given for
0<b<2by

q0(y)\"
(m(y)) .
S (Dr(D)/kY)(ac® FF(y) exp(—aaF2(y))
'~ (Du(b)/kY)(ac® FF(y) exp(—aa i (y))

H,

21, (20)

Ho

where a, b and 6 are, respectively, the two parameters
of the marginal SIRV Weibull and its variance. In the
OWD expression, we also have

kb
ng =1/4,(¥)

for p=0,1,

k LS
IMOEDCINeA || (’2 - z') :

j=1 i=0
and
j_ (&)
Ok — Y

3.3.7. ORD: optimum rice detector

The Rice marginal PDF of an SIRV, with parame-
ter p and variance ¢2, gives rise to the optimum rice
detector whose expression is given for 0 < p < 1 by

exp[K(qo(y) — q1(¥))]

Zk L (=DECE_ (p/2)kDr(q1(y), 0, p)

Zk L (=1FCE . (p/2)kD(qo(y), 0, p)

Hy

21, (21)
Ho

where K = ¢?/2(1 — p?), and for j =0, 1

k

Di(g;(¥) =Y Cili—21(Kpg;(y)).
1=0

I,(.) is the first kind modified Bessel function of order
v, and C} = (k)!/(D)!(k — D).
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3.3.8. OCpGD: optimum clutter plus Gaussian
detector

When thermal noise is separately accounted in the
received data, the general expression (5) has to be
changed because the total correlation matrix of the
noise plus clutter depends on the fexture since we have

M, = 1E(yy'/1) = M, + o}L, (22)

where I is the identity matrix. GLRT expression (5)
becomes

o (/M + Gl exp(- 24D peyde 8y -
f0+oo(l/|er+0§I|)exp(f%)p(r)dr o

where now
20(y, 1) =y (M, + a31) 'y, (24)

and ¢ (y, 7) is deduced from g¢(y, 7) as in the previous
case (known or unknown target amplitude).

This case was introduced by Gini et al. in [8] where
the authors consider K-distributed clutter plus thermal
noise to derive OKGD (optimum K plus Gaussian
detector). This detector cannot be derived in a simple
analytical form but theoretical performances are given
in an integral form.

From expressions (5) and (23) we can see that
SIRV detectors depends on the texture PDF. In [9,10]
the authors used a Padé approximation to estimate the
texture PDF and then to derive an adaptive detector.
This method depends on the quality of the moment
estimation and requires reference clutter cells to esti-
mate the Padé coefficients.

In the next section we propose to use a bayesian
estimator of the texture PDF which comes from the
Bayes’rule and Monte Carlo integration. Then, BORD
expression is derived.

4. Bayesian optimum radar detector
4.1. Bayesian study of the problem

As we have said in the previous section, for a
known texture PDF p(t), it is possible to derive
the associated detector expression. The idea of a
bayesian approach is to determine, from N, reference

clutter cells of size m, R = [ry,. ..,er.]T where r; =
[ri(1),...,7i(m)]", a bayesian estimator for p(t). We
write p(t) as follows:

p@= [ pempmar (25)

Given rﬁvflf a Monte Carlo estimation of (25) is

Nrer

Z p(/r). (26)
i=1

ﬁNref(T) =

This estimate is unbiased and as the samples {r;, i =
1,...,Ner} are statistically independent, the strong
law of large numbers applies and gives

lim (1) p(7). (27)

Nrer —+00

To evaluate (26) we have to know the expression of
the a posteriori PDF of 7 given the N, reference cells,
that is the expression of p(t/r;). Using the Bayes’rule,
we have

p(ri/t) p(7)
p(ri)
and as p(t) is unknown (as well as p(r;)) we replace
it by a prior distribution, called g(t). This processing
step works as an information processor that updates
the prior density function g(7) into the posterior PDF
p(t/r;). The Bayes’rule can be interpreted as a rele-
vant mechanism to provide a rational solution of how
to learn from the reference cells about the quantity of

interest 7. By this way, Eq. (26) becomes

p(/ri) = ; (28)

. _ & plr;/1)g(x)
pNM(T) Niet Zl p(l‘z ’ (29)

where the normalization constant p(r;) is obtained by
integrating the numerator in (26) over g(t) and is
given by

+00
p(r) = /0 p(r/0)g(2) de. (30)

Replacing py,(t) in (5), the expression of the
so-called Bayesian Optimum Radar Detector can be
derived.

Other methods are investigated in [7,15] to attain
detector adaptivity but only with respect to parame-
ters of p(t). The proposed method makes the detector
adaptive with respect to the unknown p(t) and it is no



1156 E. Jay et al. | Signal Processing 83 (2003) 11511162

more necessary to have knowledge about the clutter
statistics.

4.2. BORD expression

The N, reference clutter cells [rl,...,rNref]T are
supposed to be modeled as SIRV and so we have
T Zl'
)= ———— -, 31
o= o o) o

where Z; = rjM*Ir,-. If we consider this likelihood
function as a function of 7 it is proportional to
an inverse gamma PDF, J%(m + 1,2/Z;) (an in-
verse gamma PDF is the PDF of the inverse of a
Gamma-distributed variable). In (28) a prior distribu-
tion is required for the reference clutter fexture and
in this case we could choose an inverse gamma prior,
J%(ap,b,) (parameters a, and b, would have to be
chosen in order to make the prior as non-restrictive
as possible). This prior would be the so-called conju-
gate prior because the resulting PDF would belong to
the same PDF family as the likelihood function (see
[14,16] for more details).

As the clutter statistics is unknown we choose a
non-informative prior distribution g(t) = 1/, called
Jeffrey’s prior which is proportional to the square root
of the Fischer’s information measure and which is also
an asymptotical case of the inverse gamma PDF when
parameters a, — 0 and b, — +o0.

With the non-informative prior, the a posteriori PDF
of 7 given the N,s reference cells can be derived and
(28) becomes

_ ,Cfmfl Zi 32
PO = Gy M ple) e"p(_zr) ‘ (32)

The normalization constant p(r;) is computed as
follows:

+o0
p(r) = /0 p(r/0)g(2) de

+o0 .L.—m—l Zi
| G (‘2) @
I'(m)

=— 33
Y (AL (33)

and (32) becomes

Z" —m—1 Zi
— ~Z). 34
27T (m) eXp( 21) (34

This expression is exactly an inverse gamma PDF with
parameters m and 2/Z;. So, we have

p(t/ri) =

T—m—l Neet 7.
D = z" -1, 35
D)= i 2 0 (%) o

where we recall that Z; = riT M~ r;. Replacing (35) in
(4) for each observed vector yqps (size m) and given
the N,.r reference clutter vectors rfie{ we have to com-
pute the following expression under H; (j = 0,1) to
form the GLRT:

Nref o) I/Vl )
ANref sz/ 7 2m=1 exp (_,]éyobs)> de
T

Nrer Zm

=02 Pt F(Zm)z 7(W Gy (36)
i,j\Y obs

where Z; is given previously and

(A=)~ = 2n)" |M|Neer2" T (m),

Wi j(Yobs) = q;(Yobs) + Zi.

The so-called BORD expression becomes

Nier Zi
Z [ (91(Yobs )+Zi)? ]
Niet
Z [(qo()’obs)+2 )2]

Both of the quadratic forms gy and g, are, respectively,
given by (6) and (8).

BORD expression depends only on the reference
clutter cells which provide all the necessary infor-
mation about the clutter statistics. That makes itself
“self-adaptive” if the correlation matrix is determined
from the reference cells of the clutter. This problem
was investigated in [5,7] where the authors use the nor-
malized sample covariance matrix estimator (NSCM).
Given that M = M,./E(7) = E(rr")/E(rfr), the NSCM
estimate of M is given by

Hy
AN,Cf(YObs) = 2 s (37)

R m Nief rkl'T

T
Nref h—1 I, Iy
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10

CFAR Property of the BORD : Simulation with correlated K-distributed clutter

10t

10°%F

— v=01
—— v=05
[, — V=2 -
S v=20 B

“““““““

102 10 10

Threshold values - m=10

Fig. 1. CFAR property of the BORD with respect to the texture PDF shown for correlated K-distributed environments with parameters

v=20.1, 0.5, 2, 20 for m = 10.

where r; (k=1,..., Nir) are the N,r reference clutter
cells of size m.

4.3. CFAR property of the BORD

We can show by simulations that the BORD is
CFAR (Constant False Alarm Rate) with respect to the
texture PDF. It means that whatever the clutter statis-
tics is (dually whatever the texture PDF is), BORD
probability of false alarm is the same. In other words
the BORD law is independent of the clutter statistics.
This property is shown in Figs. 1 and 2 where the de-
tection threshold # is plotted against different Py, val-
ues. What ever the clutter statistics is (K-distributed
with various parameters, Gaussian, Student-¢ or whose
texture PDF is a Weibull PDF), the calculation of the
detection threshold for a fixed Py, is the same for all.

4.4. Asymptotical result of the BORD: AsBORD

BORD expression comes after a Monte Carlo es-
timation of (25) given N, reference clutter vector
r?f{. Given Z; = r;r M~ 'r;, which is a positive r.v. with

PDF p(Z), BORD expression can be considered as
the Monte Carlo estimation of

Jo 2" (@1 (o) + 27" p(Z)dZ.
72527 [(qo(Yobs) + Z)?™) p(Z) dZ

(39)

Given that r = \/tx where X is a complex Gaussian
vector of size m with covariance matrix 2M, we have
Z=r"M"r=1xIM~x.

The quadratic form O =x"M~!x is y3,, distributed
(B = 9(m.2)).

So, Z/t is %¥(m,27) and the PDF of Z is derived by
integrating p(Z/t) over the prior g(7). Finally, we can
show that

. q0(Yobs) \"
lim 4 ) = 208Jebs)) 40
Nrefglilkoo N,ef(y()b ) ( quUbS) > ( )

This asymptotical result, called asymptotic BORD
(AsBORD), coincides with the GLRT given, for
example, in [15]. It was obtained after replacing the
texture T by its two maximum likelihood estimates
(the one under Hy and the other under H; ) in the opti-
mum detection structure (5), where T was considered
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1° CFAR property of the BORD : Comparison wih theoritical expr. of the ASBORD

107

Pfa

W0

Gaussian
K-dist(v=0.1)
Sudent-t -
Weibull Texture |,
Theoritical

10 10 10

Threshold values —m = 10

Fig. 2. CFAR property of the BORD with respect to the fexture PDF shown for different correlated environments: K-distributed clutter
with parameter v=0.1, Gaussian clutter, Student-¢ clutter and unknown clutter whose texture PDF is a Weibull PDF. m = 10. Comparison

with the theoretical expression of the AsSBORD threshold.

as an unknown deterministic parameter. This was
also obtained after different calculations in [2] and
for Gaussian clutter in [11,12]. Moreover, with the
NSCM estimate of the correlation matrix this expres-
sion is also called adaptive linear quadratic (ALQ)
in [5,6].

4.5. CFAR property of the AsSBORD

Replacing both of the quadratic forms ¢y and ¢
in (40) and after simple modification, the AsBORD
expression can be written as follows:

|pTM_1Xobs|2 I—; W -1
< 5
(PTM=1p)(x!, M~ 1Xgps) Hy /1

(41)

where Xgps is the (Gaussian) speckle of the observed
SIRV.

The left term of (41) is independent of the texture.
Then AsBORD PDF is statistically independent of the
texture PDF that makes the AsSBORD to be CFAR

with respect of the fexture PDF. In this case it is
possible to derive the AsSBORD PDF.

4.6. AsBORD PDF

According to (41) the AsSBORD expression depends
on Gaussian vectors and on a related quadratic form.

Extending the Cochran’s theorem to complex
Gaussian vectors and after simple computation, the
AsBORD PDF is a Beta PDF with parameters 1
and m — 1 whose expression is [9]

plu)=(m—1)(1 —u)" 2.

Then the expression of the threshold value depends
only on Py, and m, the size of the observed vector [9]:

g = P, (43)

(42)

Applying Cochran’s theorem implies that the covari-
ance matrix of the observed vector is non-singular.
Under this condition AsSBORD PDF applies also to
the BORD as shown in Fig. 2.

In [9] the AsSBORD PDF in the case of real vectors
is also derived.
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OKD/BORD/OGD Perf. comp. in Correlated K clutter (v=0.1, Pfa=10'3)

! ! ! ! ! ! ! ! T

15
SCR input - m =10

Fig. 3. Performance comparison between OGD, OKD and BORD for an unknown target complex amplitude in correlated K-distributed
clutter (v =0.1, P = 1073, m = 10).

OKD/BORD/OGD Perf. comp. in Correlated K clutter (v=0.5, Pfa=10'3)

! T T T T T T T &

0.7}

0.6

0.2F -

o+ 4y i L L
-30 -10 5 10 15
SCRinput - m =10

Fig. 4. Performance comparison between OGD, OKD and BORD for an unknown target complex amplitude in correlated K-distributed
clutter (v = 0.5, P, = 1073, m = 10).
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T T T T T T

10 15
SCR input —-m =10

Fig. 5. Performance comparison between OGD, OKD and BORD for an unknown target complex amplitude in correlated K-distributed
clutter (v =2, Py, = 1073, m = 10).

OKD/BORD/OGD Perf. comp. in Correlated K clutter (v=20, Pfa=10'3)

0.7

— OKD
0.6
—— OGD

0.2

0.1

- D6-O-DD-D-OD-D-bBtoee

-30 -25 -20 -15

SCR input —m =10

Fig. 6. Performance comparison between OGD, OKD and BORD for an unknown target complex amplitude in correlated K-distributed
clutter (v =20, Py, = 1073, m = 10).
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Detection performance of BORD compared with those of OStD in Student-t clutter

0.9

0.8

0.8 [ rorreresstoree e T T

0.3

= P

0.5 b v T

s STt Ny ot

0Lty

-20 -15

-10

-5 0 5 15

Input SCR ; m=10 ; Py =107/ N,(=500 ; N  =1000

Fig. 7. Performance comparison between OStD and BORD for an unknown target complex amplitude in correlated Student-¢ clutter

(v=1.03,2.3, Py, = 1073, m = 10).

5. Detection performances of BORD

The correlation matrix M is considered to be
known. M values come from a given Gaussian power
spectral density and is an m x m Toeplitz matrix
whose first auto-correlation coefficient is p; = 0.0098.

We compare BORD performance with those of op-
timum detectors such OKD, OGD (optimum Gaussian
detector, optimum for Gaussian clutter) or OStD for
an unknown target signal embedded in K-distributed
clutter or Student-¢ clutter.

In the case of K-distributed clutter, OKD is opti-
mum and we see that BORD performance reach OKD
performance whatever the value of v is. Different val-
ues of the shape parameter are tested, v=0.1,0.5, 2, 20.
When v — 400 K-PDF tends to a Gaussian PDF
which is confirmed in the series of Figs. 3—6.

In the case of Student-¢ clutter (shown in Fig. 7)
the conclusions are the same: BORD reach optimum
performances given by those of the optimum detector
OStD.

All the curves represent the detection probability Py
versus the signal-to-clutter ratio (SCR) given for one

pulse. As m =10 pulses are considered, the total SCR
is 10logo(m) = 10 dB more than for one pulse. The
detection threshold is previously computed via Monte
Carlo simulation for each of the detectors to keep a
false alarm rate equal to Py, = 1073,

Once the detection threshold is obtained we evalu-
ate performance with N..s = 1000 samples of reference
clutter and for Nyps = 500 samples of observed clut-
ter data (which corresponds in fact to the number of
Monte Carlo trials used for the evaluation of the prob-
ability of detection) in which an unknown complex
target signal for a different SCR is embedded.

6. Conclusions and outlooks

The present paper has addressed a bayesian ap-
proach to the determination of the clutter statistics if
we consider the clutter vector modeled as a SIRV.
By this way a bayesian estimator of the texture PDF
of the SIRV has been derived from reference clutter
cells and the resulting BORD expression depends only
on these reference cells. For example, in the case of
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CFAR (Constant False Alarm Rate) detector th ref-
erence clutter cells are the cells adjacent to the cell
under test.

We derive also the asymptotic expression of BORD,
called AsBORD, whose PDF is derived in a closed
form. With this latter expression we are able to com-
pute the threshold value to set to verify a desired Py, in
the case where the correlation matrix is non-singular.
Under this assumption, the theoretical threshold ex-
pression applies also to BORD. In this paper, we use
Monte Carlo simulation to set the threshold value of
BORD. In further work we will compare the per-
formances of BORD and AsBORD for experimental
ground clutter data and study the applicability of the
theoretical threshold expression with respect to the
correlation of the data.
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