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Abstract: The paper shows how to adopt Roh-
ling’s order statistics CFAR algorithm, developed
for a Rayleigh background, to the case of a
Weibull background with a known shape param-
eter. When the shape parameter is unknown,
Weber and Haykin have proposed a two-
parameter algorithm in which the threshold is
obtained from two ranked background samples.
In the paper the CFAR loss of the Weber—Haykin
CFAR algorithm is analysed and compared with
another CFAR processor for Weibull clutter sug-
gested by Hansen. It is found that, with the
optimal choice of representative ranks, the
Weber-Haykin CFAR processor yields a smaller,
but still very excessive, detection loss. Finally it is
shown that CFAR is maintained when more than
two ranked samples are used in setting the thres-
hold, but without improvement in performance.

1 Introduction

Rohling 1] has proposed a CFAR algorithm based on
order statistics (OS) that exhibits reduced sensitivity to
spurious targets. In Rohling’s original OS-CFAR algo-
rithm, M background (amplitude) samples are ranked in
an increasing order

X, <X, < <X, <

<X;< <Xy 8))
and squared in a square-law detector yielding
2= X2 @

The threshold T, is obtained by multiplying the kth
ranked squared-sample (which we term the representative
rank) by a scale factor a,:

T=uz (3)

When the background amplitude samples { X} are inde-
pendent, identically distributed (IID) random variables
with a Rayleigh probability density function (PDF),
Rohling has shown that the relation between the false
alarm probability P, and the scale factor «, is given by

_ Ml + M-k
T (M — ) (o, + M)!
where k is the representative rank and M is the total
number of background samples. Since eqn. 4 is not a

function of the scale parameter of the Rayleigh PDF, the
algorithm is CFAR.
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We shall show that if the amplitude samples {X} are
Weibull distributed with a known shape parameter C,
then Rohling’s result, repeated in eqn. 4, still applies, and
CFAR is maintained by his original algorithm if the
threshold is set at

T. = 2z, ®

Weber and Haykin [2] showed that when the shape
parameter is unknown, a CFAR algorithm can be
obtained if two representative ranked samples, z; and z;,
are used, and the threshold is adaptively set at

T, =z "% (6)

The coefficient # is a function of M, i, j and the Pg,.
For Weibull distributed samples, Weber and Haykin
provided an integral relationship between P, and f that
requires a numerical solution. Since a Weibull distributed
X yields a Weibull distributed z with different param-
eters, and since the CFAR algorithm is insensitive to
changes in the parameters, the same f applies to both
linear and square-law detectors. Hence, a threshold
which follows a linear detector should be set at

Ty = X; X} M

The algorithm suggested by Weber and Haykin effec-
tively estimates the shape parameter C from the ratio
z;/z; and utilises it in eqn. 5 choosing k = i. The CFAR
loss increases with the variance of the estimated C. We
quote an analytic expression for the variance of C as a
function of the choice of the two ranks, and present
analytic results for the detection loss in the special case
when C = 2. We found that the optimal choice of ranks
yields (for M = 16 and Py, = 1073) a CFAR loss of
9.4 dB compared to a 2.3 dB loss of a single parameter
OS-CFAR. When M is increased to 32 cells the two-
parameter CFAR loss drops to 4.2 dB.

We show that processors based on more than two
ranks are also CFAR, but have no advantage over the
two-ranks processor. We also present a simple approx-
imate expression for § that can replace the cumbersome
integral equation when P, > 107 3. Finally, for a case of
limited uncertainty in C, we compare the loss of the
Weber-Haykin algorithm to that of the OS-CFAR with a
threshold set to yield the nominal Py, at the lowest C.

2 0S-CFAR for Weibull background with known
shape parameter

Let the background amplitude samples be described by
an IID random variable X with a Weibull PDF:

Cc-1 C
p(X) = % (%) exp I:— (%) i} 0<X 8)

Note that by choosing the shape parameter C = 2, the
Weibull PDF reduces to the Rayleigh PDF (amplitude).
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It is well known that various clutter scenes fit a wider
range of the shape parameter. A smaller shape parameter
implies a longer tailed PDF. When the OS processor
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Fig. 1 False alarm probability of OS-CF AR in W eibull background as
a function of shape parameter
Nominal design: Pr, = 10" *when C = 2; M = 16

follows a square-law detector, the inputs to the processor
depend on X2. Without loss of generality we can normal-
ise with respect to B and obtain the normalised input
random variable,

X 2
() ®

whose PDF is found from eqn. 8 to be
C

Paa) = 5 291 exp (=27 (10)
To be able to use Rohling’s analysis we will make an
additional substitution and define the random variable ¥

y =z (11)
whose PDF is the exponential PDF for which Rohling
performed his analysis:

P3(y) = exp (—) (12)

The threshold for y, T, that would have yielded a given
P, would have been
T, = oy )i (13)

where g, is found from eqn. 4. The threshold for z, which
is the actual threshold to be used, is obtained from T, by
using eqn. 11

T.=T)° (14)
which yields

I = af/Czk = Vi Zx (15)
where

7= ai’c (16)

is the actual scale factor that has to be used with a
square-law detector. If a linear detector is used, the scale
factor should be the square root of the one found above,
ie. the threshold for the original (and not squared)
samples {X,} should be

Ty = X, 17

From eqns. 16 and 4 we can obtain a general expression
for the false alarm probability, as a function of the
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actually used scale factor 7, for a square-law OS-CFAR
in a Weibuil background with any shape parameter C:

MUGE? + M — k)!

P FA = C2 1
M — B! ye? + M)!

Eqn. 18 allows us to study the sensitivity of the original
OS-CFAR algorithm to changes in the shape parameter.

Fig. 1 shows the expected Pr, as a function of C when
the scale factor was set to yield Py, = 10~ when C = 2.

(18)

3 Two-parameter OS-CFAR using two ordered
samples

The above results for the single parameter OS-CFAR,
lead us to the format of a two-parameter OS-CFAR. We
can still use eqn. 15 or 17 but since there is no a priori
knowledge of C it must be estimated. Dubey [4] has
analysed percentile estimators for Weibull parameters.
For the case in which the two parameters must be esti-
mated simultaneously (which is our case) he suggested an
estimator for the shape parameter based on two ordered
samples X; and X ;. Dubey’s estimator for C is given by

In[—In(1—h)]—In[—In(1 — k)]

(= 19
¢ In X; —In X, (19)
where
|
v @0

Using € in place of C in eqn. 17, and selecting k = i will
yield the Weber—Haykin threshold

X\ N
Ty = X,-(;{) =X]"fxt 21)
where
In a;
B (22)

"I [-In(1 -h)] —In[—In (1 — h)]

and where a; is obtained from eqn. 4 using the desired
Prs.

Exactly the same result would have been obtained for
T, had we started our analysis from eqn. 14 rather than
eqn. 17, noticing that the shape parameter of the Weibull
PDF in eqn. 10 is C/2. In other words, for T, we will get

2\8
T, = z,.(;l) =z} 84 (23)
where § is the same as in eqn. 22. This result should be
expected since the PDFs of X and z are both Weibull
with different shape parameters, and the CFAR algo-
rithm as expressed in eqn. 21 is independent of the shape
parameter.

If a perfect estimate of C could have been obtained (no
bias and zero variance), then the Py, reached using eqns.
23 and 22 would have been equal to the nominal Py,
from which o, was calculated. However, as Dubey
showed, the estimate is asymptotically normal with the
correct mean C and variance

~_C* (g g 9
var C IV (tf + 2 2 ut, @49
where
h;
=TT t=—In(1—h); t=Int;—Int; (25

i
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Dubey [4] found that the smallest variance is obtained
when

h;=0.1673 and h; =09737

and that the variance will be equal to 0.9163C3/M. For
C=2 and M = 16 we find that the smallest standard
deviation of ¢ will be 0.49, reached when i =3 and
j = 16. The standard deviation of ¢ as a function of i,
with j as a parameter, appears in Fig. 2.
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Fig. 2 Standard deviation of estimated shape parameter as a function
of ranks of two representative samples
C=2;M=16

We should point out that Dubey also calculated the
variance of C obtained with a maximum likelihood esti-
mator. For C=2 and M = 16 the standard deviation
would have been 0.39. This indicates that a better estima-
tor could be found.

A large variance of C will result in a different Pg,. In
that case it is necessary to resort to the exact calculation
of the P, , as developed in Reference 2. We shall briefly
repeat that calculation.

We first note from integrating eqn. 8 that the distribu-
tion function of the random variable X (assuming B = 1)
is given by

P(X)=1—exp(—X9 (26)

We will designate the value in the ith ranked cell as the
random variable x, and the value in the jth ranked cell as
the random variable y, and maintain that i < j. The joint
PDF of X; and X; will be denoted by p;{x, y). From
Reference 5 we have

Q[P()T ™ p)[PY) — PLOY

pifx, ) =< x py1 — PEI* x<y (27)
0 elsewhere
where
M!
Q.= (28)

= DIG—i— )M —j)!

If the threshold T, were to be a predetermined constant,

then the false alarm probability would be obtained from

eqn. 26 as
Pey=1—P,(T)=exp (— TS 29)

However, the threshold is set adaptively according to
eqn. 21 and becomes a random variable. Therefore, Py, is
obtained by averaging as

© y
Pry= J=o I=OCXP [—0* ~Py)Dpifx, y) dx dy  (30)
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Using eqn. 8 (with B = 1) and eqn. 26 in eqn. 27 and eqn.
27 in eqn. 30, and substituting

v=)° (3N
we get the integral relation between f and Pg,:

Pra=0, 'fw j exp (—u!“00f)

v=0 Ju=0

u=x°t

x [1—exp (—w] ' exp (—u)
x [exp (—o)™ 7!
x [exp (—u) —exp (—v)F ! dudv (32)

The small differences between our equation and the one
in Reference 2 stem from the fact that our samples are
ranked upward (X; < X)) whereas in Reference 2 the
ranking is downward.

The disagreement of the two relations between § and
Pr, (the true relation expressed in eqn. 32 and the
approximate relation embedded in eqns. 22 and 4) will be
demonstrated for the case M = 16, i = 3 and j = 16. For
Pe, = 1075 eqn. 32 yields f = 2.1337. Using this value of
B in eqn. 22 yields «y = 304.72. Using a, in eqn. 4 yields
Pr, = 1.028 x 107%, which disagrees with the true Pg,
by a factor of about 10. We found that the disagreement
decreases as the Py, is increased.

4 CFAR loss of the Weber-Haykin algorithm when
Cc=2

The CFAR loss of the threshold defined in eqn. 6 can be
calculated for the special case of a Rayleigh fluctuating
target in a Rayleigh background, and when the CFAR
processor is preceded by a square-law detector. The
Rayleigh background has an amplitude PDF as given in
eqn. 8, with shape parameter C = 2. The loss calculated
for one shape parameter should be a guide to the loss to
be expected with other shape parameters. We emphasise
that the shape parameter is unknown to the processor,
which is why the threshold of eqn. 6 is used to begin with.

For a Rayleigh fluctuating target in a Rayleigh back-
ground, the output of a square-law detector z has an
exponential PDF:

pa(z) = D exp (—Dz) (33
where
D=— (34)
1+ SNR

SNR being the ratio between the target average power
and the background average power. The corresponding
distribution function is

P,(z) = 1 —exp (—Dz) (35)

hence the probability of the random variable z exceeding
a fixed threshold T is given by

Pz > T) = | — P{T) = exp (—DT) (36)

In the Weber-Haykin CFAR, T is a random variable
defined in eqn. 6. If we denote the value of z; as u and the
value of z; as v, and their joint PDF as p;(u, v), then the
probability of detection will be

P,,=Iw Lv exp (—Du' "#vP)p, (u, v} du dv 37
b=0 Ju=0

The joint PDF of u and v is obtained by using u and v
instead of x and y in eqn. 27 with the parent functions
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pa(-) and P,(-) as found from eqns. 33 and 35 by setting
D = 1. This leads to an integral relation between 8, D
and Pj,:

©

PD=Q2J J exp (—Du' ~#vf)
v=0 Ju=0

x [1 —exp (—w)]'~* exp (—u)
x [exp (—o)]™ /"t

x [exp (—u) —exp (—=0)) "' du dv (38)

Eqn. 38 differs from eqn. 32 only by the term D in the
first exponent. Hence, only a minor modification is
required in the program which solved eqn. 32 numeri-
cally. To remove any doubts, we reiterate that eqn. 32
gives the Pp, of the Weber-Haykin CFAR in the case of
a Weibull background with any shape parameter C.
While eqn. 38 gives P, only when the background shape
parameter is C = 2, the target is a Rayleigh fluctuating
target and the processor follows a square-law detector.
For the situation covered by eqn. 38 we demonstrate
the CFAR loss of the Weber—Haykin algorithm for the
case of M = 16 and Py, = 107 5. The two representative
ranks are i = 3 and j = 16 which yield the smallest loss.
Solving eqn. 32 with these four parameters yields
B = 2.133. With this value of f, P, as a function of the
average SNR was calculated using eqn. 38 and the result
is represented by the solid line in Fig. 3. For comparison
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Fig. 3  Detection probability as a function of SNR
two-parameter Weber-Haykin (WH) CFAR; - - - - single-parameter
order statistics (OS) CFAR; ------- non-CFAR, fixed threshold detector; M = 16;

i=3;j=16;k=12; P, = 10"%

the figure also includes the performances of a fixed thres-
hold detector (dotted line) and of Rohling’s original
OS-CFAR (dashed line) whose threshold is set according
to eqn. 3, with k = 12, which yields the smallest loss.

Fig. 3 reveals a considerable CFAR loss in the Weber—
Haykin (WH) algorithm. For the example given (P;, =
1075, M = 16) the best WH-CFAR yields a loss of 9.4 dB
(at Pp = 0.5) compared to only 2.3 dB loss when the best
OS-CFAR is used. By choosing the best ranks (i = 3,
Jj = 16) to reach the smallest loss in WH-CFAR, we give
up the inherent immunity of OS-CFAR to the presence of
interfering targets among the reference cells. As shown in
Reference 6, when the representative rank is k, the
OS-CFAR algorithm does not suffer a considerable addi-
tional loss as long as the number of interfering targets
does not exceed M — k. To gain a similar immunity for
the WH algorithm we must set j < M. However, it turns
out that lowering j adds considerable CFAR loss, as sum-
marised in Table 1.
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Recall that OS-CFAR with k = 12 suffers a CFAR loss
of only 2.4 dB. If we would like the WH-CFAR to have
immunity against the same number of interfering targets
as OS-CFAR with k=12, we will have to set j = 12.
According to Table 1, this will raise the CFAR loss from
9.4 to 21.5 dB.

Table 1: CFAR loss in decibels of the Weber—Haykin algo-
rithm as function of the representative ranks /, j

i

J

16

15

14

13

12

11

3
4

9.4
9.9

11.0

135 17.0

5 108

120 149 189
13.2 17.0 220

215
245
29.3

275
327
41.2

C=2;P,,=10-% P,=05,M=16

For the special case of C = 2, the connection between
the CFAR loss and the standard deviation of the esti-
mated shape parameter, as found from eqn. 24, is shown
in Fig. 4. Note that the data presented in Fig. 4 were
calculated for different values of M, i and j.
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Fig. 4 CFAR loss of Weber—Haykin algorithm as a function of stan-

dard deviation of estimated shape parameter

OM=24i=5+M=16,i=3, x M=16,i=5; * M=32,i=5j=31

5 Comparison with a two-parameter CFAR based
on mean-variance technique

The two parameters of the Weibull distribution can also
be estimated [7] using the calculated mean and variance
of the log transformed variable In X. A CFAR processor
based on this principle was suggested by Hansen [3], and
applied to a Weibull background. In his Fig. 15, Hansen
provides CFAR loss results obtained through Monte
Carlo simulations for a Rayleigh fluctuating target and
for Weibull background with C = 2 (Rayleigh). Our theo-
retical analysis applies to this exact situation. We have
therefore extended our analysis to M = 32 reference cells,
which is the smallest number of reference cells used by
Hansen. The optimal choice of representative ranks for
M =32isi=35 and j = 31. The CFAR loss as function
of the Py, for P, = 0.5, is shown in Fig. 5.

We reiterate that the WH-CFAR results are theoreti-
cal ones, based on using eqn. 32 to find 8 and eqn. 38 to
find D, which is related to the average SNR by eqn. 34.
Hansen’s results were obtained by Monte Carlo simula-
tions. The loss is obtained by comparison with a fixed
threshold detector, which for a Rayleigh target in Ray-
leigh noise obeys the relationship

(39)
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Fig. 5 shows that the detection loss of the WH-CFAR
algorithm is smaller than the loss of the CFAR processor
suggested by Hansen.
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Fig. 5 CFAR loss of Weber-Haykin and Hansen CF AR algorithms
- —— - Hansen: x Weber-Haykin,i=5,j=31; M =32, P, =05

6 Threshold based on more than two ordered
samples

Choosing k =i to obtain eqn. 21 is only one of M
choices. A more general choice will result in a threshold
based on three ranks with the format

X\
Ihy=X (‘f) (40)

i

By rearranging the subscripts in eqn. 40 we can see some
preference in the role of the different ordered samples.
However, eqn. 40 need not be restricted to i <j < k.

The joint PDF of X;, X;, X, (when X; < X; < X,) can
be found [S] by generalising eqn. 27:

Pip(x, y, 2) =

Q3[P)Y ~ p)[PG) — P ™!
x pOIPE) — PO 1p(a)[1 — P@IM ™ x<y<z

0 elsewhere
41)
where
M!
Qs (42)

TU-DIG—i-Dlk—j— DM —k)!

The relation between P, and f, when the threshold is
set according to eqn. 40, is given by the triple integral

© z y
Ppa= f J J- exp [—(x~#yzf)]
z2=0 Jy=0 Jx=0
x pii{X, ¥, 2) dx dy dz (43)

Inserting the parent distributions of eqns. 8 and 26 and
repeating the substitutions of eqn. 31 will remove the
shape parameter C from the relation, making it also a
two parameter CFAR.
Numerical integration of eqn. 43 is rather tedious.
Again an approximation to § can be obtained from
B~ p*
_ In a;
" In[—In(1 —h)]—In[—In(1— k)]

where «; is found from eqn. 4.
To demonstrate this point we chose i =3, j =10,
k=16, M = 16 and P, = 0.01 in eqns. 4 and 44, which
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(44)

gave f* = 0.69064. We then used f* instead of B in
eqn. 40 and performed Monte Carlo simulations on
40000 runs. The resultant value of Py, was 0.00988.

In the thresholds defined by eqns. 21 and 40 the shape
parameter C is estimated using two ranked samples. A
better estimate could be reached by using more than two
ranked samples. Dubey [4] suggested an estimator of C
based on all M ranked samples as follows

S {In[—In (1 — by, )] — In [—In (1 — b))
=1

C=!

; @5)
S({nX;,;—InX)
i=1

where 2j = M. Using this estimator in eqn. 17 will yield
the threshold

Xoo Xry oo X o \PM
Ty =X, | =iHloir2 oM 2i=M 46
x k( XX, X, J (46)
where
In q
Bu= . 47

$ {in [—In (1 — hye] — In [—In (1 ~ BT}
i=1

The exact relation between § and the P, will require an
unwieldy M-tuple integral. That leaves eqn. 47, or Monte
Carlo simulations, as the only practical means for obtain-
ing B. Again we should point out that because of the
variance in the estimate of C, the resulting P, could be
somewhat different from the P, related to «, through
eqn. 4.

It is of interest to compare the performance of the
various OS-CFAR algorithms discussed so far. A com-
parison was performed by calculating the average thresh-
old obtained by Monte Carlo simulations of the various
processors, when B was adjusted to yield a Pp, = 0.01.
The mean threshold E{T} was proposed by Rohling [1]
as a measure of the relative performances of CFAR pro-
cessors. Clearly, a higher E{T} will yield a higher detec-
tion loss. The results of the comparison, for the case of
C = 2, are summarised in Table 2.

Table 2: Monte Carlo results of CFAR processors

1rank, 2 ranks, 3 ranks, M ranks, M ranks,
k=12 i=3,j=16 i=3,j=10, k=3 k=10
k=16
Eqn. 17 21 40 46 46
B — 1.2333 0.69064 0.2561 0.1423
Py 001022 0.00973 0.01005 0.01015 0.00995
E{T} 23N 2573 2684 2734 2.805
o, 0.366 0.596 0.759 0.846 0.857
E{C}y — 2.340 1.934 2277 1.869
o, — 0.583 0.481 0.548 0.447

The last two rows present the mean value of the shape
parameter, calculated in each trial using eqn. 19 or 45,
and its standard deviation. They demonstrate that,
whereas estimates of C based on more ranks yield a
smaller standard deviation of C, they do not produce a
smaller mean threshold E{T}.

The simulations leading to Table 2 were performed
with M = 16 reference cells. The first column gives, as a
reference, the results obtained with the original OS-
CFAR, using a priori knowledge of C. The second
column gives Weber and Haykin’s two-ranks OS-CFAR
with an optimal choice of representative ranks. The
remaining columns give processors using more than two
ranks, whose thresholds are defined by the equations
indicated in the first row.
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The table demonstrates that, among the two param-
eter CFAR processors, the Weber-Haykin algorithm
exhibits the lowest mean threshold and standard devi-
ation and is, therefore, likely to exhibit the smallest
CFAR loss. However, comparing a./E{c}, reveals that an
estimate of C based on all the M ranks (columns 4 and 5)
yielded a smaller variance.

7 Should the shape parameter be estimated?

We have shown that the WH algorithm performs better
than all the other two-parameter CFAR processors.
However, even that algorithm resulted in a considerably
higher loss than the single-parameter algorithm. For
example, we learn from Table 1 that (with M = 16 refer-
ence cells and Py, = 10~ ) the penalty for estimating the
shape parameter is an additional loss of 7.1 dB. Such a
considerable loss justifies asking the question whether the
shape parameter should be estimated. The alternative is
to set y,, using eqn. 18, to yield the required Py, at the
lowest expected C. If the range of uncertainty in C is not
too large, the loss at the highest possible C may still be
smaller than when C is estimated.

The exact CFAR loss can be calculated if C,,, =2
and the target is Rayleigh fluctuating. An example is
demonstrated in Fig. 6. The short-dashed line represents

098

SNR, dB

Fig. 6  Performance of OS-CFAR when C = 2, but threshold is set
assuming C,,, < 2

min =
------- C

=2;

Coin =15, - - == Cpu=1; M =16, k=12, P, =

min

the performance of the regular OS-CFAR when C =2,
with no uncertainty. The scale factor was calculated from
eqn. 18 as y, = 15.536. P, against SNR was calculated
using eqn. 18 after replacing y, by Dy,, where D is as
defined in eqn. 34.

The solid line represents the performances when
Cpin = 1.5. To limit Py, to 1075 at that C, the scale
factor should be 15.536%/'-5 = 38.766. An additional loss
is incurred when the resulting higher threshold operates
with clutter whose actual shape parameter is C = 2.
Comparing the solid line to the dashed line an additional
loss of 4dB can be seen. This loss is smaller than the
7.1 dB additional loss which would have occurred if C
had been estimated. The long-dashed line presents the
performance when C,,;, = 1. In this case the additional
loss (relative to a known C) is 12.2 dB.

We can conclude from Fig. 6 that, when the uncer-
tainty in the shape parameter is 1.5 < C < 2, it is better
to assume C = 1.5 than to estimate C. However, if
1 < C < 2, it is better to estimate C. In this latter case the
conclusion ignores an important factor. In the regular
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OS-CFAR the highest rank used to derive the threshold
was k = 12. This allows for M — k = 4 interfering targets
to be present before the processing collapses [6]. On the
other hand, in the WH-CFAR the highest rank utilised
was j= 16 = M, which leaves no allowance for inter-
fering targets. From Table 1 we can see that using a
lower representative rank j increases the loss drastically.
For example, to allow for four interfering targets, j
should be 12, implying an additional loss (relative to a
known C) of 19.2dB. Thus, when interfering targets
could be present, the use of the regular OS-CFAR should
be recommended even for the large uncertainty range of
1€£C<2

8 Discussion and conclusions

OS-CFAR is not the only CFAR algorithm that exhibits
immunity to spurious targets. The censored mean-level
detector [8] is an example of a CFAR technique that
enjoys a similar immunity, though at a slightly smaller
loss than OS-CFAR. OS-CFAR, however, has a unique
feature in that the threshold is calculated from a single
reference cell, selected from the M reference cells by
ranking. This feature allows for a simple adaptation of
the technique to background distributions that are
derived from Rayleigh by raising the random variable to
any power. We have exploited this quality and have gen-
eralised Rohling’s OS-CFAR threshold calculations to
cover a Weibull clutter of arbitrary (but known) shape
parameter. We have also provided a means of calculating
the change in the false alarm probability when the shape
parameter differs from the nominal one.

When the uncertainty in the shape parameter is too
large, it is possible to resort to the Weber-Haykin two-
parameter OS-CFAR algorithm. We have analysed the
CFAR loss (for the special case of C = 2) of the algorithm
and have compared it to that of another two-parameter
CFAR processor suggested by Hansen. We found that
the WH-CFAR exhibits a lower detection loss than
Hansen’s algorithm. In general, however, the need to esti-
mate both parameters is very costly in terms of CFAR
loss. We were able to derive analytic expressions for the
detection performances only for the case of C =2 and
therefore our results regarding detection losses are
limited to that case; we feel, however, that they represent
a broad range of the shape parameter C. Finally, we
found that modifications of the Weber—Haykin algo-
rithm, in which the threshold is set by more than two
ranks, yield even poorer results.
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