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Abstract

We study optimal distributed detection strategies for wireless sensor nstwoder
the assumption of spatially and temporally i.i.d. observations at the sensa. ngdeh
node computes a local statistic and communicates it to a decision center ov&y alran-
nel. The performance of centralized detection (noise-free chanmedissas a benchmark.
We address the following fundamental questionder what network resource constraints
can distributed detection achieve the same error exponent as centrditection?Two
types of constraints are considered: 1) transmission power constrathis modes, and
2) the communication channel between the nodes and the decision centetypbs of
channels are studied: 1) a parallel access channel (PAC) consittieglicated AWGN
channels between the nodes and the decision center, and 2) an AWGN nadtples
channel (MAC). We show that faintelligent sensorgwith knowledge of observation
statistics) analog communication of local likelihood ratiesf{ decisionsover the MAC
is asymptotically optimal (for large number of nodes) when each node camuaicate
with a constant power. Motivated by this result, we propose an optimal distdldetec-
tion strategy fordumb sensorgoblivious of observation statistics) based on thethod
of types In this strategy, each node appropriately quantizes its temporal obisargdata
and communicates its type or histogram to the decision center. It is shownpbaiaged
distributed detection over the MAC is also asymptotically optimal with an additioral ad
vantage: observation statistics are needed only at the decision cer@rmuitler the more
stringet total power constraint, it is shown that both soft decision- aretfygsion result in
exponentially decaying error probability.

1 Introduction

Wireless sensor networks are an emerging technology tbatipe an unprecedented ability to
monitor the physical environment via a large number of clsegysing devices that can commu-
nicate with a fusion center in a tetherless fashion. Deiaaif certain events or targets in the
environment is an important application of sensor netw(sks, e.g., [1, 2]). The performance
of the centralized detector (noise-free communicatiomvbeh the nodes and the fusion cen-
ter) serves as a benchmark for any distributed detectiategly. We assess the performance of
distributed detection strategies in terms of éner exponentssociated with their probability
of error P.. Specifically, we address the following fundamental quesiunder what network
resources constraints can a distributed detection stratchieve the centralized benchmark
performance (error exponent) in the limit of large numbenotie measurements?

*This research was supported in part by NSF under grants #@887B805 and #CCR-0113385, and by the
ONR under grant #N00014-01-1-0825.

We note that for a fixed number of nodes, optimal performaacebe achieved in the limit of large number
of i.i.d. temporal measurements [3]; see also Sec. 4.1.



We consider two types of resource constraints relatingegtwer budget for sensors and
the nature of the communication link between the nodes amdelkision center. Specifically,
we consider two extreme power constraints: 1) individuakgoconstraint (IPC) in which
each node has constant power, and 2) total power constid@)(in which the total power
over all nodes is constant. We consider two types of chanigla parallel access channel
(PAC) consisting of dedicated AWGN channels between the nax@she decision center, and
2) an AWGN multiple access channel (MAC). Finally, we assuna the node observations
are independent and identically distributed (i.i.d.) bgplatially (across nodes) and temporally
(see [2] for a physical justification of this assumption).

In the next section, we formulate the distributed detecpiozblem and first consider the
case ofintelligent nodeghat have knowledge of observation statistics, an assomftiat is
typically assumed in existing works (see,e.g.,[1, 2]). Bunig on the results in [2] for the PAC
under IPC, we show that analog communication of local lileith ratios from the nodesdft
decision-fusiopover the MAC is asymptotically optimal; that is, it achievihe centralized
error exponent in the limit of large number of nodes. Furtiane, even under the more strin-
gent TPC, soft decision-fusion results in exponentiallyag@wtg probability of errorf., with
the number of nodes. On the other hand, communication oeePAC incurs a significant
degradation in performance compared to the MAC.

Motivated by the above key result, the second major cortidghwf this paper is an optimal
distributed detection strategy fdumb sensor&blivious of observation statistics) that is based
on themethod of type#d, 5, 6]. A type is essentially a histogram or empirical mbility
distribution of the observation data. In this strategyheaade appropriately quantizes its raw
temporal observation data and communicates its type todatisidn centert{istogram fusioh
The type-based distributed detection framework is desdrib Section 3 and, to the best of
our knowledge, it is the first application of the method ofdgpo sensor networks.

Section 4 analyzes the performance of type-based distdbdétection. We show that
histogram fusion over the MAC is also asymptotically optinmader the IPC, and results in an
exponential decay i®, even under the TPC. Furthermore, it is shown that type-bastediton
is essentially an equivalent implementation of soft decigusion with a key advantagé¢he
computation of likelihood ratios is shifted from the node#hte decision center and the nodes
can be completely oblivious of the observation statistiesSection 5, numerical results are
presented to illustrate the optimal performance of sofisiee-fusion and histogram-fusion
under different network constraints. Concluding remarkspaesented in Section 6.

2 Decentralized Detection
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Figure 1: Architecture for decentralized detection usingpatially distributed sensor nodes.
The sequence; = (z;1,...,%;,) denotes the observation data at nedé < i < k). The
observations are generated according to a distribupigrd < {6, 0, }.



Fig. 1 shows an achitecture for decentralized detectionirel@ss sensor networks that
is studied in this paper. A source generates the observdtitmaccording to a distribution
Ry corresponding to a finite number of hypothegés In this paper, we considdsinary
hypothesis testing, that i8,€ {0, 1}, to simplify exposition, although the essential ideas hold
for generalM -ary hypothesis testing. A group éfspatially distributed sensor nodes observe
length data sequences that areindependently and identically distributédi.d.) across
time and spacezr;; (1 < i < kandl < j < n) denotes the observation random variable
at the:-th sensor node and theth time instant. The observation data can be continuous
or discrete, depending on the physical source and the gepeiicess. Each node encodes its
observation sequenesginto a lengtht sequencg; = f;(x;) and communicates it to a (remote)
decision center via a noisy communication IthkThe decision center makes a decisibn
on the hypothesis based on its lengtreceived signak. The detection performance can be
characterized by the error probabilities: = P(§ = 1|Hy) , § = P(0 = 0|H,), P. =
(a + B)/2, whereP, is the averagéetection error probabilitf DEP) assuming equally likely
hypotheses.

The design of a distributed detection strategy boils dowthédesign of the mappings
{fi;i=1,---  k} at thek sensor nodes under network resource constraints. Theggngap
represent goint source-channel communicati@trategy in the context of detection applica-
tions. This is a long standing open problem and only a fewigdaahswers are available. For
instance, it is shown in [7, 1] that under the i.i.d. obsdoratnodel, the optimal strategy em-
ploys the same encoder at all nodes, which we adopt here asHeglever, relatively little is
known about the actual construction of the optimal mapgifig, under appropriate network
constraints. We consider two key network constraints is work.

Power Constraints: Energy consumption at sensor nodes is a key consideratitmein
design of sensor networks. Along the lines of [1], we consp®ver constrained networks.
Each node is allocated a certain power budg@tfor communication Z§.:1 Ely:;]*? < P,.

We consider two extreme power constraints:irfidividual power constraint (IPCjn which
each node is given a constant power budget P, and 2)total power constraint (TPC)
in which the overall network power is limited to a constdfy; and each sensor node has a
diminishing power budgeP; = P,,;/k ask increases.

Network Communication Channel: For simplicity, we consider two types of channels: 1)
a parallel access channel (PAC) consisting oedicated AWGN channels, and 2) an AWGN
multiple access channel (MAC). For each channel use, in tle BA=y; + w;, i =1,--- , k,
whereas in the MAC; = 3% |y, + w. The channel noise is zero-mean with unit variance.

2.1 Centralized Detection — Performance Benchmark

Decentralized detection differs from its centralized degpart primarily due to the noisy chan-

nel that separates data collecting nodes from the decigiptec In centralized detection, the

observation data at all nodeX, = (xy, ..., xy), is available at the decision center, which uses

themaximum likelihood (ML) tesor optimal performance:
0, QiX) < Qo(X)

2\We assume that the total channel ése O(n).




It is convenient to express the ML test in terms of the (norzedl) log-likelihood ratio (LLR)

_1 1(X) _ b =0
T E e QOX k:z Qo /le’ _{ , 7v<0 @)

The performance of centralized detection is well studieg(g.9., [4, 8, 9]). The DEP decays
exponentially with the data sizé»{ in our setting), and the optimal error exponeht) is
characterized by the following well-known result.

Lemma 1 (Chernoff). The centralized ML-test achieves the optimal error expbnen

E. = limsup _ki log P, = CI(Qy, Q1) 3)

kn—oo

whereCI(Qy, Q1) > 0 is called theChernoff informatiorbetweer, and @,

Ql(X)r
Qo(X)

C](Qg, Ql) = — Orélsigl lOg EO |: (4)

whereE, denotes expectation with respecie.

Centralized ML detection represents the ultimate perfowadrenchmark for any decen-
tralized detection scheme: the error exponent of decézgrhtietectionF,, is smaller thark.
in general. An overarching goal is to reduce, or even to ¢leseh performance gap between
decentralized and centralized detection by optimizingdive source-channel communication
between the sensor nodes and the decision center, subjeatirtork resource constraints.

2.2 Distributed Detection Strategies with Intelligent Sensors

In this section, we discuss distributed detection strategvhen the sensors are intelligent:
they have knowledge of source statistics under differepbliyeses. Evidently, this assump-
tion is prevalent in all existing works (see, e.g., [7, 1, 2JJthough the temporal and spatial
dimensions are interchangeable in centralized detedti@, role in decentralized detection
is fundamentally different. While each node can jointly @eg its temporal data, joint data
processing across distributed nodes is generally notevidbe to high cost and complexity
associated with inter-node communication. The architedtuFig. 1 assumes that each node
can only process it®cal data. Temporal data processing in decentralized detelstisrbeen
studied from the perspective of source compression (sgg,[8] and references therein), as
n gets large (withk fixed; more on this in Section 4.1). However, the potentiasdtially
distributedprocessing is arguably the most important and unique asp@cteless sensor net-
works. Thus, we mainly focus on the situation where the ngtwas a large number of nodes
(k), but withlimited data () at each node.

In the spatial context, an attractive approackaft decision-fusiofB, 2], which is inspired
by the LLR test in centralized detection. Each sensor coespilte value of its local LLRy;,
defined in (2), which is then transmitted to the decisioneertt the transmission is noise-free,
the decision center can implement the centralized detsttgoly by averaging the local LLRs
as in (2). However, the decision center can only obtain nesymates of local LLRs, and
hence, a noisy estimate of the global LLR, due to the commtioitahannel. Therefore, soft
decision-fusion generally suffers a performance loss @etto centralized detection.

By compressing the length-observation sequence into a single LLR value, each sensor
significantly reduces the amount of transmission data. TR \alue can be quantized and



encoded to protect against channel error. One natural el®e one-bit quantization strategy,
hard decision-fusionin which each sensor makes a local (hard) decisigm(v;), and the
decision center makes a final decision by fusing the local becisions (see, e.g., [2]). In [2],
hard decision-fusion over the PAC is studied and it is shdwrcurs a significant loss in error
exponent (compared #6.) even in the absence of channel noise. The next result irrpngpon
the work in [2] and shows that, for the MAC, unquantized andoagiea! soft decision-fusion is,
in fact, optimal under the IPC. In this scheme, each sensaissenreal-valued (analog) LLR
value directly over the MACz = Zle Y + w, wherep controls the signal amplification.
The decision center then sets the global LLR estimate+toz /pk and performs the LLR test.

Theorem 1 (Asymptotic Optimality of Soft-Decision Fusion oer the MAC). Uncoded
(analog) soft decision-fusion over the MAC is asymptolyogptimal under the IPC:

1
Esoft 7 . P —F
d kh—>oo kn log I ¢ ©)

Proof. The amplification factop is a chosen to satisfy the IPC. Because of the symmetry, we
focus on the probability of error in detectidg, while H, is true, for which the error event is

i w i Q1(x;)  nw
é’g{ZvﬁEEO}:{ZlogQ;(Xf)+—zo}. (6)

p
Applying the Chernoff bound, for any> 0 we have

= exp [k:n log [E [M} ) + n—252] . (N

fos oo QX)) o

k
Ql(xi) nw
sizzlzlog Qo)) + s p

Let sy € (0, 1) optimize the Chernoff information for the centralized débein (4). Then,

1
Bt = = log P > CIQ0, Q1) = 51 5% — B, ask — oo, )

n
—=S
2k p?
which, together with the trivial upper bound{’’* < E,), proves the theorem. O

Theorem 1 motivates the use of uncoded soft decision-fusiointelligent sensors: LLRs
can be computed regardless of continuous or discrete randoables and simple uncoded
transmission is sufficient to achieve optimal performartdewever, in order to calculate the
local LLR values, sensor nodes must know the source statistiadvance, which makes soft
decision fusiorapplication-dependerand a potential problem since network-wide updating of
sensor processing algorithms may be too costly. A naturestipn arisescan we attain near-
optimal performance witllumb sensorswhich perform local processing without knowledge
of source statistics™ the following, we develop an optimal distributed detentstrategy for
dumb sensors using tmeethod of types

3 Type-Based Distributed Detection with Dumb Sensors

In this section, we develop a distributed detection frantéwsing themethod of typegt, 5, 6]

in which the sensor nodes do not need knowledge of sourdst&tst The method of types
represents a rich connection between information theodyssatistics; it relates to sequences
with with the same empirical distribution or “type”. Sindeetmethod of types applies only to



discrete random variables, in the rest of the paper we asthahéhe observation data comes
from a discrete alphabet. Thus, quantization of sensor measurements is neededyalsins
practice, and the resulting performance loss can be madesaitip small by using sufficiently
fine quantization.

The Method of Types. Let A be a sizeA discrete alphabet with symbo{s,...,a4}.
For probability mass function® and @, the entropyH (P) and theKullback-Leibler (K-L)
distance are defined as [4]

— — 3" P(a)log P(a) . D(P|Q) =Y Pla) Z) 9)

acA acA )

Definition 1 (Type). The typ€l’, (or empirical probability distribution) of a sequenes, . . ., x,,
is the relative frequency of each alphabet symbodlin

Tx(a) = N(a|x)/n, Va€ A, (10)
whereN (a|x) denotes the number of occurrences of the symliothe sequence € A".

For example, the type of the length-3 sequefice), 1) from A = {0,1} is (1/3,2/3).
Different sequences may have the same type; e.g., the sezgéro, 1), (0,1, 1) and(1, 1,0)
all have the same type. The following combinatorial resildtys an important role in our
context.

Proposition 1 (see Theorem 12.1.1 in [4])Fix sequence length and alphabet sizel. The
total number of different types is upper-boundedby- 1)4.

If random sequence;, ..., x, is drawn i.i.d. according t@), then the probability ok
depends only on its type:
=[] Qa)"™=®. (11)
acA

The (normalized)og-likelihood (LLH)of x can be written as
1
o5 Q(x) = 3 Ti(a) log Q(a) = - o Q(x) = [log Q]'T (12)
acA

wherelog Q = [logQ(a1),...,logQ(as)]’ andT = [Tyx(a1),...,Tx(a4)]’. Similarly, the
log-likelihood ratio (LLR)between), and@) is given by

Ql(X) Q:
! & Qo(x) [ Qo} (13)
wherelog o = |log 3 G ‘“) ., log Q ( } Using (12) and (13), algorithms based on likeli-

hood statistics can be equwalently |mplemented via the tfithe observed data.

Transmission of Type Statistics from Sensor Node€ach node computes the typéx)
of its lengthn sequences: T = [Ty(a1),...,Tx(a4)]". Although the type can be coded to
cope with channel noise, we consider a simple uncoded, g@saleeme inspired by Theorem 1:
each relative frequend (a) € [0, 1] is simply amplitude-modulated to send over the channel.
Thus, type transmission takelschannel uses, which is independentpfand thus represents
an efficient source compression. The node power budget @sllgglivided between thel
channel uses. The signal amplification lewé$ given by

p? = Pq/AforIPC andp? = P, /kA for TPC. (14)



Type or Histogram Fusion at the Decision Center. Effectively, each sensor sends the
histogram of its local data to the decision center. The datisenter then fuses the local
histograms from the sensor nodes to estimate the globaldigtestic; Fig. 2 illustrates this
simple schemehistogram fusionfor both the PAC and the MAC. Lél; denote the type or

Decision Center Sensor Decision Cente
I

Dedicated Cha(nnsl MAC Channel
a

Figure 2: Histogram fusion. (a) PAC. (b) MAC.

histogram of the data; at sensot: T; = [Ty, (a1),. .., Tk, (a4)]'. In the absence of channel
noise, the global type statistic for the entire distributedaX = (x;,...,x;) iS given by
T = %Zle T;. Inspired by this, the decision center averages the regdmneisy) local

histograms to obtain an estimate of the global type stedisti

- 1

T:kz i+w;] and T = — ZT+EW (15)
for the PAC and MAC, respectively. Note thét is a lengthA noise vector associated with
the:-th channel in the PAC anér is the MAC noise vector. The noise elementsisinandw
have variancé /p?, wherep is defined in (14). Finally, motivated by the linear repreagon
of LLH/LLR values via types in (12) and (13), the decision is¥mmakes the final decision as

Q - 1, ¥>0
log=| T, 6= 16
[Ong} 0, <0 (16)

Remark 1. The relation(16) shows that histogram fusion results in an efficient impleatent
of soft decision-fusiotwith a key advantage: the calculation of LLR is shifted fromtiodes
to the decision center. Furthermore, the nodes can be bathpke” and “dumb”: simple
counters can implement the type computation and sensorstdwerd to know), and Q.

4  Asymptotic Performance of Type-Based Detection

4.1 Temporal Asymptotics

The essence of the temporal advantage of type-based detectest understood via the fol-
lowing result, which we state without proof (see [10]).

Lemma 2 (Sufficient Source Compression)Letx = (zy,...,z,) be alengths i.i.d. random
sequence from a discrete alphab&t Then, for distributions), and @, on A4

D(QO,XHQLX) = D(QO,T(X) ”QI,T(X)) ) OI(QO,X7 Ql,x) = CI(QO,T(X); Ql,T(x)) (17)
H(T(x)) < Alog(n+1) (18)

SHere, the context is discrete random variables.



where the notatioid), () denotes the distribution af(x) as induced by, onx.

Lemma 2 shows that types preserve the Chernoff informatidrkah distances, and thus
using types instead incurs no loss in detection performa@oehe other hand, the entropy of
type statistics scaldsgarithmically with sequence length (see Prop. 1) compared with linear
increase in the entropy of raw data. Thus, the entropy ratypef statisticsH (7'(x))/n — 0,
asn increases — the zero-rate property of types [3]. Conseqguéyyle statistics collected by
the nodes can be reliably transmitted to the decision camtanatter how small the capacity of
the sensor-decision center communication link, althoudieacost of delay. This is formalized
in the following result (see [10] for a proof) which can alsaderived using the results in [3].

Theorem 2 (Temporal Optimality of Type-Based Detection).LetC' > 0 be the link capacity
from each node to the decision center. Assuming a fixed nuoflrerdes ) and a constant
scaling of channel usewith n, ¢ ~ O(n), we have:E**" = lim,,_.., — = log P, = E...

4.2 Spatial Asymptotics

In this section, we study the performance of type-basedillised detection in the limit of a
large number of sensor noddg énd finite temporal data:§ at each node. It turns out that the
boundedness of the type valugse [0, 1], greatly facilitates analysis via the useHteffding’s
inequality[11]. However, since the noisy estimatE®f the joint type are not bounded, we use
a generalization of Hoeffding’s inequality (derived in JLO

Theorem 3 (Generalized Hoeffding’s Inequality).Let Z; = X; + Y; whereX; € [a;, b;] with
w.p.1, EX; =0, andY; ~ N(0,02). If all X;'s andY;’s are independent, then for amy> 0

k 242

P(Y 7z d) <& SEmm, (19)

=1

We illustrate application of Theorem 3 by considering the"d&r the PAC. The error event
and DEP can be expressed as

k
£={5>0}= {Z[log 8;} (T; + %) > o} . Po= Qo). (20)
It follows from Eq T; = Qg that
s o] BT = - Quta s 1 = ~Dl@uley) 21)

Therefore, we can centralize the random ve@ido get
o Q
&€= {Z[bg 61] (ITs = Qo] +wi) 2 kD(QoHQl)}- (22)

;
It is easy to verify thafX; = [log o ] (T; — Qo) andY; = [log Q—;} w; Satisty the conditions
of Theorem 3. Define two measures of discrepancy betwgeamnd();:

Qua) . Gilo)
Qola) 1 1 ng(a)> V(Qo, Q1) = Zl

AQo, Q1) = (maxlog (23)



Now applying Theorem 3, we have

2kD2(QollQ1)

k: —
P.= QoD (Xi+Y) 2 kD(Qul|Qr)) < e @@, (24)

=1

The bounds on the DEP for the PAC follow by usistgfor the IPC or TPC in (14).

Theorem 4 (Spatial Scaling for the PAC). The DEP of histogram fusion over the PAC is
bounded under the IPC and TPC, respectively, by

2kD*(Qol|Q1) ADAQIQ)

P, <expq—
A(QO,Q1>+%V<QO,@1>} P <o NQo, Q1) + Z40(Qy, Q1)
(25)

P, < exp{—

Remark 2. For the PAC, the DEP decays exponentially witinder IPC. However, the per-
formance degrades under the more stringent TPC; the corredipg bound does not vanish.

The analysis for the MAC follows the same steps as above mgy4b) for the MAC.

Theorem 5 (Spatial Scaling for the MAC). The DEP of histogram fusion over the MAC is
bounded under the IPC and TPC, respectively, by

262 D%(Qo Q1) ADAQIC)

P, <exp{ —
kA(Qo, Q1) + 52-1(Qo, Ql)} e p{ M Qo, Q1) + 55-v(Qo, Q1)
(26)

P, < exp{—

Remark 3. Under the IPC, not only does the DEP decay exponentially wjthut also the
asymptotic exponenk (— oo) is independent of communication channel parameters, thg if
channel effects completely disappear. However, such sperigrmance does not hold under
the TPC, but even in this case DEP decays exponentiallyiwith

The next result shows that histogram fusion over the MAC ysrgtotically optimal. The
proof is based on an argument similar to that in Theorem 1[(<¥#

Theorem 6. Histogram fusion over the MAC is asymptotically optimal entthe IPC:

- 1
hist __ 1: . _
E;= = k’h—{go o log P, = E.. (27)

5 Numerical Results

In this section, we illlustrate the performance of histogfasion numerically and compare it to
three other schemes: soft-decision fusion, hard-decfsginon and the centralized benchmark.
Observation data are generated according to binary Berrdistlibution with P(1) = 6,
whose meard is the parameter associated with two competing hypothees: 0.6 and

01 = 0.4 are used in all simulations. The temporal data length is 10 in all examples.
Fig. 3(a) illustrates the performance of the four distrdaliletection schemes for the MAC
under the IPC. The DEP decays exponentially with the numbse$orsk) in all cases. As
evident from the figure, the performance of histogram fugadentical to that of soft-decision
fusion since the observations are inherently discretaegqlconfirming our analysis that his-
togram fusion (using types) is essentially an efficient enpéntation of soft-decision fusion.



More importantly, the figure shows the optimality of histagr and soft-decision fusion over
the MAC: they both achieve the same error exponent (slope & BlEve) as the centralized
benchmark. This is confirmed in Fig. 3(b), where the erroromgnt for the four detectors is
plotted. Hard-decision fusion incurs a loss in error expone

Detection performance degrades under the more stringeif a®shown in Fig. 4. His-
togram fusion and soft-decision fusion no longer achieeeniitimal centralized exponent, but
they still result in exponential DEP decay with the numbes@fsors. Comparing Figs. 4(a)
and (b), we can see that hard-decision fusion outperforstedriam/soft-decision fusion at low
SNR (6 dB in Fig. 4(a)), while the opposite is true at high SNIR (B in Fig. 4(b)). This is be-
cause in very low SNR, the binary quantization in hard denifision offers better resilience
against channel noise. Such a phenomenon was also repoftddr terms of a cross-over in
the performance of binary and analog sensor mappings asadnmf SNR.
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6 Conclusions

The results in this paper show the optimality of the MAC in tatext of joint source-channel
communication for distributed detection. The MAC is inhehg matched to the distributed
detection problem because the computation of the jointst@tistatistic is automatically ac-
complished by the channel itself. Furthermaracodediransmission of local statistics (type
or LLR) is optimal. In [12], the same is shown to be optimal ie tontext of distributed es-
timation of a single noisy Gaussian source. Similarly, iB][lincoded PPM transmission (a
special case of type transmission) over the MAC is shown wesie the centralized Cramer-
Rao bound in parameter estimation problems. All these ieaudt manifestations of a general
source-channel matching principlthe MAC is naturally matched to the single source problem
and uncoded transmission of appropriate statistics ismypti.

The optimality of histogram fusion, coupled with the use afrb sensors, makes type-
based decentralized detection a very promising strategyafge-scale, energy- and cost-
constrained wireless sensor networks. Furthermore, w gfehe zero-rate property of types,
under relaxed latency requirements, type-based detectiorbe performed as a background
process, consuming a vanishing amount of network bandwidibivever, the synchronization
requirements implicit in this scheme (as in soft decisiosidn) need further investigation.

References
[1] J.-F. Chamberland and V. V. Veeravalli, “Asymptotic ués for decentralized detection in power constrained
wireless sensor networkdEEE J. Select. Areas Commuwol. 22, no. 6, pp. 1007-1015, Aug. 2004.

[2] A. DCosta, V. Ramachandran, and A. M. Sayeed, “Distributedsiflagtion of gaussian space-time sources
in wireless sensor networkdEEE J. Select. Areas Commuwol. 22, no. 6, pp. 1026—-1036, Aug. 2004.

[3] T.S. Han and S. Amari, “Statistical inference under nteittninal data compressionEEE Trans. Inform.
Theory vol. 44, no. 6, pp. 2300-2324, Oct. 1998.

[4] T. M. Cover and J. A. Thomaglements of Information Theary New York: Wiley, 1991.
[5] I. Csiszar, “The method of typesJEEE Trans. Inform. Theoryol. 44, no. 6, pp. 2505-2523, Oct. 1998.

[6] I. Csiszar and J. Krner,Information Theory: Coding Theorems for Discrete Mem®@yI8ystems New
York: Academic Press, 1981.

[7] J. N. Tsitsiklis, “Decentralized detectionfdvances in Statistical Signal Processingl. 2, pp. 297-344,
1993.

[8] R.O. Duda, P. E. Hart, and D. G. Stodkattern Classification2nd ed. New York: Wiley, 2001.
[9] H. V. Poor,An Introduction to Signal Detection and Estimatj@md ed. New York: Springer-Verlag, 1994.

[10] K. Liu and A. M. Sayeed, “Type-based distributed ddtatin wireless sensor networkg@ be submitted
to the IEEE Trans. Inf. Th2004.

[11] W. Hoeffding, “Probability inequalities for sums of boded random variablesJournal of the American
Statistical Associationvol. 58, pp. 13—-30, 1963.

[12] M. Gastpar, B. Rimoldi, and M. Vetterli, “To code, or niat code: Lossy source-channel communication
revisited,”IEEE Trans. Inform. Theorwol. 49, no. 5, pp. 1147-1158, May 2003.

[13] G. Mergen and L. Tong, “Estimation over multiaccessroies,” submitted tolEEE Trans. Signal Process-
ing, July 2004.



