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Adaptive Fusion of Correlated Local Decisions

Jian-Guo Chen and Nirwan Ansari

Abstract—In this paper, an adaptive fusion algorithm is proposed for

of its convergence are discussed in Section Ill. The residue between
error probabilities obtained using the optimal fusion rule and the
adaptive fusion rule is analyzed in Section IV. Section V illustrates
the effect of the number of sensors and correlation coefficients on
the error probability in a Gaussian noise environment. Simulations
are presented in Section VI. Conclusions are drawn in Section VII.

an environment where the observations and local decisions are dependent
from one sensor to another. An optimal decision rule, based on the
maximum posterior probability (MAP) detection criterion for such an Il. OPTIMAL FUSION RULE FOR CORRELATED DECISIONS
environment, is derived and compared to the adaptive approach. In the

algorithm, the log-likelihood ratio function can be expressed as a linear Consider the binary hypothesis testing problem wikhsensors,

combination of ratios of conditional probabilities and local decisions. The N Which each sensor employs a predetermined decision rule. The

estimations of the conditional probabilities are adapted by reinforcement two hypotheses have priori probabiliies P(H,) and P(Ho),
learning. The error probability at steady state is analyzed theoretically respectively. In binary detection theory, one of the most popular

and, in some cases, found to be equal to the error probability obtained yetaction criterion is the likelihood ratio criterion. The likelihood
by the optimal fusion rule. The effect of the number of sensors and

correlation coefficients on error probability in Gaussian noise is also 'atio is expressed as
investigated. Simulation results that conform to the theoretical analysis

are presented at the end of the paper. Alur, wz, - un)
Index Terms—Correlated decisions, distributed detection, probability _ Plus, ua, -+, un|Hy)
of detection, probability of false alarm, reinforcement learning. P(ur, uz, -+, un|Ho)
_ Pr(ur)Pr(uzfur) - Pr(un|ur, ua, oo, un—1)
- P(](lh )P(](U2|U,1) e Po(u]\r|u1 s U2,y =ty 'lLN_1)
I. INTRODUCTION )
Sensor fusion, the study of optimal information processing in
distributed multisensor environments through intelligent integratioMhere P (ufur, va, -+, ur—1) = Pluglur, uz, -, up—r, Hi),
of the multisensor data, has gained popularity in recent years [1], [2]= 0- 1 are conditional probabilities and, 2, ---, ux are local

Such a technique is expected to increase the reliability of detectiélgcisions that are binary random variabl#s. and #, represent the
to be fairly immune to noise interference and sensor failures, affllowing two hypotheses#o (signal is absent) and/, (signal is

to decrease the bandwidth requirement. Among papers dealing wafigsent). Herey for k =1, 2, ---, N is defined by
fusing decisions from a number of sensors [3]-[9], logical AND, _ [ -1, if Hy is declared
OR, K out of N, majority, Bayes, and Neyman—Pearson (N—P)-based Uk = +1, if H, is declared.

fusion rules have been introduced. When the observations and sensor
decisions are independent, two different kinds of Bayes-based optirm4lce

fusion rules have been developed [7], [8]. Chair and Varshney [8] Pi(ugluy, ua, -+, up_y)
established an optimal fusion rule with the assumption that each 1
local sensor made a predetermined decision and each observation was = P, (uy, s, ur_1, up=+1) 4 Dilurus u o u=—1)
independent. Reibman and Nolte [7] found the global optimal solution Piuy,ug, o uy) Piuy,ug, - uy)
by combining both the sensors and the fusion processor. The fusiga have
of correlated decisions has also been studied [10]-[12]. Drakopoulos,, , | ,
. y Pi(up|ut, uzy -, up—1)
and Lee [12] have developed an optimum fusion rule for correlated 1
decisions based on N-P criteria. The major drawback of all of the fz —1 if up =+1
aforementioned optimal decisions is the requirement of the knowledge 14 i, ug, oy Uk, wp = —1)
of a priori probabilities and the probabilities of a miss and detection  _ Pilur, wg,y - wp—r, wp = +1)
of each local sensor that are not readily available in practice. The 1 o
. . F . . if up = —1.
lacking of a priori probability information makes these algorithms 14 Pi(uy, ug, -+, up—1, up = +1)
impractical for actual applications. To circumvent this difficulty, we Pi(uy, ug,y -y ug_1, up = —1)
have developed an adaptive fusion model for the independent cage
for both equiprobable and unequiprobable sources [13], [14]. In this
. . . - Pi(ur, ug, o up—1, up = —1)
paper, we derive another form of the maximum posterior probability PE=5 ( ——y
(MAP)-based optimal fusion rule and extend our adaptive algorithm (U1, Uy ey Uy, Uk =+
by considering dependent/correlated decisions. The paper is arranged g = Po(ur, uz, -+, up—1, up = _1)_ @)
as follows. In Section I, we develop and derive the optimal fusion Po(ui, uz, -+, wp—1, uk = +1)
rule for correlated decisions. The adaptive fusion rule and the prog
1 .
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By defining the weigh#¥;, for k =0, 1, ---, N as Similar to (5), define
Wi =
Wi = P,
P(Hy) for k — 0 log (/\1), for k=0
. or k =
E By) P(H,)
, P, .
log Pl(ul)-/ if up = +1 log 1(u1) if up =+1
Fo(uq) for k= 1 Po(ul) for k — 1
) Po("l) . _ o
log Pi(ur)’ ifup =1 ®) log —Po(ul) if up =-—1 9)
log Pi(uglur, ug, o+, wp—1) if up = +1 P ( 2
PO('LLk|U1, Uy ="y Ug—1) for k> 1 log 1(“/c|“1 Uz, " vy, “/kfl) if wp = 41
Po(ug|ur, oy -+, up—1) O(u”ul Uzt Uk-1) E>1
log P, M =—1 By(ugluy, ug, -+, ug_q) /
(g, ey ey Up—1) log o(Uk|ur, Uz, , Uk—1 if ue = —1
Pr(ugluy, ua, -+, up_y)
we have )
5 Pluy, uz, oo, up—r, up = —1, Hy)
k = ~
oo 1+qk, if up =+1andk > 1 Pluy, uy, -+, ug—1, up = +1, Hy)
Wi 1 +1p’“ (6) G = Pluy, uz, -+, up—1, up = —1, I:[o)
log @1+ pr) if up =—1andk > 1. "~ P(ur, ug, -+, ugp_1, up = +1, Ho)

= el ’ . . . .
pe(l+ar) where the symbols with a “hat” are estimations of symbols without

- - . . a “hat.” p, and . can be approximated b
The MAP or minimum error probability detection rule is Pk 1k bp y

Pr & M, ar = k.0 (10)
I mg, 1 Nk, 1
A ) Pi(ur, uz,- -+, un) >1 P(H,) @) When u, = +1
A, uz, -+, un) = - - . . 5 ,
1y U2, N Po(ur, uz, -+, un) < P(H) We =10 1+ g ~ log MR Mk + nxo .
k g = g
Hy 14 Pk Nk, 1 Me, 1+ Mo

Note thatny 1 + ng, 0 = ng—1,,, me,1 + mi 0 = mr—1,;, Where
According to the above equation, the optimal fusion rule, based on thés the output of thek — 1)th local sensor, that is

MAP detection criterion for correlated local decisions, is equivalent to 1 if we_y = +1
= J= {0, if up_1=—1. 11
N 1 Thus
W, - (8) . 1
; Wi log ol _jog ME=ly (12)
Ho Nk, 1 Nk—1,5

FoIIowing the same reasoning, the approximated weight for —1
whereu, is always set to one.

It can be seen that, when the local decisions are independent, (5)

. . Mk—1,5 mi. o
is the same as that in [8]. Thus, (5) is a generalization of Chair and Wi = log - — log - (13)
, Nk—1,; Nk, o
Varshney’s result for the correlated case.
W,. exhibits the following property:
V/tfl‘|'uki+l + YAVL~|uk:_1 = log Mkt _ log Mk0 _ log (%—k
Nk, 1 Nk, 0 Pk
I1l. ADAPTIVE FUSION RULE (14)

The optimal fusion rule derived in Section Il requires the knowlhe partial derivatives ofV},, with respect tomyg. 1, mr o0, "k, 1,
edge ofa priori probabilities and conditional probabilities that areyng 5, ,, are
either difficult to acquire or time varying. To realize optimal fusion,

an adaptive algorithm is necessary to estimate these probabilities. We 1 OWh o1 Moy oy
1 mE. 1 Ong 1 Mp, 1 NE—1, ) ’
if up =+1
A. Adaptive Fusion Rule oWy 1 oW, 1 miy; w,
~ ~ Wi

Similar to the independent case [13], [14], denote the events of Omy. o T ko Ing. o - Mk 0 Mk—1,;
the fusion results being-1 and—1 by H; and Hy, respectively. In
addition, letm be the number thaH; occurs,n the number that
H, occurs, and

if up = —1.

According to the concept of reinforcement learning [15], if the current
local detector’'s decision conforms to that of the fusion center, its
weight W3, should be reinforced. In this case

my, 1 the numbefuy, uy, -, ug_1, ur = +1, H,)occurs 1 )

my, o the numbetuy, us, «++, up_1, up = —1, Hi)occurs A ey’ if wr =41 and H, a5
- AW, = h 15

nk, 1 the numbetus, us, - -+, wk—1, up = +1, Ho) OCcurs 1 mp_q,; Wi i wp = —1 and o,

nx,o the numbetu,, us, -+, ur_1, ur = —1, Hy) oceurs. ME,0 k-1, ]
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TABLE | Since
ADAPTIVE FUSION ALGORITHM

P(H,,U)=P(Ho, UYP(H|U, Ho) + P(H,, U)P(H,|U, H)
H, Hy (20)
_Juemt el ] wetl [ wed P(Ho, U) = P(Ho, U)P(Hs|U, Ho) + P(Hy, U)P(Hol|U, Hy)
AI/VO Iir —%GWO
AWIC 1 1 1 M eWi | L Mko1y —Wo (21)
e TRl L 0 R Ld the adaptive fusion algorithm can be written as
On the other hand, if the current local decision contradicts that of the J =y +log P(H\|U, Hy)+ eV P(H\|U, Ho) 22)
fusion, its weight¥; should be reduced. That is o P(Ho|U, Ho)+ etV P(Ho|U, H1)
1 \ if u, =—1andH, Thus, the decision rule derived in (19) becomes
AW, & m’l“’o . (16) H,
_ Me—1,j Wy 5, — i > .
—mk,1 —nk—l,j ek, if up = +1 and Ho. y g T(U) (23)
Hence, the adaptive fusion rule is Hy
We=W,+AW,, k=012, N (17) where
where W;F and W, represent the weight after and before each T(U) = log P(H,|U, Ho) + ¢ P(Ho|U, Hy) (24)
updating. The change of weightsi¥;, is summarized in Table I. © P(H1|U. o)+ e*yP(H1|U, Ho)-

In comparing (18) and (23), the decision rule using the adaptive
algorithm is equivalent to the optimal decision rule offsetByl’).

Since Vs is the same. a§ that in the |ndependent case, Its CONVETrhe error probability using the optimum decision rule is defined by
gence can be proved similarly to our previous work [13]. Here we

only consider the convergencelﬁfk for k > 1. From (17), itis easily P. = P(Ho|H,)P(H1)+ P(H:.|Ho)P(Ho) (25)
seen that convergence Bf;, is equivalent taAW;, — 0. According

B. Proof of Convergence

to (15) and (16), the expected value &7, can be expressed as where
. . N P(Ho|H,) = P(U|H
E[AW,] = +—— P(up = +1, Hy) + 1 P(uy = —1, Hy) (HolH:1) Z (UIH:)
MLl nko y<0
Y plun =1 B = L Plust =1, Bo). P(H|Hy) = Y. P(U|H,). (26)
mro Ng1 y>0

When the number of iterations increasesy:, nii, mro, andngg
will approach infinity, whileP(uy = +1, H,), P(uy = —1, H)),
P(uy = +1, Hy), and P(uy = —1, Ho) are always between zero P! = P'(Ho|H,)P(H\) + P'(H,|Ho)P(Hy) (27)
and one. Thus

The error probability using the adaptive decision rule is

A R | where

lim E[AW,]=0

n«f»1n~*f>.o ) PI(HO|H1) = Z P([T|Hl)

where the number of iterations equalst m. Following the same y<T (1)

reasoning, it can be shown that the variance and higher moments of , _ .

AW, approach zero when the number of iterations goes to infinity. P(H\|Ho) = IZ'(L) P(U|Ho). (28)
y>1TU

According to the theory of probability [16], it can be concluded that

limp4m—oe AWi = 0 with probability one. ThusJ¥, converges Since the optimum detection rule achieves the minimum error prob-

asymptotically to a real number with probability one. This completebility, P! is usually larger tha@.. The degradation in performance

our proof. 0 can be measured by the absolute difference between the two error
probabilities, that is

IV. ERROR ANALYSIS ,
AP. =|P. — P.|

Though the adaptive fusion rule converges asymptotically, it is
not guaranteed to converge to the optimal weights. To compare _ . .
the performance between the optimal and adaptive algorithms, error = |P(Hy) Z P(U|Hy) - ZD P(U|Hy)
probabilities obtained by these two methods are investigated. Based v v
on the previous analysis, the ideal optimum decision is i i
H, + P(Ho)| Y P(U|Ho)- > P(U[Ho)
T P(U, Hl) > y>T(U) y>0
H

0

(29)

Comparing the decision rules using optimal and adaptive fusion, the

Using the proposed adaptive algorithm, the decision becomes following is desirable:

. H,
J = log PO ) > (19) wheny >0, T(U) —y < 0, and
P, Ho) & wheny < 0, T(U) =y > 0

wherey and g are linear combinations of the local decisions. Lesuch thatAP. = 0. From (24), the offset increases wighmonotoni-
U = (ui, u2, ---, un) be the vector representation of the locatally. If P(Ho|U, Ho) > 0.5 andP(H,|U, Hy) > 0.5 (which is the
decisions. usual case)]'(U) — y decreases witly monotonically (see Fig. 1).
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Fig. 1. T(U) — y versusy, whereT(U) is the offset andy is the linear Fig. 2. P versusp, for N = 2, 4. 6, 8.

combination of local decisions. , . . .
When z;’s are Gaussian random variables with a zero mean and

Proposition: Leta = P(Ho|U, Ho), b= P(H\|U, Hi),1—a = correlation matrixC', P(z; < t, ---., xx_k+; < t) can be expressed
P(H\|U, Hy), 1 — b = P(Ho|U, H,), and yr denote the zero- as in [17]
crossing point ofl'(U) — y [i.e., yr = {y: T(U) — y = 0}]. Since
T(U) — y decreases witly monotonically,yr is unique

. _ [T o (T PYN
=1 (1205, . - [ (L iwa @

b—0.
The ¢l th . h 0 5” he d dation i wheref(-) andQ(-) are the standard normal density and cumulative
e closer theyr Is to zero, the smaller the degradation In €MO%jistribution functions. Equation (33) can be computed numerically. It

probability. The adaptive rule behaves as well as the optimal dECISlf?flqlows from the above discussion that the two likelihood functions
rule whena = b, in which caseyr = 0. Fig. 1 shows plots of "o expressed as

T(U) — y versusy for different values ofe andb. By using the

Pey <tywp <ty -0, aN—pyj < 1)

following relationship between and A(T7): P(UIHY) = An—s. (=1, p)
PL,'H~:A.A,77A+]_’ ) 34
y = log <A(U) P(H1)> (31) ( 0) Nk, k( p . ( )

P(Ho) To study the effect ofV andp on the error probability, consider

many of the properties discussed in this section can also be expresbedcase wherd(H,) = P(H1) = 0.5 ands® = 1 (i.e., SNR= 0

in term of the likelihood ratio functiom\(U). dB). Thus, the fusion rule is simplified to
H,
V. PERFORMANCE IN GAUSSIAN NOISE v - PWUIHY _ Avk (=1, p) >
A([)_PUH A 1 <! (35)
To gain an insight into the proposed adaptive fusion algorithm, (UlHo) — Av—r.x(+1, p) i,

performance analysis in Gaussian noise that is both theoreticall
tractable and computationally feasible is examined in this sectiof ‘¢ ¢ Av—k #(=1, p) and Ax_x k(+1, p) can be computed nu-
Suppose all of the sensors are corrupted by Gaussian noise mg{lcallyrusmg.(SZ) ?nd (33). From this decision equation, there
has a zero mean and the same variance“ofLet the correlation exists alt for given NV and p, such that

coefficient p between different sensors be the same. Thus, the whenk > K. Av-r (=1, p) >1 (36)
observation vectorX at the local sensors is Gaussian distributed. - An—k k(1 0) ~
LetU; = [1 11-.---1 1] and Uy = [—1 -1-1..- =1 —1] be . An_p k(—l, p)
its mean vectors foff; and Hy, respectively. The correlation matrix whenk < K, An_x. (41, p) <1 @37
of X is In this case, the error probability can be expressed as

1 p p P K—1 N

C = 0_2 P 1 P p i P.=0.5 Z 4-/1Af\'7k7/€(—1, p) + Z Ag\ffk,k(—i—l, p) . (38)
— =
A For this special case, the error probability using the optimal

In addition, suppose all of the local sensors adopt the same decigitmeision and adaptive decision rules can be determined. Figs. 2 and
threshold#, implying that the optimal fusion rule is the same a8 show the error probability versysbased on (38) whefV is even
the k out of N rule. Furthermore, assume th&( H,|U, H,) = and odd, respectively. WheN is even, there exists &, such that
P(H,|U, H,). Let Ax_, «(t. p) denote the joint probability o A(U) = 1, but whenN is odd, no suchk exists. A(U) = 1
random variables with the correlation coefficigntof which & out of corresponds to an undetermined case that can be considered as
N random variables are greater thaand the otherV — & are less either Hy or H;. The contribution to the error probability for the
thant. If all of the random variables are identical, it can be shownndetermined case is considered as half of the probability it occurs.
that Ay, (8, p) = (‘Z)P(m <t o, an_g <t TN_gp1 > It can be seen that better performance is achieved with a smaller
t,---,xy > t) and correlation coefficient between sensors. This agrees with the conclu-
k sion of other fusion rules [10], [12]. Also, better performance can
Mk . . . .
An—p (t, p) = Z (-1 <j>‘4l\f_’“+"’°(t’ ). (32) be achieved by increasing the number of sensors, but this advantage

=0 diminishes as the correlation coefficiemtincreases.
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Fig. 3. P. versusp, for N = 3,5, 7, 9. Fig. 5. Effect of the number of sensors on error probability.

; where \; is an eigenvalue o€’.. Since \; are distinct even when

]L u ! each element i has the same variance and the same correlation
Ve coefficient, by introducing the next transformation

T }7% ) jL u where . o

: ! decision el e
: VA
_‘F UK% updating ! 1
W algorithm B = 0 - 0 e 0

; = ' 0 0 L
Source Channcls Local Fusion center ; /)\N
' systems the correlation matrix’', of X becomes an identity matrix. Combin-
Fig. 4. Setup of computer simulations. ing the above two transformations, we have
Z=(BAT)'X. (41)
VI SIMULATIONS According to the above definitionsY is an independent, zero-

Fig. 4 shows the setup for our simulations. The source emitsp@ean, unit-variance, Gaussian random vector that can be easily
sequence oft1 and—1. The probability of emittingt-1 is P(H1) generatedZ becomes a zero-mean Gaussian random vector with
and that of emitting-1 is P(Ho). The additive noise is zero-meancorrelation matrixC.. B and A are determined by the eigenvalues
Gaussian with a variance of one. Each local sensor makes its decigi@d eigenvectors of’.. In our experiment(. is specified to have
u; and transmits it to the fusion center. The fusion center computg® same correlation coefficient and variance.
the linear combination of local decisions to produgeand then
compares it with a threshold (here, zero is used)y Ifs greater B. Initialization

than zero, the final decision is1, otherwise—1. In the proposed adaptive algorithm, as specified by (12) and (13),
the optimal weights are estimated by relative frequencies. Hence, the
A. Generation of Correlated Gaussian Noise initialization of these relative frequencies is very crucial. If they are

In our simulations, we need to generate Gaussian noise with mgialized randomly, the algorithm may converge to wrong weights
tg?ﬁt produce large error probability. To ensure that the algorithm

specified correlation coefficient. The usual random number genera iatel lov th ority rul hich d
can only produce independent and identically distributed noisg,Verges appropriately, we employ the majority ruie, which does

Correlated noise can be obtained through some linear transformatid}%t, requirea prion knowlgdge_ about_the sensors and source 0
Let Z denote anN-dimensional correlated noise vector whos nitialize the events described in Section VI-A. For every different

correlation matrix isC.. Y is anotherN-dimensional noise vector pcal decision combi.nation, the majority fusion rule is. employed one
defined by time to form_ the f_u5|on result. The relatlv_e fr_equenmes are chapged
. based on this fusion result. In this case, it will converge to the right
Y=4 7 (39)  direction.
If A is a square matrix whose column vectors are the eigenvectors .
of C., the correlation matrixC, of Y becomes a diagonal matrix & Simulation Results

whose diagonal elements are the eigenvalu€'of18]. DenoteC, Consider the same situation as described in Section V. Theoretical
as analysis has shown that the number of sensors and correlation
coefficients greatly affect the performance of fusion (see Figs. 2

Ao 00 e 0 and 3). These effects are also observed in the simulation results.

c, = 0 A 0 - 0 Fig. 5 shows the plots of error probability versus the iteration for a

different N with a fixed correlation coefficient. Fig. 6 shows the plot
0 0 - e Ay for a different correlation coefficient with a fixed'. Tables Il and
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Fig. 6. Effect of the correlation coefficient on error probability. Fig. 7. Performance comparison between the correlated and independent
algorithms.
TABLE I 3) | ional lexity is | d, thus, i impl
THEORETICAL AND ESTIMATED VALUES OF ERROR PROBABILITY (p = 0.4) ) Its computational complexity is low and, thus, is more imple-
mentable.
N 3 5 7 9
Experimental Value | 0.1130 | 0.0971 | 0.0923 | 0.0832 ACKNOWLEDGMENT

Theoretical Value | 0.1107 | 0.0930 | 0.0840 | 0.0610

The authors would like to thank Z. Siveski for providing the code
to calculate (33).
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p 0.1 0.1 0.5 0.9 S 1994
Experimental Value | 0.0173 | 0.0500 | 0.1092 | 0.1457 oc., :

Theorelical Value | 0.0160 | 0.0473 | 0.1062 | 0.1533 [2] E. Waltz and J. Llinas,Multisensor Data Fusion. Norwood, MA:
Artech House, 1990.
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ESTIMATED ERROR PROBABILITIES FOR DIFFERENT 1981.
ALGORITHMS AND DIFFERENT SOURCES [4] F. A. Sadjadi, “Hypothesis testing in a distributed environmetgEE
. Trans. Aerosp. Electron. Systol. AES-22, pp. 134-137, Mar. 1986.
Independent Algorithm | Correlated Algorithm [5] S. C. A. Thomopoulos, R. Viswanathan, and D. C. Bougooulias,
Independent Source 0.0584 0.0358 “Optimal decision fusion in multiple sensor systemsEEE Trans.
Correlated Source 0.1100 0.1029 Aerosp. Electron. Systiol. AES-23, pp. 644-653, Sept. 1987.

[6] A.R. Reibman and L. W. Nolte, “Design and performance comparison

Il summarize the corresponding theoretical and simulated values at of distributed detection networks|EEE Trans. Aerosp. Electron. Syst.,

X ) - . vol. AES-23, pp. 789-797, Nov. 1987.
the 400th iteration of the error probability. From these two flguresm , “Optimal detection and performance of distributed sensor sys-

and tables, it can be seen that the proposed algorithm converges and tems,” IEEE Trans. Aerosp. Electron. Systol. AES-23, pp. 24-30,
the steady-state error probabilities obtained from the simulations are Jan. 1987.
very close to the theoretical values. [8] Z. Chair and P. K. Varshney, “Optimal data fusion in multiple sensor

L . . . . detection systems,JEEE Trans. Aerosp. Electron. Systgl. AES-22,
It is interesting to note, as illustrated by Fig. 7 and summarized pp. 98-101, Jan. 1986.

in Table 1V, that the adaptive algorithm developed for the correlateqg] R. Srinivasan, “Distributed radar detection theorftoc. Inst. Elec.
case always outperforms the one we previously developed for the Eng.,vol. 133, pt. F, pp. 55-60, Feb. 1986. _ _
independent case [13], [14], regardless of whether the local decisidi@l V- Aalo and R. Viswanathan, “On distributed detection with correlated

; : _sensors: Two exampleslEEE Trans. Aerosp. Electron. Systal. AES-
are actually correlated. This may be attributed to the fact that the algo 25, pp. 414-421, May 1989.

rithm that considers correlated decisions includes more informatigfy} \ kam, Q. zhu, and W. Gray, “Optimal data fusion of correlated local
in making its decision. decisions in multiple sensor detection system&EE Trans. Aerosp.
In this section, all error probabilities are calculated accordin[g : Electron. Syst.yol. AES-28, pp. 916-920, July 1992.
12

to (25). The P(Hy|H,) and P(H,|H,) are estimated by relative II(E)c glr%ke%?;glr?flgré%qlir;ﬁg’ Aoerr)gg)urEI?C%:gﬁegjggrsfgs?gogglated
frequencies. All curves are results averaged over 20 times. 503-605 Jul); 1091 ’ ’ ’ ’ TR
[13] N. Ansari, E. Hou, B. Zhu, and J. Chen, “An adaptive fusion model for
distributed detection systemdEEE Trans. Aerosp. Electron. Systql.
32, pp. 524-531, Apr. 1996.
VII. CONCLUSION [14] N. Ansari, J. Chen, and Y. Zhang, “Adaptive decision fusion for
In this paper, we have proposed an adaptive algorithm to solve unequiprobable sourcesiEE Proc. Radar, Sonar Navigvol. 144, pp.
the MAP-based optimal fusion problem when sensors are dependﬁ ! 105-111, June 1997.

. . . . M. H. Hassoun,Fundamentals of Artificial Neural NetworksCam-
from one another. The following main attributes of the algorithm ca bridge, MA: MIT Press, 1995.

be concluded from the theoretical analysis and simulations. [16] W. Feller, An Introduction to Probability Theory and its Applications,
1) It does not requirex priori knowledge about the sensors and__ 3rd ed. New York: Wiley, 1968, vol. 1. ,
source and, thus, is more practical [17] S. S Gupta, “Probability integrals of multivariable normal and multi-
! ! - s . variatet,” Ann. Math. Stat.yol. 34, pp. 792—-828, Sept. 1963.
2) It adapts the weights from time to time and, thus, is mor@s] s. Haykin, Adaptive Filter Theory2nd ed. Englewood Cliffs, NJ:
suitable for a time-varying environment. Prentice-Hall, 1991.



