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ABSTRACT

Most existing works on distributed detection have assumed
that a bank of independent dedicated channels or a multi-
access channel is used for transmitting local decisions to the
fusion center. Such a transmission scheme could result in
significant energy expenditure when sensors are far from the
fusion center. The natural solution to energy-efficient dis-
tributed detection is to use multi-hop transmission with in-
formation fusion at intermediate nodes. In this paper, we in-
vestigate three options for multi-hop fusion schemes: Mul-
tihop Forwarding (MF), Multihop Histogram Fusion (HF)
and Multihop LLR Fusion (LF). For the simplest MF scheme,
the quantized observations are sent to the fusion center along
the shortest path tree without further processing at relaying
nodes. For HF, each sensor transmits the histogram of the
observations of its descendants and itself, which achieves
further energy reduction relative to MF when the number
of quantization bits is small. For LF, the normalized log-
likelihood ratio (LLR) values for subsets of nodes are com-
puted and propagated along the minimum spanning tree,
such that the fusion center acquires an estimate of the nor-
malized LLR of all sensors’ observations, which is used to
decide the hypothesis. We show that LF exhibits the most
favorable energy scaling laws with the network size among
these schemes. Simulation results suggest that multihop fu-
sion schemes significantly reduces the transmission energy
compared with direct transmission, with LF requiring the
least energy to achieve the same detection performance.

1. INTRODUCTION

Large-scale sensor networks are suitable for signal detection
applications, as the detection error probability decays expo-
nentially with the number of observations if they are per-
fectly available to the fusion center, or after reasonable pro-
cessing at distributed sensors, such as quantization. Most
existing works on distributed detection have focused on de-
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signing local mapping rules and fusion rules to maximize
the detection performance under a given bandwidth con-
straint, and relatively little work has been done to address
the problem of power-scarcity in wireless sensor networks.
In fact, the conventional way of treating the decision fusion
independently from communication often leads to energy-
inefficient designs. It is the goal of this paper to study fusion
rules and transmission schemes that can be implemented
with low power while yielding desirable performance.

Distributed detection with multiple sensors can be traced
to Tenney and Sandell [1] and Tsitsiklis [2]. For differ-
ent sensor data models and communication channel mod-
els, optimal local decision rules and fusion rules have been
developed to maximize the detetection performance [3–6]
–see [7] for a survey on this area. Most of these works
assumed a bank of independent dedicated channels [4–7]
or a multi-access channel [3] is used for transmitting local
decisions to the fusion center. However, direct transmis-
sion could result in significant energy expenditure, espe-
cially when sensors are far from the fusion center. Since
the signal power decays extremely fast with the distance,
a natural way for energy conservation is to reduce trans-
mission distances by using serial fusion, already surveyed
in [7], or more generally, multi-hop fusion, where the trans-
mission structure along which messages are sent to the fu-
sion center may be a general spanning tree. The idea of
utilizing the spanning tree for distributed detection has been
explored in [8], where each sensor transmits the real-valued
log-likelihood ratio (LLR) to the next high level sensor only
when the LLR is above a threshold. However, the assump-
tion that real values can be received perfectly does not hold
in practice, and makes it difficult to evaluate the true detec-
tion performance and energy expenditure. In this paper, we
focus on the regime where the number of sensors is large,
and investigate several options for multi-hop fusion with
sensors transmitting bit sequences. The fusion rules at the
sensors and at the fusion center, as well as the transmission
structure of multi-hop fusion jointly determine the detection
performance and the energy consumption, and both are inte-
gral parts of design. The related problem of joint treatment



of distributed source coding and the transmission structure
for data-gathering in sensor networks has been investigated
by Cristescu and Vetterli [9]. Our problem can also be re-
garded as a particular problem of in-network computation
in sensor networks [10].

We cast the problem as a binary hypothesis testing prob-
lem with known priors. Sensors are geographically-dispersed
and have different distances to the fusion center, and sensor
observations are assumed to be independently and identi-
cally distributed (i.i.d.) conditioned on the hypothesis. The
messages sent by sensors are bit sequences, and the energy
for transmitting one bit is selected such that a certain re-
ceived energy is maintained. The received messages are as-
sumed to be error-free. The required path routes are pre-
computed so we do not have to consider the overhead of
any particular routing protocol. The traditional approach of
direct transmission (DT) using independent parallel chan-
nels serves as a performance baseline in our work. Lo-
cal observations are quantized using the optimal likelihood
ratio quantizer (LRQ) [11] in the sense that the exponent
for probability of error is maximized. In addition, we con-
sider three multihop fusion schemes: Multihop Forwarding
(MF), Multihop Histogram Fusion (HF) and Multihop LLR
Fusion (LF). For Multihop Forwarding, the quantized ob-
servations are transmitted to the fusion center through the
Shortest Path Tree (SPT) without further processing at re-
laying nodes. The same detection performance as direct
transmission is achieved, with a significantly reduced trans-
mission energy. For Histogram Fusion, instead of transmit-
ting the exact quantized observations, each sensor transmits
the histogram of the observations of its descendants and it-
self. Since the histogram is a sufficient statistic for detection
with conditionally i.i.d. observations, no performance loss
is incurred. Moreover, the number of bits transmitted by a
node grows only logarithmically with the number of its de-
scendants (instead of linearly in the MF scheme). We pro-
pose to use the minimum spanning tree (MST) as the trans-
mission structure for HF, which is shown to offer further en-
ergy saving than MF when the number of quantization levels
is small. For Multihop LLR Fusion, the normalized LLR
values for subsets of nodes are computed and propagated
along the MST, such that at the end of the algorithm, the
fusion center acquires an estimate of the normalized LLR
of all sensors’ observations, which is used to decide the hy-
pothesis. Unlike MF and HF, LF suffers performance loss
compared with direct transmission due to information com-
pression at intermediate nodes. Simulation results show that
for detecting a deterministic signal in Gaussian noise with
n = 100 and SNR=-10dB, LF provides 2 to 3 folds energy
reduction compared with MF to achieve the same detection
performance. Finally, we show that LF exhibits the most
favorable energy scaling behavior with the network sizen
among these schemes.

The rest of the paper is organized as follows. Section 2
introduces the system model and some notations used in the
paper. In Section 3, direct transmission is considered as a
performance baseline, and the optimal quantization scheme
is described. In Section 4, we introduce the MF, HF and LF
schemes and study their detection performance and energy
expenditure. We also study the energy scaling laws associ-
ated with these schemes. Section 5 contains the numerical
results and discussions, and Section 6 concludes the paper.

2. SYSTEM MODEL AND NOTATIONS

We assume that a bunch of sensors, indexed by1, . . . , n, are
dispersed on a geographical area. Sensorj makes an obser-
vationYj , which is conditionally i.i.d. across sensors given
the hypothesis. The cumulative distribution function under
H0 andH1 are respectively given byF0 andF1, with dif-
ferentiable Lebesgue densitiesf0 andf1. The fusion center,
denoted asS, after receiving messages from sensors, makes
a final decision about whether hypothesisH0 or H1 is true.

The sensor nodes and the fusion center constitute the
vertices of a fully-connected graphG = (V,E). The weight
of an edgee = (i, j), denoted byw(e), is defined as the
energy consumed for directly transmitting one bit between
node i and j. Following the propagation model in wire-
less environment, we assume thatw(e) = d(i, j)κ, where
d(e) is the Euclidean distance betweeni andj, andκ is the
pathloss exponent. For wireless networksκ ∈ [2, 4], and a
typical value is 2.5. The transmission structure, along which
information is propagated to the fusion center, is a spanning
tree (ST) onG rooted atS. For nodej, chj denotes the set
of children ofj, dej denotes the set of descendants ofj, paj

denotes the parent ofj, levj denotes the level ofj (i.e., the
number of hops from the fusion center), andnj denotes the
size ofj (i.e., the number of descendants including itself).

3. DIRECT TRANSMISSION

The traditional approach, where all sensors transmit their
quantized observations through the direct link to the fusion
center, serves as a performance baseline in our work. It
is known that under the conditional independence assump-
tion, optimal local quantizers that minimizes the probability
of error are likelihood ratio tests characterized by a finite
number of thresholds [1], and for conditionally i.i.d. ob-
servations, it is asymptotically optimal (in term of the error
exponent) to have each sensor use the same quantizer [2].
Tsitsiklis subsequently investigated some properties of the
likelihood-ratio quantizer (LRQ) [11], and shown that LRQ
is optimal when the optimization criterion is one from the
important class off -divergences, e.g., the Kullback-Leibler
distance, the Chernoff Information and the Bhattacharyya
distance. In this paper, we consider the regime of the num-



ber of sensors going to infinity, where the natural optimiza-
tion criterion is the error exponent given by the Chernoff
Information. For most detection problems, the Chernoff In-
formation of the quantized values are difficult to evaluate,
and it is convenient to replace it with the Bhattacharyya dis-
tance, which provides a lower bound for the Chernoff Infor-
mation [4, 6]. Denote the log-likelihood ratio (LLR) func-
tion

L(y) , log
f1(y)
f0(y)

, (1)

and letLj , L(yj), whose distribution functions underH0

and H1 are denoted byFL0 and FL1 with corresponding
density functionsfL0 andfL1 . Assume thatk-bit quanti-
zation is used, then the LRQ quantizer may be character-
ized by the threshold test performed on the LLR’s, with the
threshold vectora = [a0, . . . , aM ]T , whereM = 2k and
−∞ = a0 < a1 . . . < aM−1 < aM = +∞. The as-
sociatedM quantization intervals areIi = (ai−1, ai], i =
1, . . . ,M . The quantization is defined by the mappingU :

uj , U(yj) = i, if Lj ∈ Ii. (2)

This induces the probability mass function (p.m.f.) of the
quantized observations underH0, given by

p0(i) , Pr(uj = i|H0) = FL0(ai)− FL0(ai−1), (3)

where1 ≤ i ≤ M , and similarly define the p.m.f.p1 under
H1. For a givenM , the problem is to find the optimala that
maximizes the Bhattacharyya distance:

BM (a) = − log
M∑

i=1

√
p0(i)p1(i). (4)

Denote the LLR for quantized values

Lq(i) , log
p1(i)
p0(i)

, i = 1, · · · ,M. (5)

The necessary condition fora to be a local minimum is the
gradient∇BM (a) = 0, which yields

log
fL1(ai)
fL0(ai)

=
Lq(i) + Lq(i + 1)

2
. (6)

For a satisfying (6) to give a local minimum, it is suffi-
cient that the Hessian matrix is positive definite. The Hes-
sian matrixH is a symmetric tri-diagonal matrix. Results
on the definiteness of this type of matrix are given in [12]
where a similar optimization problem is discussed. New-
ton’s method may be applied to search for the minimum.

The energy consumption for DT is given by

EDT = k

n∑

j=1

w((j, S)). (7)

Since the weight of the direct path to the fusion center can
be very large for far sensor nodes, the DT scheme is very
energy-inefficient.

4. MULTIHOP FUSION SCHEMES

4.1. Multihop Forwarding (MF)

The easiest alternative to direct transmission is multihop
forwarding (MF): each node simply transmits its quantized
observation via the path on the transmission structure to the
fusion center. Since the intermediate nodes only forward
the information without processing, the achievable perfor-
mance is the same as direct transmission. The optimal span-
ning tree is the one that minimizes the total transmission
energy

ST ∗ = arg min
ST

k

n∑

j=1

cj , (8)

wherecj is the total weight of the path connecting nodej
and the fusion center on the spanning tree. It is well-known
that the shortest path tree (SPT) is a superposition of all
individual shortest paths for different nodes, hence SPT is
the optimal transmission structure for the MF scheme. Let
c∗j denote the weight of the shortest path fromj to S. The
transmission energy of MF is given by

EMF = k

n∑

j=1

c∗j . (9)

4.2. Multihop Histogram Fusion (HF)

For the MF scheme, sensorj needs to send all the data of its
descendants to its parent node on the SPT.Hence for a dense
network, nodes with large number of descendants generate
heavy traffic and drain power fast. The overall energy effi-
ciency can be further improved, if traffic generated by those
nodes can be reduced. Note that for detection with condi-
tionally i.i.d. observations, the histogram of sensor obser-
vations is a sufficient statistic. Each sensor can therefore
only sends the histogram of its descendants (including it-
self)’ quantized observations instead of the exact bits, with-
out any loss in the detection performance. Since binary or
quadratic quantization is sufficient for most detection sce-
narios when the number of sensors is large, transmitting his-
tograms instead of the exact observations conserves energy
and bandwidth. Histogram fusion, also known as ”type-
based fusion” for distributed detection has been investigated
in [13] and [14], where it is assumed that all sensors transmit
the histogram (or type) of their own observations simultane-
ously through amulti-access channel, and the resultant error
exponent is shown to be the same as centralized detection,
irrespective of the transmission power. Although theoreti-
cally appealing, the implementation of such a scheme can
be difficult, and lack of MAC synchronization or channel
fading can significantly degrade the detection performance.
Collecting histograms of sensor datavia multi hopshas been



considered in [10] for computing the class of symmetric
functions.

Here we consider histogram fusion (HF) implemented
in the multihop fashion. Nodej’ usesM time slots for
transmission, and in theith slot, max{dlog2(nj)e, 1} bits
are transmitted to indicate the number of descendents ofj
that has observationi. Hence the transmission energy forj
grows only logarithmically withnj , instead of linearly for
MF, while for k = 1, 2, M is simply twice ofk. Since
leaf nodes can waste energy by transmitting histograms, the
original quantized bits may be transmitted instead.

The remaining problem is to find the optimal spanning
tree that minimizes the total transmission energy for HF:

ST ∗ = arg min
ST

2k
n∑

j=1

w ((j, pa(j)))max{dlog2(nj)e, 1}.

It is difficult to obtain an exact solution to this problem,
as the edge weights and node sizes of the spanning tree
are inter-dependent. Observe thatlog2(nj) does not vary
much for differentj, thus we may obtain a suboptimal solu-
tion by assuming that it is a constant. in which case Under
this assumption, the solution to the optimization problem
is given by the minimum spanning tree (MST), which min-
imizes the total weight of all edges in the spanning tree.
Denote the parent ofj in the MST bypa∗(j), andw∗j ,
w ((j, pa∗(j))). The transmission energy for HF is there-
fore given by

EHF = 2k
n∑

j=1

w∗j max{dlog2(nj)e, 1}. (10)

Note that for HF, the message structure is different for dif-
ferent nodes depending on their sizes. An easier alternative
is to use the upper bound ofnj , which isn,at all nodes, and
in that case, the optimal spanning tree is indeed given by the
MST. It can be expected that in a dense network, the total
cost of the MST is much lower than the sum of the weights
of the shortest paths in the SPT, thus HF achieves better en-
ergy efficiency than MF whenk is small.

4.3. Multihop LLR Fusion (LF)

The message lengths in the HF scheme can still be large.
This motivates us to explore the possibility of further con-
straining the number of bits each node can transmit. For
the simplest case, let us consider enforcing each node in the
transmission structure transmit onlyk bits based on its ob-
servation and the messages from children. Obviously such
a scheme requires some form of information reduction per-
formed at the intermediate nodes. In the following, we pro-
pose local fusion rules with which the same detection per-
formance can be achieved with a smaller transmission en-
ergy compared with MF and HF.

Recall that for centralized detection in the Bayesian set-
ting, the fusion center performs a threshold test on the nor-
malized LLR

LS , 1
n

∑
Lj , 1

n

∑
L(yj), (11)

andH1 is accepted (rejected) ifLS > 0 (respectively,LS ≤
0) asn →∞. DenoteTi , {y : L(y) ∈ Ii}. We have

Lq(i) = log
p1(i)
p0(i)

= log

∫
Ti

f1(y) dy∫
Ti

f0(y) dy
∈ Ii. (12)

This shows that for relatively fine quantization,Lq(i) ≈ L
for all L ∈ Ii. Therefore, a node having only direct children
can obtain an estimate of each of its children’s LLR based
on their quantized values, from which the normalized LLR
can be computed. Subsequently, the resultant normalized
LLR is quantized again using an LRQ, and the quantized
observation is sent to its parent. The parent estimates the
normalized LLR’s at each of its children from their quan-
tized values, and compute the normalized LLR of all its de-
scendents (including itself), which is quantized again. The
process continues until the fusion center is reached. Thus
at the end of the algorithm, the fusion center obtains an es-
timate ofLS , denoted aŝLS , to which the threshold test is
applied. Note that the LRQ here is only an ordinary quan-
tizer for reconstructing the LLR values with good fidelity.
Since the normalized LLR at different nodes have differ-
ent distribution functions depending on their positions in
the transmission structure, it is impossible to design a single
quantizer for all sensors such that the distortion at the fusion
center is minimized. To simplify the problem, we propose
to use the same LRQ discussed in Section 3 at all nodes.
Obviously, for this purpose, binary or quadratic quantizers
are not sufficient.

4.3.1. Algorithm

Given the transmission structure, the LLR Fusion starts from
highest level nodes. The level numberl is set to bemaxj(levj)
at the initial stage. During one iteration, all nodesj with
levj = l process the data from its own measurement and
from their children, following the four steps below:

1. Compute the LLR of the unquantized observation of
j: Lj = L(yj).

2. Compute the LLR of the quantized value of every
child of j: L̂t = Lq(ut), t ∈ chj , whereut is the
quantized value sent by nodet. This step is skipped
if j is a leaf node.

3. Obtain an approximation of the normalized LLR for
nodes in the subtree includingj and its descendants,



denoted bỹLj :

L̃j =
1
nj


Lj +

∑

t∈chj

ntL̂t


 . (13)

For a leaf node, the above would giveL̃j = Lj .

4. Quantize the approximate normalized LLR value us-
ing the LRQ, i.e.,

uj , i, if L̃j ∈ Ii, (14)

and senduj to the parent node.

At the end of each iteration, the level numberl is deducted
by 1 and the process repeats until the level number becomes
0. The fusion center then computes an approximation of the
normalized LLR:

L̂S =
1
n

∑

j∈chS

njL̂j , (15)

whereL̂j = Lq(uj). A threshold test is then performed on
L̂S to decide the hypothesis.

4.3.2. Analysis

We haveL̂j = Lq(uj) ∈ Iuj , as well as̃Lj ∈ Iuj . Thus for
relatively largek, Iuj is small, and̂Lj ≈ L̃j .

Proposition: Assume thatk → ∞ such that̂Lj = L̃j ,
then

L̂S = LS . (16)

Proof: It suffices to show that for1 ≤ j ≤ n, L̂j =
1

nj

(
Lj +

∑
t∈dej

Lt

)
. This obviously holds for a leaf node

j. Now, for an intermediate nodej, assume that̂Lt =
1
nt

(
Lt +

∑
v∈det

Lv

)
, ∀t ∈ chj . SinceL̂t = L̃t, ∀t ∈

chj , we have

L̃j=
1
nj


Lj +

∑

t∈chj

ntL̃t




=
1
nj


Lj +

∑

t∈chj

(
Lt +

∑

v∈det

Lv

)


=
1
nj


Lj +

∑

t∈dej

Lt


 .

The above shows that for fine quantization, there is lit-
tle loss in performance compared with centralized detection

based onLS . For smallk, the difference between̂Lj and
L̃j is non-negligible, and the performance of LF degrades.
Unlike the MF and HF schemes, the detection performance
of LF critically depends on the transmission structure. Intu-
itively, the more approximations for the LLR value of each
node is incurred during fusion, the severer the distortion of
the resultant normalized LLR. Hence the transmission struc-
ture for LF is relatively flexible. The best detection per-
formance is obviously achieved when all sensor nodes are
direct children of the fusion center, which corresponds to
the most energy-inefficient DT scheme. On the other hand,
for a givenk, the best energy efficiency is achieved when
the spanning tree is the MST. Simulation results show that a
largerk is often required to achieve the same error probabil-
ity when the spanning tree is MST compared with DT, MF
and HF, but the transmission energy can still be reduced.
Other transmission structures may be used, but extensive
simulations suggest that MST seems to be the best choice in
the sense that it requires the least energy to attain the same
error probability. Therefore, in the sequel, the transmission
structure for LF is implied to be MST. The total transmis-
sion energy for LF is therefore

ELF = k
∑

e∈MST

w(e). (17)

Furthermore, note that messages sent by nodes with a larger
number of descendants carries more weight in determining
the final normalized LLR. Hence we can apply LF adap-
tively by allowing different quantization levels at different
nodes depending on their sizes–nodes with more descen-
dants adopt finer quantization than nodes with less descen-
dants. Simulation results suggest that some performance
improvement can be realized by adaptive quantization.

4.4. Energy Scaling Laws

In the above sections we have presented the formulae for
computing the energy consumption of various distributed
detection schemes, which depends on the number of sen-
sorsn. For large-scale sensor networks, the scaling laws for
transmission energy withn provide additional insight into
the comparative performance of these schemes. In this sec-
tion, we establish the scaling laws of the total transmission
energy with the number of nodesn (the node density grows
with n with the area of the sensor field fixed).

The placement of sensors maybe deterministic or ran-
dom. For large-scale sensor networks, random placement
of nodes is considered more practical for its lower cost and
latency in the deployment of the network. It is easier but
instructive to obtain the scaling laws for the deterministic
case when we can control the placement. As an example,
we consider the energy consumption for the grid network
structure frequently-adopted in the literature, i.e.,n sen-
sor nodes and the fusion center (located at the center) form



n

1

Fig. 1. Grid deployment over the square region of unit area,
fusion center at the center

a grid with internode spacing1√
n

, as depicted in Fig. 1.
For direct transmission, since the transmissions are indepen-
dent across sensors, the total transmission energy obviously
scales linearly withn. The shortest path between any sen-
sor node and the fusion center consists ofΘ(

√
n) hops, with

the weight for each hop on the order of
(

1√
n

)κ

. Hence the

sum of the shortest path lengths for all nodes in the SPT is

on the order ofn · √n ·
(

1√
n

)κ

= n
3−κ

2 . This suggests that

the energy cost for Multihop Forwarding isΘ
(
n

3−κ
2

)
. The

minimum spanning tree connectingn+1 nodes hasn edges

with the weight of each edge on the order of
(

1√
n

)κ

. Thus

the cost for LLR fusion, which equals the cost of the MST, is
Θ

(
n1−κ

2
)
. For Histogram Fusion, usinglog2(n) as an up-

per bound oflog(nj) at all nodes gives an upper bound on
the energy consumption, which scales likeΘ

(
n1−κ

2 log n
)
.

The growth rate using the original HF scheme is between
Θ

(
n1−κ

2
)

andΘ
(
n1−κ

2 log n
)
. The above results provide

interesting insights: LF exhibits favorable energy scaling
behavior, and the energy consumption decreases withn as
long asκ > 2. For the typical value ofκ = 2.5, the energy
expenditure for DT, MF, HF and LF respectively scale like

Θ(n), Θ
(
n

1
4

)
, Θ

(
n−

1
4 log n

)
andΘ

(
n−

1
4

)
.

Now let us consider random placement, withn sensor
nodes independently and uniformly located over the square
region of unit area, and the fusion center at the center. For
this case, the growth rate ofΘ(n1−κ

2 ) for the path length of
minimum spanning trees has been well-established for both
κ < 2 andκ ≥ 2 [15]. To the authors’ knowledge, rigor-
ous result pertaining to the total path lengths for SPT in a
random graph with Euclidean-powered edge weights is still

lacking. We conjecture that the above lawΘ
(
n

3−κ
2

)
also

holds for uniform deployment, which is supported by sim-
ulation results. The scaling laws of the transmission energy
for various schemes are summarized in Table 1.

Table 1. Scaling Laws of the Total Transmission Energy
Direct Transmission Θ(n)

Multihop Forwarding Θ
(
n

3−κ
2

)

Histogram Fusion Θ
(
n1−κ

2 log n
)

LLR Fusion Θ
(
n1−κ

2
)

Table 2. Best Bhattacharyya distances and error probabil-
ities for detecting deterministic signal in Gaussian noise,
n = 100, SNR=-10dB

k ∞ 1 2 3 4 5
B 0.05 0.0318 0.0441 0.0483 0.0495 0.0498
Pe 7.83e-4 6e-3 1.5e-3 1.0e-3 9e-4 8e-4

5. NUMERICAL RESULTS

Large-scale sensor network is useful for detection of weak
signals. As an example, let us consider detection of a deter-
ministic signal in Gaussian noise

H0 :y = −m + z,

H1 :y = m + z,

wherem is the signal mean, andz is a zero-mean Gaussian
noise with varianceσ2. The Signal-to-Noise Ratio (SNR) is
m2

σ2 . The Bhattacharyya distance as well as the error prob-
ability for centralized detection DT, MF and HF using the
optimal quantizer withn = 100 and SNR= −10dB (rep-
resenting an adverse SNR) are given in Table. 2. The error
exponent and error probability for centralized detection case
(k = ∞) are computed and included for comparison. We
observe that the detection performance of these distributed
detection schemes converges to that of the centralized detec-
tion fast withk, and the performance improvement beyond
k = 3 is only marginal.

We assume the random uniform sensor deployment with
n = 100 and the pathloss exponentκ = 2.5. For LLR
Fusion, two quantization options are considered: 1) Fixed
quantization: all nodes use the same quantization levelk.
2) Adaptive quantization: for a givenk, k − 1, k, k + 1 bit
quantization are respectively used by nodes withnj < 5,
nj < 20, andnj ≥ 20. Fig. 2 illustrates the total power
consumption v.s. detection error probabilities in logarith-
mic scale for various distributed detection schemes. It can
be seen that multi-hop transmission strategies greatly reduce
the transmission energy as compared with direct transmis-
sion. There is a cross-over of the two curves corresponding
to MF and HF, with HF being more energy efficient for an
error probability no greater than 9e-4, a value already very
close to the error probability for centralized detection. Sim-
ulation results show that for the parameters used, LF with
fixed quantization requires roughly 4 more bits for quan-
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Fig. 2. Total transmission energy for direct transmission and
various multihop fusion schemes,n = 100, κ = 2.5.

tization to achieve the same error probability as DT, MF
or HF. Nevertheless, it is interesting to note that for the
same detection performance, LF provides 2 to 3 folds reduc-
tion in transmission energy compared with MF. Moreover,
adaptive quantization offers some further improvement than
fixed quantization. For example, adaptive quantization with
k = 5 achieves similar error probability as fixed quantiza-
tion with k = 6, but the energy consumption is about the
same as fixed quantization withk = 5.

6. CONCLUSION

Several options for energy-efficient distributed detection with
multihop transmission and fusion at intermediate nodes are
investigated. The main novelty of this paper lies in the LLR
fusion scheme, which is shown to outperform multihop for-
warding and histogram fusion in terms of the required en-
ergy to achieve a certain probability of error, as well as the
energy scaling law with the network size.

7. REFERENCES

[1] R. R. Tenney and J. N. R. Sandell, “Detection with dis-
tributed sensors,”IEEE Trans. Aerosp. Electron. Syst.,
vol. 17, pp. 98–101, 1981.

[2] J. N. Tsitsiklis, “Decentralized detection by a large
number of sensors,”Math. Contr., Signals, Syst.,
vol. 1, no. 2.

[3] T. M. Duman and M. Salehi, “Decentralized detection

over multiple-access channels,”IEEE Trans. Aerosp.
Electron. Syst., vol. 34, no. 2, pp. 469–476, Apr. 1998.

[4] T. D. L. M. Longo and R. M. Gray, “Quantization for
decentralized hypothesis testing under communication
constraints,”IEEE Trans. Sig. Proc., vol. 36.

[5] P. Willett, P. F. Swaszek, and R. S. Blum, “The good,
bad, and ugly: distributed detection of a known signal
in dependent gaussian noise,”IEEE Trans. Sig. Proc.,
vol. 48, no. 12, pp. 469–476, Dec. 2000.

[6] J.-F. Chamberland and V. V. Veeravalli, “Decentral-
ized detection in sensor networks,”IEEE Trans. Sig.
Proc., vol. 51, no. 2, pp. 401–416, Feb. 2003.

[7] R. Viswanathan and P. K. Varshney, “Distributed de-
tection with multiple sensors: Part I-fundamentals,”
Proceedings of the IEEE, vol. 85, no. 1, pp. 54–63,
Jan. 1997.

[8] N. Patwari and A. O. H. III, “Hierarchical censoring
for distributed detection in wireless sensor networks,”
in ICASSP 2003, Hong Kong, China, Apr. 2003.

[9] R. Cristescu, B. Beferull-Lozano, and M. Vetterli, “On
network correlated data gathering,” inProc. Infocom
2004, Hong Kong, Mar. 2004.

[10] A. Giridhar and P. Kumar, “Towards a theory of in-
network computation in wireless sensor networks,”
IEEE Communications Magazine, vol. 44, no. 4, pp.
98–107, Apr. 2006.

[11] J. N. Tsitsiklis, “Extremal properties of likelihood ra-
tio quantizers,”IEEE Trans. Commun., vol. 41, pp.
550–558, Apr. 1993.

[12] P. E. Fleischer, “Sufficient conditions for achieving
minimum distortion in a quantizer,”IEEE Int. Conv.
Rec., pp. 104–111, 1964.

[13] G. Mergen and L. Tong, “Asymptotic detection per-
formance of type-based multiple access in sensor net-
works,” in Proc. IEEE Sixth International Workshop
on Signal Processing Advances in Wireless Communi-
cations (SPAWC 2005), New York City, NY, 2005.

[14] K. Liu and A. Sayeed, “Optimal distributed detec-
tion strategies for wireless sensor networks,” inProc.
42nd Annual Allerton Conference on Communica-
tions, Control and Computing, Monticello, IL, Oct.
2004.

[15] J. E. Yukich, “Asymptotics for weighted minimal
spanning trees on random points,”Stochastic Pro-
cesses and their applications, vol. 85, pp. 123–138,
2000.


