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Abstract

We study optimal distributed detection strategies for wireless sensor networks under
the assumption of spatially and temporally i.i.d. observations at the sensor nodes. Each
node computes a local statistic and communicates it to a decision center over a noisy chan-
nel. The performance of centralized detection (noise-free channel) serves as a benchmark.
We address the following fundamental question:under what network resource constraints
can distributed detection achieve the same error exponent as centralizeddetection?Two
types of constraints are considered: 1) transmission power constraints at the nodes, and
2) the communication channel between the nodes and the decision center. Two types of
channels are studied: 1) a parallel access channel (PAC) consisting of dedicated AWGN
channels between the nodes and the decision center, and 2) an AWGN multipleaccess
channel (MAC). We show that forintelligent sensors(with knowledge of observation
statistics) analog communication of local likelihood ratios (soft decisions) over the MAC
is asymptotically optimal (for large number of nodes) when each node can communicate
with a constant power. Motivated by this result, we propose an optimal distributed detec-
tion strategy fordumb sensors(oblivious of observation statistics) based on themethod
of types. In this strategy, each node appropriately quantizes its temporal observation data
and communicates its type or histogram to the decision center. It is shown that type-based
distributed detection over the MAC is also asymptotically optimal with an additional ad-
vantage: observation statistics are needed only at the decision center. Even under the more
stringet total power constraint, it is shown that both soft decision- and type-fusion result in
exponentially decaying error probability.

1 Introduction

Wireless sensor networks are an emerging technology that promise an unprecedented ability to
monitor the physical environment via a large number of cheapsensing devices that can commu-
nicate with a fusion center in a tetherless fashion. Detection of certain events or targets in the
environment is an important application of sensor networks(see, e.g., [1, 2]). The performance
of the centralized detector (noise-free communication between the nodes and the fusion cen-
ter) serves as a benchmark for any distributed detection strategy. We assess the performance of
distributed detection strategies in terms of theerror exponentassociated with their probability
of errorPe. Specifically, we address the following fundamental question: Under what network
resources constraints can a distributed detection strategy achieve the centralized benchmark
performance (error exponent) in the limit of large number ofnode measurements?1

∗This research was supported in part by NSF under grants #CCR-9875805 and #CCR-0113385, and by the
ONR under grant #N00014-01-1-0825.

1We note that for a fixed number of nodes, optimal performance can be 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 relating to the power budget for sensors and
the nature of the communication link between the nodes and the decision center. Specifically,
we consider two extreme power constraints: 1) individual power constraint (IPC) in which
each node has constant power, and 2) total power constraint (TPC) in which the total power
over all nodes is constant. We consider two types of channels: 1) a parallel access channel
(PAC) consisting of dedicated AWGN channels between the nodesand the decision center, and
2) an AWGN multiple access channel (MAC). Finally, we assume that the node observations
are independent and identically distributed (i.i.d.) bothspatially (across nodes) and temporally
(see [2] for a physical justification of this assumption).

In the next section, we formulate the distributed detectionproblem and first consider the
case ofintelligent nodesthat have knowledge of observation statistics, an assumption that is
typically assumed in existing works (see,e.g.,[1, 2]). Building on the results in [2] for the PAC
under IPC, we show that analog communication of local likelihood ratios from the nodes (soft
decision-fusion) over the MAC is asymptotically optimal; that is, it achieves the centralized
error exponent in the limit of large number of nodes. Furthermore, even under the more strin-
gent TPC, soft decision-fusion results in exponentially decaying probability of error,Pe, with
the number of nodes. On the other hand, communication over the PAC incurs a significant
degradation in performance compared to the MAC.

Motivated by the above key result, the second major contribution of this paper is an optimal
distributed detection strategy fordumb sensors(oblivious of observation statistics) that is based
on themethod of types[4, 5, 6]. A type is essentially a histogram or empirical probability
distribution of the observation data. In this strategy, each node appropriately quantizes its raw
temporal observation data and communicates its type to the decision center (histogram fusion).
The type-based distributed detection framework is described in Section 3 and, to the best of
our knowledge, it is the first application of the method of types to sensor networks.

Section 4 analyzes the performance of type-based distributed detection. We show that
histogram fusion over the MAC is also asymptotically optimal under the IPC, and results in an
exponential decay inPe even under the TPC. Furthermore, it is shown that type-based detection
is essentially an equivalent implementation of soft decision-fusion with a key advantage:the
computation of likelihood ratios is shifted from the nodes to the decision center and the nodes
can be completely oblivious of the observation statistics. In Section 5, numerical results are
presented to illustrate the optimal performance of soft decision-fusion and histogram-fusion
under different network constraints. Concluding remarks are presented in Section 6.

2 Decentralized Detection
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Figure 1: Architecture for decentralized detection usingk spatially distributed sensor nodes.
The sequencexi = (xi,1, . . . , xi,n) denotes the observation data at nodei (1 ≤ i ≤ k). The
observations are generated according to a distributionQθ, θ ∈ {θ0, θ1}.



Fig. 1 shows an achitecture for decentralized detection in wireless sensor networks that
is studied in this paper. A source generates the observationdata according to a distribution
Qθ corresponding to a finite number of hypothesesHθ. In this paper, we considerbinary
hypothesis testing, that is,θ ∈ {0, 1}, to simplify exposition, although the essential ideas hold
for generalM -ary hypothesis testing. A group ofk spatially distributed sensor nodes observe
length-n data sequencesx that areindependently and identically distributed(i.i.d.) across
time and space:xi,j (1 ≤ i ≤ k and1 ≤ j ≤ n) denotes the observation random variable
at the i-th sensor node and thej-th time instant. The observation data can be continuous
or discrete, depending on the physical source and the sensing process. Each node encodes its
observation sequencexi into a length-t sequenceyi = fi(xi) and communicates it to a (remote)
decision center via a noisy communication link.2 The decision center makes a decisionθ̂
on the hypothesis based on its length-t received signalz. The detection performance can be
characterized by the error probabilities:α = P (θ̂ = 1|H0) , β = P (θ̂ = 0|H1) , Pe =
(α + β)/2, wherePe is the averagedetection error probability(DEP) assuming equally likely
hypotheses.

The design of a distributed detection strategy boils down tothe design of the mappings
{fi, i = 1, · · · , k} at thek sensor nodes under network resource constraints. These mappings
represent ajoint source-channel communicationstrategy in the context of detection applica-
tions. This is a long standing open problem and only a few partial answers are available. For
instance, it is shown in [7, 1] that under the i.i.d. observation model, the optimal strategy em-
ploys the same encoder at all nodes, which we adopt here as well. However, relatively little is
known about the actual construction of the optimal mapping{f}, under appropriate network
constraints. We consider two key network constraints in this work.

Power Constraints: Energy consumption at sensor nodes is a key consideration inthe
design of sensor networks. Along the lines of [1], we consider power constrained networks.
Each nodei is allocated a certain power budgetPi for communication:1

t

∑t

j=1 E |yi,j|
2 ≤ Pi.

We consider two extreme power constraints: 1)individual power constraint (IPC)in which
each node is given a constant power budgetPi = Pind, and 2)total power constraint (TPC)
in which the overall network power is limited to a constantPtot and each sensor node has a
diminishing power budgetPi = Ptot/k ask increases.

Network Communication Channel: For simplicity, we consider two types of channels: 1)
a parallel access channel (PAC) consisting ofk dedicated AWGN channels, and 2) an AWGN
multiple access channel (MAC). For each channel use, in the PAC, zi = yi + wi, i = 1, · · · , k,
whereas in the MAC,z =

∑k

i=1 yi + w. The channel noise is zero-mean with unit variance.

2.1 Centralized Detection – Performance Benchmark

Decentralized detection differs from its centralized counterpart primarily due to the noisy chan-
nel that separates data collecting nodes from the decision center. In centralized detection, the
observation data at all nodes,X = (x1, . . . ,xk), is available at the decision center, which uses
themaximum likelihood (ML) testfor optimal performance:

θ̂ =

{

1 , Q1(X) ≥ Q0(X)

0 , Q1(X) < Q0(X)
(1)

2We assume that the total channel uset ∼ O(n).



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

γ =
1

nk
log

Q1(X)

Q0(X)
=

1

k

k
∑

i=1

1

n
log

Q1(xi)

Q0(xi)
=

1

k

k
∑

i=1

γi , θ̂ =

{

1 , γ ≥ 0

0 , γ < 0
(2)

The performance of centralized detection is well studied (see, e.g., [4, 8, 9]). The DEP decays
exponentially with the data size (kn in our setting), and the optimal error exponent (Ec) is
characterized by the following well-known result.

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

Ec = lim sup
kn→∞

−
1

kn
log Pe = CI(Q0, Q1) (3)

whereCI(Q0, Q1) ≥ 0 is called theChernoff informationbetweenQ0 andQ1

CI(Q0, Q1) = − min
0≤s≤1

log E0

[

Q1(X)

Q0(X)

]s

(4)

whereE0 denotes expectation with respect toQ0.

Centralized ML detection represents the ultimate performance benchmark for any decen-
tralized detection scheme: the error exponent of decentralized detection,Ed, is smaller thanEc

in general. An overarching goal is to reduce, or even to close, such performance gap between
decentralized and centralized detection by optimizing thejoint source-channel communication
between the sensor nodes and the decision center, subject tonetwork resource constraints.

2.2 Distributed Detection Strategies with Intelligent Sensors

In this section, we discuss distributed detection strategies when the sensors are intelligent:
they have knowledge of source statistics under different hypotheses. Evidently, this assump-
tion is prevalent in all existing works (see, e.g., [7, 1, 2]). Although the temporal and spatial
dimensions are interchangeable in centralized detection,their role in decentralized detection
is fundamentally different. While each node can jointly process its temporal data, joint data
processing across distributed nodes is generally not viable due to high cost and complexity
associated with inter-node communication. The architecture in Fig. 1 assumes that each node
can only process itslocal data. Temporal data processing in decentralized detectionhas been
studied from the perspective of source compression (see, e.g., [3] and references therein), as
n gets large (withk fixed; more on this in Section 4.1). However, the potential ofspatially
distributedprocessing is arguably the most important and unique aspectof wireless sensor net-
works. Thus, we mainly focus on the situation where the network has a large number of nodes
(k), but with limited data (n) at each node.

In the spatial context, an attractive approach issoft decision-fusion[8, 2], which is inspired
by the LLR test in centralized detection. Each sensor computes the value of its local LLR,γi,
defined in (2), which is then transmitted to the decision center. If the transmission is noise-free,
the decision center can implement the centralized detectorsimply by averaging the local LLRs
as in (2). However, the decision center can only obtain noisyestimates of local LLRs, and
hence, a noisy estimate of the global LLR, due to the communication channel. Therefore, soft
decision-fusion generally suffers a performance loss compared to centralized detection.

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



encoded to protect against channel error. One natural choice is a one-bit quantization strategy,
hard decision-fusion, in which each sensor makes a local (hard) decision,sign(γi), and the
decision center makes a final decision by fusing the local hard decisions (see, e.g., [2]). In [2],
hard decision-fusion over the PAC is studied and it is shown it incurs a significant loss in error
exponent (compared toEc) even in the absence of channel noise. The next result improves upon
the work in [2] and shows that, for the MAC, unquantized and uncoded soft decision-fusion is,
in fact, optimal under the IPC. In this scheme, each sensor sends its real-valued (analog) LLR
value directly over the MAC:z =

∑k

i=1 ργi + w, whereρ controls the signal amplification.
The decision center then sets the global LLR estimate toγ̃ = z/ρk and performs the LLR test.

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

Esoft
d = lim

k→∞
−

1

kn
log Pe = Ec (5)

Proof. The amplification factorρ is a chosen to satisfy the IPC. Because of the symmetry, we
focus on the probability of error in detectingH1 while H0 is true, for which the error event is

E ⊆

{

k
∑

i=1

γi +
w

ρ
≥ 0

}

=

{

k
∑

i=1

log
Q1(xi)

Q0(xi)
+

nw

ρ
≥ 0

}

. (6)

Applying the Chernoff bound, for anys > 0 we have

Pe ≤ E0 exp

[

s

k
∑

i=1

log
Q1(xi)

Q0(xi)
+ s

nw

ρ

]

= exp

[

kn log E0

[Q1(X)

Q0(X)

]s

+
n2

2ρ2
s2

]

. (7)

Let s0 ∈ (0, 1) optimize the Chernoff information for the centralized detector in (4). Then,

Esoft
d = −

1

kn
log Pe ≥ CI(Q0, Q1) −

n

2kρ2
s2
0 → Ec, ask → ∞, (8)

which, together with the trivial upper bound (Esoft
d ≤ Ec), proves the theorem.

Theorem 1 motivates the use of uncoded soft decision-fusionfor intelligent sensors: LLRs
can be computed regardless of continuous or discrete randomvariables and simple uncoded
transmission is sufficient to achieve optimal performance.However, in order to calculate the
local LLR values, sensor nodes must know the source statistics in advance, which makes soft
decision fusionapplication-dependentand a potential problem since network-wide updating of
sensor processing algorithms may be too costly. A natural question arises:can we attain near-
optimal performance withdumb sensorswhich perform local processing without knowledge
of source statistics?In the following, we develop an optimal distributed detection strategy for
dumb sensors using themethod of types.

3 Type-Based Distributed Detection with Dumb Sensors

In this section, we develop a distributed detection framework using themethod of types[4, 5, 6]
in which the sensor nodes do not need knowledge of source statistics. The method of types
represents a rich connection between information theory and statistics; it relates to sequences
with with the same empirical distribution or “type”. Since the method of types applies only to



discrete random variables, in the rest of the paper we assumethat the observation data comes
from a discrete alphabetA. Thus, quantization of sensor measurements is needed, as usual in
practice, and the resulting performance loss can be made arbitrarily small by using sufficiently
fine quantization.

The Method of Types. Let A be a size-A discrete alphabet with symbols{a1, . . . , aA}.
For probability mass functionsP andQ, the entropyH(P ) and theKullback-Leibler (K-L)
distance are defined as [4]

H(P ) = −
∑

a∈A

P (a) log P (a) , D(P‖Q) =
∑

a∈A

P (a) log
P (a)

Q(a)
. (9)

Definition 1 (Type). The typeTx (or empirical probability distribution) of a sequencex1, . . . , xn

is the relative frequency of each alphabet symbol inA

Tx(a) = N(a|x)/n, ∀a ∈ A, (10)

whereN(a|x) denotes the number of occurrences of the symbola in the sequencex ∈ An.

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

Proposition 1 (see Theorem 12.1.1 in [4]).Fix sequence lengthn and alphabet sizeA. The
total number of different types is upper-bounded by(n + 1)A.

If random sequencex1, . . . , xn is drawn i.i.d. according toQ, then the probability ofx
depends only on its type:

Q(x) =
∏

a∈A

Q(a)nTx(a). (11)

The (normalized)log-likelihood (LLH)of x can be written as

1

n
log Q(x) =

∑

a∈A

Tx(a) log Q(a) =
1

n
log Q(x) = [log Q]†T (12)

wherelog Q = [log Q(a1), . . . , log Q(aA)]† andT = [Tx(a1), . . . , Tx(aA)]†. Similarly, the
log-likelihood ratio (LLR)betweenQ0 andQ1 is given by

γ = log
Q1(x)

Q0(x)
=

[

log
Q1

Q0

]†

T (13)

wherelog Q1

Q0
=

[

log Q1(a1)
Q0(a1)

, . . . , log Q1(aA)
Q0(aA)

]†

. Using (12) and (13), algorithms based on likeli-

hood statistics can be equivalently implemented via the type of the observed data.
Transmission of Type Statistics from Sensor Nodes.Each node computes the typeT (x)

of its length-n sequencex: T = [Tx(a1), . . . , Tx(aA)]†. Although the type can be coded to
cope with channel noise, we consider a simple uncoded, analog scheme inspired by Theorem 1:
each relative frequencyTx(a) ∈ [0, 1] is simply amplitude-modulated to send over the channel.
Thus, type transmission takesA channel uses, which is independent ofn, and thus represents
an efficient source compression. The node power budget is equally divided between theA
channel uses. The signal amplification levelρ is given by

ρ2 = Pind/A for IPC and ρ2 = Ptot/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 decision center then fuses the local
histograms from the sensor nodes to estimate the global typestatistic; Fig. 2 illustrates this
simple scheme,histogram fusion, for both the PAC and the MAC. LetTi denote the type or
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Figure 2: Histogram fusion. (a) PAC. (b) MAC.

histogram of the dataxi at sensori: Ti = [Txi
(a1), . . . , Txi

(aA)]†. In the absence of channel
noise, the global type statistic for the entire distributeddataX = (x1, . . . ,xk) is given by
T = 1

k

∑k

i=1 Ti. Inspired by this, the decision center averages the received (noisy) local
histograms to obtain an estimate of the global type statistics

T̃ =
1

k

k
∑

i=1

[Ti + w̃i] and T̃ =
1

k

k
∑

i=1

Ti +
1

k
w̃ (15)

for the PAC and MAC, respectively. Note thatw̃i is a length-A noise vector associated with
the i-th channel in the PAC and̃w is the MAC noise vector. The noise elements inw̃i andw̃

have variance1/ρ2, whereρ is defined in (14). Finally, motivated by the linear representation
of LLH/LLR values via types in (12) and (13), the decision center makes the final decision as

γ̃ =
[

log
Q1

Q0

]†

T̃ , θ̂ =

{

1 , γ̃ > 0

0 , γ̃ < 0
(16)

Remark 1. The relation(16)shows that histogram fusion results in an efficient implementation
of soft decision-fusion3 with a key advantage: the calculation of LLR is shifted from the nodes
to the decision center. Furthermore, the nodes can be both “simple” and “dumb”: simple
counters can implement the type computation and sensors do not need to knowQ0 andQ1.

4 Asymptotic Performance of Type-Based Detection

4.1 Temporal Asymptotics

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

Lemma 2 (Sufficient Source Compression).Letx = (x1, . . . , xn) be a length-n i.i.d. random
sequence from a discrete alphabetA. Then, for distributionsQ0 andQ1 onA

D(Q0,x‖Q1,x) = D(Q0,T (x)‖Q1,T (x)) , CI(Q0,x, Q1,x) = CI(Q0,T (x), Q1,T (x)) (17)

H(T (x)) ≤ A log(n + 1) (18)

3Here, the context is discrete random variables.



where the notationQ0,T (x) denotes the distribution ofT (x) as induced byQ0 onx.

Lemma 2 shows that types preserve the Chernoff information and K-L distances, and thus
using types instead incurs no loss in detection performance. On the other hand, the entropy of
type statistics scaleslogarithmicallywith sequence length (see Prop. 1) compared with linear
increase in the entropy of raw data. Thus, the entropy rate oftype statistics,H(T (x))/n → 0,
asn increases – the zero-rate property of types [3]. Consequently, type statistics collected by
the nodes can be reliably transmitted to the decision center, no matter how small the capacity of
the sensor-decision center communication link, although at the cost of delay. This is formalized
in the following result (see [10] for a proof) which can also be derived 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 numberof nodes (k) and a constant
scaling of channel uset with n, t ∼ O(n), we have:Ehist

d = limn→∞− 1
nk

log Pe = Ec.

4.2 Spatial Asymptotics

In this section, we study the performance of type-based distributed detection in the limit of a
large number of sensor nodes (k) and finite temporal data (n) at each node. It turns out that the
boundedness of the type values,T ∈ [0, 1], greatly facilitates analysis via the use ofHoeffding’s
inequality[11]. However, since the noisy estimatesT̃ of the joint type are not bounded, we use
a generalization of Hoeffding’s inequality (derived in [10])

Theorem 3 (Generalized Hoeffding’s Inequality).LetZi = Xi + Yi whereXi ∈ [ai, bi] with
w.p.1, E Xi = 0, andYi ∼ N (0, σ2

i ). If all Xi’s andYi’s are independent, then for anyd > 0

P
(

k
∑

i=1

Zi ≥ d
)

≤ e
− 2d2

∑k
i=1

(bi−ai)
2+4σ2

i . (19)

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

E = {γ̃ ≥ 0} =

{

k
∑

i=1

[

log
Q1

Q0

]†

(Ti + w̃i) ≥ 0

}

, Pe = Q0(E) . (20)

It follows from E0 Ti = Q0 that

[

log
Q1

Q0

]†

E0 Ti = −
∑

a∈A

Q0(a) log
Q0(a)

Q1(a)
= −D(Q0‖Q1). (21)

Therefore, we can centralize the random vectorT to get

E =

{

k
∑

i=1

[

log
Q1

Q0

]†

([Ti − Q0] + w̃i) ≥ kD(Q0‖Q1)

}

. (22)

It is easy to verify thatXi =
[

log Q1

Q0

]†

(Ti − Q0) andYi =
[

log Q1

Q0

]†

w̃i satisty the conditions

of Theorem 3. Define two measures of discrepancy betweenQ0 andQ1:

λ(Q0, Q1) =
(

max
a

log
Q1(a)

Q0(a)
− min

a
log

Q1(a)

Q0(a)

)2

, ν(Q0, Q1) =
∑

a

log2 Q1(a)

Q0(a)
. (23)



Now applying Theorem 3, we have

Pe = Q0

(

k
∑

i=1

(Xi + Yi) ≥ kD(Q0‖Q1)
)

≤ e
−

2kD2(Q0‖Q1)

λ(Q0,Q1)+ 4
ρ2 ν(Q0,Q1)

. (24)

The bounds on the DEP for the PAC follow by usingρ2 for 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

Pe ≤ exp
{

−
2kD2(Q0‖Q1)

λ(Q0, Q1) + 4A
Pind

ν(Q0, Q1)

}

, Pe ≤ exp
{

−
2kD2(Q0‖Q1)

λ(Q0, Q1) + 4kA
Ptot

ν(Q0, Q1)

}

.

(25)

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

The analysis for the MAC follows the same steps as above by using (15) 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

Pe ≤ exp
{

−
2k2D2(Q0‖Q1)

kλ(Q0, Q1) + 4A
Pind

ν(Q0, Q1)

}

, Pe ≤ exp
{

−
2kD2(Q0‖Q1)

λ(Q0, Q1) + 4A
Ptot

ν(Q0, Q1)

}

.

(26)

Remark 3. Under the IPC, not only does the DEP decay exponentially withk, but also the
asymptotic exponent (k → ∞) is independent of communication channel parameters, as ifthe
channel effects completely disappear. However, such strongperformance does not hold under
the TPC, but even in this case DEP decays exponentially withk.

The next result shows that histogram fusion over the MAC is asymptotically optimal. The
proof is based on an argument similar to that in Theorem 1 (see[10]).

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

Ehist
d = lim

k→∞
−

1

kn
log Pe = Ec. (27)

5 Numerical Results

In this section, we illlustrate the performance of histogram fusion numerically and compare it to
three other schemes: soft-decision fusion, hard-decisionfusion and the centralized benchmark.
Observation data are generated according to binary Bernoulli distribution with P (1) = θ,
whose meanθ is the parameter associated with two competing hypotheses:θ0 = 0.6 and
θ1 = 0.4 are used in all simulations. The temporal data length isn = 10 in all examples.
Fig. 3(a) illustrates the performance of the four distributed detection schemes for the MAC
under the IPC. The DEP decays exponentially with the number ofsensors (k) in all cases. As
evident from the figure, the performance of histogram fusionis identical to that of soft-decision
fusion since the observations are inherently discrete-valued, confirming our analysis that his-
togram fusion (using types) is essentially an efficient implementation of soft-decision fusion.



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

Detection performance degrades under the more stringent TPC, as shown in Fig. 4. His-
togram fusion and soft-decision fusion no longer achieve the optimal centralized exponent, but
they still result in exponential DEP decay with the number ofsensors. Comparing Figs. 4(a)
and (b), we can see that hard-decision fusion outperforms histogram/soft-decision fusion at low
SNR (5 dB in Fig. 4(a)), while the opposite is true at high SNR (10 dB in Fig. 4(b)). This is be-
cause in very low SNR, the binary quantization in hard decision fusion offers better resilience
against channel noise. Such a phenomenon was also reported in [1] in terms of a cross-over in
the performance of binary and analog sensor mappings as a function of SNR.
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Figure 3: The performance of various detectors for the MAC under the IPC;Pind = 5dB. (a)
DEP as a function of the number of sensors (k). (b) Error exponent of DEP as a function ofk.
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Figure 4: DEP as a function ofk for the MAC under the TPC. (a)Ptot = 5dB. (b)Ptot = 10dB



6 Conclusions

The results in this paper show the optimality of the MAC in thecontext of joint source-channel
communication for distributed detection. The MAC is inherently matched to the distributed
detection problem because the computation of the joint decision statistic is automatically ac-
complished by the channel itself. Furthermore,uncodedtransmission of local statistics (type
or LLR) is optimal. In [12], the same is shown to be optimal in the context of distributed es-
timation of a single noisy Gaussian source. Similarly, in [13], uncoded PPM transmission (a
special case of type transmission) over the MAC is shown to achieve the centralized Cramer-
Rao bound in parameter estimation problems. All these results are manifestations of a general
source-channel matching principle: the MAC is naturally matched to the single source problem
and uncoded transmission of appropriate statistics is optimum.

The optimality of histogram fusion, coupled with the use of dumb sensors, makes type-
based decentralized detection a very promising strategy for large-scale, energy- and cost-
constrained wireless sensor networks. Furthermore, in view of the zero-rate property of types,
under relaxed latency requirements, type-based detectioncan be performed as a background
process, consuming a vanishing amount of network bandwidth. However, the synchronization
requirements implicit in this scheme (as in soft decision-fusion) need further investigation.
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