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Abstract. Decentralized target detection optimisation in 
multisensor systems, particularly in multisite radar 
systems, is usually reduced to the optimum choice of 
detection thresholds at all sensors and of a decision rule 
at the information fusion centre. For each decision rule, 
optimum peripheral thresholds are calculated by solving a 
system of m+1 complicated nonlinear equations in m+1 
unknowns where m is the number of sensors. Since 
optimum thresholds depend on signal-to-noise ratios, 
those equations are to be solved practically in real time. 
Such a procedure is very cumbersome and requires large 
computational resources. In this paper, an alternative 
simple and effective approach to the problem is described. 
The key idea is a "uniform distribution" of any given 
output false alarm probability between all sensors. Thus 
solving the above mentioned equations and "tuning" local 
false alarm probabilities in real time are avoided. The 
performance analysis has shown that energy losses are 
small (with respect to the optimum procedure) for both 
fixed threshold and CFAR peripheral detection. 
Therefore, the suggested approach may be recommended 
for practical use. 

Key words: Multisensor Systems, Multisite Radar 
Systems, Decentralized Detection. 

 
1 Introduction 

 
Decentralized Target Detection (DTD) is widely used 

in Multisensor Systems (MSSs), particularly in Multisite 
Radar Systems (MSRSs). Preliminary decisions about the 
presence or absence of targets are made at each sensor and 
then transfer to an Information Fusion Centre (IFC) where 
final decisions are made by combining those preliminary 
decisions. Usually decision rules of the "k out of m" type 
are employed at the IFC.   

Many works are devoted to DTD optimisation in the 
case of most popular parallel system topology. As a rule, 
it is reduced to optimum choice of detection thresholds at 
all sensors and of a decision rule at the IFC. For each 
decision rule, optimum peripheral thresholds are 
calculated by solving a system of m + 1 complicated 
nonlinear equations in m + 1 unknowns where m is the 
number of sensors (e.g., [1-9]).  

These nonlinear equations are to be solved practically 
in real time since optimum thresholds depend on Signal-
to-Noise Ratios (SNRs) at the inputs of all sensors. Such 
optimisation is a complicated and rather cumbersome 
procedure requiring large computational resources. 
Therefore, simplified suboptimum DTD without 

significant performance losses is of great practical 
importance. 

In this paper an alternative simple and effective 
approach to the problem is described. It can be noted that 
the above mentioned optimisation for each specific 
decision rule at the IFC is reduced to some optimum 
distribution of given output false alarm probability 
between sensors. The key idea of the suggested alternative 
approach is the use of a "uniform distribution" of any 
given output false alarm probability between all sensors. 
Thus we avoid solving the complicated nonlinear 
equations. 

Apparently, such a simple suboptimum approach 
may be successfully used in practice if energy losses (with 
respect to the optimum procedure) are not too large. It is 
known that even large variations of false alarm 
probabilities at a monostatic radar weakly influence on its 
probabilities of detection. Therefore, it may be expected 
that the suggested approach does not lead to significant 
energy losses. A thorough analysis has been carried out 
for systems with fixed thresholds at each sensor and 
multisensor CFAR detection. Some typical results of this 
analysis is presented in the paper. They confirm the 
advantages of the suggested approach. 

This paper is a generalization and further 
development of the author’s previous papers [10], [11]. 
 
2 Multisensor systems with fixed 
 thresholds at peripheral detectors  
 
2.1 Optimum algorithm  

 
A structural scheme of the decentralized detection for 

a MSRS with a single transmitting, m receiving stations 
and parallel topology is depicted in Fig. 1.  

Signal processing at each receiving station includes 
Matched Filtration (MF), if noises are white, envelope 
Detection (D), and threshold comparison. If a threshold is 
exceeded in the i-th station (i = m,1 ) in a range 
resolution cell corresponding to the analysed Space 
Resolution Cell (SRC) of the MSRS, xi = 1 is 
communicated via the Data Transmission Lines (DTLs) to 
the IFC. Otherwise xi = 0 is assumed to be in this 
resolution cell. For final decision of whether a target is 
present in the analysed SRC, sequences of zeros and ones, 
x1, x2,..., xm, undergo joint processing at the IFC. The 
optimum joint processing (according to the Neyman-
Pearson  criterion)  was shown to be weighted  summation 



 

MF1 Q1

Qi

Qm

MFi

MFm

comparison

comparison
Yes

No

X (t)1

X (t)i

X (t)m

D

D

D

Ut1

Uti

Ut

z0

x1

xi

xm IFC
m

Comparison

comparison

DTL

DTL

DTL

Figure 1.  
of x1, x2, ..., xm, and comparison the sum with a threshold  
(i.e. [1-3,9]) 
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where Qi are the weights determined by false alarm and 
detection probabilities, difai P,P , at the i-th peripheral 
detector 
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For m peripheral receiving stations the total number 
of different values of L > 0 is equal to 2m - 1. In the most 
practically important case (not too large differences 
between Qi [9]) 2m - 1 decision rules of the optimum 
algorithm (1) include m decision rules of  “k out of m” 
type following from the algorithm  
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corresponding to equal weights Qi, m,1i = . Apparently,  
algorithm (3) is much simpler than (1) since it does not 
require knowledge of false alarm and detection 
probabilities, difai P,P , at the peripheral detectors. It can 
be shown [9] that in all most important situations (when 
differences between power characteristics of stations are 
not too large) the simple decision rules of “k out of m” 
type (3) may be used in practice instead of (1) without 
noticeable energy loss [with respect to (1)]. 

For each chosen decision rule at the IFC, peripheral 
detectors should be optimised. It was shown [1-3] that 
optimum processing at peripheral sensors is reduced to the 
likelihood ratio test. Optimum thresholds y1 ,..., ym are to 
be calculated by maximizing the following objective 
function 

J = Pd(y1,...,ym) + β [Pfa(y1,...,ym) −α0]            (4) 

where Pd(y1,...,ym) and Pfa(y1,...,ym) are the output 
detection and false alarm probabilities, respectively, 
depending on peripheral thresholds; α0 is the allowed 
value of Pfa ; β is a Lagrange multiplier.  

Output probabilities Pfa and Pd depend on thresholds 
y1,...,ym through peripheral probabilities difai P,P . For 
decision rules of “k out of m” type these dependences can 

be expressed as follows [9] 
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Equation (6) is valid for most typical case of spatially 
independent echo fluctuations at the inputs of spatially 
separated receiving stations. For example, for the decision 
rule “2 out of  3”, when m = 3, k = 2, (6) takes the simple 
form 
         Pd = Pd1 Pd2 (1− Pd3 ) +Pd1 Pd3 (1−Pd2 )+ 
                              Pd2 Pd3 (1−Pd1)+Pd1Pd 2Pd3 .            (7) 
Replacing Pd1, Pd2, Pd3 by Pfa1, Pfa2, Pfa3, respectively, 
yields the output false alarm probability Pfa. Each 

diifai P,P depends on the corresponding threshold yi. 
Thus optimum values of peripheral detector 

thresholds, yi, i = m,1 , are the solutions of m + 1 
complicated nonlinear equations in m + 1 unknowns 
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where (5) and (6) should be substituted for Pfa and Pd in 
(4). For linear envelope detectors and Rayleigh echo 
amplitude fluctuations at all peripheral sensors we have 

 Pfai = exp(− 2
iy /2),                                        (9) 

Pdi = exp[− 2
iy /2(1+ )q 2

i ]                                 (10) 

where 2
iq is the SNR at the i-th station. Having obtained 

yi, i = m,1 , one can calculate Pfai and Pdi from (9),(10) 
and then Pd from (6). 

2.2 Simplified suboptimum algorithm  
 
If the allowed output false alarm probability, Pfa = 

0, is uniformly distributed between sensors, all peripheral 
false alarm probabilities are equal, that is Pfai = Pfa0 for all 
i = m,1 . In this case we have from (5) the following well-
known simple algebraic equation for Pfa0: 
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is the number of combinations of m elements taken as 
groups of n elements. It is clear that relative thresholds at 
all sensors are equal too, that is yi = ui /σi = y0, i = m,1 . 



 

To obtain y0 from Pfa0 it is sufficient to solve the very 
simple equation (9) where yi should be replaced by y0 
[instead of the complicated system of equations (8)]. 
Peripheral probabilities of detection are determined by 
(10) with yi also replaced by y0. Substituting Pdi into (6) 
yields the output probability of detection Pd. 

2.3 Performance analysis of the suboptimum 
        algorithm 

It may be expected that the suggested suboptimum 
algorithm would not lead to significant performance 
losses. It is clear from symmetry considerations that if 
characteristics of all sensors are equal, then the uniform 
distribution of any output false alarm probability between 
sensors is optimal. On the other hand, if these 
characteristics (for example, input SNR values) differ very 
much, including "weak" sensors into joint processing is 
usually not reasonable from the target detection point of 
view since it does not enhance output detection 
characteristics noticeably. Fig. 2 illustrates the latter 
situation for optimum centralized detection by MSRSs 
with one transmitting and two or three receiving stations 
and for most typical case of spatially independent 
Rayleigh echo amplitude fluctuations (at the inputs of 
stations) [9]. 

10

12

14

16

18

20

0 3 6 9 12 15 18

Difference in SNR, dB

R
eq

ui
re

d 
SN

R
 in

 a
 "s

tro
ng

" s
ta

tio
n,

 d
B

1
2
3

                                             
Figure 2. 

Curve 1 is plotted for the decision rule “1 out of  2”. 
It shows the required values of SNR at the “strong” 
receiving station for maintaining the prescribed values of 
output detection and false alarm probabilities (Pd = 0.9, 
Pfa = 10-4) when the difference in SNR between the 
“strong” and the “weak” stations increases. Curve 2 
corresponds to a MSRS containing three receiving stations 
and to the decision rule “1 out of  3”. It shows the required 
values of SNR at the “strong” station for maintaining the 
probabilities Pd = 0.9, Pfa =10-4 when the difference in 
SNR between the “strong” station and both other “weak” 
stations (with equal SNR values) increases. It is seen that 
when this difference exceeds 10 − 12 dB, the required 
SNR value at the “strong” station nears to that of the case 
of monostatic radar, 19.4 dB (horizontal line 3), so that 
contribution of the “weak” station(s) becomes 
insignificant. 

Calculation results of energy losses of the 
suboptimum DTD algorithm for the decision rules “1 out 
of  2”, ‘1 out of  3” and “2 out of  3” are presented in Figs 
3 − 7. Energy losses are evaluated as the simultaneous 

increase of SNRs at all stations required to achieve the 
same output detection probability, Pd, (at the same false 
alarm probability, Pfa) as with corresponding optimum 
algorithm. We consider here MSRSs with one transmitting 
and two receiving stations (where the effect of each 
receiving station on detection characteristics is maximal) 
and MSRSs with three receiving stations in extreme 
situations where SNR values at two (“strong” or “weak”) 
stations are equal. It should be noted that the system of 
equations (8) has no solutions for decision rules “m out of 
m” (“AND”) and different SNR values at the stations at 
least when Pfai and Pdi are determined by (9) and (10) 
(where y0 should be replaced by yi). For equal SNR values 
detection characteristics for such decision rules are the 
same as for a monostatic radar regardless of the number of 
stations, m [9]. 
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Figure 3. “1 out of 2”. SNR2 = SNR1+15 dB (1), 

+10 dB (2), +5 dB (3) ; Pfa =10−4. 
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Figure 4. “1 out of 3”. SNR1=SNR2=SNR3−15 dB (1), 

−10 dB (2), −5 dB (3) ; Pfa =10−4. 
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Figure 5. “1 out of 3”. SNR1=SNR2=SNR3+15 dB (1), 
+10 dB (2), + 5 dB (3) ; Pfa =10−4. 
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Figure 6. “2 out of 3”. SNR1=SNR2=SNR3−15 dB (1), 

−10 dB (2), − 5 dB (3) ; Pfa =10−4. 
 

0

0,1

0,2

0 2,5 5

SNR3, dB

En
er

gy
 lo

ss
es

, d
B

1
2
3

    
Figure 7.  “2 out of 3”. SNR1=SNR2=SNR3+15 dB (1), 

       +10 dB (2), + 5 dB (3) ; Pfa =10−4. 
It can be seen from Figs. 3−7 that even for large 

differences in SNR values  (up to 15 dB) energy losses 
(with respect to the optimum algorithm) are very small 
and may, as a rule, be neglected.  

 
3 Multisensor CFAR detectors  

Envelope detector and threshold comparison with 
fixed thresholds of each stations in Fig. 1 should be 
replaced by a CFAR detector. A known sufficiently 
general structure of the CFAR detector is shown in Fig. 8.  

 

Figure 8.  
The sampled square-law envelope detector output is 

fed into a shift register (or a tapped delay line in the case 
of analog processing) of length N + 1 = N(1) + N(2) + 1 
resolution cells. The set of the leading N(1) cells (with 
respect to the cell under test) forms one reference window 

while the set of the N(2) lagging cells forms the other 
reference window. The outputs of cells from both 
reference windows, X1, ..., )1(NX and Y1, ..., )2(NY , are 
jointly processed according to a chosen algorithm. The 
output random variable U is multiplied by a constant scale 
factor T which should be chosen to achieve a required 
false alarm probability for a given window sizes, N(1) and 
N(2), in the case of homogeneous total background noise. 
A target is decided to be present (one is generated and 
communicated to the IFC) if the output Z from the cell 
under test exceeds the adaptive threshold TU.  

3.1 Optimum algorithm 
The optimum joint processing algorithm in a MSRS 

is determined by (4)−(8) as earlier. However, the relative 
thresholds yi should be replaced by scaling factors Ti, that 
are to be optimised. Besides, false alarm and detection 
probabilities at each station, Pfai and Pdi, are determined 
not by (9), (10) but by other equations depending on the 
type of CFAR processors. We consider here the most 
popular Cell Averaged (CA) and Ordered Statistics (OS) 
CFAR processors. 

For  the CA-CFAR processor [12] 
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and the corresponding probabilities at the i-th station  
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In the case of the OS-CFAR processor, the output 
samples from all N(1) + N(2) = N reference cells are first 
ordered in according to their magnitudes. The output 
quantity U is taken to be the p-th largest sample, X(p), i.e. 
the background power is estimated by selecting the output 
of the p-th largest reference cell [13, 14] 

X(1)   ≤ X(2)  ≤...≤ X(p)  ≤ ... ≤X(N);  
                      U = X(p);                                               (15) 
where X(l)  denotes the sample that occupies the l-th place 
among samples from all reference cells ordered in 
according to their magnitudes. 

For the OS-CFAR processor at the i-th station [15] 
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i

)1(
i NN + ; 2

iq  is the power Signal-to-
Interference-plus-Noise Ratio (SINR).  

Having obtained optimal scaling factors, Ti, 
m,1i = , from (8), (5), (6) and (14) or (16), one can 

calculate optimal Pfai and Pdi again from (14) or (16) and 
then output detection probability, Pd, from (6). It is clear 
that the optimum algorithm for CFAR detection is at least 
not simpler than for fixed threshold detection.  



 

3.2 Simplified suboptimum algorithm 
For a uniform distribution of the allowed output false 

alarm probability Pfa =  between all stations of a MSRS, 
one can use again equations (11), (12) determining Pfa0 at 
each station for a chosen decision rule “k out of m” at the 
IFC. Then one can calculate suboptimum scaling factors 
Ti, m,1i = , from equations (14) or (16) for Pfai = Pfa0 and 
given Ni. Substituting these Ti in equations (14) or (16) for 
Pdi with given SINR, 2

iq , yields all peripheral 

suboptimum detection probabilities, Pdi, m,1i = . At last, 
using these Pdi, one can calculate the suboptimum output 
detection probability, Pd from (6). The described 
suboptimum algorithm that does not require solving the 
system of nonlinear equations (8), is much simpler than 
the optimum algorithm. It should be noted that in the case 
of CFAR detection, thresholds (scaling factors) at 
different sensors are generally not equal for equal false 
alarm probabilities but depend of the structure and 
parameters of CFAR processors.  

3.3 Performance analysis of the suboptimum 
algorithm 

For reasons mentioned in Section 2.3, we consider 
MSRSs with two receiving stations. For different 
combinations of CFAR processor parameters (numbers of 
reference cells, N1, N2) and input SINR values at all 
stations, it is difficult to show analysis results in the form 
of graphs as in the case of fixed thresholds. Therefore, 
several typical calculation results are presented in the 
form of tables. Tables 1−4 relate to CA-CFAR processors.  

                                                                Table 1. 

SINR, 
dB 5 10 15 20 25 30 

Pd opt 0.023 0.200 0.646 0.927 0.990 0.999 
Pd  subopt 0.021 0.198 0.646 0.927 0.990 0.999 
Loss, 
dB 

0.2 < 0.1 ≈ 0 ≈ 0 ≈ 0 ≈ 0 

 CA-CFAR. “1 out of 2” (“OR”); N1 = 6, N2 = 4; 
                  Pfa = 10-4; SINR1 = SINR2 = SINR. 

                                                                        Table 2. 

SINR1,dB 
SINR2,dB 

10 
20 

20 
10 

20 
30 

30 
20 

Pd opt 0.716 0.810 0.991 0.992 
Pd  subopt 0.712 0.797 0.991 0.992 

Loss, dB < 0.1 0.3 ≈ 0 ≈ 0 

CA-CFAR. “1 out of 2” (“OR”); N1 = 6, N2 = 4; 
           Pfa = 10-4; SINR1 ≠ SINR2. 

Tables 3,4 correspond to the “2 out of 2” (“AND”) 
decision rule at the IFC. It should be noted that certain 
limits are imposed on allowed SINR differences within 
which optimal scaling factors (and hence optimum false 
alarm distributions between stations) exist. For Pfa =  10-4  

and for the example considered below the following 

inequality must be satisfied: 

6.66 dB > (SINR1/SINR2) > −10 dB          (17) 

(for N1 = 6, N2 = 4)  
These inequalities are determined by the condition 

that the scaling factors T1 and T2 at both stations must be 
positive. Similar inequalities may be obtained for other 
CA-CFAR parameter values. The inequality (17) has been 
taken into account in Table 4.  

                                                                          Table 3. 

SINR, 
dB 5 10 15 20 25 30 

Pd opt 0.045 0.276 0.636 0.861 0.954 0.98
Pd  subopt 0.043 0.268 0.628 0.858 0.952 0.98
Loss, 
dB 

< 0.1 0.11 0.13 0.12 0.11 ≈ 0 

         CA-CFAR. “2 out of 2” (“AND”); N1=6, N2 = 4; 
                          Pfa = 10-4; SINR1=SINR2 =SINR. 

                                                                          Table 4. 

SINR1, dB 
SINR2, dB 

10 
16 

16 
10 

20 
26 

26 
20 

Pd opt 0.508 0.600 0.929 0.947 

Pd  subopt 0.447 0.413 0.914 0.908 

Loss, dB 0.7 2.7 0.9 2.5 

          CA-CFAR .“2 out of 2” (“AND”); N1=6, N2 = 4;  
                           Pfa = 10-4; SINR1 ≠ SINR2  

For the “2 out of 2” (“AND”) decision rule, energy 
losses are greater, especially in the cases where the 
differences in SINR values near their limits. In these cases 
optimum false alarm probabilities at one of stations turn 
out to be very high (close to 1) which is usually not 
permissible in practice. Thus the obtained values of 
energy losses are, as a rule, quite acceptable taking into 
account significant simplification of the detection 
algorithm. 

Consider now OS-CFAR processors in all receiving 
stations of a MSRS. Here not only numbers of reference 
cells, N1, N2, and SINRs at the inputs of stations, SINR1, 
SINR2, but parameters p1, p2 [see (14)] may be different. 
Therefore, all these parameters varied within sufficient 
limits for performance analysis. Several typical results are 
presented below. Tables 5−8 and 9−12 relate to the 
decision rules “1 out of 2” (‘OR”) and “2 out of 2” 
(“AND”), respectively.  

                                                                 Table 5. 

SINR, 
 dB 10 15 20 25 30 35 

Pd opt  − − 0.588 0.886 0.982 0.998 

Pd subopt 0.031 0.196 0.580 0.886 0.982 0.998 
Loss, dB − − < 0.1 ≈ 0 ≈ 0 ≈ 0 

OS-CFAR. “1 out of 2”; N1 = N2 = 4; p1 = 2, p2 = 3 
 SINR1 = SINR2 = SINR; Pfa =10−4; optimum solutions for 

SINR = 10 dB and 15 dB do not exist. 



 

                                                                        Table 6. 

SINR, 
 dB 5 10 15 20 25 30 

Pd opt  0.022 0.193 0.635 0.923 0.990 0.999 
Pd subopt 0.020 0.190 0.635 0.923 0. 990 0.999 
Loss, dB 0.2 < 0.1 ≈ 0 ≈ 0 ≈ 0 ≈ 0 

OS-CFAR. “1 out of 2”; N1 = N2 = 8; p1 = 4, p2 = 6;  
SINR1 = SINR2 = SINR; Pfa =10−4. 

                                                                          Table 7. 

SINR1, dB 
SINR2, dB 

10 
20 

20 
10 

15 
25 

25 
15 

Pd opt 0.802 0.723 0.946 0.934 
Pd subopt 0.788 0.707 0.945 0.932 

Loss, dB 0.3 0.25 < 0.1 < 0.1 

OS-CFAR. “1 out of 2”; N1 = N2 = 8; p1 = 4, p2 = 6; 
 SINR1 ≠ SINR2; Pfa =10−4. 

                                                                           Table 8. 

SINR,  
dB 10 15 20 25 30 35 

Pd opt  − 0.561 0.887 0.983 0.998 0.9998 
Pd subopt 0.158 0.559 0.887 0.983 0.998 0.9997 
Loss, dB − < 0.1 ≈ 0 ≈ 0 ≈ 0 ≈ 0 

OS-CFAR. “1 out of 2”; N1 = 8, N2 = 6;  
p1 = 6, p2 = 3; SINR1 = SINR2 = SINR; Pfa =10−4; 

optimum solution for SINR = 10 dB does not exist. 

                                                                  Table 9. 

SINR, 
 dB 10 15 20 25 30 35 

Pd opt  0.136 0.464 0.770 0.919 0.973 0.9915 
Pd subopt 0.126 0. 442 0.755 0. 912 0.971 0.9907 

Loss, dB 0.25 0.35 0.35 0.35 0.35 0.35 

OS-CFAR. “2 out of 2”; N1 = N2 =4; p1 = 2, p2 =3; 
 SINR1 = SINR2 = SINR; Pfa =10−4. 

                                                                         Table 10. 

SINR,  
dB 10 15 20 25 30 35 

Pd opt  0.269 0.629 0.859 0.952 0.985 0.995 
Pd subopt 0.263 0.623 0.856 0.951 0.984 0.995 

Loss, dB < 0.1 ≈ 0.1 ≈ 0.1 ≈ 0.1 ≈ 0.1 ≈ 0 

OS-CFAR. “2 out of 2”; N1 = N2 = 8; p1= 4, p2=6; 
 SINR1 = SINR2 = SINR; Pfa =10−4. 

 

 

                                                                         Table 11. 

SINR,  
dB 10 15 20 25 30 35 

Pd opt  0.252 0.612 0.851 0.949 0.984 0.995 
Pd subopt 0.228 0.586 0.837 0.945 0.982 0.994 

Loss, dB 0.4 0.4 0.4 0.4 0.4 0.4 

OS-CFAR. “2 out of 2”; N1 = 8, N2 = 6; p1 = 6, p2 =3; 
SINR1 = SINR2 = SINR; Pfa =10−4. 

                                                                         Table 12. 

SINR1, dB 
SINR2, dB 

10 
20 

20 
10 

15 
25 

25 
15 

Pd opt 0.608 − 0.847 − 
Pd subopt 0.486 0.393 0.718 0.710 

Loss, dB 1.9 − 1.9 − 

OS-CFAR. “2 out of 2”; N1 = 8, N2 = 6; p1 = 6, p2 = 3; 
SINR1 ≠ SINR2; Pfa =10−4 ; optimum solutions for 

SINR1/SINR2 = (20 dB/10 dB) and (25 dB/15 dB) do not 
exist. 

It can be seen that employing the simple suboptimum 
algorithm (instead of the complicated optimum one) with 
OS-CFAR processors in each of the two stations leads to 
small energy losses, which, as a rule, may be neglected in 
practice. 

Like for CA-CFAR processors, these losses are 
slightly greater for the decision rule “2 out of 2” (“AND”) 
than for the rule “1 out of 2” (“OR”). Noticeable losses 
(about 2 dB, see Table 12) take place only for relatively 
large difference in SINR values at the inputs of stations 
when one of the adaptive thresholds nears zero and the 
corresponding false alarm probability turns out to be very 
high. This situation is illustrated by Table 13 where some 
results from Table 12 are given in more detail. 

                                                                         Table 13. 

SINR1, dB 
SINR2, dB 

10 
20 

15 
25 

opt2

1
T
T







 59.222

1.431  
59.165
1.434  

opt2fa

1fa
P
P







 

4

1

104.5
102.2

−

−

⋅
⋅  4

1

104.5
102.2

−

−

⋅
⋅  

subopt2

1
T
T







 17.910

5.871  
17.910
5.871  

subopt2fa

1fa
P
P







 

2

2

10
10

−

−
 2

2

10
10

−

−
 

 

 



 

Such a high value of the optimum false alarm 
probability at one of the stations (Pfa1 = 0.22) is unlikely 
expedient in practice. 

It is important to note that in certain cases optimum 
solutions do not exist at all. It means that there are no 
pairs of positive scaling factors, T1, T2, satisfying the 
system of equations (8). At the same time suboptimum 
solutions always exist. The similar results were obtained 
for the CA-CFAR processor [see (17)].  
 

4 Conclusion 
 

The suggested suboptimal approach to the problem of 
Decentralized Target Detection (DTD) by Multisensor 
Systems (MSSs), particularly by Multisite Radar Systems 
(MSRSs), is based on a priori uniform distribution of any 
given output false alarm probability between all sensors 
(particularly, between spatially separated receiving 
stations) in accordance with a chosen decision rule of the 
“k out of m” type at the Information Fusion Centre (IFC). 
This approach permits to simplify drastically the detection 
procedures as compared to optimum ones. Therefore it 
was important to evaluate energy losses caused by using 
the suggested approach instead of the complicated optimal 
algorithm. Performance analysis has been carried out for 
DTD both with fixed thresholds and adaptive CFAR 
processors at all peripheral receivers. Some typical results 
of this analysis are presented in the paper.  

For DTD with fixed thresholds, energy losses are 
very small even for large differences in SNR values at the 
inputs of receivers. It should be taken into account that 
when these differences are greater than 10-12 dB, “weak” 
stations are not reasonably to be included into a MSRS 
(from the detection point of view) since these “weak” 
stations do not enhance noticeably output detection 
characteristics of the MSRS even for optimal centralized 
target detection. 

When most popular CA-CFAR or OS-CFAR 
processors are used at the all peripheral receivers, energy 
losses are small too for a wide range of CFAR processor 
parameters and different Signal-to Interference-plus Noise 
Ratio (SINR) values. Noticeable losses (about 2 dB) take 
place only when differences in SINR values at the inputs 
of stations near their allowed limits, that is when one of 
the adaptive thresholds nears zero and the corresponding 
false alarm probability turns out to be prohibitively high. 

Strictly speaking, individual analysis is required for 
each type of CFAR processors, each combination of 
processor’s parameters and each structure of a MSRS. 
However, the fact that such good results have been 
obtained for so different types of CFAR processors 
permits to expect small energy losses with other types of 
CFAR processors and in other typical situations. 

 
Significant simplification of DTD procedures and 

small energy losses with respect to the optimal algorithm 
permit to recommend the suggested suboptimal 
algorithm for practical use. 
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