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Abstract—The problem of decentralized detection in a sen-  In this paper we consider a wireless sensor network sub-
sor network subjected to a total average power constraint is jected to a total power constraint and investigate the dis-
investigated assuming that local sensor decisions are based oryjp, ted detection of both deterministic as well as stotibas
analog relay amplifier processing. For both deterministic and G ian sianals. We first analvze the finite-siz tem per
stochastic Gaussian signals, asymptotic performance in a large 2@usslan signais. Vve nrst analyze the hinite-size system pe
sensor system is analyzed by deriving the error exponents. The formance. However, our main contribution is to characteriz
large system analysis shows that, in the case of deterministic the large system asymptotic performance via error expsnent
signals when the whole system is subjected to a total averagewe derive error exponents for both Bayesian and Neyman-
power constraint it is better to combine as many not-s0-good pearson distributed detection in generally correlatedsenoi

local decisions as possible rather than relying on a few very- . .
good local decisions. However, in the case of stochastic signaid2N€ Of the important conclusions that follow from the error

there is an optimal number of local sensor decisions that should €xponent analysis is that although in the case of detertitinis

be combined at the fusion center in order to obtain the best signals it is better to divide the available power among as
performance. While up to this optimal limit it is better to divide many nodes as possible this is not the case with stochastic
the power among many not-so-good local decisions, beyond thisgjgnais | this case, there is an optimal number of sensor

value the performance starts to degrade as we increase the d hich hould divide the total ilabl
number of sensors. In other words, in the case of distributed NOUES among which one should divide the total available

detection of a stochastic signal there is a minimum power level POWer. Up to this optimal value it is better to divide the &vai
that each node needs to maintain if they are to make a useful able power among many nodes. However, once we attempt to
contribution to the final fusion decision. divide power among nodes beyond that limit the performance
again starts to degrade.
The remainder of the paper is organized as follows: In Sec-
tion 1l we present the sensor system model and formulate the
. INTRODUCTION decentralized detection and fusion problem. Next, in ®acti
In this paper we consider decentralized detection in Ih we analyze the performance in the case of deterministic
power-constrained large wireless sensor network in the-prsignals and derive the large system error exponents. 8ectio
ence of a noisy communication channel. Although there i¥ derives the corresponding large system error exponent
a considerable amount of previous work on the subject ekpressions in the case of stochastic signals. In Sectibns |
distributed detection and data fusion, mostly they igntee tand IV we also present numerical examples to validate our
effect of noise in the channel between the local sens@mor exponent analysis and discuss design guidelines that
and data fusion center. However, recently there has beewrraerge from our analysis. Finally, in Section V we summarize
great interest in distributed detection under commurocati our findings.
constraints in the context of wireless sensor networks [1]-
[4]. . . . . :
An important design objective in low-power wireless sensor We consider a binary hypothesis testing problem in an
systems is to extend the whole network lifetime. Hence, 7anode wireless sensor network connected to a data fusion
sensible constraint on the sensor system is a finite totaépog€nter via distributed parallel architecture. Let us derint
as proposed in [2]. This assumption implies that as numbgp @nd H: the null and alternative hypotheses, respectively,
of nodes in the network increases, the power available R§ving corresponding prior probabilitie8(Hy) = po and
individual nodes decreases allowing to trade off individud’(/71) = p1. Under the alternative hypothesis the observed
node power against the number of nodes in the network afi@chastic process consists of a Gaussian signal, dengted b
vice versa. In [2], the performance of distributed detectioX;» for j = 1,---n, corrupted by additive Gaussian noise.
of a deterministic signal was considered in such a powefD€ j-th local sensor observatios, for j = 1,---n, can be
constrained wireless sensor network. Assuming the saMfBiten as

Il. SYSTEM MODEL DESCRIPTION

power constraint and the deterministic signal model it was Ho: 2z = v
shown in [4] that even if the communication channel is band H : 2 = X 4o 1)
limited, it is better to combine as many local decisions as L 7o

possible at the fusion center rather than dividing the altél where observation noisg and the desired sign&; are both
power among only a few nodes. assumed to be Gaussian with the collection of noise samples



receiver noise, respectively. The receiver noise is asdume
be a white Gaussian noise process so that the noise vector
w ~ N(0,021,).

The fusion problem can be reduced to the following hy-
pothesis testing problem:

Hy: r ~ po(r)
Hi: r ~ p(r)

wherep; is the density ofr under the hypothesid;, fori = 0

andi = 1. It is well known that the optimal decision rules
for the above fusion center design should then be based on
the likelihood ratio£(r) = 23,

When considering correlated observations (either due to
Fusion noise or signal correlations) we always assume that the
correlations are a function of distance between the nodes. F
Fig. 1. Decentralized Detection and Data Fusion in a Sensmwotk Simplicity, we consider the one dimensional sensor network
Subjected to a Total Power Constraint in a Noisy Channel model as in [2]. According to this model the sensors are equi-

spaced along a straight line with distance between any two
adjacent nodes being as shown in Fig. 2.
distributed asr ~ N(0,X,). The collection of desired signal
samplesX is in general modeled aX ~ N (m, X, ) where

— 00— —d— —d— —o—d—
m = m[l,1,--- ,1]7 = me with e being ann-vector of all —s) (s) (s,) (s) (s5)
ones. d, d, d, d, dg

Each local sensor processes its observatiprindepen-

dently to generate a local decisian(z;) which are sent to a P = p\d,fdf‘.| _ pa’|j7/(\ _ p\./fk\

fusion center. Let us denote byu (21), ua(22), -+ ,un(2n)) ki d

the received signal at the fusion center. The fusion

center makes a final decision based on the deci- Fig. 2. One-dimensional Sensor Network Mode} = p¢

sion rule ugo(r). The problem at hand is to choose

ug(r),u1(21),u2(22), - ,un(2,) SO that a chosen perfor- |f we denote the sensor locations ds d, - - ,d,,, then

mance metric is optimized. d; = (j—1)d. The spatial correlation coefficiept,; between
The solution to this problem is known to be too complicatede k-th andj-th sensor nodes is then given by
under the most general conditions [5]. While optimal local

processing schemes have been derived in certain spedis, cas pr; = pllmdl = pdli=kl = pliH (3)
a class of especially important local processers are thae t
simply amplify the observations before retransmissionh twhere we have defineg; = p?. With this model the
fusion center [2]. In this case the local sensor decisions sé@ormalized correlation matrix can be written as
to the fusion center are given by, 1 Py P2 pg_;

uj = g5z forj=1,---n R P.d 1 p.d PZ. @)
whereg; > 0 is the analog relay amplifier gain at theth : : : . :
node that depends on the total power constrdinbn the ot opnT? o1
whole sensor system. It has been shown that such simple
amplify-and-relay local processing performs fairly wehen 1. DISTRIBUTED DETECTION OF ADETERMINISTIC
the local observations are corrupted by additive noise, as SIGNAL IN A LARGE SENSORSYSTEM

in our formation [1]. Moreover, this type of amplify-and- gyppose that the signal to be detected is a deterministic
relay local processing seems to be well-suited for low-gowgjgna| as in [2]. Specifically, leK; = m under Hj, so that
wireless sensor networks that are becoming popular.

We assume that these analog relay amplifier processed local Ho: po(r) = N(0,%,)
decisionsu;'s are transmitted to the fusion center over a Hi: pi(r) = N(gme, X,
noisy wireless channel. Assuming, for simplicity, that= g,
for all j and the sensor-to-fusion center communication igherey,, = ¢°%, + 021 is the noise covariance at the fusion
orthogonal, the received signal from all the nodes can lenter. We can easily show that in this case the total power
written in vector notation as constraintP = E?Zl E {|u;|*} leads to

r = gz-+ 2
g w ) 92 _ L’ 5)

wherer and w are n-dimensional received vector and the n (gg + %2)



where o2 is the variance of the noise sampfe, for j = A. Deterministic Sgnal in Uncorrelated Noise

1,--- ,n. The optimal tests are then of the form of ) ) )
P From (9) it follows straightforwardly that when the noise
1 2 . _ 2 2“1"70)71
Sopi(1) = it meTy-lr " is uncorrelatedD (po||lp1) = 7o (n + —2% , Wwhere we
0 < have defined observation SNR as= 7 and channel SNR
N : .
;_ log(r) |, gm? Tv—1 : - asve = g For completeness, the asymptotic performance
where 7' = + %-e X, e and 7 is the original of the deterministic signal detection under a total power

g. . . . .
threshold that will depend on the exact optimality criteri
For example; = 1 for minimum probability of error Bayes
detection (equal priors), and in anlevel Neyman-Pearson
design it is determined by.

The performance of a binary hypothesis testing proble
can be specified via the false-alarm probability and the

%onstraint is summarized in the following proposition (the
proof is omitted since it is a result of simple limit propesd):
Proposition 1: The error exponent for the decentralized
tection of a deterministic signal in uncorrelated noias h
ollowing asymptotic properties:

miss probabilitys,,. For the above decentralized detection of . Ve
a deterministic signal in noise they become: S D (pollpy) = 5 el
22 Yo
log(7) + £-eT'y e lim D = .,
o = 0 ( 3(7) ngﬂ 7 (6) LJm_ D (pollps) g
e e . n
. ! lim D (pollp1) = -
- el te —log(T) om0
ﬁn = Q 1 . (7)
gvelY, e

While it is possible to evaluate the performance for specific o _ )
systems via (6) and (7), it is rather difficult to draw generd}- Deterministic Sgnal in Correlated Noise
conclusions from them regarding the design of decentidlize
detection systems. In order to facilitate this we INVesBoga ise. We assume that the noigehas a covariance matrix
the asymptotic behavior of the above performance via errgr 2

exponents. The required error exponent for Bayesian detect_", . ouR. Since X, = ¢*5, + oyl in this case it is
) ) i ; ; ) t directly cl f h h toti f
is the Chernoff information as given by the following themore not directly clear from (9) how the asymptotic performance

61 depends on the parameterg o, 7. and the sensor network
[ ]'i'h 1 (Chernoff Inf tion): The best sizen. However, as we show below, an elegant representation
eorem ( erno nqrma|on). ne Dest error expo- ¢ he asymptotic error exponent can be obtained once we
nent ach|evable_|n Bayegan tespng IS given by the negatl(YSnsidera large sensor network. Note that, due to the assume
of the Chernoff information and is defined as spatial correlation structure of the noise, is a Hermitian
p* = min logE{L*(r)|Hp} . and toeplitz matrix. Theny,, is also Hermitian and toeplitz.
s€[0,1] It is well known that for largen, the Hermitian, Toeplitz

L matrix X, is uniquely determined by the sequente =
For the deterministic signal above, we can show that  , , o2 5 3 .
) g-o; {1 + ez P> Pas P> ,}. Equivalently, for largen
o= I Ty, (8) Wwe may definex, = ¥, (f) via the functionf defined as
8 flw) = > ;= tje’*. The following theorem establishes
Similarly, in the case of Neyman-Pearson hypothesis @stithe equivalence of a toeplitz matrix to a circulant matrixewh
the asymptotic error exponent of the miss probability isgiv the matrix size is large [7].
by the Stein’s lemma [6]: _ Theorem 3: For largen, %, (f) is equivalent (in the weak
Theorem 2 (Stein's Lemma): The best achievable error ex-norm) to a circulantC,, (f) matrix where the entries!”)

€ <e€i . n n—  2mj J
ponenty; if ay < € s of C,.(f) are given bycg. ) — %Zg:é /\mkeﬁT’“, and the

Next we consider the situation with correlated observation

m lim - log 85 = —D (po|lp1) eigenvalues\, ; of C,,(f) are equal to,, ; = f (2%j).
e——0n—o0m In order to obtain the error exponents of a power-
where D (po||p1) is the Kulback-Leibler measure or theconstrained distributed detection system in correlateseeb
relative entropy ofpy and p;. vation noise we first note that with the assumed noise model
It is easily seen that for the above deterministic signal
22 fw) = 0% +0%+20%02pg—o P
D(pollpr) = 2 s—e'S, e ©) 1 —2pgcosw + pj

As we see from (8) and (9), in the case of deterministic sggndh the following proposition we summarize the large system
the Chernoff information and the KL measure are proportion@rror exponent and the asymptotic performance in the pres-
to each other. Thus, in investigating the asymptotic digteéd ence of correlated observation noise.

detection performance in a large sensor system we onlyProposition 2: The large system error exponent for the
consider one of them. decentralized detection of a deterministic signal in datssl



Deterministic Signal in Correlated Noise with Fixed Observation SNR
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Deterministic Signal in Correlated Noise with Fixed Observation SNR
T T T T T T T —
—— P =0dB (exact) e —— P =0dB (exact) - x

—-— P =0dB (large n asymptotic) 4 7 e —-— P =0dB (large n asymptotic) + o _
—=— P =5dB (exact) el -~ —=— P = 5dB (exact) o e
71 —-o- P =5dB (large n asymptotic) : e P a 7H —o- P = 5dB (large n asymptotic) + S e
—#— P =10dB (exact) i — P =10dB (exact) / s
—— P =10dB (large n asymptotic) P e —#— P =10dB (large n asymptotic) + x~
|| —— P =15dB (exact) S x” i || = P=15dB (exact) ke
61 _x— P = 15dB (large n asymptotic) | - e 6 _x— P = 15dB (large n asymptotic) FR -
+ P-> o (large n asymptotic) 7 7 + P-> o (large n asymptotic) / s
el e + -

Error Exponent (Kulback-Leibler Distance)
Error Exponent (Kulback-Leibler Distance)

L L L
80 100 120

14 16 18 20 60
Number of Sensors (n)

(@) (b)

Fig. 3. Error Exponent for the Decentralized Detection of etdbministic Signal in Correlated Noise
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noise is given by the available power should be divided among as many nodes
Py as possible no matter whether the observations are cadelat
D (pollp1) ~ > or not.

2/(0) (1 +0.570)

1
= 0.5 14+0.5 — +
o <( 0) (% n(140.5v) 1 = pq

1 1+ pa -1 |V. DISTRIBUTED DETECTION OF ASTOCHASTIC SIGNAL
)) . INA LARGE SENSORSYSTEM

. . . Next, let us assume that the signl, for j = 1,--- ,n,
The aboveD (po||p:) has the following asymptotic Propertiesi, pe detected is a zero-mean Gaussian signal such that
lim D (pollpr) = —2° X ~ N(0,%,) and that the collection of noise samples is
n—oo 1+ 2 distributed asv ~ A(0,02I). Again we assume that the
Yo . .
lim D(pollp1) = Ae sensors arel-spaced in a 1-D network, and that the signal
Yo—00 field correlations are a function of distance leading to aalig
lim D (pollp) = n 1—pq covariance matrix of the fornt, = o2R, where, as before,
e 0[|P1 91 +pd%’ pa = pd_
With orthogonal communication, the detection problem at
Proof: See Appendix I. the fusion center is then equivalent to:

Essentially, both propositions 1 and 2 say that it is better ) .
to divide the available total power among as many nodes Hy:  polr) = N(O, 22")
as possible. For a given power constraihtand observation Hi: pi(r) = N (0’9 Yo + Zn) (10)
noise SNR, the performance monotonically improves with mﬁh

: . ereX, = ¢°%, + 021 = (¢%02 + 02)I = ¢21, and now
sensor system size regardless of the fact that observations 9 o (%0 + o) In

are correlated or uncorrelated. This behavior is illusttan 2 P

Fig. 3. It also shows that the large system analysis based err g = n (02 + a_g) ’

exponent provides a very good approximation to the exact voo2

error exponent of a finite size system unless very small. . i . o2
More importantly, however, Fig. 3 shows that for a fixeg©F this case we re-define the observation SNR@s- 75

number of nodes the performance is limited by correlagign It follows that the optimal prog:edulresl for the problem (10)
However, as can be seen by comparing Figs. 3a and 3b, gﬁ()uld be based on the following likelihood ratio:
performance level achieved by a system with less correlated 1 150 1 oo .
observations can also be achieved in a system with highly L(r) = 510%% BN €xXp (51” (Zn -2 )1‘> )
correlated observations by increasing sensor networkrsize !
Propositions 1 and 2 also assert that ultimately the asymphere, for brevity, we have defined, = ¢°%, + %,,.
totic performance in a large system will be limited by chdnne In the case of correlated stochastic signals it is well-
and observation signal qualities. When the channel is very lenown that we cannot evaluate the exact error probabilities
liable the performance is monotonic in bottand observation in closed form [8]. However, we can obtain easy to evaluate
quality vo. On the other hand, when the local decisions amror exponents in the case &f, = o2R via large system
very good, the final performance will be limited only by thenalysis. In the following proposition we summarize thgéar
channel qualityy... system Kulback-Leibler distance based error exponentior t
The key conclusion that follows from the above largbleyman-Pearson detection of a stochastic Gaussian signal
system analysis is that in the case of deterministic sighaleder a power constraint.




Unorrelated Stochastic Signal in Independent Noise with Fixed Observation SNR
T T

Proposition 3: The best error exponent achievable in dis- o

tributed Neyman-Pearson detection of a correlated sttichas - " B2 1ocb (anabical
signal is givenby L - b 1508 (smuliedy
® T R P : phely i Efigggtéﬁyﬂc%l)
_n 2 2 (1 —pa) 2 (1+ pa) —1/2 A MW e P%ZDdB:slmurlna_‘:ed)
P wollpr) =5 {KO —ot (et ) (A 55m) o R
—1 Hk
where of = 7y [l+n(1+405v) /7] and Ky = - |

1 [2n (1—pa)oy i
5= Jo log (1 + 1, P dw. In particular,

xxxxx

Fusion Probability of Error (CPe)

im D(pollpr) = 0 for |paf <1

5 x
X x XX
XXX 0 XX XXX

Chernoff Bound is Minimized Exactly where F'e is Minimum! . X%
Proof: See Appendix I.

We may also obtain the large system error exponent for e

Bayesian distributed detection of a stochastic signal &mwbe w w w

I
0 50 100 150 200 250

roposition 4: The best error exponent achievable in dis- Number of Sensors (n)
tributed Bayesian detection of a correlated stochastinasig
is given by Fig. 4. Minimum Achievable Probability of Error for Distrited Detection
) 9y o of an Uncorrelated Gaussian Signal under a Total Power @onsty, = 4
. n|1 2m 1—2pgcosw + p5 + (1 —p3)or
" :E{g/o Og172pdcosw+p3+(1750)(17p(2£)0'%dW780K0
whereo? = ~o [1 +n (14 0.57) /%]*1 and trend does not hold in the case of stochastic signals. This ha
already been observed in [9] as well. In fact, [9] showed that
1+p3\ 1 4p? 1 for a fixed total power constraint, when the system sizis
so = 1+ (1 _ p2) 2 m K2 very large the fusion center performance approaches 0.5. In
a7 @ 0 other words, the detection system becomes useless.
with Ko = L 2T log (1 + —=pi)el Y\ g, Figure 4 shows the fusion center probability of erforas
r 0 1 2pd COS WLy function of the sensor network sizeor a fixed observation

Proof: The key steps of the proof involves essentially th
same technical details as in that of proposition 3. Hence,
omit the proof which can be found in [9].

é\lR 9. It is clear from Fig. 4 that there is an optimal
number of sensor nodes for which the error probability is

We may use propositions 3 and 4 to obtain the corr@jinimizgd for_ a given power constra_ir_iP. In particular,
sponding error exponents for the special case of uncoecklafS pre:iltqtetljl ml [91. th? err%rﬁ p[ﬁ?ab'“? g?es tob0.5 ::or
stochastic signal for which one can compute the exact perfgrsympo'ca y large values oh. 1he oplimal number o

mance as shown in [9]. In this case, a considerable simpli gnsors 1S a Iﬁmt'o? Ofl the tgtal pfower cons_tral?lt As d
cation can be achieved leading to the following corollary: Increases, the optimal number of SEnsors INCréases an

Corollary 1: From propositions 3 and 4, the best erro‘he minimum achievable error probability decreases. Irwoth

exponent achievable in distributed Bayesian detectionnof glords, thgre IS.a minimum recelve_d SNR requirement for each
uncorrelated stochastic signal is given by node for it to make a useful contribution at the fusion center

When P is large we can divide the available power among a
sl 1+ 0% s loe (1 2 larger number of sensors while maintaining this minimum
v=5 1% 1+ (1—sg)o? 50 Og( +01) ’ SNR requirement. However, once we increase the number
) 1 L of sensors beyond this point the performance again starts to

whereot = o [1 +n(1+0.5%) /7]~ andso =1+ 5 —  degrade since the quality of observations at the fusionecent
—L . Similarly, the best error exponent achievable iis not sufficient.
log(1+of) ) i ] A . . . .
Neyman-Pearson detection is given by sa yerlflcanon of the general perfo_rmance_ pred|c_ted in
) proposition 3 by_the large system analysis, and its speaﬁﬂ_c
D (pollp1) = n [log (1+ U%) __% } in corollary 1, Fig. 4 also includes the Chernoff informatio
1+0? based bound for the fusion center error probability. No#,th
the large system analysis based error exponent follows the
The decentralized detection performance characterizatisame performance trend as the exact error probability. In
given in corollary 1 for a wireless sensor network subjectgghrticular, the error exponent is also optimized for a djpeci
to a total average power constraint looks very similar to-welvalue ofn. In fact, a close investigation of Fig. 4 shows that
known centralized system case. However, a closer look shothis large system analysis based error exponent in Fig. 4 is
that the actual performance in this case is very differemnfr optimized exactly at the same value at which the exact
that of the centralized case. In particular, in a centrdlizgorobability of error is minimized. This provides a usefulywa
system, usually increasing the number of observations ito-design power-constrained sensor systems by optimibag t
proves the final performance. This was also true in a powaror exponent performance.
constrained decentralized detection system in in the chse oThe fusion center probability of error for a fixed power
deterministic signal detection considered in [2] and as ve®nstraint P but for different observation SNR values is
saw earlier via large system error exponents. Surprisitigty shown in Fig. 5. While Fig. 5 shows that for a fixed total



U tochastic Signal in 1t Noise with Fixed Observation SNR

" neonelated Stocheste Sana o e e Y dg,"’),then the relative entropy is:

Y=l
e Yp=4 2 9
V2048 - ¥p=16 g‘m° 4
A oy, =256 D ~ e C e
e (oollpr) ~ ST ()
2 9 mn—1 2 9 mn—1 n—1 )
= DIUNS g RIS (LS i
2 i 2 n ok
e - o000 | 7=0 7=0 k=0

-5-6-5:0-5-0-609%

Exact Fusion Probability of Error (P,)

92m2 n—1 ) n—1 . ngzmQ
= A et = .
2 z;o ”v’sz 2£(0)

| =0
HHM The rest of the proof follows by substitutions and taking

limits.

T T

B. Outline of Proof of Proposition 3

Romber of sensors () 10 200 Proof: In this case,X, = ¢2L,. Let us defineX; =

¢’Y, + %, and denote by),, for ¥ = 1,---,n, the
Fig. 5. Minimum Achievable Probability of Error for Distribked Detection eigenvalues of:;. Then, we have
of an Uncorrelated Gaussian Signal under a Total Power @onsty. =

20dB 1 » B
D onllon) = 5 (1ox (51 ) + 1 (B3 =)
7 no Ak
power constraint the performance in general is improved as _ 1 ilo AN Zn: o2 1)
the observation SNR, improves, it also shows that for each 2 prt & o2 14 2_3 )

observation SNR value again there is an optimal number ] N ) ) .
of sensors. In particular, as the observation SNR improvB4't since Xy s a Her_m|¥|a"n and htoeplzlltz lmatrlx_ with a
the value of this optimal number of sensors decreases. T u:f:/aleenﬂr)l/orgé tcheanralctter(i)zgévsb)t/ %Leogun%rt?g(c:}) ca:n
behavior implies that when local decisions are more radiabl_.., ijw 9202 (1—pa)? . )

we can achieve a given level of performance by dividing-j=—c ?J’e, = T-2p4 cosw‘+p3'Applymg Szegpstheo.rem
the available total power among a less number of sen%’f the distribution of eigenvalues of large toeplitz masi¢o
nodes. Figure 5 also shows that ultimately the performanceé — Z1(g), then for largen we can write (11) as

for asymptotically large observation SNR values is limibsd n 2 9(w) 2 L

the total power constraint. In particular, for reasonakbiggé P (pollp1) ~ (/0 log (1 + U—2> dw */0 IPyIe) d“’) :

o valuesP, indeed converges to its asymptotic value. 7

n

We evaluate the second integral usi 92”‘17‘” =

. 7 a-+bcosw
—2~—, and introduce the definitions ok, and o7 as
We analyzed the decentralized detection performance sgecified. These substitutions and some manipulation#sesu
a total power constrained wireless sensor network in a noisythe Neyman-Pearson error exponent given in proposition
channel assuming analog relay amplifier local processiog. BB. The rest of the proof follows by taking the limit.
both deterministic and stochastic Gaussian signals, asfimp REFERENCES
performance in a large sensor system is analyzed by deriving ' _
the error exponents. Our large system analysis showed tHéat): Chamberland and V. V. Veeravalli, *Asymptotic resuigs tiecentral-
in th f det inisti - Is it is better t bi ized detection in power constrained wireless sensor né&syotEEE
In the case ol deterministic 5'9”?13 It 1s be ?r 0 COMDINE  j5,rnal on Select. Areas in Commun., vol. 22, no. 6, pp. 1007 — 1015,
as many not-so-good local decisions as possible rather thanAug. 2004. _ o .
relying on a few very-good local decisions. However, in th@] — “Decentralized detection in wireless sensor systevith depen-
f hastic si | h d th h . . Ident observations,” iroc. 2nd Intl. Conf. on Computing, Commun. and
case of stochastic signals we showe that there Is an pptlma Contrl. Technologies, Austin, TX, Aug. 2004.
number of local sensor decisions that should be combined[@tA. Appadwedula, V. V. Veeravalli, and D. L. Jones, “Engrefficient
the fusion center in order to obtain the best performance. In detection in sensor networkslEEE Joun. Select. Areas in Commun.,
h ds. in th f distributed detecti f . Dec 2003, submitted. )
O.t er words, In the case or distributed detection or a Steiihia [4] s K. Jayaweera, “Large sensor system performance ofntietized
signal there is a minimum power level that each node needs detection in noisy, bandlimited channels,” troc. IEEE Veh. Technol.

i in i N Conf. (VTCO5 Spring), Stockholm, Sweden, May. 2005, accepted. Ab-
to maintain if they are to make a useful contribution to the stract available at http://webs.wichita.edu/?u=cspgéqus/publication/.

V. CONCLUSIONS

final fusion decision. [5] P. K. Varshney,Distributed Detection and Data Fusion. New York,
NY: Springer-Verlag, 1996.

APPENDIX | [6] T. M. Cover and J. A. Thomagslements of Information Theory. New
York, NY: John Wiley, 1991.

A. Outline of Proof of Proposition 2 [7] R. M. Gray, Toeplitz and Circulant Matrices. A Review, http://www-

) ) ] ] ee.stanford.edu/ gray/toeplitz.pdf, 2002. o
Proof: SinceX,, (f) is equivalent to a circulant;,(f), [8] H. V. Poor, An Introduction to Signal Detection and Estimation. New

we also have that!(f) is equivalent to the circulant ,, York: Springer-Verlag, 1994.

2 ] 7 . ’ [9] S. K. Jayaweera, “Large system asymptotic performanceectnitral-
C, ' (f)- The eigenvalues af; *(f) are then given by, ; = ized detection and fusion under resource constraints witilog local

)\;E _ 1/f (2%]) If the entries Ongl(f) are denoted by processing,"Submitted |EEE Trans. Inform. Theory, Mar. 2005.



