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In the second part of the report, the theory of distributed CFAR detection with data
fusion is developed. First, a system consisting of n CA-CFAR detectors with data
fusion is considered. The overall system is optimized so that the overall probability
of detection is maximum while the overall probability of false-alarw as fixed at the
desired value. Next, CFAR detection with multiple background estimators and a data
fusion center is studied. Finally, adaptive CFAR detection with multiple detectors
for different network topologies is considered. Two topologies, namely, a parallel
and a tandem topology are investigated. The overall systems are optimized so that
the probability of detection is maximum while CFAR is achieved.
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3 CHAPTER I

) INTRODUCTION

)

P

o

"

Q 1.1 Constant False Alarm - Rate (CFAR) Processors

L

o 1.1-1 Background and Literature Review

N

% In practical radar signal detection systems, the

" problem is to automatically detect a target in a nonstation-

. TR,
s ary noise and clutter background while maintaining a constant aéﬁ’

" NN !
) ) ] A
% probability of false-alarm. '"Clutter" is the term applied ﬁ\f&ﬁ
"' 3 ’.:'. :‘ /
2 to any unwanted radar signal from scatterers that are not of 'y
5 _ Lt
! interest to the radar user. Examples of unwanted echoes, or d:xﬁ
N AN
; clutter, in radar signal detection are reflections from :?ﬁﬁ.

"! \._‘:'\.:\ Y
ﬁ terrain, sea, rain, birds, insects, chaff, etc. Classical Ps
\ i
h detection using a matched filter receiver and a fixed Qf*;

- -l ~.:‘ .

l; threshold is not applicable due to the nonstationary nature éﬁt?f
3 PR
h e A

of the background noise. In fact, a small increase in the

"‘.(l
*
,‘*"'.-o

total noise power results in a corresponding increase of

-
13
4

Y
s

: several orders of magnitude in the probability of false ;Eg&.
i
) alarm. As shown in Figure 1-1, for a design probability of i:j;
; false-alarm of 10-8, an increase of only 3 dB in signal-to- :jﬁi
$ noise ratio causes the actual fclse-alarm probability to EE%E?
increase by almost 104. This undesirable increase in the hfﬂx‘
L Cd
g number of false alarms causes the data processing equipment, 3%?2
:; either a human operator or a digital computer, to saturate. f%ii
LS
; 1
:

RS Co f

~’\’1 '/ AR A $~$5 :&,‘.f“' ’i) -*

} x*-» N o ‘f
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Therefore, adaptive threshold techniques are needed to main- P
. . b '
b tain a constant false-alarm rate (CFAR). E'%’:
¢ ‘I“& X
] [fa¥
¢ . . . . Fol ol
N One approach to adaptive detection in nonstationary oAAN
o
y noise and clutter background is to compare the processea N
: 'i"ﬂ::'?
* O
:5 target signal from the test cell to an adaptive threshold ,:.::n.:.
4 e
R obtained from the mean level of clutter plus noise over ad- W)
B jacent range and/or Doppler Cells [1-3]. The conventional 5’__-,;r
L _'_z")
¢ cell-averaging constant false-alarm rate detector is shown -.;::'.__ :
[ oy
3 in Figure 1-2. 1In the cell-averaging constant false-alarm Ly
L
: rate detector, CA-CFAR, the adaptive threshold is obtained 1‘6'"&’:
X ..“"' ;
A from the arithmetic mean of the reference cells [4]. Finn [2] ‘:..»::"\
: Seaviht 't
) OO0
W showed that in a homogeneous Gaussian noise background, where N ""
. . . A
the noise samples obtained from the range cells are identically ,xf;;:
j e Y
" '."-’.‘Fq" g
\ distributed, the CA-CFAR detector performs well and its per- V;"_\-; t.
> :'-\."Gy' '
4 formance approaches that of the Neyman-Pearson detector as *’\"*-’*.x
the number of range cells is increased to infinity. In 2 ;';’.::3
X o :‘.’;‘
5 . (RN
h nonhomogeneous background, which may be caused by clutter ..;::::::E:
; "'.":’0‘
» edges and chaff, the adaptive threshold setting is seriously “"
. affected resulting in a degradation of the performance. 1In :;R_r::
[} 9.0 %
[ Wy h' '
. the situation where the transition from a clear to a clutter ‘,-}t%.g
2 DNY:
> environment is not relatively smooth, it is assumed that it
A o
p the total noise power density as a function of range can be ;:'.-.’,-.. X
) N
;; represented by the step function as shown in Figure 1-3. j:«::"_\_.
0 SR
. . . NS
& Two cases may be encountered in this severe clutter environ- SaCd
Wi
X ment [1,2]. In the first case, the cell under test is in NN
! X
b the clear region but a group of the reference cells are ';:-:;'.:.’:
i RIS
? immersed in the clutter. This results in a higher adaptive ®
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threshold and the probabilities of detection and false-alarm
are reduced. This is also known as the masking effect. In
the second case, if the cell under test is immersed in the
clutter but some of the reference cells are in the clear
region, the threshold is relatively low and the probability
of false-alarm is increased [1,2,5,6]. Jamming and the
clutter edges mentioned above significantly affect the power
level as a function of range which results in an intclerable
increase in the probability of false-alarm. This situation
is frequently encountered in search radar design. To centrol
this intolerable increase in the probability of false-alarm,
Hansen and Sawyers [5,6] proposed the greatest-of-selection
logic in cell-averaging constant false-alarm rate detector,
GO-CFAR. A comparison between the two CFAR detectors, CA-CFAR
and GO-CFAR, using square law detection of Swerling I targets
was treated by Moore and Lawrence [7]. The clutter map CFAR
approach can also be used for nonhomogeneous background. In
this technique proposed by O'Donnell, Muehe, and Labitt [8],
the detector output of each resolution cell is averaged over
several scans. An analysis of the clutter map CFAR technique
has been performed by Nitzberg [9], to obtain the probability
of detection.

Trunk [10], while studying the target range resolu-
tion of some adaptive threshold detectors, showed that targets
cannot be resolved by a CA-CFAR detector if another target lie
within the reference cells of the other. He proposed the smal

lest-of-selection logic in cell-averaging constant false-alarm
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rate detector, SO-CFAR. The SO-CFAR detector is less sensi-
tive to the detection loss than the CA-CFAR unless the number
of resolution cells is relatively large. In other words, for
a small number of reference cells, the detection loss of the
SO-CFAR is relatively large as compared to the ideal detector.
Closely separated targets may be encountered in dense civilian
or military target environments. In such situations, capture
effect may occur where the probability of detection rises
slowly and reaches one asymptotically. Finn and Johnson [1],
and Rickard and Dillard [11] studied this problem of two
closely separated targets and showed the existence of the
capture effect for all single-pulse Swerling target models
(cases 1,2, and 4). The SO-CFAR detector proposed in [10]
eliminates the capture effect that exists in the CA-CFAR and
GO-CFAR detectors.

Additional work on CFAR processors in situations
where one or more targets lie in the set of reference cells,
i.e., in multiple target situations, is reported in the
literature [12-16]. In this situation, the interfering
targets raise the threshold, thereby drastically reducing the
probability of detection. The noise samples of the reference
cells are not identically distributed in this case. There-
fore, a mathematical representation of the system model
is more complicated which makes the performance analy-
sis of the systems more involved. McLane et al. [12] proposed
a threshold control technique for the CA-CFAR detector based

on a priori information about location that could be supplied
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by the radar's tracking system. Al Hussaini and Ibrahim [13] °
’n'.i'fw

. . . . e,
presented a generalization and extension of the technique in :::;;-:-g:
-'N‘-;h:-"-

[12] for the CA-CFAR, GO-CFAR, and SO-CFAR detectors. When ;_f";:::
h.:.h\' A

the interfering target is in one of the reference cells, ?"\C'?‘\{r':.
> 2 e
Weiss [14] showed that the detection for a GO-CFAR detector :;:%
e

is extremely poor. To alleviate this problem, he suggested ::;}':;
. S
the use of the SO-CFAR technique. Rohling [15] introduced an 'i"'
ot
0 \l
order statistic based estimation technique to obtain CFAR in '::‘:'.:%
(NN
¢ ‘u.\(-
multiple target situations. Finally, Ritcey [16] presented '}!::::::}!:‘
PeG

the performance analysis of the censored mean-level detector - d
Aot
(CMLD), which is an alternative to the mean-level detector ':"::.5}:;:::3.
N TN

. . . OO
(MLD) considered previously {[1-15]. He obtained the expres- 2:::}:::‘,;;:
RNy
sions for the probability of detection of the CMLD in a \v,‘

i

multiple-target environment when a fixed number of Swerling II : l::g.kﬁ
™ 't’f
targets are present. The CMLD achieves robust detection per- ¢ '4:;::“:
\) A

formance in a multiple-target environment by censoring o
h"\_. \J

several of the largest samples of the maximum likelihood C"'ﬂ'
‘ ¢
\ ¢
estimate of the background noise level. . '.'"-&
@
, Soseis
1.1-2. System Description, Notation, and o ;:'.'::2:
Terminology ."::‘:::i'
g,

In this subsection, we describe the operation of the 3

e
cell-averaging CFAR detector, we define some notation, and \xﬁg
hY “\ t
t
present some mathematical background that will be used ‘x::.\"\\‘:'
N

-t W N
throughout the report. LI
\.“il".\":\
The conventional cell-averaging CFAR processor is ':'u::f
ey
shown in Figure 1-2. As shown, the output from the square "".:"f
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law detector is fed into a tapped delay line torming the t’fb}f
referehce cells. The delay, 1, between the taps is approxi- sﬂﬁéé
mately equal to the transmitted pulsewidth. To avoid any iﬁ&?ﬁ?
signal energy spill from the test cell into the directly ﬁ%ﬂ??
adjacent range cells, which may affect the clutter power ﬁ?“E.
estimation, the adjacent cells, called guard cells (usually H@Aﬁa
one or two on each side of the cell under test), are com- uﬁ'

pletely ignored. The statistics of the reference windows U ;t‘ﬁ?”
and V are obtained from the sum of the % leading cells and NKV:J:
the % lagging reference cells respectively. Thus, a total #{_ :h
of N noise samples are used to estimate the background en- W¢'nw
vironment. The noise samples are assumed to te statistically p“ m.
independent. The reference windows U and V are combined .““ﬂ%h

according to some selection logic to obtain the estimate of ::tﬁw

".‘ ’.'t

the clutter power level Q. To maintain the probability of : §$&$
iq‘l (N
false-alarm, PF’ at the desired value, the adaptive thresh- PRRRRK
old is multiplied by a scaling factor called the threshold ;ﬁ;g]h
N 0 OO
" ¥, N
multiplier Ty- It should be noted that for the same value &h:'l'
4 ‘|'l A
of Pr, the threshold multiplier is not the same for different Qe

selection logics. The product TNQ is the resulting adaptive wamag
TR
threshold. The output,q_, from the center tap is then com- -." W
o] L\
. : . AN
pared with the threshold in order to make a decision. * )
“' .
We assume that the target at the test cell (center Ehﬁ?,,
iy
tap), called the primary target, is a slowly fluctuating bk'un
ik
target model of Swerling type I. The signal-to-noise ratio, R
Ui A X
SNR, of the primary target is denoted by S. We further Sﬁ&;Sﬁ

10 r
assume that the total background noise is white Gaussian. ;gai f
:2&.“&
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'?:::::,.%
'i' Since both the noise and Rayleigh targets have Gaussian ehe '
3 quadrature components, the output of the square-law detector ::-’_2 EET
[ WaY ‘h"h
has an exponential probability density function [17]. 1If ?_"M
' . .INHN
the noise variance is 02, then the conditional probability e v:
Bl et bt
density function of the output of the detection cell, Qg s is :6;;_
oyt
S AN
given by {fus: ".::'
44
¥ 1 - qo/202(1+S) Ay
e e
: 267 (1+5) R
; Q IH (q IH ) = ) , for hypothesis Hy :.. ‘E:‘:':'::
, 1 "9y/20 (1-1) R
‘ — e , for hypothesis Hy b -‘-‘
20
. ':'
The hypothesis H, represents the case of noise alone, while Q:M;‘,:.::
: AR
: hypothesis H1 represents the noise plus target signal case. %;':i\‘::
4 LA (X
The probability of detection, Pg, where N may represent CA, :
o,
Q."y"-. ¢
‘ GO, or SO, is given by ‘,)f',;:
( ;:é“ s
’ o ¢
! AN
! N N BN
Pn = | Pr(Q > Tyq|Q, H;) P,(q) dq (1-2) )
. D 0 N 1 Q P
ANy
0 P"wﬁ 3
" "‘NJ{<
Pg(q) denotes the probability density function of the adap- :E
) \ M 3%
n Y,
\ tive threshold and R
S
’ ” T\a %‘ :"
| Pr(Q,> TyalQHy) = | Po iy (4 lHp)dag = expl- —7—] R
) T, q o1 20°(1+S) -l ,:
(1-3) ..
We easily see that P is directly obtained from P, by just g«_‘;
R setting the target SNR, S, to zero, i.e. I—:;Zz%‘
¥ AN
©o AT )
N - | preq. > TualQ, H) PNeq) d 3
; F J 0 Nd 1R Ha) Fola) dq r%
¢ 0 o 2 (1-4) "
-TNq/Zo N P ehNe
- e .+ Py(a) da ot
0
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'."HV -n.,W“ "' : -:;:: 0 f' v"s. ;-.
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For simplicity, we normalize the noise power and the output :

.,.‘.‘.:;‘l:
i
' l

|' v
and (1-3) become ""'::"'
1 _qo/(l"'s) . . : ‘
T+5 © , for hypothesis Hl

e 4y

P H. = _ w ) ¥
Qolﬂi(qol ) - (1-5) -u¢§\;
e , for hypothesis Ho e, Hp

from the test cell and divide by 202. Then, equations (1-1)

‘ and ) m byt : .;.-':v':
Pr(Q, > TyalQ, Hy) = e 1+S (1-6) x#ﬁ#ﬁ
).'\" )
f:d:é " N

When there 1s no interference in the reference cells, then Py
all the noise samples are identically distributed. Since these ‘ «éﬁ
noise samples are statistically independent, the reference
windows U and V have a chi-square, xz, distribution of 2(%) "

Y
degrees of freedom (see Appendix A for details), i.e., N,

-1 AR
1_ 2~ eu > 0 (1-7) watn

Py (u)

|

~f Z|
o

=4

N
and 1 2‘ = 1 -v
Py (v)

i
<
@

b
, v>0 (1-8) )
r - T
:71

The corresponding cumulative distributions are Cﬁgb,

(N/Z) -1 . ]
Fy(u) = I srul,uzo (1-9) S
320 j! ey

°
f‘}‘:‘:\'\ %
and (N/2)-1 1] ;Z:j:;::? <
Fy(v) =1 - 1 STV V2 0 (1-10) ﬁ;g-
j=0 ‘*ﬁd&

|
=
[
('D

|
[¢]
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The above results will be used throughout this dissertation.
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Next, we discuss distributed detection and data fusion. ;&‘u‘
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1.2. Detection with Distributed Sensors and Data Fusion "0“

The use of multiple sensors with data fusion is widely ‘,n.:f

increasing in surveillance systems. One of the main goals é:li

of using multiple sensors is to improve system performance ‘J

such as reliability and speed. For surveillance systems :3:«:'::0:':’::‘

requiring a large area of coverage and/or a large number of ’E‘E.:':a'..:.:
W n

targets under consideration, multiple sensors are used. In

such systems, complete observations can be transmitted by the .

sensors to a central processor for data processing as shown ) ﬁg{:’
in Figure 1-4. This requires a large communication bandwidth "h"
which may not be available. Thus, due to the constraints on .:."‘:".::?:':i::f
the bandwidths of the communication channels, distributed ‘ﬁgﬁﬁﬁ
signal processing with a data fusion center is preferred in :""
many situations. In such distributed detection systems, some “@f
processing of the signal is done at each sensor which then }‘ "":':
sends partial results to the data fusion center, as shown ;P%
in Figure 1-5. These partial results are combined according ig;-:::;
to a suitable data fusion rule to yield the desired global ‘?f
result. In our case, the partial results are the decisions - “
from the individual detectors, D;» i=1,2,...,n, where :?:':%‘\h
Di e {0,1}. The Di's are combined to yield a final decision, E:
D,, which may again be a zero or a one. :,:j'"."-.&."
Some work on distributed detection has been reported %:ig}

in the literature [18-31]. Tenney and Sandell [18], extended f’fﬁf«
Sk

the classical Bayesian theory to the case of distributed N A
sensors for the binary hypothesis testing problem. Sadjadi :‘;:EE;:‘
[(19] generalized the results of [18] to the case of multiple ‘.:2\3:5*
@
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hypotheses. Ekchian and Tenney [20] considered various
distributed sensor network topologies and solved some associ-
ated Bayesian hypothesis testing problems. Teneketzis [21,
22] has solved the decentralized quickest detection problem
and the decentralized Wald problem. Srinivasan [23] has
presented some results on distributed radar detection.
Kushner and Pacut [24] conducted a simulation study on the
effects of specific prior probabilities and parametric de-
pendencies on the decision rule. Chao and Lee [25] presented
a distributed detection scheme based on soft local decisions.
Conte, D'Addio, Farina and Longo ([26] studied the design and
performance evaluation of optimum and suboptimum multistatic
radar receivers. Chair and Varshney [27] derived the optimum
fusion rule at the data fusion center for a Bayesian detec-
tion problem with distributed sensors. Hoballah and Varshney
(28] solved the problem of Neyman-Pearson detection with dis-
tributed radars. 1In [29], they devised an information theo-
retic formulation to the distributed detection problem. More
work on distributed detection and data fusion has been done

by Varshney and his coworkers [30,31].

1.3. Report Organization

In this report, two major topics are considered.
The first part deals with CFAR detection in multiple target
situations. In Chapter two, we present a weighted cell-
averaging CFAR detector for multiple target situations. The

leading reference window and the lagging reference window are
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weighted and added to yield the adaptive threshold. The

oM
@
relative weights assigned to the reference windows depend E? ':&
upon the level of interference. These weights are selected Ny ':“$
such that the desired probability of false-alarm is maintained é&ﬁﬂ%
while the probability of detection is maximized. The per- iﬁf “k
formance of the weighted cell-averaging CFAR detector is %?ﬁ%%
analyzed and compared to the performance of the conventional -Jﬁm&
; cell-averaging, the greatest-of-selection cell-averaging and id}:
' the smallest-of-selection cell-averaging CFAR detectors. IEL*‘
In Chapter three, we present a cell-censored CFAR de- ;tgﬁ:
tector. Each range cell is first compared to a predetermined N@"v

fixed threshold, where a decision about the presence or absence
of an interfering target is made. The cells, where the presence
of an interfering target is decided, are not used while forming

the adaptive threshold. This censoring scheme eliminates the

cells with interfering targets which may otherwise raise the
threshold and therefore, lower the probability of detection.
The performance of the cell-censored CFAR detectc is also
studied.

The second part of this report deals with cell-

averaging CFAR detection using multiple sensors and data fusion.

In Chapter four, we study a system consisting of n CA-CFAR

.
AR

detectors and a data fusion center. Given the fusion rule, a?_:¢

' AP N
first we obtain the optimum threshold multipliers at the indi- ;&gi}

l’--:.:\:-\.‘
vidual CFAR detectors by maximizing the overall probability of "“‘:‘

] RPN
‘ detection at the data fusion center, while the overall proba- fg;%b'
..._:_\. ~ -~
bility of false-alarm is maintained at the desired value. ﬁﬁkﬁ:‘
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Next, we consider the optimization of the overall system, i.e.,
we derive both the optimum fusion rule as well as the optimum
threshold multipliers at individual CA-CFAR detectors.

In Chapter five, we consider a system where multiple
background estimators are used for the estimation of the back-
ground noise. These estimates are transmitted to the CFAR
detector. This CFAR detector computes its own estimate of the
background noise and combines it with the received estimates
to yield the adaptive threshold. The performance of this
system is studied and an extension is also proposed.

In Chapter six, we consider adaptive CFAR detection
for two distributed sensor network topologies. Specifically,
we consider the parallel and the tandem network topologies.

In this chapter, the compressed data transmitted amongst the
detectors is assumed to be in the form of decisions instead
of estimates. The overall systems are optimized to yield
the maximum probability of detection for a fixed probability
of false-alarm. The performance of the systems is also
analyzed.

Finally, in Chapter seven, we present a summary along
with a discussion. Some suggestions for future research work

are also presented.
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A WEIGHTED ADAPTIVE CELL-AVERAGING CFAR ®
DETECTOR FOR MULTIPLE TARGET SITUATIONS

- - - -
-
..‘._
-

) &

..
T

o
oy

2.1 Introduction ...

In radar signal detection, the problem is to auto- nlar

¥
. . . . )
b matically detect a target in a nonstationary noise and éh&@ﬁ

: clutter background while maintaining a constant probability o ;ﬁ
f \) v
f } I"l' ¥
h of false-alarm. Classical detection using a matched filter a$ﬁ%&
H ‘l
; T

receiver and a fixed threshold is not applicable due
P to the nonstationary nature of the background noise. A
small increase in the total noise power results in a cor-
responding increase of several orders of magnitude in the
probability of false-alarm. Therefore, adaptive threshold
techniques are needed to maintain CFAR.
In this chapter,we propose and analyze a modified
, cell-averaging detector for multiple target situations.
The leading and the lagging windows are weighted in
) accordance with the level of interference. Optimum
4 weights, which maintain a constant probability of false-
alarm and maximize the probability of detection,are obtained.
For the Swerling fluctuating target model I, we obtain the
' expression for the probability of detection for our weighted
. cell-averaging CFAR detector. In Section 2.2, we present

) some background material and assumptions. In Section 2.3,

'

A
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we derive the expression for the probability of detection

for the CA-CFAR, GO-CFAR, and SO-CFAR detectors. In Section

A o

2.4, we evaluate the performance of the weighted cell-

~
-

averaging CFAR detector, WCA-CFAR. Numerical results show-

-

" -

ing the performance of the WCA-CFAR detector are also pre-

-
‘v

sented. In Section 2.5, we provide a summary along with a

-
o T

discussion of the results.

2.2 Preliminaries

The conventional cell-averaging CFAR processor, shown
in Figure 1-2, has been described in Section 1.1-2. There,its
performance in the presence ot interference was not discussed.
In this chapter, we consider cell-averaging CFAR processors,
in the presence of interference, i.e., in multiple target
situations. We assume that the target at the test cell

(center tap), called the primary target is a slowly fluctu-

%

R X
N
.,

x,

ating target model of Swerling type I. The signal-to-noise

x

L g}

ratio, SNR, of the primary target is denoted by S. Without

CELT IS,
‘.‘Jff‘tt"a

'-rr‘v
A,
7

z
<

loss of generality, we assume only one interfering tar-

e
5L
A2

iy
g
22 22

-

-

i~

get, the secondary target, in one of the taps of the window U.

We assume that this interfering target is also fluctuating in

f.?

accordance with Swerling target model I with an SNR I. We

55

o
=,
X

further assume that the total background noise is white Gaus-

l,

.:‘.
>

sian. Since the noise samples of the reference window V are

‘51‘

identically distributed, the probability density function and
the cumulative distribution function are as defined in (1-8)

and (1-10). Due to interference, the noise samples of U are

19
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not identically distributed and the probability density
function and the cumulative distribution function of U are

given as follows (see Appendix A for details).

N u

-z - Ly (N/2)-2 .
PU(U) = %' [11"'1]-2- + {e 1+1 e Y JZO JL' [1}-I]J UJ},
u>0 (2-1)
N u .
_ 1+1,7° 1 T TeT 1 (N/2)-2 |0 s (N/2)-2-5 .k
Fy(w) = 1 - [H57] e + e by [_T_]J ’ u
j= k=0
u>0 (2-2)

2.3 Cell-Averaging CFAR Processors

In this section, we derive the expressions of the
probability of detection for the CA-CFAR, GO-CFAR, and SO-
CFAR detectors. These expressions will be used to compare
the performance of these cell-averaging detectors with

that of the proposed cell-averaging detector.

2.3-1 CA-CFAR Detector

In the cell-averaging CFAR detector, the adaptive
threshold, Q, is obtained from the sum of the reference cells
U and V, that is,

Q=U+V (2-3)

Since the random variables U and V are statistically inde-

pendent, the cumulative distribution function of the adaptive

20
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threshold, FSA(q), is just d

Q A@) = pr {Q <q) = Pr {U+V <q}
J PV (v) J PU (u) dudv (2-4) ,q'.:::::.v::.-

-0 u=-o

(1]

Using Leibniz's rule, we differentiate equation (2-4) to AN
obtain the probability density function of the adaptive ”%a-

threshold which is just the convolution of the random vari- i

-
-
»

-8

A

ables U and V. That is,

Y
25

o

pGR(@) = pytw) * Py = [ Py PyGasw) du (2-8)

-0
4

o
o tl
s
‘“.4."5:,
=y

where * denotes convolution and Leibniz's rule is defined

P
&

RIS
TR
R

as follows. If
b (u) i
G(u) = J H(x, u) dx (2-6.a) .
a(u) R,
then, -

b (u) RN
400 -y (uy, u) B oppp ), w SB[ AMOGU gy A

RGO
a (u) Fadry Bt }
(2-6.b) 2

. . etgle!
Using the fact that U,V > 0 and U+V = Q, equation (2-5) becomes haty

q J
L J
Q (q) = J Py(u) Py(q-u) du . (2-7) CASIN]
0
Substituting equations (2-1) and (1-8) into equation (2-7),

: A Y ' R TG, Tt A0 SR \,\0\
Y ~ \ \f .H’u"\'r')“,-’.."n ~ --f\"-(\ '\.«"n "-.P\ .(, ‘."‘\."\- \“ ’. *‘* }* \"'-“’\_. \ \
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we have

N q
CA 1 1 141,72 T
P (q) = _.N_ . T . [ . {i e .
Q F('z')
(N/2)-2 .4 e Ny
- .zo % [ I ]J J e VY.e (q-u) .(q-u)z uw du}, q>0
= 0

(2-8)
If we integrate the right hand side of equation (2-8), we

obtain a hypergeometric function for PgA(q). In order to
solve for the probability of detection, PgA, using equation
(1-2), we need to integrate this hypergeometric function
from zero to infinity which may not lead to a closed-form
solution. To avoid this difficulty, we use an alternate

approach and make the following change of variables.

o t oo oo

l f(t) J £,(0)f,(t-1) drdt = J £, (1) J f(t)fz(t'T) dtdr
0 0 T (2-9)

Using the change of variables and substituting equa-

tions (2-8) and (1-6) into equation (1-2), PSA can then be

rewritten as,

1+S+TCA]

CA 1 MRTCT S8 ST | rreae 3-1
pCA - g ey {Je

(q-U)7 dudq

Jq - fyp)
[

3
N

S
[e)
(e

q N

-1
(q-u)z

u’ dudq}

(N/2)-2 , -q [—13z—]
) f%'[lile l e J

j=0
(2-10)

Solving the double integrals, the probability of detection

becomes,
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oCA _ C S 1 (N/E)'Z C,
D ~ N7z lTess T+ DT T Ll T+ T
(1+S+TCA) CA j=0 (1+S+TCA)
(2-11)

where, N ) N

c = [1;1]7 (1+S)7

c' = [FE1(1+s)
and

- I 4j j+1

2.3-2 GO-CFAR Detector

In this case, the adaptive threshold, Q, is the maximum

of the reference windows U and V, i.e.,
Q = MAX(U,V) (2-12)
The distribution function of the random variable Q is

Fgo(q) = Pr {Q < q} = Pr {U

| A

Q, V 2aq} (2-13)

Since the random variables U and V are statistically inde-

pendent, we can write

Pr {U < q} ¢« Pr {V

| A

GO
FQ (q) q}

(2-14)
= Fyla) Fy(q)

The probability density function is, therefore, the derivative
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of Fgo(q) with respect to q, i.e.,

2 l
GO _ _
Pq () = Py(a) Fy(q) + Fyla) Py(q) (2-15) :‘f‘-:':,:.',‘
I
Substituting equations (1-8), (1-10), (2-1) and (2-2) into .
hﬁivy“
equation (2-15), we obtain the probability density function o '%

Qe
:" I‘Q

of the adaptive threshold, which is given by Ry
3. t‘ml‘

(N/2)-1 , Tt b0
- {1 - &1 ) “ qQl1 - {e 1+l “"’f,’»?
j=0 J° onte ]

| Z

—
|+
—

q /232 . . (N/2)-2-7 K e
{1 - [1+I] e 11 % e ¥ &%l.

J |
!
<0 k=0 X' "T-'ﬁ.:“
2
§

q >0 (2-16)

—

Now, substituting equations (1-3) and (2-16) into equation o
(1-2) and rearranging terms, the probability of detection
for the GO-CFAR detector is obtained from p
= _ Igod S‘R&

- WO

This results in ®
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. Pp =1 T (I+s) + (I+1) T iante
: GO el
‘ A
, (N/Z)-1 [ ltS i+l (N/f)'z L) .Syt .
! PESTYS N - : T+1 e
y j=o  *1*Tg j=o 1 1+5+T60 e
; Wt
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1‘ y |.|.|
(N/2)-2 (N/2)-1 (5.yy, (L3 (LS iekely X
) j=0 keo JP kKb I+l Z(1+5)+T, =
K i;fc'.‘_.’-f"
. Sahel
; N N, N ey
) s[itS 7 (11,2 [ (1+S) (1+1) )2 e
' 1+S+TGO I (2+1) (1+Sj+(1+DTGO Py

. N ,
; J1.a VD s TG e
! T TN, . — kU I TN
r¢z) j=0 k=0 °
o N + k . _‘.._-.‘_
RN AT
A . [ 1+S ]7 2-18 ,'.‘x'\"\:‘,
Z(I+5)+Tn (2-18) L
.' GO ;q_*.
) \ \H ()
2.3-3 SO-CFAR Detector e
. A
|: :E:::::: ¢
3 In this case, the adaptive threshold, Q, is the miminum '.;.:::.:f}
W ey
' ERSA
N of the reference windows U and V, i.e., et
®
R R
n Q = MIN(U,V) (2-19) r:-.;’
o o]
N The distribution function of Q is D
K] '.jv".fl'.;_'
y S0 ) RS
. FZ27(q) = Pr {Min(U,V) < q} AP
\ Q - AN
y "“i"‘:-'l
2 =Pr {U<q or V <qg} (2-20) -f:
NS
A . . el
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- Fgo(q) = Pr {min(U,V) > q}

Pr {U>q and V > q}

Pr {U > q} « Pr{v > q}

(1 - Fy(@) 11 - Fyla)] (2-21)

Therefore, the cumulative distribution of the adaptive

threshold is

Q (q) = Fyla) + Fy(a) - Fyla)F(a) (2-22)

Taking the derivative of equation (2-22) with respect to q,
we obtain the first order probability density function of the

adaptive threshold Q, i.e.,
P () = Py(a) * Py(a) - Py(a)Fy(a) - Fyla)Py(a)

Substituting equations (1-8), (1-10), (2-1), and (2-2) into

equation (2-23), the density of the adaptive threshold becomes

N
1,772 ) T% -q (N/E)-Z

Pa (@) =1 (Ff71° - (e “e L

j=o

(N/2)-1 E-1

J},,, q
js0 37 (§)

(N/E)-Z 1+7. (N/2)-2-3 K

[=+] ! TPt sazo
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e ,
I R
% Now, substituting equations (2-24) and (1-6) into equa- Qﬂ%v
: . )
a tion (1-2), the probability of detection for the SO-CFAR ;%hﬁ
K i
, detector is obtained from .%:v
“W OO
R et
3 = . Isof S
’ SO 1I+5 ,S0,. 4 4 e
‘ Py = P q 2-25 ey
: D £ ¢ q (@ (2-25) SR
$ This results in
g \
K pSO L L (1+1,7° 2 (N2)-1 [ (1+8) (1+1) (5ol _

D I I 320 (2+I)(1+S)+(1+IjTSO
;o
K (N/2)-2 (N/2)-1
R) = - . . .
) (3+k) ! [ I ]J . 1+S ]J+k+1} .
} . k1! 2(1+S)+TS,,
P io k=0 ‘%TET‘ I+1 I+5)+TS
] N N
: 141,71 (1+S) (1+1) 7
: [——] (2+I)(1+S) + (1+D)T
& I SO
K
' . /N N
K S Lo TE T T(T+5)+ T,
N 2
; (2-26)
y 2.3-4 Threshold Multipliers
\.:
3
k)

The threshold multipliers for the three schemes, TCA’
9

T.~n» and T.., are all different since they depend on the LA
" GO SO r\‘.\.‘,('- Sy
. . . . NN ,
z selection logic. To solve for these threshold multipliers, :25:\
§ PEANON
k] . . . a s NG
: we obtain the expression for the probability of false-alarm AN
“ )
ja [N
of each detector. Then, we set the probability of false- ~:€?n
AR
\ . . iyl
b, alarm to the desired value v, and obtain T.,,T.. and T.., pladic,
: CA’ "GO SO e
s . . RRRRCY!
s from equations (2-27), (2-28) and (2-29), respectively, by _qu‘
Or .
ey,
. ":: :._
: * 8
" h. \:
y t‘\ \
S
T e 8 T e e T e e e e e e e T Tt T T T e S e e S
anhie :__:?-.._'.__..'_; AN e ,*_:,,_- S _.\_.:_.:-__-_\_.:,: ,.:_ ~_.::_._\ < R '-j.‘-‘_.:_.: -ﬂ:~‘ -..:_.‘ ,:_.}__.
Tty A SIS MY :,."‘ A St o, roo N : o ARSI ATAG IS > N
200 Ry N < Lot N A A T 2




R R O P T L O R O R T R N N o T o v T O T T O R R T A T T T R T R WU O WO S OO

an iterative procedure. The probabilities of false-alarm of

’
3 '.--,A
the three cell-averaging detectors are as follows. i‘“ e

- 2
z (N/ !

)
) j+1
0 D7 (1+T,)
(2-27)

2
iy /
-2 N,
)

2
L

j
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SRR

By
1

Z

0
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co _ D? 1t (N/2)-1 1

1*(1"'1;! . g J"’I

o
N
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RN

S
(N/2)-2 1 G

L J 3 8
j=0 D (1+TGO)J TR

Wi

(N/2)-2 (N/2)-1 (4, . . .‘m

i L Sl T el Z RN
j=0 k=0’ DI (247 ) K (1+1 )V "

71 N . RN

p2 (1.1)V/?2 1 , (N/2)-2 (N/2)-2-3T(+K s

T TN N

(2¢1+ (e DTV 0 T () 3'20 ko K 3+k eI

(2-28) iR ]

-2
po -~ VB e e
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Next, we present the weighted CA-CFAR detector. b
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2.4 Weighted Cell-Averaging CFAR Detector

The proposed weighted cell-averaging constant false-
alarm rate detector, WCA-CFAR, for multiple target situ-
ations is shown in Figure 2-1. The output from the square
law detector is fed into a tapped delay line forming the
reference cells. The set of the leading reference cells
form the reference window U, while the set of the lagging
reference cells form the reference window V. The reference
window U is multiplied by the weighting coefficient o, while
the lagging reference window V is multiplied by another
weighting coefficient, B. These weighted means of the
leading cells and the lagging cells are added to yield the
adaptive threshold, Q. The output, P of the test cell
from the center tap is compared with the adaptive threshold
where a detection decision is made.

An intuitive justification for using a weighted cell-
averaging approach is the following. While computing an
estimate of the background noise from the reference cells,
we should assign more weight to those cells that do not con-
tain interference. Thus, if interference is present in the
leading cells, then the weight o assigned to the reference
window U should be smaller than the weight B assigned to the
reference window V. The relative values of a and B depend
upon the level of interference in the reference cells. It
should be mentioned that o and B should be such that the

desired probability of false-alarm is maintained.
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We assume that the primary target at the test cell
has a signal-to-noise ratio, S, and the secondary target,
or interference has an SNR, I. Without loss of generality,
we assume that the interference is in the leading cells
only. The primary target and the interfering target are
assumed to be fluctuating in accordance with the Swerling
target model I. The total noise power in the background
is assumed to be white Gaussian. The reference windows U
and V are statistically independent random variables. Re-
scaling U and V by the constants o and B, respectively, we
obtain two new independent random variables X and Y, where,

Py(x) = — P(X) , @ #0 (2-30)
X Ial

5

- Llop
Py) = T PyB) B # 0

o
-

Substituting equations (1-8) and (2-1) into equations

o
A

G
i ﬁﬁ

(2-30) and (2-31), we obtain the probability density func-

._r'
5
i’

e

tions of X and Y to be

l.‘.,‘ ‘

P

Py

Py (x)

“v ® -y
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o The adaptive threshold, Q, of the weighted cell-averaging

'.i

ﬁ detector is the sum of X and Y, i.e.,

P

f.‘

4 Q=X+Y (2-34)

;

s Since the adaptive threshold Q is the sum of the two inde-

‘

ﬁ pendent random variables X and Y, the probability density

# function, Pg(q) is the convolution of X and Y, i.e.,

n

W

: (o]

0} W

i PR(Q) = Py(0) * By(y) = | Pyy) Pylasy) dy  (2-39)

i

ﬁ‘ Using the constraints (X,Y, > 0), the probability density

M

[}

& function of the adaptive threshold becomes

1)

™ W q A

b Pla) = J[ P (y) Pyla-y)dy (2-36)

N 0

* The probability of detection for this WCA-CFAR detector

)

\ is defined as

s

¥ P = | preq > qlQ, H) PP(q) d (2-37)

. D 0 » F17 Fq R

I 0

4 where

0

b i 4

‘ Pr(Q,>alQ #)) = | Po_ i, (8 Hp)da, = exp [+ ]

h)

€ (Z = 3 8 )

r,

i Now, substituting equations (2-36) and (2-38) into (2-37),

e Pg becomes
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‘Tﬂ§ q
D= j e ** J Py (y) Py(q-y)dy
0 0

This results in

. 4_ 4 -1
y J e 1*5 J y o Y/B .
0 0

ol % -

- e
j=0

(2-39.b)

1 .1 .1
fa] 18] r(g)

Using the identity (2-9), the probability of detection can

be rewritten as

o]

] - q[lis +
i e

1 o 1 1
a] J' e‘Q[‘l";g*‘(;]

y

(q-y)7J dqdy

(2-40)
Solving the double integrals, the probability of detection

is given by

(N/2)-2
oW a | 8 C c 1

o] 18] (1+s+B)N/2 ) [{1+S+dT1+fg

j=0 (1+S+OL)J+

(2-41)
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where C, C', and C. are as defined in (2-11). '”.'-‘
J "'..}..‘.:0
The goal of our WCA-CFAR detector is to obtain the S ...1:""
Wl
weights o and B so as to obtain the best Pg while keeping 'v',_: _‘:::,'
the false-altarm probability, Pw, to be a constant v. This iy
can be achieved by using the calculus of extrema, for which o '.',:.::
i
we form the following objective function. En:::.:::
J(a,8) = PH(a,8) + E[PY(a,B) - V] (2-42) T
ettt
where v is the desired false-alarm probability and £ is the .::‘,ié:
i
Lagrange multiplier. To obtain the optimum values of a and Zd_n
@
B, we maximize the objective function J(«,B), i.e., we take ,:'..::j:::i::
)y .lq.‘
the derivatives of J(o,B) with respect to o and B, set them ":3::‘:::::.::
SN

OO
equal to zero, and solve for o and B. The derivatives are "'«05
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. We obtain & from equation (2-43), substitute for it in ;ﬂagg

] 5‘ X1
0

: equation (2-44), and solve for B in terms of a. We obtain i

i

' (1+8) HZ - H

1 h
B = (2-45.a) I
H, - H Nt
1 2 ‘.-.-?"
Ay N
where PR
X b V‘::o‘;‘.
. SO0
A : r 1 (N/%)-Z C. | .
Hy = Imsvemery - T — ! Y
1 +otall+ I j=0 (1+S+a)J+ \"v_}‘u:".'
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Knowing the fact that the probability of false-alarm is “?ﬂ&t
F 3
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we substitute for B from equation (2-45) into equation ...
e
(2-46), and obtain a nonlinear equation in terms of a only. Eﬁtﬁf
g Yy
Using an iterative procedure, we solve for o -and B. Since Eﬁg{$§
'.F.".‘. \
the equations are nonlinear, more than one solution may -
:\.r__.f;r'
be obtained. Only those solutions which satisfy the Qﬁ??f
R0
given constraints of the problem are kept. qiﬁgi.
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i We obtain some numerical results to illustrate the perfor- '!h!:::::}
: mance of the WCA-CFAR detector. The desired Pg is assumed
E} to be 10", In Figures 2-2, 2-3, 2-4, we compare the per- A
. formance of the WCA-CFAR with the CA-CFAR, GO-CFAR, SO-CFAK -"'
Ec detectors in terms of Pg versus SNR curves for different "
E: interference levels. We notice that the WCA-CFAR detector '::‘-:E::SES'
: performs better than the other three. 1In Figure 2-5, we show ::T‘.‘:'
? the performance of the WCA-CFAR detector as a function of the ';E.
:E interference level. In Figures 2-6, 2-7, and 2-8 we also ob- ’r‘?}"‘..
" interference level. As expected, in Figures 2-6, 2-7, and "!!'5
5.. 2-8 we observe that the performance of the WCA-CFAR improves ::.“:2
.:: when the number of reference cells is increased. :":""2
" Rt
2.5 Summary and Conclusions 5,.‘
' - i
b In this chapter, we proposed a weighted cell-averaging "{::;'.:;:
CFAR detector for multiple target situations. In this de- "":::'t
E tector, the weighted leading and lagging reference windows :" r
E; are added to obtain the adaptive threshold. The weights are "-E:; é
! selected so that CFAR is achieved while maximizing the proba- ?\i’*.»
R bility of detection. It results in a smaller weight being .«-
E‘ assigned to the window where interference occurs and more &
¥ weight is assigned to the window without interference. This :-?"-.
:.' weighting procedure prevents the adaptive threshold from be- Ef?'?.:
:; coming too high and resulting in a severe degradation of the E:;E?}E
: probability of detection. For Swerling target model I embedded 7::.‘;:.'2:"-
28 in a white Gaussian noise of unknown level, we showed that i;fﬁ*
;: the WCA-CFAR detector performs better than the CA-CFAR, ﬁ.'s;';{:"
GO-CFAR and SO-CFAR detectors. 'ﬁ‘f-';ﬁ'
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CHAPTER III

A CELL-CENSORED CFAR DETECTOR FOR
MULTIPLE TARGET SITUATIONS

3.1. Introduction

In the previous chapter, we proposed and analyzed the
WCA-CFAR detector, which was shown to perform better than the
CA-CFAR, GO-CFAR and SO-CFAR detectors for multiple target
situations. In this chapter, we propose another scheme for
adaptive cell-averaging CFAR detection for multiple target
situations, where we censor those cells which may contain
interference or noise spikes in them. In Section 3.2, we
formulate the problem and study the performance of the pro-
pcsed CFAR detector. In Section 3.3, we present a summary

along with a discussion.

3.2. Cell-Censored CFAR Detection

The cell-censored mean-level detector considered in this
chapter is shown in Figure 3-1. In this detector, the idea is
to delete those cells, which may contain interference,
while estimating the background noise. The output of each
range cell is compared to a predetermined fixed threshold, A, TR

to determine the presence or absence of interference in that

’4«'
s
f’?"




Square
Law
Detector

Detection

—>
Output

hold A|<=

Threshold X

\?g...DZ D

1

N Thres

+
Pt

U=5(1-D,)a; V=2(1-D;)q;

Q

i?“ é
ii;;;

-

3-1. Cell-Censored CFAR Detector.
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! range cell. The desired probability of false-alarm at the 't\'c'

range cells determines the fixed threshold A. The comparison ‘ﬁ{ m
. . ."' ;
of each range cell to A yields a decision, Di’ i=1,2,...,N, udf'
' e
where Di e {0,1}. When Di’ i=1,2,...,N, is one, it indicates '.". .,',.
the presence of interference in the ith cell. This cell is :::::‘.::"::,.
|.l'|l O'.i"
then censored and is not used while computing the estimate of nhnRNY
the background noise. However, when Di’ i=1,2,...,N, is zero, :::
'.l"
it indicates the absence of interference in the ith cell and ?‘-'.,; :::::::
antitety
. . . X% L)
this cell is used in the estimation of the background. The "o!"o.t
estimate of the background noise is used to set the adaptive ’.‘":"'.:";'
H.t, H
threshold, Q. As before, Q is scaled by a threshold multi- :."u ::.::'3
O
plier, T, prior to comparison with the output of the center T
» At s v-
tap to yield the desired overall probability of false-alarm ;J,;f‘n
}‘,\’.";‘ ]
at the output. As seen in the previous chapters, presence of éi’l# '::
SRLRLS 'Q
interference in the range cells raises the threshold unneces- /‘x.,@;c
@
sarily and consequently, it reduces the probability of ""::"'""
'.!"u"w“.l
detection and the probability of false-alarm drastically. '::..,‘ "
The proposed cell-censoring scheme prevents the adaptive 08
°
threshold from becoming too high by eliminating the cells '~"".‘
‘Qi
. . . S
which may contain interference and thereby improves the ' :%2,
e
) ,
system performance. ¢ Y
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‘ i=1 1 1 fbﬁ?&*
, and 'J.t
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§ LR !
ey,
: v - (1 - Dy a, (3-2) sy
: i= (N/2)+1 ¥ R
PREAR
) Clearly, when Di is one, the corresponding a; drops out of DRl
' A
the summation. As in the conventional cell-averaging CFAR :%:j !
PIFat N,
detector, the adaptive threshold, Q, is obtained by summing - ;‘
vg‘r.'-';.
. the reference windows U and V. Q is then scaled by the t,c.:::',.:'::
! GRS
; threshold multiplier, T, in order to achieve CFAR at the de- '{ﬁﬁﬁ
' "‘t‘".
: sired value. The output, Ay from the cell under test (center - ;
T
, tap) is compared to the threshold, TQ, to yield the final Z;&QA
b :\) M
} decision D, D e {0,1}. &{*{{i
k o’ "o hoaNi
! We assume that the target to be detected, or the primary e
raed
target at the test cell, is slowly fluctuating in accordance )‘-5. '.;E::
bt
o] |'||!
f with Swerling target model I. We also assume that the inter- k?&*
: ‘:...'.:v‘
! fering targets are of Swerling type I. Then, the probability ' 6‘

, density function of the normalized output of a range cell

without interference is

"4 e
; PQi(qi) = e » q; 20, (3-3) N

i=1,2,...,N \
and the probability density function of the normalized output e

of a range cell with interference is given by
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PQi(qi) T+T1°¢ » 93 20 (3-4) 8
i=1,2,...,N

where Il’ i=1,2,...,N, denotes the SRN of the interference | o

b
-

(if present) in the ith range cell and the superscript I in
Pé.(qi) indicates the presence of interference in the ith
i

range cell.
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Next, we evaluate the performance of the proposed
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system when there might be only one interfering target with
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an SNR I in one of the taps of the leading reference window U.
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Without loss of generality, we assume that it is in the first
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where Z corresponds to the output of the first cell which

may contain interference, i.e., §ﬁ3ﬁ
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The discrete probability density function of the random 535
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where, 6(x) is the Kronecker delta function such that, ??fxby
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1, if x = X 3\:&
8(x - x) = (3-9) St
° 0, if x # xg °
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in P; indicates that it is the probability associated with an .Ngﬁﬂg
AR

individual cell. We may express Pi as hf%§§§
"‘.::.“.::t‘:
L J

P] is the probability that the decision D; is one, and

1 - Pi) the probability that D; is zero. The superscript ¢

I I I I
Pr(D, = 1|H)) P(H]) *+ Pr(D; = 1|H ) P(H) SR
cﬂdﬁdv
t‘l:l'(f.

R

o
(]
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(3-10)

where Hé is the hypothesis that no interference is present

in the first cell while the hypothesis H{ indicates that in-
terference is present in the first cell. Pgl is the pre-
specified probability of false-alarm at the first cell which
determines the fixed threshold A\. Pg and P{ are the prior
probabilities indicating the absence and presence of the
interfering target of SNR I at the first cell, respectively.

The random variable Z of equation (3-7) is defined as

Z = GQ (3-11)
where

1° G e{0,1} (3-12)

If D1 is one, G is zero and thereby implying that Z is zero.
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Since Pi represents the probability that D, is one, the proba- e

bility that Z is zero is also P¢. When D, is zero, then due ‘ Qﬁgﬁi

1 1
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to the independence of the random variables G and Ql’ the L’.{
e

probability density function of I is °®

- - C - z/ 1 l.h
PZ(z) = J (1—P1) S(g-1) e g TET dg (3-13) 2&%qu
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Solving the integral, we can write the probability density dadeiny

function of Z as ‘;v;#h‘
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(3-17)

then from Appendix A,

1
P, (u,) = u
Ui r(g -1)

N Z
13
—
]
[
p—

e *, u; 20 (3-18)

The probability density function of V is as defined in equa-
tion (1-8). The adaptive threshold Q is the sum of Ul’ \'

and Z, i.e.,

Q = U1 + V + 7 (3-19)

Then, the probability density function of the adaptive
threshold, Q, is the convolution of the probability density

functions of Ul’ V and Z, i.e.,

PQ(q) = Pul(ul) * PV(V) * PZ(Z) (3'20)

where * denotes convolution as before. If we define R as
R=1U;, +V, (3-21)
then the probability density function of R is (see Appendix A)

_ 1 N-2 -r
PR(r) = FTNTTT r e ’ r > 0 (3'22)

The probability density function of the adaptive threshold, Q,
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Pola) = Pp(r) * P, (2) R
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Substituting equations (3-14) and (3-22) into equation (3-23) _;;_hﬂ
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and solving the integral, we obtain e,
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To obtain the expression for the probability of detection, ﬁﬁﬁ” "
l'.!“‘l!
we substitute equation (3-24) into equation (1-4) and solve ' ‘:v‘w
the integral to obtain the probability of detection, P,, to ¥ 'dﬁi
D Khemeh
be :21"
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1+S ,N-1 1+S N RS
= p¢ h - N A - ot
Pp = Py Iyggerl © ¢ (1 - P Iq3seyd] (3-25) e
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The probability of false-alarm is Aol
: ®

C C \
1 5
P = L+ L (3-26) oy

N-1 N ad!
o (1+7) s
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To evaluate the performance of the proposed cell- .
S,
censored CFAR detector, we obtain some numerical results. :ﬁfnﬁn
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We assume that the desired overall probability of false-alarm, :?}ﬁi;‘
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PF, is 10 ; the number of range cells, N, is 4; while the g e
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SNR of the interfering target is one tenth of the SNR of the \a§b$*
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increased (P§ is reduced), the probability of detection, Pps “&x
1 !
improves. We also notice from Figures 3-3, 3-4 and 3-5 that :g
)
the performance of the conventional cell-averaging CFAR de- ’ .
-
tector is better than the performance of the cell-censored "
CFAR detector for small values of the target SNR. As the SNR
of the interfering target increases, at a certain point the
. . . . ¥4
cell with the interfering target is censored and the perform- ; N
AN
ance of the cell-censored CFAR detector becomes better than iy
that of the CA-CFAR detector. The point at which this cross- E o
over takes place depends upon the value of Pg . It should be !
1 ’ e
noted that if we make P§ smaller, the crossover point would o
1 ALk
ncenr at a smaller value of the SNR of the interfering target. o
i
. ("-',,C." \‘.
3.3, Summary and Conclusions "n'::p&
ey
In this chapter, we have proposed a CFAR detector using ‘*ﬁ“z
e
a cell-censoring scheme for multiple target situations. We j%%fﬁ'
v
analyzed the system for th i - gﬁﬁ‘
y ystem for e case when no more than one inter N
. Kot
fering target may be present. The analysis for situations V'KT‘
when more than one interfering targets are present can be ?L
v,
3 . - 3 - 3 - \
carried out in a similar manner. Numerical results indicate F;
o
. . . SR
that the proposed scheme is effective in a multiple target °
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®
K CA-CFAR DETECTION WITH DISTRIBUTED RADARS Ll
I M)
: AND DATA FUSION SR
$ pla)
‘ Wi
: R
4.1. Introduction ‘;‘ew
Fd f
As indicated in Chapter One, a lot of work on distri- %&ﬁif

Rt
buted detection has been reported in the literature [18-30]. b !

o

Also, an extensive amount of research has been performed on Sﬁiy
,\.:_\\-'4 t
cell-averaging CFAR detection using a single sensor [1-17]. s
et
S )
To our knowledge, no work is reported on CFAR detection ?ﬁE:‘
using multiple sensors and data fusion. The goal of this ﬁﬁf.@
o]
chapter is to develop the theory of cell-averaging CFAR &*~ !
‘l
detection using multiple sensors and data fusion. In Sec- & ;h

. . N = i\:i

tion 4.2, we formulate the problem of distributed CFAR :ﬁt
-J‘:' :-Jl,

detection with data fusion. In Section 4.3, we shall assume RO
RS

that the fusion rules at the fusion center are known. Spe- Kﬁﬂ?

cifically, we consider the "AND" and the "OR" fusion rules

at the data fusion center. We obtain the optimum threshold
multipliers of the individual detectors and derive an expres-
sion for the probability of detection at the data fusion
center for the given fusion rules. As an illustration, we
study the performance of a distributed CFAR detection system
with two detectors and data fusion. Numerical results show-

ing the improvement of the performance for the distributed
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multiple sensor system with data fusion over a single sensor
system are also presented. In Section 4.4, we consider the
optimum design of the overall system, i.e., we obtain the
optimum threshold multipliers at the individual detectors as
well as the optimum fusion rule at the data fusion center. An
example is also presented for illustration. In Section 4.5,

we present a summary along with a discussion.

4.2, Distributed CFAR Detection with Data Fusion

We consider n distributed CA-CFAR detectors with a
data fusion center as shown in Figure 4-1. It is assumed that
the number of range cells at the ith detector is Ni’ i=1,2,
.,n. The target to be detected is a slowly fluctuating
target model of Swerling type I. The target is embedded
in a white Gaussian noise of unkpown level. Let the

probability of false-alarm and the probability of detection

at the individual detectors be denoted by Pe and PD ,
i i

i=1,2,...,n, respectively. If the average noise power is 02,
then the conditional probability density function of the test
statistic q; from the test cell of detector i,i=1,2,...,n,

is given by

i 2
1 -q;/ZO (1+Si)
——— ¢
_ 20 (1+Si)
P . (qéIHj) = ¢ , for hypothesis H,
1 —qé/Zo2 , for hypothesis H
\ —7 ¢ °
20
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where Si’ i=1,2,...,n, is the target SNR at each CA-CFAR qu.r%

AR

detector. The hypothesis Ho represents the case of noise :§¥34§
N,
alone, while hypothesis H, represents the noise plus target o

|
b

signal case. To simplify the mathematical derivations, we

o

-
- o "’—’b..
'.ﬂ‘oso‘o
R

»
5
b2

-
el

assume S1 = 52 = ..., = Sn = S, where S is the target SNR.

Results for the case of unequal target SNR's can be obtained R\
in a straightforward manner. The probability of detection, ;gés?
D.? for deteétor i, i=1,2,...,n, is given by Q??ﬁf‘

1 LA ".‘;"":‘ “,

P

N °
Pp = J Pr(Qé > TiquQi, Hy) P .(q") da’ (4-2) N &"
i 0 Q ‘l‘p!t‘

where T.1 is the scaling factor at the CA-CFAR detector N

. i .o QM’.&
i, i=1,2,...,n, and P i(q ) denotes the probability density Sy

-
-
v e
T

function of the adaptive threshold at the ith CA-CFAR de-

2

2
=

tector. Also,

3
ol
5]

£
&

N
¢
24

. s . . T.qi
Pr(Q, > T;a'IQ", Hy) = J : PQiIH (aglH)) dag = exp [- e
1

5
-

SF Rty
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(4-3)
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Since the noise samples, for each CA-CFAR detector, are

,_
n: o
-
o

.
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identically distributed, the probability of detection of the

“x
S a

individual detectors can be written as (see Appendix A for

™

=1
25
Z

details)

N, ::T.\-'NJC\.
0 = (+S) o i=1,2,...,n (4-4)

i
(1+S+Ti)
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Each CA-CFAR detector transmits its decision to the data

fusion center.

These local decisions of individual detectors

TRRRAIY
c‘.':':‘:':::‘

Iy ::"c’r
."3',:}3::;

- wi A7)
are denoted by Di’ i=1,2,...,n, where ﬁ&ﬁﬁm‘
]
. . ) AP AR
0, 1if detector i decides H_ :AE#H'
D . = ( 4 - 5 ) w ) :
1 ! ':..'
1, if detector i decides H1
In order to be able to express the overall probability of
detection, PD’ the overall probability of false-alarm, PF’
and the overall probability of a miss, PM, at the data
fusion center, in terms of the probabilities of false-alarm
and miss at the local detectors, i.e., PF 's and PM 's, we
i i
define the following quantities:
D= (D, D D )T (4-6.a)
— 1 ’ 2 L AR n .
MQ = % PM. ﬂ (1 - PMk) = P(QlHl) (4-6.b)
S J's
= - = 4-6.
F_ no (1 - P.) H1 PFk P(D|H) (4-6.c)
S J s
PkQ = Pr(D0 = k|D) , k=0,1 (4-6.d)
D0 = Global decision at the data fusion '.
N N
center (4-6.¢) e
0 :".r:‘;:'::"'
S = Set of all j, (j # 0), such that D, ORI
] IREEN NN
is an element of D and Dj = 0 (4-6.1) BRI
o
1 o Xr
S = Set of all k, (k # 0), such that Dk PN
A
is an element of D and D, =1 (4-6.g) RN,
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Then, we may express PD’ P and PF as follows ﬂ&ga-

M’
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x.

Py = I Pop M (4-7) N
D
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(4-8)
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(4-9)
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where,
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= summation over all possible values of D.
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The transition probabilities Py, and P, are determined by

the given fusion rule. Since D can take 2 possible values,
' n ey e e g
there are 2 possibilities for POQ and PIQ' The goal is to NS
: maximize the overall probability of detection while keeping Woth
: the overall probability of false-alarm constant. To do this, A

we use the calculus of extrema and form the objective function Pt
h.

SR
£
s

S
_}

J(Tl,Tz,...,Tn) = PD(S,Tl,...,Tn) + g[PF(Tl,TZ,...,Tn)-v]

&2
&?}.,

h g
.

(4-10)
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where v is the desired false-alarm probability at the data

,’,
D
e
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o,

fusion center, £ is the Lagrange multiplier, and Ti’ .. -‘_..‘,
i=1,2,...,n, are the threshold multipliers at each detector. Vﬁ};
To maximize P,(S,T;,...,T ), subject to the constraint that T
PF(Tl,TZ,...,Tn) is a constant, we must maximize the objec- -
tive function J(TI’TZ"“’Tn)’ We set the derivative of ilfdh‘

J(T,,T T ith T., i=1,2 1 o
( 12T 0 n) with respect to ;» 1=1,2,...,n equa to 5'*f
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zero and solve the following system of n nonlinear equations

in n unknowns.

3J(Ty,Tyyers»T )
3T
j

=0, j=1,2,...,n (4-11)

Once the threshold multipliers, Ti’ i=1,2,...,n, are obtained,

all the PF 's are fixed and the optimum Py results. Now, we
i

give specific results for the "AND" and the "OR" fusion rules.
We also find the optimum threshold multipliers so as to maxi-
mize P while Pr is maintained at the desired value.

4.2-1 "AND" Fusion Rule

In Table 4-1, we present the "AND" fusion rule. From
this table, we see that the global decision at the data
fusion center is one only if all of the detectors decide a

one. The transition probabilities are

0, if D= [1,1,...,117
Pop = 9 (4-12.a)
- |1, otherwise
and
1, if D= (1,1,...,1]7
Pip = < (4-12.b)

| 0, otherwise

Substituting equations (4-12.a), (4-12.b), and (4-9) into
equations (4-7) and (4-8) and rearranging terms, Ph and PF

can be written as
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by D, Dy ... Dy D | D
. 0 0 0 . . . 0 0 0
0 0 0 . . . 0 1 0
0 0 0 . . . 1 0 0
0 0 0 . . . 1 1 0
1 1 1 ... 0 0 0
! 1 1 1 e . 0 1 0
; 1 1 1 ... 1 0 0
1 1 1 e e 1 1 1

Table 4-1. "AND'" Fusion Rule
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n
P.= N P (4-13)
n
P, = m P (4-14
That 1is,
N.
n i
- 1+S -
P, = T - (4-15)

n
- 1 ]
Pp = 0 — (4-16)
(1+T3) *

Substituting equations (4-15) and (4-16) into equation

(4-10), the objective function is,

N.
_ 0 1+8) ?
J(TI’TZ""’Tn)_ {_I N
(1+8+T.) t
- 1

+ 5[.H1 — N v] (4-17) ﬂ' ‘
1= 1 v \
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Taking the derivative of J(TI’TZ""’Tn) with respect to L’L".'

A
Tj’ j=1,2,...,n, and setting it equal to zero, we get g?;#ﬂ

W

: N.+N. =3
' BJ(TI ,Tz,- .o ,Tn) - (1+S) 1 J . ,¢~,4$
aT. N.+1 N.

J (1+5+T;) Too(1eseT)

i
i

‘ILII.::in':’

1
J

1 s
| ¢ { ]
: . N +i - = 0, j=1,2,...,n  (4-18) AR

i=1 j i 5
§ gy (10T 7 (4T

Ny
) The threshold multipliers, Ti's, can be obtained by ¢Q§ ]
; solving the above set of coupled nonlinear equations ﬁ?f“dq

along with the constraint

o
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(4-19)
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Numerical results will be obtained in Subsection 4.2-3.
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4.2-2 "OR" Fusion Rule iﬂ?u"
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In Table 4-2, we present the "OR" fusion rule. The ?Fq&ﬂ‘
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global decision is zero only when all the detectors decide NN
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a zero. The transition probabilities are:
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(4-20.a)

0, otherwise Rt y
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AR
and ’&}ﬁl

Pip =9 (4-20.b)

k1, otherwise I

Substituting equations (4-20.a) and (4-20.b) into equations

L4}
S
A
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P e
XA

(4-7) and (4-8) and rearranging terms, PM and PF can be
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The objective function then becomes

J(T,T F. - v} (4-23)

n
Tp) = 1P D

oo + E{
2 n 1 M E
D

-~ .— d
TN,

)

since we are minimizing the overall probability of a miss,

Note that in this case we have to minimize J(Tl,T

}gégb
- 3
AL,
S

Ay

which is equivalent to maximizing PD at the data fusion

o
f
.
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JELIAST SR
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center as defined by equation (4-9). Taking the deriva-
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tive of the objective function with respect to Tj’

x

5

AL
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j=1,2,...,n, and setting it equal to zero, we obtain

N. N, N
aJ (Tl TZ, LI ,Tn) - g 1 _ (1*5) 1 ] . (1+Sl J ',)'\ T
T It N, N+ 7
123 (1+5+T,) (1+5+T) o
gy M, ——tg—r o 1 =0 (4-24)
D s (1+1;) TSt (qamy K
D#Q j#k kA j k

j=1,2,...,n
Hence, we obtain a system of n coupled nonlinear equations

in (n+1) unknowns. Then, we use the following constraint
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to solve for the (n+1l) unknowns.

In the next subsection, as an illustration, we derive
specific results for a system consisting of two detectors
and a data fusion center as shown in Figure 4-2. The per-

formance of the system is also investigated.

4.2 -3 Example

The system under consideration is shown in Figure 4-2.

For ease of understanding, we will use a more explicit nota-

tion. Let us denote the transition probabilities by

Pyjj = Pr(D = k|D = i, D, = j) (4-26)

for i,j,k=0,1. Then the overall probability of a miss,

PM’ is

P, =P

P, P + P P
M 000 M1 M2

(1-PM ) M
1

001PM1(1"PM2) * Poyg

2

+ P011(1-PM1) (1-pM2) (4-27)

and the overall probability of false-alarm, PF’ is
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From the "AND" fusion rule at the data fusion center,
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the transition probabilities are

T AL
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P011 = P =P (4-29.a)

100 101
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Pooo = Poor = Po1o = F111 ° (4-29.b)
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Thus, the overall probability of detection, Pps and the

2
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overall false-alarm probability, Pr, become
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The objective function is

N.+N

172
= (1+S) 1
J(Ty,To) = N W ¢ Al V N, V)

(1+5+T ) 1(1+S+T2) 2 (1+T,) 1(1+T2) 2

(4-32)

where, N1 and N2 are the number of reference cells for de-

tector one and detector two respectively. We maximize

," «
R, A Ay Ay
Yy

J(Tl,TZ) with respect to T1 and T, by setting the derivatives
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equal to zero, i.e.,

-"P’-' -l-

8J(T,,T.)  3J(T,,T,) 5ayn§;
1 A = 1 2 = 0 (4_33) Pt

E oT, °
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The resulting equations are g
>

N, +N

1 2 It

(1+S) 1 _ piv.2
N+1 N, e N 1 N - 0 (4-34) L
(l+S+T2) (1+Tl) (1+T2)

(1+8+T )
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N, *N,
(1+5) , 1 _
N N+T * 6 N, N,+1 =0 (4-35)
(1+5+T)) L(1+S+T,) (1+1,) 1(1+7,)
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Solving for T1 and T2 subject to the constraint N
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- 1 - } Ry
P, = . N < (4-36) ;r_';:t:;?' y
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we obtain,
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=
+ [
=
o
255

T, =Ty =l Y (4-37) [
l‘i'-
The performance of the system in terms of PD versus the 'ﬁ?ﬁ
target SNR for N1 = 4, N2 = 6, and PF = 10_4 is plotted in &;fé;
Figure 4-3. o
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Using the "AND" Fusion Rule

with a Single Sensor System (S8S).

SNR [08]
po= 1074, N = 6 and Ny = 4.

16. CO

“t

Performance Comparison of the Two Sensor

System (DS)

4-3.

Fig.




Po11 = Po1o = P100 = Po11 = © (4-38.a)

Pooo = P110 © Pio1 = P111 T 1 (4-38.b)
Thus, PD and PF become

Py = Pp, * Pp, - PpPp (4-39)

P =P_. +P_. - P_.P (4-40)

The objective function is then

N, N, N N,
J(Ty,Ty) = (25) Nt (128) NT - (1+S%' N
(1+8+T;) 1 (148+T,) 2 (1+8+Ty) & (1+8+T,) 2
1 1 1
+ £ m + N, - N, N, - v} (4-41)
(1+T) 1 (T B (eT) (1eTy)

We maximize J(Tl’TZ) with respect to T1 and T2 by setting
the derivatives equal to zero. After some manipulation, we

obtain the following nonlinear equation.

T AR T W U W WL MU WU W WU R WO Bav Hg® Ug? Sp 0a* $a 02" 0a% $a% ba® §.P dav Nab Bat a¥ Sa¢ gV @)% @2V a0 a0 -gaV G U gat a9 T

R
SR
IRl
Bag¥iao, 00,0
» e

N, N, N, N,
(1+S) “[(1+8) © - (L+S+Ty) 7] (1+S+Ty) = [(1+T,) © - 1](1+T,) =
Ny N N, Ny
(1+8) "« [(148) " - (1+S+T,) “]-[(1+T;) © - 1](1+T;) (1+S+T,)
(4-42)
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PO,
e =

- Using the constraint that sﬁf‘
, 0
: 1 1 1 .
[ = - = - :
;{ Pg Nt N, N, v (4043 N
; (lle) (1+T2) (1+T1) (1+T2) o Yol
we obtain T, in terms of T, as R “
O
N 1 : ¢ Pl
! (1+7,) -1 N, oot
4 T, = -1+ [ ] (4-44) -
! 1 NZ ey
R
Substituting equation (4-44) into equation (4-43) and using - :-%
G et
an iterative procedure, we obtain a value for T, and then Ty lﬁggé:

O

For N, = 4, N, = 6, and P. = 10" %, the values of T, and T _

1 2 F 1 2 '..-':;.:.;.:,
are 11.597 and 4.050, respectively. The numerical results :":::::.:::
.:'."Q‘"Q
showing the performance are plotted in Figure 4-4. 1In the / df“&
e otn
next subsection, we comment on the performance of the "AND" 2

\!\"!
and the "OR" fusion rules. ;“\h X
:* ™ "o'.f
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4.2-4. A Comment on the Performance of the
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"AND and "OR" Fusion Rules
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In Figure 4-5. we plot the system performance for the

N
"AND'" and the "OR" fusion rules. As evident from the figure, ;f?ﬁi\
|~ ‘-“'.".n

AT

when the target SNR exceeds 14.5 dB (approximately), the Qﬁch
RRARGGR

performance of the "OR" fusion rule becomes better than the ““*ak
QA AN

performance of the "AND" fusion rule. This is easily demon- j;ﬁg;:
DSl

v v

strated analytically. Let the overall probabilities of

r g
P

«

oy
gy
[

AN
Ay
\Y
\

detection at the data fusion center for the "AND" and the

"OR" fusion rules be denoted by Pg

]

]

7
40

and Pg, respectively. s
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' Py > Pp (4-45) S
I h
# if and only if, .*5“3
3§ N N N, +N X 3"‘-'
¥ + AN
2 aes) ', _qes) P (1rs) T 2 . P
M RF Ny N -
; (1+8+T;) (1+8+T,) (1+S+T;) *(1+5+T,) .
) sty
8 .
p Ny*N, R
A, 1+S Qe
! ( r)q w (4-46) &h
‘ (1+S+T,) 1(1+5+T.) e
o 1 2 =2
x‘ ﬁ:",."\

Solving this nonlinear equation, we obtain S=14.57 which

=S
P

agrees with the graphical result.

[P
X

X g

K 4.3. Optimization of the Overall System At
; i
¥ In the previous section, we studied the problem of ﬁ?ﬁ%*
i TR
¥, "
' CA-CFAR detection with multiple sensors and data fusion. 2 S?,
®
1) -y
ﬁ Given the fusion rule at the data fusion center, we maximized ‘FTEQ
4 : N
k) C o . . . !
n the overall probability of detection by obtaining the opti- *&.ﬁ%
I { ‘
4 . . . .. ",
» mum threshold multipliers at the individual CA-CFAR detectors, ey
P o
- while the overall probability of false-alarm was maintained o
s, \.u N
[} -J" '}‘: ’
; at the desired value. In this section, we will also consider ;ﬁfﬂ;
b - e
b PG
. the design of the optimum fusion rule. Again, the goal will "B
®
be to maximize the overall probability of detection while the ;5&3,
Cata Ay
b . NN
LD overall probability of false-alarm is kept at -a desired value. H}Q&
i (L Tag S
N . R g . N
While maximizing the overall probability of detection, we SL*-‘
. e
i will derive the optimum fusion rule at the data fusion center Eggkt
' . s e AR
o as well as the optimum threshold multipliers at the indivi- quh
) j , *'- )Cq
'Nf.-f L
dual CA-CFAR detectors. We will use an approach similar to deadt
;. . g Xy
' the one in [35]. NN
:' A
j The decision output, D, at the data fusion center is a “EE“_
"
’ NN
function of the incoming decisions Di’ i=1,2,...,n, 1i.e., "J;r
;.'_,_.,, 4
;:-.:»::
80 .f?-‘:'f
FNAN
P
N

Y N
s: W ' J . gt

a{fb{¥aw‘ o : X
e ", LA X . e e K o ! K
A g R A R : PPN NN




i 2 ma N - N At A’ R T X IS US T REY YN ) v av e 50" at s st "
TR O R R YT YT X O W W LY N L v U T T Y U Y IO YARRTS, TN

D, = £(Dy,Dy,...,D ) (4-47.a) e
and

Do e {0, 1} (4-47.Db)
For ease in handling, we use the following notation for

quantities defined in equations (4-6.b), (4-6.c) and

o T

(4-6.4),

MM

; P, =M (4-48.b) pUNA
; D1 D it
1 - vy ]
. _ o
PDO = FD (4-48'C) X :;Q‘:;%

) = = iy
: c.l':::‘:::%
t Then, the overall probability of detection, P, and the V§&§§
. i Wty
4 overall probability of false-alarm, PF, at the output of the i ';
TN

data fusion center can be written as Cﬁ%}f:

L -

j 5%?%;
or, )
, = - RPN
; Pp % P1p Pm1 (4-49) byt
2 - - s °
Do
g

= - >

Pp % P1p Ppo (4-50) x:\ :
—_ ) ‘i‘
‘ iﬁ%@;*
. The optimization process for the overall system will L“."
! be carried out in two steps. First, we optimize the fusion EEE:&,
RuNe:
rule at the data fusion center assuming that the threshold -Sﬁ;::
:'\ .\’r'\ N

multipliers are known. This yields a set of equations. Then, ";f

we obtain the optimum threshold multipliers assuming that ﬁxi
the optimum fusion rule is known, which gives another set of NOWINS

.\';‘.‘:N

equations to be solved. These two sets of nonlinear equa- Y

NN
tions are then solved simultaneously to yield the optimum ;ﬁ{ﬂg

- ax -n L =

threshold multipliers and the optimum fusion rule.
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Again, using the calculus ¢’ extrema, we form the

-

objective function,

-

oy

; J = PD + g (PF - v) (4-51)
B}
. where, £ is the Lagrange multiplier and v is the desired
)
2 probability of false-alarm at the data fusion center. Sub-
t
" stituting equations (4-49) and (4-50) into equation (4-51),
; we obtain
)
)
;: J =) PipPpy * € 9) PIDPDO - v} (4-52)
. D == b ==
‘ The vector D whose elements are the decisions Di’
) . s
’ i=1,2,...,n, can take 2" values. For a specific value
b
; of D given by
K oA
¢ * * * %* T
: D = (D, D2""’ Dn) s (4-53)
')l
equation (4-52) can be rewritten as
0
= - * "
B J',‘.v" "
0 aﬂf‘%
: ]
+ K(D*) (4-54) N rr
- Loy
r where,
»
3 * =
) vk o=y - |3 p
: g;g* 10 DO
§
~ K(D*) = ; P P
; pfpx ‘2 D
W and
)
)
; = Summation over all possible
*
! D7D values of D except D*
‘I
k)
'
s 82
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Our goal is to maximize J. This maximization is equivalent s
to maximizing P,p, Pp.; subject to the constraint plD*PD*O=v* iy

Dividing equation (4-54) by Pp,; we obtain TRAL AL

J* = p + £* {P. . - V¥ + KK(D*) (4-55) oAy
1D - i)

= we ML
sl

«
Fm

1D*

where h
J

i Svey TR

EY = € 5

oot = V2 'c':\':‘:':ﬁ‘:

P, X0

D 0 L ...

B LS

and A VYN
[ ]

K(D*)

* = ¥
e e SR

Since KK(D*) does not depend on P, ,, equation (4-55) repre- iy
= 1D

sents the equation of a straight line in terms of P

. Thus s
* H

1D ¥ 3

as in [35], we obtain the conditions which the transition P

probabilities must satisfy to yield the optimum fusion rule. f

Pyp« = min {w*, 1} O

e > 1 (4-56) 3‘?\2\
<::::: “bﬁ:.\

Pip* = 0

The next step is to find the optimum threshold multi-
pliers, Ti’ i=1,2,...,n. The probabilities of detection,
PD.’ and the probabilities of false-alarm, PF-’ i=1,2,...,n,

i i
at each CA-CFAR detector are functions of the threshold

e Al S T e T A S I R N N A e A RN
AR L RO, o, GO N ":\-‘)\‘-: N S e T A AT

' SQ-." :":"'.: v "--‘:, AL ™ _{.'S-?'v- S ~ :u R ".a".-:.- NN }‘.-::.' ,
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multipliers, Ti’ i=1,2,...,n. Therefore, maximizing PD’ bt YRt

. . . : L

while P, is fixed at the desired value v, is equivalent DAYy

F PRy

to maximizing J with respect to the threshold multipliers W'j
P

o '

T;'s. We take the derivative of J with respect to T, o *z&

.

i=1,2,...,n, and set them equal to zero to yield the follow-

ing set of equations which the optimum Ti's must satisfy.

g%; =0, i=1,2,...,n (4-57)
1

It should be emphasized that the set of equations (4-56)
and 74-57) are to be solved simultaneously in order to ob-
tain the optimum threshold multipliers as well as the best
fusion rule. The computations involved are overwhelming and
it will require an extensive computer iterative procedure.
This point will become evident in the simple example we
consider next.
Example

We consider the system of two CA-CFAR detectors with

data fusion. For the sake of simplicity, let the transition

probabilities of equation (4-26) be denoted by s i=1,2,3,4.

i.e.,
%1 = P1g0 (4-58.a)
= - °
0.2 P].Ol (4 58 .b) ;‘.-_‘._-.:,-_‘
N
0L3 = PllO (4-58.C) '_-:_‘::_::\
AN
= - RESCRCRN
g = P (4-58.d)

Using the same notation as in the example presented in

Section 4.2, we can write the overall probability of detec-
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' tion, PD, and the overall probability of false-alarm, PF’ S
] TR
T as A Ls,
N Sy
b § ...~.,. l‘
K P = o,(1-P, )(1-P, ) + a,(1-P, )P + o0,Pn (1-P,. )+ o,P P RN
:: D 1 D1 D2 2 D1 D2 3 D1 D2 4 DlDZ TN
: °
4-59 “r
. ( ) :::{'_1‘.,?
K) ‘-J'\v-."x
‘e Q"\-“-" g
N = - - - - )
: Pp = o;(1 PFl)(l PFZ) + a,(1 pFl)PFZ + aSPFl(l PF.2)+ o,Pp PF R
1. M“N
LE - -
" (4-6,0) TN
. Assuming that the target SNR is the same at each CA-CFAR ":ir,-
‘,‘”* j
o detector, denoted by S, the probabilities of detection and :ﬁ! 4
" the probabilities of false-alarm at each CA-CFAR detector . ,“,
. are (see Appendix A), .,\‘f
' Y
. N N
\ 1+ 8 1 e
B Py . I eo7t] ) i
4 Dl— I'+S5+T, (4-61) °
s :_.:k'
s N SEO N
N - 1l +S 2 ) AR
2 o, T T en o
2 '::CE::_ ‘
. _ 1
. PF1 - ——— '_Nl (4 63) .:: ,::w
9 (1 +Tp) RO
k) S NQC.
) :-..:::::F
j 1 aindag
p = — 4-64 ®
' "2 ?— e o
"5 (1 + Tz) \.':\‘:'s""
J NN
' Ay
3 As discussed earlier, to optimize the entire system we need O
‘ WA
2 to maximize the objective function defined in equation (4-51). 0 @
: g AR
4 Substituting equations (4-59) and (4-60) into equation (4-52), ;":;
] '-.'N ‘-':‘
we obtain ‘_::::":{:»
-~ l."!:.".(
K (1-Pp -Pp +Py Py ) + o (1-Pp )P+ a Py (1-Py )+a,Pp P
: “1'*""p, "D, "Dy Dy %" ""p;" ", D" "Dy *4'D; D,
N
P + £{a,(1-P_ -P_ +P_ P_ )+ o, (1-P. )P. +a,P_ (1-P. )+a,P. P_ -v}
3 TSRS TR P 50 T ALl RS PRl b MRS P S I Y
(4-65)
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Dividing equation (4-65) by (1-PD -PD +PD PD ), we get a new
1 2 1 72

objective function Jl’ i.e.,

J = Qo + £ {a .,‘n
1% 1 %1 #@k

)}+ o) P P
4 1 2

p.) * %4Pp Pp

1 72

Notice that equation (4-66) is the equation of a straight

-bcﬁés

2

line in ay - In this case, the extrema are at the end points

LA

depending on whether the slope is positive or negative. Thus,

I

at the data fusion center, the value of oy is given by

A

k po 4

a; = min {vl,l}
a; = 0

In an analogous manner, we obtain

SNt NN ‘"&:"w‘*-"‘*‘:ﬁ Ty
N A A AR
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a, = min {vz.l}

€, Z 1 (4-68)

£+ ;;E%f? 1 (4-69)

Q
=S
[l
=]
=
o]
—_~
<
+»
[N
gt

£ % 1 (4-70)

where, vz, v3 and 'ﬁ have a definition similar to vy
The next step is to find the optimum threshold multi-

pliers. The optimum threshold multipliers are related to

the transition probabilities through the objective func-

tion J. This relation is easily seen by rewriting the ob-

jective function as
J = Ppplag-a; + Ppylag-ay-ag + oy)]
* € {Pplagmag + Ppylag-ay-ag+ay)]+ar-v + Pp,(ay-ay)}

+

a; + PDZ(aZ-al)} =0 (4-71)

Dividing equation (4-71) by [as-a1 + PDz(al-aZ-aS-ﬁa4)] and

rearranging terms, we obtain the objective function J11 to
be
87
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= -V -
Jip = Py * Eyp (Pp 11} + Ky (4-72) 1D
i 1 1 e 'I
¢ Al
! where, ;S-?_ "{ ﬁ
sty
0.3-0.1 + PFZ(GI‘GZ'GS + 0.4) ?"h"
£ =g — "
‘; 11 agmay * %2 (a-ap-az + a,) ﬁ'-’}"?‘
v\"vi—' .‘
5 Aol v':t
i s B sz(az'“l) Rt
|\ V = 2 S U AN
11 ag-ay +T{)2 (al-cxz-on3 + ap _
- T T
N ay + PD2 (az-al) :::
' = OO0
! K11 a,-0q + P (a;-0,-0, + a,) 1"‘5":;.‘
37% 7 Tp, 1%17%7% T %y oty
2 BN
. . o
: In a similar manner, we can define JZZ’ €22, Vos and I(22 for .‘;:::;.::;:’
: ERLNSRE
p the second threshold multiplier. Taking the derivatives of i;i::;::;»!‘
' ‘v‘. falytity
J11 and JZZ with respect to T1 and TZ’ respectively, and 'E'::E:?,e:
3 rearranging terms, we obtain oo .‘
‘*l..
°Pp, "%‘
— = - - “n \)
: ) 11 (4-73) AT,
. 3P 1 o
‘ Dy R
! T a2 (4-74) S
' 2 ; I'::E*
' L. . R
Substituting equations (4-61) to (4-64) into equations AN
] (4-73) and (4-74), we get .L‘,i§
¢ N, Ny +1 ; ,."".:'-:'.g
A (1+3) (1+T4) st
: .. = 1 4-75 e
11 ° Nl ( ) Iy, W
, 1+8S+T O
R ( ) NS
N N, +1 N
2 AR
(1+8) 2 (1+1,) * e
22 = - N (4-76) R
(1+5+1. 2 Ay
Y, 2 ".ﬁ\
SO )
Solving equations (4-59) to (4-64), (4-67) to (4-70), .f_'i\, %ﬁ
' Nt .»'..
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(4-73) and (4-74) by an extensive iterative procedure, for

N, = 6, N2 = 4, we obtain the optimum PD versus PF curves

1
shown in Figures 4-6 and 4-7, for S = 5 dB and S = 10 dB,
respectively. To obtain the overall probability of detec-
tion, PD’ for a specific probability of false-alarm at the
data fusion center, we read it directly from the graphs.

-4 .
F = 10 7, PD is .451,

From Figure 4-6, we read that for P
which is equal to the PD obtained from the "AND" fusion

rule.

4.4 Summary and Discussion

In this chapter, we have developed the concept of dis-
tributed CA-CFAR detection with data fusion, where detec-
tion decisions are transmitted from each CA;CFAR detector
to the data fusion center. The overall decision is obtained

at the data fusion center based on some "k out of n'" fusion

ﬁgr_?
e

rule. In the first part of the chapter, we obtaind the

i'&.} .,. :

optimum threshold multipliers at each CA-CFAR detector,

given the fusion rule at the data fusion center. In the

73

>

latter part of the chapter, we optimized the entire system.

e
5
5

That is, we obtained the optimum threshold multipliers at
each CA-CFAR detector, as well as the optimum fusion rule at
the data fusion center. Although the computations involved
required an extensive iterative procedure, numerical re-

sults were obtained to show the performance of the systems
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CHAPTER V
ADAPTIVE CFAR DETECTION WITH MULTIPLE
BACKGROUND ESTIMATORS

5.1 Introduction

In the last chapter, we studied the use of multiple
sensors with data fusion for adaptive CFAR detection. De-
cisions of the individual CFAR detectors were transmitted to
a data fusion center where they were combined according to
some fusion rule to yield a final decision. In this chapter,
we will still use multiple sensors as shown in Figure 5-1.
However, rather than the detector decisions, the individual
sensors compute and transmit estimates of the level of the
background noise to the CFAR detector. These estimates are
used to set the adaptive threshold required for the desired
probability of false-alarm at the CFAR detector. In Section
5.2, we formulate the problem, discuss the operation of the
system and derive expressions of the probability of detection
for CA-CFAR, GO-CFAR, and SO-CFAR detection. An example is
presented in Section 5.3. In Section 5.4, we suggest a
hybrid system which combines the concept developed in Chapter

four and the concept used here in Section 5.2.
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5.2 Adaptive CFAR Detection with Multiple Background
Estimators

A more detailed block diagram of the system under
consideration is shown in Figure 5-2. It consists of (n+l)
sensors, n of which are used solely for the estimation of
the unknown level of the white Gaussian background noise.
These sensors are denoted by EI’EZ"“’En The sensor Ei’

i=1,2,...,n, obtains the maximum likelihood estimate (MLE),

Ww.

i i=1,2,...,n, of the unknown level of noise (we refer to

Wi as the MLE even though strictly speaking it is Ni times
the maximum likelihood estimate, where Ni is the number of
range cells at the ith estimator). As indicated in Figure
5-2, the center tap and the guard cells are not used during
the computation of W, at the sensor E.. After this data
compression, the MLE Wi’ i=1,2,...,n, is transmitted to the
CFAR detector CD. CD computes its own ML estimate of the
background noise and obtains the reference windows U and V.
The MLE's Wl’w2’°"
dows U and V at sensor CD where a decision about the target

,Wn are combined with the reference win-

is to be made. The MLE's U,V and Wi, i=1,2,...,n, are com-
bined according to the desired selection logic CA, GO or SO
to yield the adaptive threshold Q. Q is then scaled by the

threshold multiplier, T so that the probability of false-

N’
alarm at the output of the CFAR detector at CD is maintained

at the desired value. The test statistic, q from the cell

0’

under test at the CFAR detector is compared to the threshold

TNQ in order to make a decision.
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The target to be detected is assumed to be of Swerling
type I with an SNR S embedded in a white Gaussian noise. The
noise samples of the reference cells of the sensors are
assumed to be independent, identically distributed with the
probability density function defined as in equation (1-5).
The probability density function and the cumulative distribu-
tion function of the estimates Wi, i=1,2,...,n are (see

Appendix A for details).

1 i i -
i=

Wy (Ni/Z)-l 1 j
Fwi(wi) =1 - e 'Zo 3T Wi Y > 0, (5-2)
J i=1,2,...,n
where Ni,=1,2,...,n, denotes the number of reference cells
at the sensor Ei’ i=1,2,...,n. The reference windows U andV
at CD are assumed to have the same number of range cells

equal to %. For ease of notation in deriving the adaptive

threshold, we let
N _ -
7 =N (5-3)
Now, we obtain the probability of detection for the
CFAR processor with multiple background estimators shown in

Figure 5-2. The cell-averaging selection logics considered

are the CA, GO and SO.

5.2-1 CA-CFAR Detection

In this case, the statistic Q is the sum of the MLE's

i.e.,
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=W, + W
Q = Wo *+ Wy
Qi = Q1-1 + Wi , 1=2,3,...,n-1
= + W 5-9
Q Qn-1 n ( )
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Q=U+V + w1 + W2 + L.+ wn (5-4)

where U, V, and Wi, i=1,2,...,n, are statistically inde-

pendent random variables. Let us define

Wo =U +V (5-5)

Then, the probability density function of W0 is the convolu-
tion of the probability density functions of U and V. Using
equations (1-7) and (1-8), and rewriting the convolution to

obtain the probability density function of Wo, we have

1 W, Yo %-—1 %- 1
P, (W) = e J u (u-w_) du
Wo o F(NO) F(N§) o
(5-6)
Solving the integral and rearranging terms, we obtain
1 W, No-l
PWO(WO) = T—ZN—O-T e Wo , Wo Pl 0 (5-7)

The probability density function of Q, PSA(q), is given by

the following n-fold convolution.
pCAq) = P, (w ) * P, (wy) * * P (W) (5-8)
Q ‘A W, "o Wt e Wotn

For the sake of clarity, we define the following random

variables.
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The probability density function of Q1 is given by the

following convolution
ql
Po,(4) = | Py (%) By (o) av, (5-10)
0

Substituting equations (5-1) and (5-7) into equation (5-10),

we obtain

J U oo -1 N, -1
qu(ql) - F(NITF(NJJ Yo (a3 -,) dwg
° (5-11)
Solving the integral, we get
. N +N; -1
PQl(ql) = TN TON) q B(N,,N;) (5-12)

where B(x,y) is the incomplete Beta function. B(x,y) can be

defined in terms of the Gamma function, i.e.,

_I'(x) T _
B(x,y) = = KTy (5-13)
Substituting equation (5-13) into equation (5-12), the
probability density function of Q1 becomes
- N +N,-1
- 1 9 o 1
PQl(ql) T TN N € 9 » 4 20 (5-14)

Similarly, we can derive the probability density function of

QZ’ pQZ(qZ)' Since

Q, = Q *+ W, (5-15)
and Q1 and W, are statistically independent,

-qz

. 1, N,-1 N +N, -1

1

P dql

(5-16)
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Solving the integral and using equation (5-13), PQ (qz) be-
2

§ comes
it
L5
" -q N +N.+N_-1
. Py, (az) = - e a7 (5-17)
) 2 P(NO+N1+N2)
a Continuing in this manner, the probability density function
&
v of the adaptive threshold, PSA(q), can be seen to be
" CA 1 -q Y1
P = 5-18
R Q @ =Ty e o a (5-18)
z where,
A n
| b= LN
x
)
)
N Substituting equations (5-18) and (1-3) into equation (1-2),
e the probability of detection, PCV, is
= Tcad ~
~ CA _ 1+5 . 1 _-q _y-1 i
= Py = J e N dq (5-19)
. This results in
y
X CA 1+S
y Pt = [yrger—1Y (5-20)
? CA
\ The probability of false-alarm, PSA, is obtained by just
[}
N setting the target SNR S to be zero, i.e., o
0 i
) Py = —L1 ; (5-21) .
: ¢ T o
; B
. RIS
5.2-2 GO-CFAR Detection ' 'f‘;‘
PN
. In this case, the adaptive threshold Q is Qﬁ{ ]
A \
: Q = MAX(U,V,W Wy, ... W) gl
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Since the random variables U,V, and Wi, i=1,2,...,n, are dﬁ
»

independent of each other, the cumulative distribution func- sy “"

tion of Q 1is

Pr {Max(U,V,W

Q %@ 1 W W) < ql " e

< } o' ‘g’l
n =t o

Pr {U<gq, V<aq, W1 <aq, W,< Q- W

Pr {U<q}-Pr{V<q}-Pr{W,;<q} + Pr{W,<q}... Pr{wngg} &g‘ﬁ.

Py@ Fyl@) Fy (@) Fy (@)... Fy (@) (5-22) AR
n

The probability density function and the cumulative distri- L : ‘@
bution function of U and V are as defined in equations (1-7) %

to (1-10). We define the notation A

=N, (5-23) §:_, ,

(5-24) Y

U = Wo and

V=W and = N

N[Z N2

n+1l n+1l

Using equations (5-23) and (5-24) in equation (5-22), the st

cumulative distribution function becomes DSy

GO R0 )
Fi(q) = F, (q) F, (q) F, (q) ... F, (q) F (q) (5-25) -Ti-&

Q Wo W W Mo Mhes o N
Then, the probability density function of the adaptive thresh- !
old is obtained by taking the derivative of equation (5-25)

5
with respect to q, i.e., Nt
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n n+1l .

+

J. A%
F, (q) P, (q) F, (@) ... F, (q) F (q) ey,
: AU ot MW oL

¥ *‘.‘
; F(q) Fo (@) Pu (@) ... Fu (q) Fy ()
wo a w1 w2 1 wn 1 wn+1 :

Exd
+

v @ ... Py (@ Fy (@) f

2 n n+l

Fy (@) Fy (a)
0 1

+

() F, (q) F, (q) ... Fy (q) P (qQ) (5-26) "o
0 V w1 1 w2 1 wn 1 wn+1

Now, we substitute equations (1-7) to (1-10), (5-1), and “é’ !

P R R

(5-2) into equation (5-26) to obtain

-,

Z
'
—

o]

GO 1 o -q ™ -q
PQ (q) = fTN;T q e 'fl (1 - e

PR XY

n+l

Regrouping common terms, Pgo(q) becomes Pl
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- W - W

N, -1 N. :
GO n+l k e 4 n+1l -q j-1 1
P2 (q) = {9———1-—7— T (1 - e S D (5-28)
G T % R i=o 1!
itk

This can be substituted in equation (1-2) to obtain the

probability of detection.

5.2-3 SO-CFAR Detection

In this case, the adaptive threshold Q is
Q = MIN(WO,Wl,Wz,...,Wn,wn+1) (5-29)
! where wo and Wn+l are as defined in equations (5-23) and

(5-24). The cumulative distribution, Fgo(q), is

SO .
FQ (q) Pr {mln(Wo,Wl,Wz,---,Wn,wm,l) L q}

1 = PI‘ {min(“’o,wl,wz’---’wn,wn+l) > q}

1 - Pr {W_>q, W;>q, Wy>q,...,W >q,W  ,>q}

1 - [1-FWO(Q)]'[1~Fw1(q)] e [1~Fwn(Q)]'[1‘Fwn+1(Q)]

(5-30)

Taking the derivative with respect to q, the probability

density function, Pgo(q), is
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P (@) = - By @I - Fy @101 - By @)1 - By @I - By (@)

0 n n+l

-1-¥F, (@1Pp, (@ {1 -F, (@]...[1 - F, (@11 - F (q)]
Wy U g e W, 3 Wy Woep

-[1-F, @QI1-F, @Q]p, (Q...[1 -F (@][1-F ()]
wo V] w1 wZ 1 wn a wn+1 4

-[1-F, @I -F, @] -F, (@}... P, (@1 - F @]
Wb 1 w1q w2 k Wh 1 Wh+1 4

- (1 - By @111 - le(q)]-[l - sz(q)]-..[l - Fwn(q)] Py (a)

o] n+l

(5-31)

Substituting from equations (1-7), (1-8), (1-9), (1-10),
(5-1) and (5-2) into equation (5-31), the probability

density function is obtained to be

SO n'il Nk—l e 4 n+1 -q Njil gi "..I."I.:’L
P2Y(q) = - A y— 1 (e )} (5-32) o

Q ko TN e0 j=0 1! R
j#k °®

Again, we can use equation (5-32) in equation (1-2) to obtain ﬁbihﬁq
the probability of detection. In the next section, we present 3@.Qf&
o

an example for illustration. TN
WA

, Wyt

.&.’.( '..:

'*-‘h (4

5.3 Example et

The two-sensor system under consideration is shown in

Figure 5-3. The probability density functions of U and V
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=
I

)
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. %'-
Q=U+V+W, CA-CFAR; TN = TCA o .::t

1
—
>
&,
¢ &
.
[d
a3

Q=MAX(U,V,W), GO-CFAR; Ty

| Q=MIN(U,V,W), SO-CFAR; TN TSO “:‘.::"..5:'

Fig. 5-3. A Two-Sensor CFAR Processor with ittt
One Background Estimator. @
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are defined in equations (1-7) and (1-8), and the probability

density function of W is

PyO) = ey W e, w20 (5-33)

Using these probability density functions, we derive expres-
sions of the probability of detection for the three schemes,
"A, GO and SO, discussed above.
CA-CFAR
The adaptive threshold Q is the sum of U,V, and W, i.e.,
Q=U+V + W (5-34)
Thus,

Q (q) = Py(u) * Py(v) * P,(w) (5-35)
Using the results derived in the previous section, PgA(q) is

1 2N+1

CA -

Substituting equations (5-36) and (1-3) into equation (1-2),
CA

we obtain the probability of detection Py to be
CA 1 + S 2N+2
Pp = lrvs v T, (5-37)
while the probability of false-alarm is
CA _ 1 -
Pp = T TRYAR (5-38)
CA

For a probability of false-alarm of 1074 and N=4, we plot
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gA versus the target SNR to study the improvement in the

P
performance. In Figure 5-4, we plot the probability of
detection of the two-sensor system of Figure 5-3, and the
probability of detection of a single sensor system. The

improvement in the performance is clearly noticeable.

GO-CFAR

In this case, the adaptive threshold is eq:al to the

maximum of U,V, and W, i.e.,

Q = MAX(U,V,W) (5-39)

The cumulative distribution of Q is

GO p
Fq (@) = Fy(a) Fyla) Fyia) (5-40)
while the probability density is

Po (@) = Pyla)Fy()Fy(a) + Fy()Py(a)Fy(a) + Fyla)Fy(a)py(a)

(5-41)

Substituting equations (1-7) to (1-10), and (5-33) into
equation (5-41), the probability density function of the

adaptive threshold becomes

N N
-1 -1 N
(@) = —% ta® &% - 297 e'zq

r (7)

PGO

N
7-1 L3 (N/2)-1 Ne1 ok,

+q e ) ! T1xT @
j=0 k=0 1'%

+
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Performance of the CA-GFAR Detectors for Pg = 10_4

and N=4.
DS CFAR Processor with a Background Estimator.
SS Single Sensor CFAR Detector.
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S

(N/2)-1
2q° " e L 3TA A
J=0 Y *\‘f

—3
+

T -
)

Nel -3q (V2)-1 (N/2)-1

+q e ! ! 1T @
j=0 k=g k!

1 ivky (5-42) :)';:"W

T o e e e

The probability of detection is obtained from equation (1-2)

by using the results of equations (5-42) and (1-3). Solving

- v

the integral and rearranging terms, Pgo, can be written as

N . N, . e
N+1 r + ) + RS Y
1+5 7 | _2 7+ LS 7 ] Ry

N

GO
Pp

Wl

GO S
o

'. o

A

2 w5
%60 r(3) j=0

V-

.

N . N .
(N/2)-1 T(5 + j) +j °
2 2 1+S 7z TR

! - = [ ]
P(g) j=0 J! 2T1+S)+TGO ﬂf\ 3
R

. . SNy

, 2 (V21N AR 1is 7tk R
TTKT I3y~ To :

' r(

h.“-f\

- "-'-‘

y Iy j=0 k=0
' (N/2)-1 : : P
1+S . N+2 2 7 T(N+j) 1+S ]N+3+2 P

e “aar “t0”

+

Sz vt BERER ¢ a1 5T Ly e

GO j=0

N/2)-1 (N/2)-1 . .
1 ( (N+%+k+12! 1+S N+j+k+2 AL
) T (N+2) Z _y_ j k! [3iI+S$+T ] DN
4 J—'O k—O GO u\‘_:v.f
(5-43)

+

The performance in terms of Pgo versus target SNR is I

STl . *
- <
e h '{f“
P
5

shown in Figure 5-5. Again, the performance of the two- AN

sensor system is compared to that of the single sensor A
ARG
,"\:‘5\*:

system.. e,
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Fig. 5-5. Performance of the GO-CFAR Detectors for Pg = 10.4

and N=4.
DS CFAR Processor with a Background Estimator.
SS single sensor CFAR Detector.
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SO-CFAR

The threshold in this case, is the minimum of U,V,

and W, i.e.,
Q = MIN(U,V,W) (5-44)

The cumulative distribution of Q is given by

SO
FQ (@) = Fyla) + Fylq) + Fy(a) - Fyyla,a) - Fyyla,a) - Fyw(a,a)

The probability density function is, therefore,
Fo%(a) = 2P (q) [1 - Fyla) - Fy(a)] + 2P;(q) Fy(a) Fylq)
Qq yla TAR! w'a yla AN w'd

¢+ Pu(a)[1 - 2F ()] + P(a) Fyla) Fy(a) (5-46)

Substituting equations (5-46), (1-3), (1-7), (1-8), (1-9),
(1-10) and (5-33) into equation (1-2), and rearranging terms,

the probability of detection is obtained to be

N oL . N, .
bSO _ 2 (N/2)-1 N1 T(3 + j + k) (o L5 5+j+k

—N ]
P 0 k=0 ke 3T+5)+Tg,

1 (N/2)-1 (N/2)-1 (Nysake1))

+ 1+S
T(N+2)

Lo TR TSy T

N+j+k+2

j=0
(5-47)

In Figure 5-6, we compare the performance of all of the
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A
P
s
three schemes for the two-sensor system considered in this \%
"'.P.h "
example ‘{"?;2""1.
. ..‘F--Lv’
S
/A
A
S.4. An Extension gl y
v s
,\V‘_
In this section, the concept of using multiple back- W l::;.
ground estimators is employed in conjunction with the con- ""P"'-;i
, , . dhniely
cept of distributed detection with data fusion developed in ::ﬁ:'x‘:r’
L
iy
Chapter four. The hybrid system that we consider is shown ‘-_’, f-)_ ol
AEratak
in Figure 5-7. The system consists of n background estimators T
Co N 3.
. \] "
EI’EZ""’En and a CFAR processor. Each background estimator '::c"c"“
{ "'.‘
) . ) Sodu gt
Ei’ i=1,2,...,n, transmits the output i from its test cell ‘;;,
(center tap) as well as the MLE of the level of the background ;‘.,_n'{g“"
-‘:\": ¢
noise, W., to the CFAR processor. The MLE's are combined to Qf‘;‘
Wy wt
x.h‘u 3 ¢
obtain the adaptive threshold which is scaled by the threshold {u;::?{;.a
multiplier, TN, to achieve the desired value of the probability LT
oS R
of the false-alarm at the system output. At the CFAR processor, j'.':f.;‘?"
;‘;"‘r;ﬂ;’»
each test cell Ay i» i=1,2,...,n, is compared to the above ,.,l.‘
adaptive threshold to yield a decision Di’ i=1,2,...,n, where A
XA
D.l € {0, 1}. In a manner analogous to Chapter four, the de- -}:’L‘ \"
NN
cisions Di are combined according to a'k out of n'fusion rule ;'.-":-j::-"'.-
to yield the final decision Do' The performance of the IR
NN
system proposed in this section is expected to be better than :};:ﬁr
SN
the system discussed in Chapter four. This is due to the '_::’_\f..:-.
additional information about the background noise available RN
SR
at the CFAR processor while computing the adaptive threshold :-::::: ~
P
Q. To illustrate the above concepts, an example is presented. Ty
O
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Example .‘*:yl*
\":‘f’
e
In this example, we consider the system consisting of E“.‘ﬁ,
.“r"‘:ﬂ'ﬁ*,
two background estimators and a CFAR processor as shown in —L ‘
M

Figure 5-8. At the CFAR processor, we use the CA-CFAR scheme ;}‘f’ 3
k4 *
and combine the individual decisions according to the "AND" ) ’e:‘i‘.l‘::
Bt
fusion rule. The result is compared to the corresponding "“:""
- N
system discussed in Chapter four, i.e., CA-CFAR detection ;-:\-:E&
KA
with the "AND" fusion rule. Let Pg and Pg denote the E’%ﬁf
1 2 & C‘i
probabilities of detection corresponding to the decisions =r "
R
D1 and DZ’ respectively, in the hybrid system. Let Pg and 'l:.x,s‘::’
1 NN
Pg be the probabilities of detection corresponding to the ‘:?‘:’ t::
2 M ]
decisions Dl and D, for the system shown in Figure 4-2. Let r‘;v.
h d o : R
P and P represent the overall probabilities of detection w{"
NN

for the hybrid system and the system of Figure 4-2, respec- ?o'-‘..‘"
tively. Then, as shown in Chapter four, the detection proba- PR
{ ﬂ-‘_‘ Y
bilities can be written as %ﬁ v
P SN,

-:\:_i,"'ﬂ.
h AT,

h 1+5) NN .
Py = [——H—_—] (5-48) TS
1 1+S0+T i
1 Sl
R
]
h hh
h 1+ SZ N1+N2 o ek

Pp = [_"’H'—] (5-49) e

2 1 + S2 + T TV A

T
q S

d 1+5) Ny it
Pp, = [—= ! (5-50) LY
1 1+ S1 + T1 o
. TR
AV
a _ ., LS N R
PD = [ d ] (5‘51) }‘}\;t X
2 1 + SZ + TZ N\ﬁ‘{:, ]
'll'.':‘:;
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h h
where S1 and S2

are the target SNR's at the two sensors of
the hybrid system; S? and Sg are the target SNR's at the
system of Figure 4-2; T1 and T2 are the threshold multi-
pliers of the system shown in Figure 4-2; and T is the
threshold multiplier of the hybrid system. Substituting

equations (5-48), (5-49), (5-50) and (5-51) into equation

(4-13), the overall probabilities of detection P% and Pg can
be written as
1+ sk 1+ sP NN
h _ 1 2 1 72
1 + S1 + T 1 + S2 + T
1+s4 N 1+ 54 N
d _ 1 1 2 2
Py = [—— b ——] (5-53)
1 + S1 + T1 1 + S2 + T2

In order to compare the two systems under the same conditions,

g = % = g = S. Then, Ph and PS become

h _
we let S1 = § D

2(N1+N2)

v
1}

p = lTvs=7 (5-54)

N, +
d _ (L+s) ! 2
D R N
(1+S+T) 1 (1+5+T)

N
(5-55)

2

The probabilities of false-alarm are

h _ 1
F AQRE.\PY
(1 +T)

o
|

(5-56)

d 1
F o N N, (5-57)

1
(L +T)) "(1+T,)
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Using N, = 6, N, = 4, and Ph = Pd = P = 10-4 we i"'i'?i"'.

é g F F F ’ '.‘.":\'::::?

plot Pg and Py versus the target SNR S in Figure 5-9. As ol

I ‘| .'. ""ﬂ
expected, the hybrid system performs better. Uytinriyt

O
5.5. Summary and Discussion ity
R
SdhNeE
—. @

Wty
multiple background estimators for CFAR processing. Since ;lﬁf:'

In this chapter, we have developed the concept of using

oy 3

the multiple background estimators provide more information g%&:g??
about the level of noise in the background, the performance &\L':L
improved as expected. The model considered in this : 3“3?@@
chapter is applicable to systems using frequency n,“hw*
diversity. The model is also applicable to space
diversity systems if we make idealized assumptions, :&%;*w
i.e., perfect synchronization etc. We also discussed ‘aﬁyﬁ

an extension of the work in Chapter four using multiple

background extimators. N
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CHAPTER VI
ADAPTIVE CFAR DETECTION WITH DIFFERENT
NETWORK TOPOLOGIES

Introduction

In the last two chapters, we have considered the problem
of multisensor CFAR detection with data fusion. In Chapter
four, the decisions from distributed CFAR processors were cCom-
bined at the data fusion center according to a "k out of n"
fusion rule to yield the overall decision. In Chapter five,
multiple sensors transmitted the estimates of the background
noise to the CFAR processor where an adaptive threshold based
on these estimates was used to yield the final decision. 1In
this chapter, we still consider the problem of multisensor
CFAR detection with data fusion, However, the compressed
data transmitted between sensors are decisions instead of
estimates. In Section 6.2, we formulate the general problem

of adaptive CFAR detection for two different network topolo-

ﬂ.
[

gies. These systems are optimized and their performance is

'ﬂf s
5 %y e
P
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studied. In Section 6.3, we illustrate the performance by
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an example. In Section 6.4, we provide a summary along with
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a discussion.

v “j

4
[
e

Pd
”(‘,t -

[ ’;‘_'
‘s

Pas

ZE&E%J
7

A%

..Vﬁ
oLy
7o

- ]

T
“". ." "’ ".". ‘ '. 'l s‘t .: "' ' c -'0 A ’-‘ ‘ ..l' 'a'.‘n".l‘. ’t..'n & .“. .i..'t‘,'l‘ .0.' Py .'0 A RN, .‘ £ *t". "av0 o :.':'l ‘\‘n'i q'.'l.l ."

N
M.




P B e N S

‘v

KOO0 W 0
ﬁ?%g?* " rJ’ﬂ\
'lts““:“::'k':"..:"g':‘: BB

............

6.2. System Optimization and Performance Analysis

The network topologies to be considered in this chapter
are shown in Figures 6-1 and 6-2. In the first, decisions from
individual CA-CFAR processors are transmitted in parallel to
the CFAR processor where a final decision is to be made. 1In
the second, the CFAR processors are connected in tandem. De-
cisions are transmitted from one CFAR processor to the next.
At the last CFAR processor, the final decision is made.

The target to be detected is assumed to be of Swerling
type I embedded in a white Gaussian noise of unknown level.
At each CA-CFAR detector, CDi’ i=1,2,...,n, we denote
the target SNR by Si’ i=1,2,...,n. The target SNR at the
final CA-CFAR detector, CDO, is denoted by S. For simplicity

and without loss of generality, we let S,=S =...=Sn=S. The

1 72

number of range cells used by each CA-CFAR detector, CDi is
denoted by Ni’ i=1,2,...,n, and N denotes the number of
range cells for detector CDo‘ Next, we consider the two

networks topologies.

6.2-1. Adaptive CFAR Detection with Parallel
Network Topology

The system under consideration is shown in Figure 6-1.
It consists of (n+l1) CA-CFAR processors. Based on its ob-
servation, each CA-CFAR detector, CDi’ i=1,2,...,n, makes a
decision D,, i=1,2,...,n, where D, e {0,1}. The adaptive
threshold Q; of CDi is scaled by the threshold multiplier

Ti’ i=1,2,...,n. As will be shown later, these Ti’s are
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obtained so as to maximize the overall probability of detec- éﬂ[ﬁ%
tion while maintaining the overall probability of false-alarm é&é?:i
at the desired value. The CA-CFAR detector, CDO, combines §$§§?¥
the decisions Di’ i=1,2,...,n, with its own estimate of the f}‘;t
level of the background noise to obtain the adaptive threshold ; .hﬁ‘
Q. The threshold Q is scaled by a threshold multiplier, which Eﬁ%ﬁé
is also obtained so as to maximize the overall probability of -
detection while CFAR is achieved. The threshold multiplier E;%?i:
depends on the decisions D;, i=1,2,...,n. We define the aéfﬁsév
vector, DV, consisting of decisions arriving at CDo as .Avr;
NN
DV, =(D1,D2,...,Dn)T , L=1,2,...,2" (6-1) "'».:E?-
Since each Di’ i=1,2,...,n, takes the value zero or one, Eﬁh?ﬁt
DV, can take 2" possible values. For each value of DVy §§E:35
arriving at CD,» there is a corresponding threshold multiplier 3?}?%:
Tol’ L = 1,2,...,2“’ at CDO. These threshold multipliers, tf%:ét
Togr & = 1,2,...,2", are obtained by optimizing the overall SEE&Q}
system, i.e., by maximizing the overall probability of detec- Eﬁﬁ&gr
tion, while the overall probability of false-alarm is kept ?Na Py
constant. Thus, the threshold at CDo adapts to two types of :“;F

information, its own estimate of the level of the background

noise and the incoming decision vector DVQ. Let P P. , and

D.”> "F.
i i
Py be the probability of detection, the probability of false-
i
alarm, and the probability of a miss at each CA-CFAR detector,

¢b.,, i=1,2,...,n, respectively. The overall probability of detec-

tion, the overall probability of a miss, and the overall probability
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B of false-alarm at the output of the CA-CFAR detector, CD _,
= ol
) i A
: are denoted by Pps Py and P, respectively. Then, P and P 5%.}
¥ ' d
B can be written as E&g‘”
VY W “w :
2 T
. Pp= I Py, PR, M Pp (6-2) o
] =1 S j s k oy
(. uw A
" and !
" 2t
P.= )Y POn_ (1L-P_.)m P (6-3)
N F =1 F g° Fj Sl Fy
L
'*%:
¢ where from Appendix A,
P
[ ¢ ,?, - = -
& Py = Pr(Do 1|DV2, Hl) (6-4.a) )
:: 0 .‘ |' J
R )
) N \ !
¥ = [yreer—] (6-4.b) N
< o2 .
9 ‘.: -ti )
e and % N
g 2 _ )
L PF = Pr(DO = 1IDV2, HO) (6-5.a) %ﬁﬁx 
- )
:J”' :-- ;\."
2 RN S (6-5.5) 23
" (1 + Toy) o
" S
* The superscript, ¢, in P% and P% indicates the correspondence ~‘£:‘
oy N el
i Y,
K between the probabilities of detection and faise-alarm and ;:;*.
5N o
" the specific threshold multiplier, T ,, obtained from the N
A o AN
.. [
‘i optimized system. fﬁéﬂ
;} To optimize the overall system, we form the following 'if%?
) :.:-:.‘- W4
X5 objective function. ’&ﬁﬁg
. {n\‘-n“c
R 6-6 RN,
:: J = PD + E[PF = \)] ( = ) .\-.2:-..
W DA
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Substituting equations (6-2), (6-3), (6-4.b) and (6-5.b)

into equation (6-6), we get
on N

(1+5)N (1+5) 1
N

N o) [1
2=1 (1+S+T02) S

(1+5+TMY) i

U “.
10 0
.o':%';!t'ﬁ:

where TMi's are the threshold multipliers of CDi's,
i=1,2,...,n. The superscript zero 1in TM? indicates that the

decision of the corresponding CDi is zero, and the super-

1

script one inTMi indicates that the decision of the cor-

responding CD, is a one. In order to maximize P_ while P
i D F

is fixed, for each value of DVQ, we must find the best

threshold multiplier, T at CDo and the best set of thresh-

ok’

old multipliers at the CDi's, i=1,2,...,n. Maximizing PD

for a fixed PF is equivalent to maximizing the objective

function J. Thus, we take the derivatives of J with respect

to TM? and TM%, 9 = 1,2,...,2“, i=1,2,...,n (the number of

TMg's and TMi's add to n), and set them equal to zero. The

resulting equations are

N. N

(1 . —(1+5) 1N} o)t

n
3J 2 (1+5)N .

= . H
Ty 251 (1+s+T05L)N+1 s°

] -1 N,
(1+s+7M]) 1 5 (esenmy) 1

*5{“—‘3;‘$r—" 1 - -———l——ﬁ—] !
+1 0 . 1
(1+To£) S i S
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A N Ni N.
3 (1+S) . I (1+S) . (1+8) ! .
0 e~ N N,

[ N o N.+1 1
=1 (1+S+To S (1+S+TM2) i S

o

(1+S+TM%) i

”
L 4
'l.l:&:
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N
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L
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: (6-9)

) and

D)

B

A n N. N

Kl 2 . N i i
. (1+S) C 11 (1+9) SR (1+s) *

=0 (g
L : N1} N
2=1 (1+T ) S (1+1M) 5 (1+TM%) 1 P

' (6-10)

For each incoming DVQ, we have to solve (n+l) equations to et
. obtain the multipliers at CDi's, i=1,2,...,n, and the thresh-
old multiplier at CD, - Since DV, can take 2" possible values,
4 there are (n+1)2" equations in (n+1)2"™ unknowns to be solved. bty
§ It should be noted that in using this procedure, we have gﬁﬁgﬁf
optimized the entire system and therefore, the resulting AT

nonlinear equations are coupled. The solutions to the non- PR Y

"
r_'.v?«‘

L linear equations are the optimum threshold multipliers at Eb*
!
4

F A

”
»

all CDi's, i=1,2,...,n, which maximizes PD while CFAR is :55

,l. oA

achieved.
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3 6.2-2. Adaptive CFAR Detection with Tandem Lt
q Network Topology

§ In this case, the system considered is shown in g?

3 Figure 6-2. The CA-CFAR detector, CD,, makes a decision, A
. Dl’ and transmits it to the CA-CFAR detector CDZ' Based

? on the decision D1 and on its own estimate of the background

. noise, CA-CFAR detector CD2 makes another decision, DZ' The

. decision D2 is transmitted to the next CA-CFAR detector CD3,

g and the process continues. At the last CA-CFAR detector,

§ CDO, the final decision, Do’ is made.

3 Let the threshold multipliers of detectors CDo’ CDl’

% CDZ""’CDn’ be denoted by T, Tl, TZ""’Tn’ respectively.

K We define P, , P, , and Py, i=1,2,...,n, to be the proba-

" bility of detecti;n, the piobability of false-alarm, and

3 the probability of a miss at the individual CA-CFAR detectors

" CDi’ i=1,2,...,n. At CDi’ i=2,3,...,n, the threshold multiplier

% is represented by T;(T.) if the decision received from CD.

% is zero (one). Let N, Nl’NZ""’Nn be the number of range

)

cells used by CA-CFAR detectors CDO, CDl’ CDZ""’CDn’ respec-
; tively. As before, we assume that the target to be detected
g is of Swerling type I and has an SNR S for all of the detec-
tors. Then, the probability of detection and the probability

of false-alarm of CA-CFAR detector CD, are

1
Ny
1+S
Py = —1———l—xr- (6-11)
b 1 1
(1+S+T.)
1
)
)
1
@ Pp = ———x (6-12)
iy F1 1
(1+T.)
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The probability of detection and the probability of false-

alarm at CA-CFAR detector CD2 are

PDZ = Pr(D,=1{Dy=1, H,) Pr(D;=1]H;) +
Pr(D,=1|D,=0, Hy) Pr(D,=0]H)) (6-13.a)
= Pr(D,=1|D,=1, Hl)PDl + Pr(D,=1|D,=0, Hl)(l-PDl)
(6-13.b)
PFZ = Pr(D,=1{Dj=1, H ) Pr(D;=1|H) +
Pr(D2=1|D1=0, HO) Pr(D1=0|HO) (6-14.a)

= Pr(D,=1|D,=1, Ho)pF1 + Pr(D,=1|D,=0, Ho)(l-PFI)
(6-14.b)

The resuiting expressions for Py and PF are
2 2

N, +N

1”72 N N

- (1+S) A 2 1
Py ) RPN o £ NNy S W ¢ L5 Ml
1

2 1,72 1
(1+5+T,) 2(1+5+T)) (1+5+19) 2 (1+S+T,)
(6-15)
= 1 1 1
°F, 1,2 N W, ] (619
(1+13) 2ot b (141 (1+1))

For CA-CFAR detector CDS’ we have

PD3 = Pr(03=1‘02=1, Hl) Pr(D2=1}H1) +

Pr(D;=1|D,=0, Hy) Pr(D,=0|H;)  (6-17.a)
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!1+S[

__lli§l_N_ (1- pD ) (6-17.h)

(1+S+T ) 3 (1+S+T ) 3
PF3 = Pr(D3=1|D2=1, HO) Pr(D2=1|Ho) +
Pr(D;=1{D,=0, H_) Pr(D,=0]H) (6-18.a)
-1 _pl .1 (1-p2 ) (6-18.b)
1.3 Fp o N3 )
(1+T3) (1+T3)
1
where, PD7 = Pr(D2 =1 lDl’ Hl), = Pr(D2=0|D1,H1),
1 - o _ - 1
PFZ = Pr(D2 = llDl, Ho) and PF2 Pr(D2 0|D1, HO). PD2
and P; are equal to equations (6-15) and (6-16) respectively,
2
while Pg and P; can be expressed as
2 2
N2 N
PR oap-—E gy e - 28y app
D, 1,V 2" "D o N2 Dy
(1+S+T2) (1+S+T2)
~ (6-19)
PO = [1 - ——g-1 P, + [1- —2 ) a-p)
F) 1. N7 TFy 0,2 Fq
(1+T2J (1+T23
(6-20)
The superscript one (zero) in P1 (PO ) and P1 (Po )
Dy "Dy F, 7 F

indicates that the decision made by detector two is one (zero).

1

Recall that the superscript one (zero) in T2 (Tg) indicates

R~ R R R O O X R K R O SO O RO T Y N MU WL U WU N VUV Y .
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%f' ':::.

:"‘a
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oy o e g

® %
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R

that the received decision from D1 is one (zero). Continuing ,
h& N

in this manner, we can write the expressions of the probability tngﬂil
of detection and the probability of false-alarm at the ith ﬁfiﬁ}:
‘:*:';'\ -
detector as, .x{g&ﬂ
LN

= = = ‘ .'.N.‘A'

PDi = Pr(D;=1|D; ;=1, H;) Pr(D, ;=1[H;) + M
TR
Pr(Di—1|Di_l—0, Hl) Pr(Di_1-0|H1) (6-21.a) ".P 0.{
N, N, EE*%:;
(1+5) pp o+ L8l 1% ) (6-21.b) AR

1,71 i-1 oy i i-1 L
(1+S+Ti) (1+S+Ti) ::;_\ q.‘:‘
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= = = . =1 H + N .|. “
P Pr(D,=1|D, ;=1, H)) Pr(D; , 1) ,.',.':
i T RY:
Q:-‘-

= !0,

Pr(D;=1|D; ;=0, H) Pr(D;_ ;=0[H) (6-22.a) pan
s

D)
1 1 1 0 '.::42::!::'::

s ——x Pp.  +t——x Q-Pp ) (6-22.b) '.;:".w

. . W

(1+T ) 1 i-1 (1+T?) 1 i-1 é":‘

v "0,
where Sf' .’3.'”':5
A
R
N. ,a, a‘\
j (1+s) i1 : YR

pi’) >N , j=0,1. (6-22.¢) T e
-1 (eser) ) ! ".c
o
AR,

K \
i - 1 (20,1 N

P = = , j=0, (6-22.d) LN

i‘l (1+TJ ) i 1 h i 4 .-
i-1 WL

h ﬂ%ﬂ

. .. j j s . Ay
The superscript j in P%i-l and P%i-l indicates whether the aﬁgbkj
previous decision is zero or one. The general expressions “*h"“
SN,
for the overall probability of detection, Phs and the overall %, ‘%Q
et
probability of false-alarm, Py, at the CA-CFAR detector CD_ ,ﬁﬁ?&ﬁ
PRtk
can then be written as - .:"
A XA
N N ) \
(1+S) 1 1+S) o gv‘. Y
P, = P *——(‘__‘N (1-Pp ) (6-23) AR
D" (1es+THN Dy (145+T%) Pn R

N

:
pntlh

1 1 1 0 R
Pp = —Yx P * —=x (1-Pp) (6-24) OO
Fooaemh™ Fan (1e19) Fn ":::g':".::::.:

. o)

where, PJ and P% , j=0,1, are defined recursively in equa- AR
K:i L&Y
tion (6- 22 ) and (6-22.d) and Tl (T°) is the threshold at ﬁ'ﬁkf:‘

detector CD0 if the received decision Dn is one (zero).
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We wish to maximize the probability of detection, Pp, at ®

é the output of CA-CFAR detector CDO, while the probability of w;ﬁ;;

b false-alarm, PF’ is fixed at the desired value v. Since the : ?ﬂﬁ
CA-CFAR detectors CDO, CDl’ CDZ""’CDn are coupled, the en- fh;.
tire system is optimized. To achieve this, we form the ﬁ“

objective function

: = - TN
J =Py + & [Pp -] (6-25) R
: : . RO
: We take the derivatives of J with respect to T) and T, Qﬁf&%

i—,"'v"\.hs,
j=0,1, and k=1,2,...,n, and set them equal to zero. This K ]

G 4 M X
results in a system of 2(n+1l) nonlinear equations in 2(n+1) ﬁ?ﬁ "

P

. i
unknowns to be solved. In the next section, we present an kﬁ&%&

example to illustrate the effectiveness of the system under

consideration.

Examgle

The system under consideration is shown in Figure 6-3.

In order to avoid any ambiguity with the notation defined

in the subsections 6.2-1 and 6.2-2, we define a more explicit

notation that is used in this example.

‘-*-\' «v

D ,D, = detection decisions at detectors CD_ and ' °
0’1 o e aTATF
CD,, respectively. g;é;%

RS

T1 = threshold multiplier at CA-CFAR detector CD1 »354“:
NS -: A

T® = threshold multiplier at CA-CFAR detector D, e

if the decision D1 is zero.
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= probabilities

detectors CDo
= probabilities
detectors CDo
target SNR at

and CD1

detectors CDo

Py and P can then be expre

P =

D Pr(DO=1]D1=1, Hl)

Pr(Do=1|D1=0, Hl) Pr(D1=O|H1)

P =

g = Pr(D=1|D;=1, H)) P

Pr(D_=1|D;=0, H ) Pr(D;=0|H)

Substituting the expression
Pr(DO=1|D1=1, HO), Pr(D0=l|
P P P

D, "Fy7 TFy
and PF become

and P

into
D,

Pp

N+N

P (1+5) *

+

U WU B W BN

: threshold multiplier at CA-CFAR detector

CD0 if the decision D1 is one.

of detection at CA-CFAR

and CDl’

of false-alarm at CA-CFAR

respectively.

and CDl’

CA-CFAR detectors CDo

respectively.

1 number of reference cells at CA-CFAR

and CD

1’ respectively.

ssed as

Pr(D =1[H) +

(6-26)

r(D1=1|H0) +
(6-27)

s of Pr(DO=1|D1=1, Hl),
D=0, Hy), Pr(D_=1|D;=0, H)),

equations (6-26) and (6-27),

N

(1+S)N 1

N
(1+s+T1)N(1+s+T1) 1

= AR TR T I S S A T e
n A A n A T LT g T S e ST
ShiRARY s Sl sl SOOI A (AR ‘:_':n >
”’:‘-la.l.‘!'l.’.‘.w" " A’y > X ,le...h,n U Nt ! ')

R

) (1+S)
[1 - —222)

(1+5+T)N 1

(1+S+T1)
(6-28)
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1 L L
(1+12)N (1e1)) !

+

N
a+tHNer)

Substituting equations (6-28) and (6-29), and P; = V into

equation (6-25), the objective function is

N+N1

1 (1+S) (1+S)

+

W R PO TR PO O AN RO

(6-29)

bttt b gty ...'..' ."
3¢?'w%

o'l
I -“baﬂ

J(TO’T ’Tl) =

\p N
(1es+HN(1eseT ) (1+5+T%)

1
(1+1%)N

1 1

dmmams vl R
(1+1)) !

+

+ef N (6-3

stHN et

Maximizing PD is equivalent to maximizing J. That is, we

1

’

take the derivatives of J(TO, T T1) with respect to TO,

and Tl’

N

5J (1+5)N (1+5) 1 1

respectively, and set them equal to zero to obtain

0)

1!,

1
S N+1[l-
(1+T7)

(1- I +¢

3T (1+5+TO) N1

(1+S+T1)‘1 (1+T1)

(6-31)

N+N1
(1+8)

(1+S+T1)N +1

1

(1+T1)N 1

+

N

1
(1+S+T1) (1+T1)

N+N
(1+S)

N+N

- (1+8) 1 1

N1+1

(1+5+THN(1+5+T,) (1+5+T2)N (145+T,)
1 1

{ '1 1. = 0

& N +1}

N, + 1

(1+T1)N(1+T1) 1 (1+T°)N(1+T1)
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The equations (6-31), (6-32), (6-33) and PF = V form a set

of four nonlinear equations in four unknowns to be solved.

We first obtain the Lagrange multiplier, ¢, from equation

(6-32), i.e.,

N+N1 N1 1 N+1
(1+8) (1+T,) (1+T7)
£E = - N (6-34)

(1+s+THN* 1(1+S+T1) 1

Substituting equation (6-34) into equations (6-31), (6-33)
and PF = Vv, and solving for T° in terms of T1 and Tl’ we

get the following system of three equations in three unknowns

(To, Tl, Tl) to be solved.
N
aethY st b -1
T = - 1 + { — } (6-35)
v(1+T;) LasthN o
N1 N 1.N+1 o N+1
[asser) 1 - (108) sV (1070)
N 1.N+1
_ [(1+T1) 1 1](1+S+T0)N+1(1+S)N (1+TH) =0
(6-36)
and
[+s+THN - (145419 (1+S+T1)(1+T1)(1+T°)N
- tasthHY - N s aeh (eseTh Y -
(6-37)

For N=6, N;=4, and PF=10'5, we obtain the results shown
in Table 6-1. Note that the probability of detection, Pgs,

of the two sensor system is much better than the probability
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of deteétion, Pgs, of the single sensor system, for the same

probability of false-alarm and the same target SNR.

DS

0
T Py

Table 6-1. Performance of Adaptive CFAR Detection '?@ﬂ%i
O 1
with Two-Sensor System and a Single '&%ﬁﬁ

Sensor System.
-5

P, = 1077, N=6, N, =4.

A Comparison

In this section, we present an example where we com-
pare the performance of the three systems that we have de-
veloped and analyzed in Chapters four, five and six. We use
two CA-CFAR detectors with a number of range cells equal to
N1 and N, for detectors one and two, respectively. The systems
under consideration are shown in Figure 6-4. 1In Figure 6-4(a),
we have two CA-CFAR detectors with a data fusion center. We
assume that the fusion rule at the data fusion center is the
"AND" rule. In Figure 6-4(b), we have a two-sensor system
composed of a background estimator and a CA-CFAR detector as

proposed in Chapter five, while in Figure 6-4(c), we have two
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Fig. 6-4. Different Network Topologies for
Two-Sensor CFAR Detection Systems.
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CA-CFAR detectors whose operation is as described in this o

chapter. For the same cross sectional target SNR S, for an Qn$ﬂﬂ
- %
overall probability of false-alarm PF = 10 5, for N1=6 and W gt

- am e e

N,=4, we compare the performance of the three networks in g

(]
Table 6-2. it

o e
]
]
p
,

C'
3
yid
’

5 0.0152 0.0152 0.0687 MRy

PR

10 0.166 0.166 0.179 WAL

.

15 | 0.526 0.526 0.594 aad

agend
=5 5SS

Table 6-2. CA-CFAR Performance of

L
. the Two-Sensor Systems p{:@gt
! of Figure 6.4.

The superscripts a, b and ¢ on the probabilities of detection ®
A of the entries 1in Table 6-2, represent the systems a, b, NN
and ¢ as shown in Figure 6-4, respectively. It should be AN
noted that if we had used the "OR" fusion rule instead of ®
the "AND" fusion rule in the system shown in Figure 6-4(a), KA
" the performance in terms of Py would have been worse for the <

values of S considered here. e

6.5. Summary and Conclusions R
L) %

In this chapter, we have derived expressions for the S S

probability of detection using n CA-CFAR detectors in parallel AR
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and in tandem. In the parallel topology, n decisions from

n CA-CFAR detectors arrived at the (n+1)th CA-CFAR where the
final decision was obtained. The entire system was optimized
and the best threshold multipliers at the CA-CFAR detectors
were obtained so that the overall probability of detection
was maximum while the overall probability of false-alarm was
maintained at the desired value. 1In the tandem topology, the
detection decisions were transmitted from one CA-CFAR detector
to the next in series and the entire system was optimized.
The improvement in the performance was shown by an example.
This procedure, in which the threshold is adaptive to two

types of compressed data, the received decision and its own

ol

estimate of the level of the background noise, turned out to

2,
a

<
o o,

“,V

be very effective.
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CHAPTER VII

SUMMARY AND SUGGESTIONS FOR FUTURE

RESEARCH WORK

7.1, Summary

New adaptive threshold techniques for CFAR processing

were proposed and analyzed. In the first half of the

report, we studied CFAR processors for multiple target situ- .'3$€
ations. We proposed a weighted cell-averaging CFAR detector :s&g
for multiple target situations. We obtained the optimum s.?ﬁ
weights for the leading and the lagging reference windows so Ef:i,
that the probability of detection was maximum while the ggﬁ?
probability of false-alarm was kept at the desired value. 3&;%
The performance of the WCA-CFAR detector was shown to be :EEE

-

THRR
«_u
<
A

superior to that of the CA-CFAR, GO-CFAR and SO-CFAR de-

»
-

305

tectors. The WCA-CFAR detector was shown to be especially

r.:q
(A
e

effective when the interference is large.

P4
e, 4.:

L
]

34ﬁ?
5

The second CFAR detector proposed for a multiple

L
(o
L

target environment was a cell-censored CFAR detector. A

"7
a
@
s

¢
L4

Ll

X

.=
'slA
2

predetermined fixed threshold at the level of each range o

Ry
%

cell was used to determine the presence or absence of inter- s
LYt

- . . . (N}‘\:}‘
ference in each range cell. The cells, for which inter- - -
ference was decided, were censored while others (cells ;SQE'

P

st

. . . . . o
without interference) were used in the estimation of the a}&}
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a

'
)
: S
V:’ background noise. The sum of the leading cells without “.0...,.‘
E interference, and the sum of the lagging cells without inter- '::':':.g::?;::::'
K}
%: ference were added to yield the adaptive threshold, which in ,. : .:.‘J
. turn was scaled to achieve CFAR. The performance was studied B .
)
; and it was shown that the cell-censored CFAR detector was ‘l":':'a:
‘ effective in a multiple target environment. ; "' ;:‘
; In the second part of the report, we developed '}:4:
:‘ the theory of distributed adaptive CFAR detection. CFAR de- _,E.f:;é&
aSee!
;‘ tection with distributed detectors and data fusion was :r'{«‘:
' studied. Given a "k out of n'" fusion rule at the data fusion tj-s.
N center, the optimum threshold multipliers at the CFAR detec- %5:‘,
' tors were obtained so that the overall probability of detec- f';:)_}';'
; tion at the output of the data fusion center was maximum, 'N“:‘._\"\.
: while the overall probability of false-alarm was fixed. Then, ::{:';;E '
’ the entire system was optimized, i.e., the optimum threshold Rl j:.
4 multipliers at the individual detectors were obtained as well 1—:"
as the optimum fusion rule at the data fusion center. In the E:_:".::: ;.
;; optimization of the entire system, the overall probability of .:"'::&"
X false-alarm was maintained at the desired value while the QK’T ‘,
: overall probability of detection was maximized at the data $ 3
fusion center. %‘(’:.‘:
; Due to the fact that more knowledge about the back- Ei’éﬁ:-:*
E ground noise improves the detection, adaptive CFAR detection “E_:é::'; ;
with multiple background estimators was studied. Estimates “j'x:".
of the background noise were transmitted fromthe estimators tf,:.
! to the CFAR detector. The CFAR detector computed its own E?é%"-
D
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estimate of the background noise and combined it with the
received estimates to yield the adaptive threshold. The
adaptive threshold was then scaled and was compared with the
statistic of the output of the cell under test to make a de-
cision. As expected, the performance improved. An exten-
sion using a hybrid system consisting of background esti-
mators and a data fusion center was also considered. The
performance of the hybrid system was also studied by means
of an example.

Finally, adaptive CFAR detection for two different

network topologies was considered. The two topologies con-

JAHRIK,
. . Ryl
sidered were the parallel and the tandem topologies. In .:,*v*
{ these cases, the compressed data that were transmitted from -.Jvaa
.. . - h
one CFAR detector to the next were decisions instead of esti- $&$§ﬁ
ARSI
.. o o
| mates. The final decision at the last CFAR detector was "%ﬁh‘
e
based on two types of compressed data; namely, its own esti- PRI
-:-.-f‘l“‘t’f'
mate of the background noise and the received decisions. In ;gﬁ;&j
. .. SIS,
both cases, the entire system was optimized so that the PR
TR
probability of detection was maximum, while the probability ﬁ%ﬁizs
o
) of false-alarm was maintained at the desired values. In ﬁy .ﬁz
p oL .
. - . . N f&i
; maximizing the probability of detection, optimum threshold y%&' A
] Pty
E multipliers were derived. Again, as expected the perfor- ?~x§%
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4 mance improved. In the next section, we provide some sug- SE}H\
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E gestions for future research work. &§S§§
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7.2. Suggestions for Future Research Work

As indicated earlier, no work has been reported in the
literature on CFAR detection using distributed sensors. In
this report, we make the first contribution in this area
by developing the theory of distributed adaptive CFAR detec-
tion. We did not consider multiple target situations in our
work. One obvious direction for future research is to extend
the theory developed here for multiple target situations.
Also, different network topologies, structures and implementa-
tions can be considered and analyzed for distributed adaptive
CFAR detection.

Also, as shown in Chapters four and six, solving the
nonlinear equations, to obtain the optimum threshold multi-
pliers at the individual CFAR detectors and/or the optimum
fusion rule at the data fusion center, required extensive

computer iterative steps. These values may be computed and

compiled in tables so that a table look-up procedure may be

implemented. Development of more efficient numerical tech-
niques for solving the above nonlinear equations is desir-

able.
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ﬁ; A-1. Swerling Cross Section Models [12,36] S’gﬁ
) R
q‘ Case 1. In this case, the returned signal power per pulse "Qtﬁ
Ay — A0 l l
i, . Yoot
on any one scan is assumed to be constant, but these echo L
‘:' . i: "':g;'
M pulses are independent (uncorrelated) from scan to scan. ﬂar’J
"' !H" )1 R
e This assumption ignores factors such as the effect of the ig(QK
,\.‘ e X ".
" - - " "
antenna beam shape on the amplitude of the returned signal. .'
i'; o %
& A returned signal of this type is referred to as scan-to- e ,ﬁ
S
) scan fluctuation. The probability density function for the 2
! SR
cross section (input signal-to-noise power ratio, o, is
- ng
D% ) RN
ﬂ assumed to be '2§:¢
;:| Boed ‘:.
] &
@ P(c,oav) = El— exp (- 89—) , 020 (A-1) J JE&
av av ®
c;: S
:ﬁ where Sav is the average cross section (average of o) over E?’ég
A gt ot
5: all target fluctuations. %;;‘&
W SATAAX]
' d . . . ‘?\ X ..t
Case 2. In this case, the fluctuations are more rapid than ”t*-f
o - r ’
{00
,ﬁ in case 1 and are assumed to be independent from pulse to ti,‘ﬂ
pulse instead of from scan to scan. This type of fluctu- Fg&’w
» e
Y . . > t
& ation is referred to as pulse-to-pulse fluctuation. The ;ﬁ%ﬁ
v A
' ‘q s . . . . d
s probability density function for the target cross section is éqg:
N/ the same as given in equation (A-1). - -’w
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Case 3. In this case, the fluctuation is as in Case 1,

i.e. scan-to-scan fluctuation, but the probability density

function is given by

_ 4o _Zc/oav
) = > e s T z 0 (A'Z)
Tav

P(o,oav

Case 4. In this case, the fluctuation is pulse-to-pulse as

in case 2, but the probability density function is given by

equation (A-2).

Only Case 1 is considered in this dissertation.

A-2. Reference Window Statistic [37]

When the background noise is white Gaussian of un-

known level, the probability density function of the out-

put at each range cell is

2
AU 0 (A-3)
P ) = —x e , q; > -
Qi(ql) 22 q; >
where 02 is the average noise power. In cell-averaging, the
outputs of these range cells are assumed to be statistically

independent. A reference window U of N range cells is the

sum of all these cells, i.e.,

(A-4)

where PQ (qi), i=1,2,...,N,is as defined in equation (A-3).
i

To find PU(u) we use the following theorem from [37].
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Theorem. If qqsdy5---,dy are mutually independent random

"

Y
oty

variables with the exponential distribution function as in
equation (A-3), then the sum U = q; + g, *+...+ qy has a proba-
bility density function Py (u) and a distribution function

FU(u) given by

2
1 1 u N-1 -u/20
P.(u) = . ( ) e ,u >0 (A-5)
u 202 IV 202
2 N-1
/20 u u .2 1 u 1
F (u) = 1-e" (1 + ——— + ()" 57+t (=) w7
u 202-1! 20 21 EEZ (N-1)!
u>0 (A-6)

Proof. We prove this theorem by induction. For N=1, the
theorem holds because equation (A-5) simply reduces to equa-
tion (A-4). Now, assuming that the theorem is true for N,

we will show that it is also true for N+1. The density

PU(u) for U defined in equation (A-4) is given by the follow-

ing convolution

u
.
PN+1(t) J PN(t-q) Pl(u) du (A-7)
0
which reduces to
(1/269)N*1 /262 TN
Puer () = “(NTT%T - e J u’ " du
0
2.N 2
1 (t/2 -t/2
258 ( é!o L et/ (A-8)
g

quation (A-8) is of the form of equation (A-5) which means

1at equation (A-5) holds by induction for all N. Taking
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the derivative of equation (A-6), we obtain equation (A-5)

which justifies that equation (A-6) holds.

A-3. Detection Probability Without Interference in

the Range Cells

In the conventional CA-CFAR with N reference cells and

reference windows U, V, the normalized probability density

functions of U and V are

N
PU(u) = N u7
réh
N
-1
PV(V) = -%—- V-Z
réd

The threshold Q is the sum of U and V, and therefore, the

probability density function of Q is given by the convolu-

tion
Pola) = _:
1 -q

e

rrhi?

q
I'(N)
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R The probability of detection for a target SNR S of Swerling A
4,
3 W4 D)
1 Case 1 is gé '%
Y *® - _Tj— % "'g
' P = J e 1¥S Po(a) dq (A-12) N (3
0 N

£

From [38], we obtain :

P

1+S N T
Py = [y 7! (A-13) RURL

PR EEIZ)

A-4. A Reference Window Statistic With One Y
Interfering Target [14] S
x

. o . 4
If the reference window is U with one interfering ‘&w'

]
target, having an SNR I, of Swerling type I and N range N gt

cells, U can be written as g.'
Y

R R R

¥
L]
®

“.33'
fﬁ

N-1 oty 'Q:
) ()
' U= J a; +ay (A-14) wiiode
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where, PN
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PQN(qN) 1+T © » Gy 20 (A-14.b) \«;2
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Nth cell, but it could be in anyone of the N range cells. -
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Y = Ay (A-16)
then, from equation (A-2)
1 N-2 -x
PX(X) = TN_—ZT' X e » x>0 (A-17)

Since U is the sum of X and Y, the probability density func-

tion of U 1is

u
f
Py(u) = J Py(x) Py(u-x) dx
0
Substituting equations (A-14.b),

(A-18)

(A-16) and (A-17) into

equation (A-18), we obtain

u

J N-2,-x

0

1

_ 1
T T(N-1)

1+71

Py () e-(u-x)/1+I dx

u
1 _u/l+I N-2
1+Ie X e

I
’X(1+I)d
X

1
T(N-1)

0 (A-19)

From [38], we have

u
j x"e Mix =
0

n!

n+1
u

(A-20)
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By Thus, using equation (A-20) in equation (A-19) and re-

K]

E' arranging terms, the probability density function of U is

{

b

y b () = L (LrIgN-2 T+ _ou Niz 115
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4

u >0 (A-21)
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) A-5. Some Values of o and B

2

[

The values of o and B are obtained by solving the

‘. -

ﬁ nonlinear equations (2-43), (2-44) and (2-46). The values of

X

m a and B for the cases considered are given below.

1

’-

¥ -4
- Pp =107, I =S x 10, N=4

% S a B

KX

5 1.4318 8.4275

% 10 L2711 15.738

L

? 15 .0680 19.412

s

, 20 .0207 20.233

1

ﬁ 25 .0065 20.451

A

i 30 .0021 20.515
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P, = 107, I=35:10, N=4
S o 8
10 6.4312 9.2558

15 4.0062 9.9211

20 1.8451 12.081

25 .6714 15.332
30 .2136 18.191
35 .06612 19.692
Pp = 1074, I =S, N=4

S a 8

5 4.5081 8.8527

10 2.2875 9.9921
15 .7479 14.176

20 .2179 17.975

25 .0663 19.666

30 .02068 20.26

35 .0065 20.454

151
‘..N‘.., ,.‘ ‘-) Yoy . ,.5. -s‘, -,*--Q. O :&*V"Qﬁi”ﬁ‘?’f ~ -,;¢$ i s .‘ . .,.{5; .-::i' '_x
SR =:~. B R R e



REFERENCES

[1] H.M. Finn and R.S. Johnson, "Adaptive Detection Mode
with Threshold Control as a Function of Spatially
Sampled Clutter-Level Estimates,' RCA Review, September
1968, Vol. 29, pp. 414-464.

{2] H.M. Finn, "Adaptive Detection in Clutter," Proceeding
: National Electronics Conference, 1966, Vol. 22, pp. 562-
y 567.

{3] H.M. Finn, '"Adaptive Detection with Regulated Error
Probabilities,'" RCA Review, December 1967, Vol. 29,
pp. 653-678.

- s G

[4] R. Nitzberg, "Analysis of the Arithmetic Mean CFAR
Normalizer for Fluctuating Targets," IEEE Transactions
R on Aerospace and Electronic Systems, January 1978,
Y AES-14, pp. 44-47.

/ [5] V.G. Hansen, '"Constant False-Alarm Rate Processing in
Search Radars," Proceeding of IEE International Radar
Conference, London, 1973, pp. 325-332.

[6] V.G. Hansen and J.H. Sawyers, ''Detectability Loss due
to Greatest of Selection in a Cell-Averaging CFAR,"
IEEE Transactions on Aerospace and Electronic Systems,
January 1980, AES-16, pp. 115-118.

XX XX N

[7] J.D. Moore and N.B. Lawrence, '"Comparison of Two CFAR

Methods Used with Square Law Detection of Swerling I
' Targets,'" IEEE International Radar Conference, 1980,
4 pp. 403-409.

[8] R. M. O'Donnell, C. E. Muehe, and M. Labbit, "Advanced
y Signal Processing for Airport Surveillance Radars,"
EASCON, October 1974, Washington, DC.

[9] R. Nitzberg, "Clutter Map CFAR Analysis," IEEE Trans-
) actions on Aerospace and Electronic Systems, July 1986,
AES-22, pp. 419-421.

Y [10] G. V. Trunk, '"Range Resolution of Targets Using Automatic
\ Detectors,'" IEEE Transactions on Aerospace and Electronic
Systems, September 1978, AES-14, pp. 750-755.

) {11] J.T. Rickard and G.M. Dillard, "Adaptive Detection
] Algorithms for Multiple Target Situations,' IEEE
Transactions on Aerospace and Electronic Systems,
July 1977, AES-13, pp. 338-343.

152

L]
’

f D v WS TS P I W e e P T T N T T e N T N e e R G -
B e LG N N N R N A A Ny AN AN AN
LM .‘\n‘. AN A A N N 2 ACAE I A A AT A S SRR NI RAGNACASA,
Sttty .‘:’ (AR A N T S e A e e e T A A St A A W
‘.h.:'l’:"...' ’I‘.‘t'!"-‘!"'l”' i oA Y ‘~‘~ '-' f l" ﬁ.-". R A.l AP IS \ \\ AN -' “ S N\ "."\ AN

> Xr

LA

{

274
’l
LAEZ

-
-~
Kk

.

L] I‘
5o

"
”»

|

P

»
o

L}
)
?"l,l
5
.I
7

g

". ""
l‘l\
5

&Y
e

R

P o
%Y
it

s
)
2

%

t]..s

.,

[

2 "c'l',
»i )
® Kb

o

(X4
<

AN

hod

~ s
P ]
L3

TN &

a s
LI
Jo v

AR
SRS

e

3
e

o
S
PRI
»
C,:_:

v ¥ ¥_ 7V
Pl
)‘-ﬂ%"'
{f"l .
n 2 e )
LSS
h 'l T

w_w

-J.-?

»

55



) N . varg-at v, ¢ ) 4" V0.8 “ad tat ‘gt Uah Sab b Cav, MAAGINEY)
UM LAWY R A X TR Ay DA T LIS YO UK PR R I RN T W HUWY W ¥ - MR - L G AN L ‘.

o

~ ::0':0"."

A

[12] P.J. Mclane, P.H. Wittke and C.K-S Ip, "Threshold -
Control for Automatic Detection in Radar Systems," !

IEEE Transactions on Aerospace and Electronic Systems,
March 1982, AES-18, pp. 242-248.

ol LA L

[13] E.K. Al-Hussaini and B.M. Ibrahim, "Comparison of
Adaptive Cell-Averaging Detectors for Multiple Target

Situations," IEE Proceedings, June 1986, Vol. 133. ifgz'
Pt. F, No. 3, pp. 217-223. o

f‘fﬂf“':"
-& o
>

o2

[14] M. Weiss, '"Analysis of Some Modified Cell-Averaging
CFAR Processing in Multiple Target Situations," IEEE
Transactions on Aerospace and Electronic Systems,
January 1980, AES-18, pp. 102-114.

[15] H. Rohling, '"Radar CFAR Thresholding in Clutter and
Multiple Target Situations,'" IEEE Transactions on
Aerospace and Electronic Systems, July 1983, AES-19,
pp. 608-621.

[16] J.A. Ritcey, '"Performance Analysis of the Censored Mean-
Level Detector,'" IEEE Transactions on Aerospace and
Electronic Systems, July 1986, AES-22, pp. 443-453.

[17] P. Swerling, "Probability of Detection for Fluctuating
Targets," IRE Transactions on Information Theory,
April 1960, IT-6, pp. 269-289.

[18] R.R. Tenney and N.R. Sandell, '"Detection with Distri-
buted Sensors,'" IEEE Transactions on Aerospace and
Electronic Systems, July 1981, AES-2Z, pp. 501-509.

[19] F. Sadjadi, "Hypothesis Testing in a Distributed
Environment,'" IEEE Transactions on Aerospace and
Electronic Systems, March 1986, AES-22, pp. 134-137.

N

[20] L.K. Ekchian and R.R. Tenney, 'Detection Networks,"
Proceedings of the 21st IEEE Conference on Decision
and Control, Florida, December 1982, pp. 686-691.

id

L3

P
NI
- >

? 7,

LL%r

[21] D. Teneketzis, "The Decentralized Wald Problem,"
presented at the IEEE International Large-Scale Systems

‘ [ J
Symposium, Virginia Beach, Virginia, October 1982. G}f;%;
RO
. . . . ) ‘b. ‘I *
[22] D. Teneketzis, '"The Decentralized Quickest Detection RN
Problem,'" presented at the IEEE International Large- AR
Scale Systems Symposium, Virginia Beach, Virginia, }§1$3¢
October 1982. | )
NN
[23] R. Srinivasan, '"Distributed Radar Detection Theory," RGN
IEE Egoggedingé, February 1986, vol. 133, Pt.F, :@3}&:
- 2t At
pp. ° : RN
,\’.‘\.‘.‘! oy
' ]

)
Cal 'y ¢
AN
153 \".-\.'.‘\\
5} '.
e

)
2

P

o

&-v
e

O N T T N Tt K T .r__qﬁ ST ;-.v".»'a'- -;. ',k_: '_,;\;4-&:‘-4-' “‘F"-'J *x" .r
R 2
B V! J

£ )

'f-f!t‘,

N W W - -" ‘- NG e . ..-
ey "'t.‘:" X ."n‘..b&'(m 0o ‘ o % S S \}' 4 }"' \ W

.!',t‘.u‘.". n.',l..l.‘. ) "v“.‘lo. h"‘n".‘ X J:“s.‘. :.0' o g SRR e ¥ L g 5' ‘."- - 4 "" o




10 e gy gle=ain - ua g 0a" e 0g 0y 20t atyt g et igt gyt dgh g ie gat g OO AR a4 442651900 gragn gt . S N .
C ety aaty Aottty fk'@%'

oYY
Necor

[24] H.J. Kushner and A. Pacut, "A Simulation Study gf a e
Decentralized Detection Problem,'" IEEE Transactions P$ﬁ“¥

on Automatic Control, October 1982, Vol. 27, No. 5, LN

Feat

pp. 1116-1119. : .’;g'

. " (]

[25] J.J. Chao and C.C. Lee, "A Distributed Detection Scheme A,
Based on Soft Local Decisions,” Presenteq at the 24th u.~.!.
Annual Allerton Conference on Communicatlon, Control, Q&;‘}*

and Computing, Monticello, Illinois, October 1-3, 1986. %jNQR

. N ,

(26] E. Conte, E. D'Addio, A. Farina and M. Longo, "Multi- :\:ﬁ ,..:
static Radar Detection: Synthesis and Comparison of e nrah
Optimum and Suboptimum Receivers,'" IEE Proceedings, 1
October 1983, Vol. 130, Pt.F, No. 6. }¢?5$~f
(27] Z. Chair and P.K. Varshney, "Optimum Data Fusion in Ep£2§?(
Multiple Sensor Detection Systems," IEEE Transactions }?}ggn

on Aerospace and Electronic Systems, January 1986, ke ;

Vol. 1, AES-22Z, pp. 98-101. . .
ﬁ-;?’:‘!k
f28] 1I.Y. Hoballah and P.K. Varshney, '"Neyman-Pearson 3ﬁ?§§{‘
Detection Using Multiple Radars," Proceedings of the ﬁbp§\;

25th IEEE Control and Decision Conference, Athens, N

A

Greece, December 1986. kg s

L

[29] TI.Y. Hoballah and P.KX. Varshney, "An Information Theoretic ol
Formulation of the Distributed Detection Problem," Pre- EE'*& .
sented at the 1986 IEEE International Symposium on Infor- 3‘_"-.*‘ o:}"'
mation Theory, October 1986. PR,

[30] Z. Chair and P.K. Varshney, '"Distributed Detection of LA :p
Signals Perturbed by Random Channels," Presented at the AN Y

2

b

1986 IEEE International Symposium on Information Theory,
October 1986.

[4

o
x

e
7
oA
A
%

:
&

(311 2Z. Chair, I.Y. Hoballah and P.K. Varshney, "Distributed
Sequential Probability Ratio Test," Presented at the
Twentieth Asimolar Conference on Signals, Systems and

o
]
e

Pl
8

%

[l

Y W
Computers, November 1986. \EQ}F::
PN
[32] B. Barboy, A. Lomes and E. Perkalski, "Cell-Averaging ﬁﬁﬁbﬁ
y CFAR for Multiple Target Situations,'" IEE Proceedings, PY
u 1 + B S wpw
: April 1986, Vol. 133, Pt.F, No. 2. Bﬂaﬁﬁt
FS A ALY,
[33] J.A. Ritcey, "Calculating Radar Detection Probabilities -;kﬁgﬁﬁ
by Contour Integration,'" Ph.D. Dissertation, University RN SANEY:
of California, San Diego, 1985. NI
.

[34] R. Nitzberg, "Application of Invariant Hypothesis Testing

X . . 3 . s
' Techniques to Signal Processing,'" Ph.D. Dissertation, e
b Syracuse University, NY, 1970. Sy
» ’-~ '.. . )‘
N
@
.rﬁyah'
" N
; A
154 .\'\5.-'.; 4
i
$ \*
Ky WA
ARy Y'-'. T2 " N o ) ™ : AP LI P .~ “‘. ";':'
N ARl A - N T e S
M J,\IS}\I r D al ' o &:\,’\ *]‘-" N e *\:;'u::S)'-::'-:'-j'\$'-::'~{'-':‘ " .
48, O D00 A X ' WY, ) X X Bt TR LR S K Rl A




R IO TP WA T W UL WG W WU N WY v gavobat 0t ata? 8% s ala at 2?2 a2 a0 nYE" 270 2% 25 " a2 a2 262" LT L W M WU WU R W O 4ol 0a® Ba* gt Y .uv .

[35]

[36]

(37]

(38]

[39]

[40]

[41]

[42]

[43]

[44)

(45]

[46]

[(47]

et
R
' EAYY,
I.Y. Hoballah, "On the Design and Optimization of ) KJ
Distributed Signal Detection and Parameter Estimation Tty
Systems," Ph.D. Dissertation, Syracuse University, NY, &ﬁ:f?.
1986. NS0
. } ::Ft,r'.f::)
M.I. Skolnik, Introduction to Radar Systems, New York: AL
McGraw-Hill, 1980. ) ®
r* 'V‘ l:“l:.‘
W. Feller, An Introduction to Probability Theory and %&ﬂv'ﬂ
Its Applications, Volume 1 and 2, New York: John Wiley N 0
and Sons, 19/1. &-‘ 2
vl
I.S. Gradshteyn and I.M. Ryzhik, Table of Integrals, —
Series, and Products, Orlando, Florida: Academic Press, w;‘qﬂm
Inc., 1980. 5_$f;xf
¥
N. Piskunov, Differential and Integral Calculus, péﬁf&ﬁ
Groningien, The Netherlands: P. Noordhoff LTD, 1965. st
] o
G.R. Walsh, Methods of Optimization, London: John Wiley 3«?%&@
and Sons, 1975. R
1,4m$ﬂ;
A. Papoulis, Probability, Random Variables, and X
Stochastic Processes, New York: McGraw-Hill, 1965.
R.P. Wishner, "Distribution of the Normalized Periodo-
gram Detector,'" IRE Transactions on Information Theory,
March 1958, IT-4, pp. 53-57.
J.I. Marcum, "A Statistical Theory of Target Detection
by Pulsed Radar: Mathematical Appendix,' IRE Trans-
actions on Information Theory, April 1960, IT-6,
pp. 155-267.
R. Nitzberg, '"Constant False-Alarm Rate Signal Processors for
Several Types of Interference," IEEE Transactions on
Aerospace and Electronic Systems, January 1972, AES-8,
pp 207-34.
R. Nitzberg, '"Low-Loss Almost Constant False-Alarm Rate
Processors," IEEE Transactions on Aerospace and Electronic
Systems, September 1979, AES-15, pp. 719-723.
H.I. Jacobson, "A Simple Formula for Radar Detection
Probability on Swerling I Targets,'" IEEE Transactions
on Aerospace and Electronic Systems, March 1981,
AES-17, pp. 3504.
J.V. DiFranco and W.L. Rubin, Radar Detection, Englewood
Cliffs, NJ: Prentice-Hall Inc., 1968.
155
1."\-, l’ - - ‘_. '.F !( -‘(' ‘-h.‘:-f r-ﬁ p., - 'J .';'.-;'-\:J("n:"-;'-b;r\";‘"-":-. :\ :‘ - ':\.:\_- .:\.-.'(:.._- "'.‘
(N',.‘,- Y VN P oy J"'\"_\‘.ﬂ__.ﬂ,,_ N \.'_\.c.. ___.r\./-_. SN ST o __.‘/.'\.
R S A R A R




[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]
[58]

[59]

(60]

[61]

(62]

i
Ayl

a0
& A
::..'::'.':"“..' ’;,":‘O::\.:..::::.:“::}.:. 3

RO

SRMRNDNRM AN NN MM

M.D. Srinath and P.K. Rajasekaran, An Introduction to
Statistical Signal Processing with Applicatioans, New
York: John Wiley and Sons, 1979.

H.L. Van Trees, Detection, Estimation, and Modulation
Theory, New YorkT John Wiley and Sons, 19568.

L.K. Ekchian, "Optimal Design of Distributed Detection
Newworks,'" Ph.D. Dissertation, M.I.T., 1980.

D.P. Meyer and H.A. Mayer, Radar Target DetectionZ
Handbook of Theory and Practice, New York: Academic
Press, Inc., 1973.

F.E. Nathanson, Radar Design Principles, New York:
McGraw-Hill, 1969.

M.I. Skolnik, Radar Handbook, New York: McGraw-Hill,
1970.

R.S. Berkowitz, Modern Radar, Analysis, Evaluation,
and System Design, New York: John Wiley and Sons,
1965.

A.V. Balakrishnan, Communication Theory, New York:
McGraw-Hill, 1968.

W.B. Davenport, Jr. and W.L. Root, An Introduction
to the Theory of Random Signals and Noise, New York:
McGraw-Hill, 1958.

A.U. Rihaczek, Principles of High Resolution Radar,
New York: McGraw-HilI, 1958.

W.S. Burdic, Radar Signal Analysis, Englewood Cliffs,
N.J.: Prentice-Hall, Inc., 1968.

R. Benjamin, Modulation, Resolution and Signal
Processing in Radar, Sonar and Related Systems,
London: Pergamon Press, 1966.

J. Constant, Introcduction to Defense Radar Systems
Engineering, New York: The MacMillan Press, 1972.

M. Abramowitz and I.S. Stegun, Handbook of Mathematical
Functions with Formulas, Graphs, and Mathematical Tables,
Washington, D.C.: U.S. Department of Commerce, National
Bureau of Standards Applied Mathematics Series, 55, 1972.

R.E. Schwartz, "Minimax CFAR Detection in Additive
Gaussian Noise of Unknown Covariance,' IEEE Transactions
on Information Theory, November 1969, pp. 722-725.

156

i T% e Ry ] A A S A I N e e I L LI NP N 0 I S Y ) LAY AL s T
R S e S U RO
. % O S ) Wl Ca% Yoy () e Ay

A Ao S e B R S B "

G
Bk

YR

22X,

0
R

"
NNty o)

Hh
oA
r'-J

P 7
1)

I "
.‘-{A .,
7 5w

’
{ 4
2 A
] ® ~ Y,
- o



. . . Y v ric oba-ate ave VA 1R at ala ot 2t p¥R Aty al
S At b g e e AT a e gt e Catratatat. i ata et it ata it at oAt D 0@ R Va8 0 00" b 2a8" LA B A SR i vl s i av Mhpth g™ ‘I'.; M,

el

[63] J.M. Moser, 'Detection Probabilities for a Rank Nt
Statistic," IEEE Transactions on Information Theory, REE

May 1971, pp. 346-349. 3?%? 3
NN

[64] E. Dalle Mese and D. Guili, '"Detection Probability of a Q?Gh.q
Partially Fluctuating Target,'" IEE Proceedings, April ;;}f by

1984, Vol. 131, Part F, No. 2, pp. 179-182. i )

« |.'|

[65] J. F. Roulston and M. Jackson, 'Optimization of a ﬁg&;':
Digital Autodetector for Linear and Logarithmic Radar Rl

Video,'" IEE Proceedings, February 1980, Vol. 127, W
Pt. F, No. 1, pp. 22-29. b,
L

[66] G.B. Goldstein, '"False-Alarm Regulation in Log-Normal 55@;?1
and Weibull Clutter,'" IEEE Transactions on Aerospace PENEYGYY

and Electronic Systems, January 1973, AES-9, pp. 85-92. a;gy&g‘
AR

[67] A. Farina, A. Russo and F.A. Studer, '"Coherent Radar fﬁﬁé@#}
Detection in Log-Normal Clutter,'" IEE Proceedings, ) ®
February 198 Vol. 133, Pt. . 1, . 39-54, TS
ebruary 1986, Vo s F, No. 1, pp 54 _ .:":.':‘é:g::i:

[68] R.A. Dana and D. Moraitis, "Probability of Detecting a 'W?*$¢
Swerling I Target on Two Correlated Observations," "]

IEEE Transactions on Aerospace and Electronic Systems, 5&-,J5
AES-17, pp. 727-730. e
REAGAL
[69] E. Brookner, "False Alarm-Rate and False-Alarm Number ;ﬁﬂfﬁ“(
for Discrete and Continuous Time Sampling,' IEEE 'ﬁ?ja,*
Transactions on Aerospace and Electronic Systems, P :
November 1981, AES-17, pp. 809-8174. PIRAGGN

4 o
[70] G.H. Robertson, "Computation of the Noncentral F Qifsfw
Distribution (CFAR) Detection,'" IEEE Transactions on BRI
Aerospace and Electronic Systems, September 1976, 3&0?;1
AES-12, pp. 568-571. Iy
. -"l A

[71] D.W. Kelsey and A.H. Haddad, '"Detection and Prediction. o

of a Stochastic Process Having Multiple Hypothesis,"
Information Sciences 6, 1973, pp. 301-311.

L4

O Rl
% &,’; Z

Stk
“ -

&AL ﬁ

(‘
X
S

2
L B A S 0 x

1
»

o3

P

[72] V.K. Rohatgi, An Introduction to Probability Theory

and Mathematical Statistics, New York: John Wiley R0
and Sons, 1976. Lo &
AT
TR
[73] H. Stark and J. W. Woods, Probability, Random Processes, NN
and Estimation Theory for Engineers, Englewood Clitfs, i geind
N.J.: Prentice-Hall, 1986. Qgﬁﬁ}:
-‘-.-’ .- .LA.'-
[74) P.Z. Peebles, Jr., Probability, Random Variables, and Lr* d
Random Signal Principles, New York: McGraw-Hill, 1980. TSNy
"y b Sl Vel B $
1‘- ’-l,. ')" 5
{761 E.J. Dudewicz, Introduction to Statistics and Proba fﬁj{.p
bility, New York: Holt, Rinehart and Winston, 1976. dﬁﬂy}ﬁ
NIh

- A N RN O o I8 TN N RO S 0 W N N I N AT AN AN
W\.f‘_‘- ' i .;; A Q’*ﬁ%ﬁ**ﬁ‘ﬁz&\ﬁ\ : .r:.l\a\ ~“':$}j: v R A e R
W g o A A A T M O P A
‘:.l‘!‘\".'sbJ’:‘:‘:’:’:‘:.l'!.t‘?'l‘a.I:,&.n l.l'l.o,l.:'l AN .: .'. (] ."lw‘ . () .( W \.’ (' " i o 2dsiand. " A




‘‘‘‘‘‘ T S T W T W M W T S W W I e T T W R W N W R

[76]

[77]

(78]

[79]

[80]

[81]

AR

0

) "

G YO h

:'.a#i'.:!'?'l:l,!.‘,:"fk.té S A R . ‘c‘l

J.C. Hancock and P.A. Wintz, Signal Detection Theory,
New York: McGraw-Hill, 1966.

A.P. Sage and J.L. Melse, Estimation Theory with
Application to Communications and Control, New York:
McGraw-Hi111, 1971.

A.D. Whalen, Detection of Signals in Noise, New York:
Academic Press, 1971.

D.A. Wismer, Optimization Methods for Large-Scale
Systems with Applications, New York: McGraw-Hill,
1971,

D.J. Wilde, Optimum Seeking Methods, Englewood Cliffs,
N.J.: Prentice-Hall, 1964.

Y. Sawaragi, H. Nakayama and T. Ranino, Theory of
Multiobjective Optimization, Orlando, Florida:

Academic Press, 1985.

o h 'E EX
pitertac
S
oAty

il
2":‘:':-;"‘»'::-'2
) ®

l‘;.v.;‘v ~§7,
MR

158 g US Goveament Puning Othce 1988 511-117/64061 p\' it g
e
Qf N
N
' 0‘..:.‘
WY !
. .:‘.‘:: . - . ‘."i
e 4% J%s W] LR P ) SRRt Ry T AT AT A e TP S e IR IR e e IR T PRI Y e T N N N
DA e e e e T T B
AT S U B WS 0 AT 5 T A Rt R AT N R gt Nt B s A e A R I S IRT RIS P,
0 o e, SR NEY -L'<n'\,n'\‘_',"',,-\,-'.-*',( T A A A N A AT AN W
e R e A A i A A S AN L AL AR AR
L O X N MO 0 O M W i X Mo A=) nll % { p N g M R ! X LSad ik N



. b " . v 4 Sa¥, 00 AV 4% 50 852,07 8, £ A0BoR" (AR E AP g .
R R P P R RTTE 7 LI TR T WA NN, S R TN SN RS RSUNC ISV L] T avs7 Ve g th a7 4 o' 2°%

o

>

L

;

K3

;

;

[}

B A5 9K HCAF S AF 9SS ICAF HRF S IS XA K S A A

;

1

H MISSION

[

Vi Of INERRR
\ . L O]
Rome Air Development Center 3331'%,.‘..
s A !
3 '

3 RADC plans and executes neseanch, development, test

R and selected acquisition programs in support of

- Command, Control, Communications and Intelligence

% (C31) activities. Technical and engineening

" dupport within aneas of competence is provided %o

R ESD Program Offices (POs) and other ESD elements

3 Zo penform effective acquisition of C31 systems.

by The areas of technical competence include

, communications, command and contrnol, battle

N management, information processing, surveillance

ﬁ .densons, intelligence data collection and handling,

X sclid state scdences, electromagnetics, and

N ‘propagation, and electrondic, maintainability,

" and compatibility.

8

L)

(B L3 -2 E 23 23 P3PPI PIPIPI PP P TP

e et b e F e el Ao B R RN B -

! - -y LR Wl Vol T T e N
N R RGN A N '-:*3‘,;1.’?3‘?"'*‘?-!-.;’.?:«,-. CEaing,
tho'tl. / ) - . TV A Y
NSO RN : v . - J¢ -
RS "t"‘:tifo"‘:"::.'l..'::. '.A A l.'.l.'- ﬁ!‘n:‘-'u'!.u'!‘a’t" l..(’- [ .. W N o




I AN S g - 2 S g e @

X

7
i
o

=]
»
5]
2
K
-
»

)
»
,‘t
2
8
-
K
F
»
»
b
3

on'a
'f'
,'n'

ol
“
\'d'

o
~

§

s R

.-,:.n:'

Y,
L4

Ry
T

NN

/ a0 )

L "8 2
l"\
[ d
oy
O N
l‘u

"
)
L AN

25
4

g

TS
]
1, My,
OJ?.‘I

e e b dp e

e : = oo P e B e o RS e e X



