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Abstract— The paper deals with decentralized Bayesian de- cost function that is a continuous function ghwill attain
tection with M hypotheses, andV sensors making conditionally g minimum, which corresponds to an optimal quantizer. In
correlated measurements regarding these hypotheses. Each 5 narallel configuration with multiple sensors and a fusion

sensor sends to a fusion center an integer fronf0, 1, .., D — 1}, ¢ it th b fi ind dent ai
and the fusion center makes a decision on the actual hypothigs €Nt €r, [T the Sensor observations areé independaent given

based on the messages it receives from the sensors so as t&ach hypothesis, it has also been shown in [9] that there
minimize the average probability of error. Such conditiondly ~ exists an optimal solution over the Cartesian product of

dependent scenarios arise in several applications of dedeal-  the sets of conditional marginal probabiliti§¢®;(d)},i

ized detection such as sensor networks and network security _ o
Conditional dependence leads to a non-standard distribut 10,1,.., M . 1},d e {0’1"'."D. 1} . .
decision problem where threshold based policies (on likedbod However, in several applications of hypothesis testing

ratios) are no longer optimal, which results in a challengiy ~ Such as sensor networks and attack/anomaly detection, it is
distributed optimization/decision making problem. We shav  generally seen that the observations from different sensor
that, in this case, the minimum average propablllty of error - may be correlated (see, for example, [10], [11], [12], [13])
cannot be expressed as a function of the marginal distributins It is this scenario we address in this paper. We show that

of the sensor messages. Instead, we characterize this prddility . . L
based on the joint distributions of these messages. We also When the observations are conditionally dependent, mimmu

provide some numerical results for the case where the senssr average probability of erro., can no longer be expressed
measurements follow bivariate normal distributions. as a function of the marginal probabilities. We then proceed
to characterizé’, based on the set of joint probabilities of the
. INTRODUCTION sensor messages. We show that there exist optimal solutions
Centralized hypothesis testing has been examined in mafor both the general case and the special case where the
papers and texts (see, for example, [1]). Tenney and Sandsdinsors are restricted to threshold rules based on lilediho
[2] were the first to study hypothesis testing within a decerratios.
tralized setting, where each of two sensors locally sedecte The paper is organized as follows. In Section Il, we formu-
its threshold for the likelihood ratio test to minimize alate the problem and specify the decision rules of the ssnsor
common cost function. Sadjadi [3] later extended this work tand the fusion rule of the fusion center. Next, in Section IlI
accommodate arbitrary numbers of sensors and hypotheses. derive the relationships among the minimum probability
The paper did not consider a fusion center: the cost was error, the marginal distributions, and the joint distitions
a function of the sensor decisions and the true hypothestsf. sensor messages, given that the sensor observations are
A comprehensive survey of decentralized detection can leenditionally correlated. We provide an example where the
found in [4], which examined different decentralized detecjoint distributions of the sensor observations are bivaria
tion structures with both conditionally independent and co normal in Section IV. Finally, some concluding remarks end
related sensor observations. The complexity of decené@li the paper.
detection problems was also studied in [5]. In [6], Hoballah
and Varshney proposed a Person-By-Person Optimization II. PROBLEM FORMULATION
(PBPO) scheme to optimize a distributed detection systew
using the Bayesian criterion. The decentralized detection
problem with quantized observations was addressed in [7], We consider the decentralized Bayesian detection prob-
where the authors also introduced a joint power constraitem with a parallel configuration, wheré&y sensors are
on the sensors. An extension to [7] was given in [8], wherdirectly connected to a fusion center. The sensors observe
the constraint was placed on the average cost of the systeid. hypotheses N/ > 2), Hy, Hy ..., Hy—1, whose prior
For a single sensor, it has been proved in [9] that the set pfobabilitiesny, 71 ..., my—1 are known. The observations
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which is an integed; € {0,1,..., D—1}, to the fusion cen- B. Decision Rules at the Sensors and the Fusion Center
ter. We take the communication channels between the sensorg:rs; we define two classes of decision rules at each sensor

and the fusion center to be pejr\fect. At the fusion center, &,q the fusion center. (A fusion center can also be viewed as
fusion ruley, : {0,1,..., D —1}7 —{0,1..., M =1} is 5 gensor; thus we use the term “sensor” to refer to both in this

employed to finally decide which hypothesis is true. Usingpsection.) Ageneral rule is one in which the observation

the Bayesian approach, we seek a joint optimization (Hpace is partitioned intd/ regions,R;,i = 0,1,..., M —1,

the decision rules at the sensors and the fusion rule 94 the sensor will pickl; if Y € R;. In the scope of this
minimize the probability of errorP, at the fusion center. paper, we define théhreshold rule for the case of binary

The configuration of théV sensors and the fusion center arghypothesesl = 2) as follows. A threshold rule is a general
shown in Figure 1.

rule where
R, = {yey:zl)g;ZT} (6)
B ~Pi(y)
Fusion Centeryo(.) ‘ Fo = {y €V Po(y) = T} )

where ) is the observation space of the sensor, &ly)
and P, (y) are the conditional distributions of the observation
given Hy and Hy, respectively.

Fig. 1. Decentralized hypothesis testing withsensors and a fusion center. Assuming uniform costs, the Bayes risk will become
the average probability of error [1]. As mentioned above,
the fusion center can be considered as a sensor with the
observation beingd,, do, . . ., dx). Note that we seek a joint

Taking a realization of the random varialifg and sending

out a message i{0,1,...,D — 1}, each sensor can be

considered as a quantizer. As mentioned in the Introdu@Ptimization of the decision rules at the (local) sensors an
tion, [9] characterizes these quantizers based on the settB? fusion rules at the fusion center to minimize the Bayes

marginal distributions of the messages given each hypisthed!Sk- However, if the decision rules at the (local) sensangeh
Following [9], let already been optimized, the fusion rule at the fusion center

must be the solution to the centralized detection problem to

qa(vj|H;)) = Pr(y(Y;)=dH;), i=0,...,M—1, minimize the Bayes risk. From [1], the fusion rule for binary
j = 1,...,N,d=0,....,D—1. 1) hypotheses can be written as a likelihood ratio test:
. L 1 if Dldidayndy) 5 mo
For anyy; € I';, whereT; is the set of all deterministic ~;(d,, ds, ..., dy) = Po(dy,d2,dy) = 71 (8)
guantizers for sensgy, let 0 otherwise

and the corresponding average probability of error at the

q(v;1Hi) = (qo(v;|Hi), - - -, ap—1(v; [ Hi))- (2)  fusion center is given as
1 . MD . X
Define the vector(vy;) € RMP, for anyy; € T;, as P — mP (La > @) P (La - @)
1 1
q(vy) = (a(v;1Ho), - - -, q(vj | Hpar—1))- 3) = m > Py(dy,da,. .., dy)

. 0
Now a quantizer can be represented by its vegtay for (dr,dzy-odn): Lo 7y

the purpose of detecting the hypotheses. Let + m Z Py(dy,da,...,dN)
(di,dz,..dn):La<Z2
Qj ={qlvj v €T} (4) Pi(dy,dy, ... d
J { ( J J J)} WhereLa _ Pl(dlad27 7dN) (9)
For a parallel configuration wittv sensors, we define 0(d1, da, ... dN)
Here P;(di,ds,...,dy), i = 0,1, are the conditional joint

a1 725 v) = (@), 9(02),---a(yw)) - (B)  probability density functions (givel;) of the sensor mes-

Then we havey(v1,72, ..., 7x) € Qu, WhereQ, is the °29°° which can be computed as follows

Cartesian product of al;,j = 1,...,N: Q, = &Y, Q;. / /
. W5, =1, Vo Qo =5, @ Pi(dy.dy, ... dy) = | P
As previously mentioned, it has been proved in [9] that (ds, s N) r0 R (1 yn)
N 1

Q; is a compact set, and thus any cost function that is dyr ...dyx  (10)

a continuous function orf); will attain a minimum. In a .

parallel configuration with multiple sensors and a fusiowhered; = 0,1,...,D — 1 and Rfjj) is the region where
center, if the sensor observations are independent given eaensor;j decides to send messadge j = 1,..., N. Thus,

hypothesis, it has also been shown that there exists analptint can be seen that in the optimal solution (which achieves
solution over the sef), [9]. the minimum P,) the fusion rule is always a likelihood



ratio test (8), but the decision rules at the local sensomns cay + 9. Oncey;] is specified, we can also choogé such
be general rules. It has been shown in [4] that when th@at ﬁ; ﬁio fo(y1,y2)dyadyr = ap. Thus, for each fixed
sensor observations are independent given each hypathegigue of v,, we have a unique paity},y3). It can be
the optimal solution can be achieved with the decisiogeen that there are infinitely many valuesgf satisfying
rule at each sensor being also a threshold rule. Howevey, 4 ~, < 1, each of which yields a different pajy;, v3).
when the sensor observations are conditionally dependemherefore, specifying a value fary, € (0,1) does not
the threshold rules at the local sensors can no longer ahiayhiquely determine the value of;, and vice versa, unless
the minimumPF in general [4]. It is also worth noting that, f,(y,,v-) and f1(y1,y») are identically equal. [ ]

in general, the minimunk. at the fusion center only depends  Proposition 2: Consider a parallel structure as in Figure 1
on the decision rules at the sensors. If we restrict the $ensquith the number of senso® > 2, the number of messages
to threshold rules, the minimuif. will only depend onthe p = 2, and the number of hypothesédd = 2. When
thresholds at the sensors;;, 72, ..., 7N} the observations of the sensors are conditionally depénden

. THE EXISTENCE OF OPTIMAL SOLUTIONS there e_x_lsts a fusion rulgo in WhICh the minimum average
probability of error P, given in (9) cannot be expressed

In this section, we first prove that when the observationsplely as a function o§(v1, . . .,vx) (given in (5)).
are conditionally dependent, can no longer be expressed  proof: We first prove this proposition for thz-sensor
as a function of the marginal distributions of the messaggs,se and then use induction to extend the resuk to 2. As
from the sensors. We then characterfzebased on the set pefore, letd; andd, denote the messages that sersand

of joint distributions of the sensor messages. We show thggnsor2 send to the fusion center. For notational simplicity,
this set is compact and there exists an optimal solutiort (thg Pi(l1,15) denoteP(dy = l,dy = ls|H;) wherely,ly €
minimizes P) when general rules are used at the sensorsy 1} we have the following linear system of equations with

and there also exists an optimal solution when the sensers g, (), P,(0,1), P;(1,0), and P,(1,1) as the unknowns.
restricted to threshold rules. Propositions 1 and 2 aredtat

for D = 2 and M = 2 but their results can be extended to  P;(0,0) + P;(0,1) Pi(ly =0)
M>2. P(1,0)+ P,(1,1) = P(ly=1)=1- Pl =0)
Proposition 1. Let fy(y1,y2) and f1(y1, y2) be two non- P(0,0) + Pi(1,0) = Pi(ls =0)
identical joint probability density functions, whefg(y:, y2), N o ’
i = 0,1, is continuous onR? and nonzero for-co < B0+ P(1) = Pl=1)=1-F(2=0)
Y1, Y2 < 00. Let ®;(y1,y2), i = 0,1, denote the correspond- Note that the matrix of coefficients is singular. Solvingsthi
ing cumulative distribution functions. Let system, we have that
Yyl Y3
ao = Po(y1,953) Z/ fo(y1,y2)dyadyr,  (11) £i(0,0) = o
Tog el Pi(0,1) = Pi(lh=0)— o
Y1 Yo
a1 = @1(y1, y5) Z/ / filyr,y2)dyzdyr. (12) Fi(1,0) = P(l2=0)-a;
oM Te R(l,l) l—PZ(h:O)—Pl(lQ:O)—FOZZ

where(y}, y3) is an arbitrary point irR?. Then, specifying a ) .
value forag € (0, 1) does not uniquely determine the value”herea:, @ = 0,1, corresponding télo, H, are real numbers
of oy, and vice versa. n (0,1). Now we rewrite (9) for a fixed fusion ruley:

fl(yla y2) Pe = To Z Po(dl, d2) —+ m Z Pl(dl, dg) (13)
(d1,d2)€R1 (dl,dz)ERo
oy, 2) where R, and R, are two partitions of the set of all
possible values ofd, d2) in which the fusion center decides
Y2 hypothesisH, or hypothesisH; is true, respectively. Now

suppose that the fusion center uses the following fusion

rule: It picks 1 if (di,d2) = (1,1) and picks0 for the

remaining three cases. After some manipulation, expressio
11 (13) becomes

Fig. 2. ao anda; are integrations ofo(y1,y2) and f1(y1,y2) over the P, = mwo(l—Py(dy =0)— Py(da =0) + ap)
same region. 71 (Pi(d; = 0) 4+ Pi(d2 = 0) — 1) (14)

Proof: Let g;(y1) andh;(y2) be the marginal densities From Proposition 1 is not uniquely determined givem
of y1 and y» given H;, wherei = 0,1. For each0 < and vice versa. Thu®. in (13) cannot be expressed solely
ap < 1, we can pickyy > 0 such thatag +v < 1. As  as a function ofy(v1,v2).
the conditional marginal densityy(y1) is *continuous, we Now we prove the proposition faV > 2 by induction on
can always uniquely picly; such thatff;o go(y1)dy1 = N. Suppose that there exists a fusion ruéév) that results



in ) that cannot be expressed solely as a function dfinally, we define the\/ x D™ -tuple s(v):
T e st v i *0) = (010801, sl ) @D
solely as a function of(vy1, ..., Yn+1)- LetR andR From (9), it can be seen th&, is a continuous function on
be the decision regions (fdil, and H1, respectlvely) at the s(y) for a fixed fusion rule. We now prove that the set=
fusion center when there a®¥ sensors. LetR((J ) and {s(y) : 11 € I'1,...,y8 € T'n} is compact, and therefore
R(NJrl be those of thé N + 1)-sensor case. Without loss of there exists an optimal solution for a fixed fusion rule. As
generallty, we assume that the observation of sef%or 1) the number of fusion rules is finite, we then can conclude
is independent of those of the firat sensors. Rewriting (9) that there exists an optimal solution for the whole system fo

for the N-sensor problem, we have that: each class of decision rules at the sensors.
Theorem 1. The set S given by
Pe(N) = T Z P()(ll,...,l]\[)
H(N) S={s(v):m el els....,7w TN} (18)
(L1, IN)ER]
+m Z Pi(ly,...,1N) is compact.

Proof: To prove this theorem, we follow the same line
of argument as in the proof of compactness of the set of
Now we constructR(NH and RgNH) based onRéN) conditional distributions for the one sensor case by Tdissi
and R as follows. """ consists of combinations 2] LétP = (Fo +... + Pri1)/M, where Py, ..., Pa—1

are the conditional distributions of the observations give

of the forms (I1,...,In,0) and (I1,...,In,1) where i

{ Iy) € BV, pINFD Lonsists of combinations Hy,...,Hy 1, respectively. We usé’ to denote the set of

Ofla-ﬂ-]-e, ];[orms 0 0 lNl 0) and ( Ix.1) where all measurable functions from the observation spa¢es
IR ’ 1y--+> ’

Vi x W x ... x Yy, into {0,1}. Let GP™) denote the

(V) C_
(I1,...,In) € By Note that, fori =0, 1, Cartesian product oD replicas ofG. Let

Bl oty O+ Billy, ol 1) = Bl ). F = {(foo 0, Jp-1(D-1)..(p-1) € G
Thus, P, for the (N + 1)-sensor case can be written as Dol
PE(N-i—l) = 7 Z Po(ll, N -,lNalN-Q—l) P Z fd1 ..... dn (Y) =11 =1 (19)
(1., lN-,lN+1)€R§N+1) dy,..., dn=0
For anyy € T and dy,...,dy € {0,...,D — 1},
P l l : ) ? ) ’ .
tm Z . 1) we define f4, . 4y such thatfs . 4y(y) = 1 if and
sl RIVHD ) DN Lo O
(oot +1) €8 only if y(y) = (di,....dn), and fa, . ay(y) = 0
= T Z Py(ly,...,In) otherwise. Then, fdl _____ dy Will be the indicator func-
(Lol ) €RY tion of the sety~'(di,...,dy). It can be seen that
(fo0..05 -+ +» f(p-1)(D-1)...(D~1)) € F'. Also, we have
+ m Z Pi(ly,...,ly) =P A
(U ool ) ERPD Sdy,..dn (V[ H;) = (y) = (dl,.. ,dn)|H;)
But P cannot be expressed solely as a function of - /fdh ~d Pi(y)- (20)
q(y1,---,vn) and ¢(yn+1) due to the induction hypothe-
sis and the independence assumption of sen8bk- 1)'s ;or(ljveilr:éely,efolf 22)/;0”0(\,@0 05 fp-np-1)..(D-1)) €
observation. ThusD(N“) cannot be expressed solely as a It 5 f ) 1, then ~(y)
function of . | * 0 L., dy=0Jdi, . dn - -
unction 0fg(v1, ..., Yv+1). . (dy,-.. dN)Nsuch thatfa, .4y (y) = 1.

Thus, for the case of conditionally dependent observations
instead of using conditional marginal distributions, wkate . If Zdl dy=t far..an(y) # 1, then A(y) =
the Bayesian probability of error to the joint distribution (L1, 1)
of the decisions of the sensors. In what follows, we usé@s P Zd1 dn=1 Jdran (YY) # 1) =0, (20) still holds.

7 to collectively denote(y1,72,...,vn) and ' to denote  Now we define a mapping : F — MDY guch that

the Cartesian product @f;, 'z, ...,I'x, wherel'; is the set

of all deterministic decision rules (quantlzers) of sengor Ridy....dn (f) = /fd1 _____ andPi(y) (21)
j=1,...,N. Also, we define ' '

It can be seen that = h(F). If we can find a topology on

Sav,odn (V) = Priy = di,oon = dvlHi) - (A5) - ohn nich F is compact and: is continuous,S will be a

Then, theD” -tuple s(v|H;) is defined as: compact set.
Let L, (Y; P) denote the set of all measurable functions
sO1Hi) = (s0.0,...0(YH:), 0.0, 1 (YH:), - f Y — R that satisfy [ |f(y)|dP(y) < 00, Loc(¥;P)

$p-1,0-1,...0-1(v|H;)) (16) denote the set of all measurable functiofis: YV — R



such thatf is bounded after removing the sgt. C Y
that hasP(Y,) = 0. Then G is a subset ofL..();P).
It is known that L. (Y;P) is the dual ofL,(Y;P) [14].
Consider the weak* topology o ();P), which is the
weakest topology where the mapping

fo / F)9(v)dP(y)

is continuous for everyy € L;(Y;P). Using Alaoglu’s
theorem [14], we have that the unit ball ib..(Y;P) is
weak*-compact. Thué' is compact. Thei&(P"), which is a

(22)

solution in the former case will be worse than that of the
latter in general. [ ]

IV. A SPECIAL CASE WITH BIVARIATE NORMAL
DISTRIBUTIONS AND SIMULATION RESULTS

In this section, we consider a special case with= 2,
N = 2, D = 2, and the joint distribution given each
hypothesis is bivariate normal. Particularly, let the foin
distribution of the observations given each hypothesis be
foly1,y2) (given Hy), which is a bivariate normal density
with meansu; = po = —1, varianceso? = o3 = 1, the

Cartesian product ab” compact sets, is also compact. Nowcorrelation coefficienp = 0.6, and f1(y1,y2) (given Hy),

from (19), every point( foo...0, - - -
F satisfies

f(D=1)(D-1)...(D-1)) €

Yo faan@dP(y) = P(4),  (23)

whereA is any measurable subsetf If we let X 4 denote
the indicator function of4, it follows that

D—1
[ Y fnamXamape) =P @4
dq =0

ey dN

As X4 € L1(Y;P) and the mapping in (22) is continuous

for everyg € Li(Y;P), we have that the map — P(A) is

also continuous. Furthermoré, is a subset of the compact

setG(P")| and thusF is also compact.

Let g;,i = 0,...,M — 1 denote the Radon-Nikodym

derivative of P; with respect toP, g¢;(y) = ‘2173)((;’)) Then
we haveg; € L, (Y;P) [9]. Also, we have that
/fdl,...,dN (y)dP;(y) = /fdl,...,dN(y)gi(y)dP(y)a
Vi,di,...,dy. (25)

From (22), (25) and the fact thagt € L1();P), it follows
that the mapping/ — [ fa,....,

ax (y)dP;(y) is continuous.

which is also a bivariate normal density, with = s = 1,

0? = 03 =1, p = 0.6. These two distributions are plotted

in Figure 3. Here); = R, for j = 1,2. Note that even
when the observations ar&.d., restricting the sensors to the
same decision rules may lead to a suboptimal solution [4].
Thus, we do not assume that the decision rules of the two
sensors are the same for the simulations in this section. In
what follows, we derive some properties of the minimian

and present some numerical results for both threshold rules
and general rules at the sensors.

Joint distributions of Y, and Y, given Hy and H,

Fig. 3. Joint distributions ot andY> given Hy and H;

Therefore the mapping given in (21) is continuous. As

S = h(F), we finally have thatS is compact. [ |
Theorem 2: There exists an optimal solution for the gen-

eral rules at the sensors, and there also exists an optimal

solution for the special case where the sensors are restrict

to the threshold rules on likelihood ratios.

Proof: For each fixed fusion ruley at the fusion
center, the probability of erradfP, given in (9) is a continuous
function on the compact sét Thus, by Weierstrass theorem
[14], there exists an optimal solution that minimizBs for
eachry. Furthermore, there is a finite number of fusion rules
~o at the fusion center (in particular, this is the number of
ways to partition the sefd;, ds,...,dy} into two subsets,
which is2?). Therefore, there exists an optimal solution over
all the fusion rules at the fusion center. Note that the use of

Minimum probability of error against A and Yoo r[0:0.3
1 2

gty
et

the general rule or the threshold rule will result in diffietre Fig. 4. Minimum probabiliies of error versus., andy, with mo = 0.3

fusion rules, but will not affect the reasoning in this proof
The optimal solutions in each case, however, will be diffiere

in general. More specifically, the set of all the decisioresul A- Using Threshold Rules at the Sensors
(of the sensors) based on the threshold rule will be a sulbset o At each sensor, the marginal distribution of the obserwatio
the set of all decision rules (of the sensors), thus the @timis Gaussian with variance? = 1 and mean-1 under Hy



and meanl under H;. The (marginal) likelihood ratios are that minimize P, for both the general decision rules and
monotonically increasing iy, and ys, respectively, thus a the threshold rules at the sensors. We have also carried out
threshold rule for the likelihood ratios becomes a thregholsimulations for a special case where the joint distribigion
rule fory; andys. of the sensor observations are bivariate normal. Within the
1 9 values of the parameters simulated, the results have shown
B if y; >yr, =0°InT;/2 .
v (y;) = { 0 othjerwise that the threshold rules at the sensors achieve the opfinal
' of the general rules.
The conditional joint distributions of sensor messages are As mentioned earlier, in the applications of decentralized
given by (10), where detection such as sensor networks and network security,

(26)

_ w _ a sensor observations may be correlated given each hypoth-
No= 2R = (=00un), By = [yry, 00), esis. Characterizing the sensors based on the conditional
0 (=00, yr ), Ity Yray 00) joint distributions will open up a new avenue for solving
As fjo 1_55 Fulyr,yo)dyndys ~ 0.9999 for i = 0,1, it decentralized detection problems.

suffices to lety,, vary within [-5,5]. We then use equally VI. ACKNOWLEDGMENTS
spaced values qfr, as threshold candidates. The minimum \ye \would like to thank Deutsche Telekom Laboratories

values ofP. using threshold rules with, = 0.3 are plotted 54 the Vietham Education Foundation for their support.
in Figure 4. From the simulation results, it can be observefi 4re also grateful to three anonymous reviewers for their

that:

lim P, = min {m,m1}. (28)

Pe S min {7T0,7T1} 5
Y7y 1Yy —>E0O

We state below a generalization of these observations. 1

Proposition 3: Consider a parallel structure as in Figure 1 [2]
with the number of sensol¥ = 2, the number of messages
D = 2, and the number of hypothesat = 2. Let fo(y1, y2)
and f1(y1,y2) be the joint probability density functions of
the sensor observations givély and H, respectively, where
fi(y1,92), i = 0,1, are continuous orR? and nonzero for
—o0 < 1,2 < oo. Assume further that the decision regions [s)
of each sensor are of the forftf/’ = (—oo, Yr;) andRY) =
[Yr;, +00), Yr; € (—00,+00), Wherej = 0,1 (which are
threshold rules on the observation values). Then we have
(28) whereP, is given in (9).

Proof: The proof of this proposition can be found in

the full version of this paper [15]. ]

(3]

(4

(7]

B. Using General Rules at the Sensors

The observation space of each senspy) (is partitioned
into two decision regiongi((f) anngj). Particularly, we first
divide ); into I; intervals. Then there will be’s different [9]
ways to partition these intervals intB((f) and R&J). To go
through all of these possibilities, we use &nbit counter
where then?" bit, n = 0,...,I; — 1, indicates which region
the corresponding interval resides in. The conditionattjoi [11]
distributions of sensor messages are given by (10), where
N = 2. In the simulations we have carried out (whose results
can be found in [15]), the general rule leads to the sanie2]
optimal solutions as the threshold rule.

V. CONCLUSIONS AND FUTURE WORK

In this paper, we have shown that the minimum Bayesian
probability of error P, in a parallel configuration cannot (14
be expressed as a function of the conditional margingis
distributions of the messages from the sensors. We have
then characterized this probability of error based on the se
of conditional joint distributions. We have proved thatsthi
set is compact and therefore there exist optimal solutions

(8]

[20]

[13]

valuable comments.
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