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AbSlrtu:f-For many envisioned applleadons .1 winl... _ 
networks (WSNs). the information proceosing involves dealiog 
witb distrlboted data in the context 01 .........te signal de­
teetion and energy_lenl routi.... ..bleb have been .dlve 
resean:b topics for many years, respedively. In this paper, ..e 
relate these Iwo aspects via joirll optimiulion. Considering the 
scenario of nsing distribnted radar-like .....,n to deteet the 
prest... of an object Ihrougll active _g...e formulate the 
problem of eoergy-elIIeieDl rooting lor sigoal deteetion under 
the Neyman-Pearson criterion, apparently lor thellrst time. The 
joinl optimhatlon of detection and rooting Is earrted out In • 
fusion Center which precomputes the _ as • fundlon of the 
geograpblc I_tion to be monitored. Aerordingly...e propnse 
three different rooting metri<s that aim at an appropriate tradeoff 
between the detedlon perfonrumce and the _rgy espenditure. In 
particular, eaeb metric relates the deteetion performance explicitlY 
in te...... of prohabllities of detection and raIae alarm, with the 
energy consumed in sensing and routing. The rooting problems 
are formulated .. combinatorial optimization progra-. and we 
provide solutions drawing on operations ~ We p ....... t 
extensive simulation mrults that demonstrate the energy and_onperformance tradeo!fs for eaeb proposed routing metric. 

ltulcr T~torialoptimiM_.amstraIoedsllortest 
path, _ ellIcIency, LagrangiDa relaxation, N.~ 
eriterion, parametric shortest path, routi .... sIgoaI detection, wire­
less sensor Detworks. 

1. INTRODUC\10N 

W IRELESS sensor networks (WSNs) have numerous ap­
plications in both the military and civil domains (see 

[I] and [2] for tulOrial treatments), and signal detection (e,g" 
object or event detection) often serves as the initial objective. 
In fact, signal detection in WSNs bas been extensively studied 
for many years (see [3]-[S] and references therein). The tradi­
tional techniques of signal detection in WSNs or multisensor 
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systems usually feature a fusion-centric approach by assuming 
that there is a designated fusion center where a final decision 
will be made, and largely focus on various detection-based per­
formance measures such as error probabilities, The lintited en­
ergy supply is a critical issue that poses many challenges to 
network design and management. Thus, recent research efforts 
have tried 10 optintize the signal detection performance jointly 
with the energy dissipation in the system. For example, [9] pr0­

poses a sensor censoring scheme for distriboted detection 10 re­
duce the cost of transntission, wbere each sensor transmits only 
highly informative observations. Along this line, [10] and [II] 
further propose different bot effective measurement or transmis· 
sion approaches to optimize the cost and detection perfurrnance. 
A hybrid energy-driven detection scheme is proposed in [12] 
where the transntission from each sensor may vary from I-bit 
decision 10 all its observations. Three options for multihop fu­
sion are proposed in (13]. It is notieed that [9]-(IIJ all assume a 
simple parallel sensor network IOpology, which however could 
result in significant energy expenditure, especially when some 
sensor nodes are far from the fusion center. Incontrast, both [12] 
and [13J consider multihop information transmission. although 
multihop routing is not addressed. 

The constrained energy supply in typical WSNs further ren­
ders the task of finding and maintaining energy-efficient routes 
nontrivial. Consequently, it is highly desirable to find methods 
for energy-efficient route discovery and relaying of data from 
the sensor nodes to the fusion center so that the lifetime of the 
network is tnllXimized. Over the past few yean;, many new al­
gorithms have been proposed for the routing problem in WSNs 
(see [14] and references therein). For example, consider the ap­
proaches in [IS] and [16], The authors of [15] propose a ntin­
imum cost path routing algorithm which aims at maximizing the 
network lifetime. Alternatively, the authors of [16] introduce in­
formation-directed routing with the objective to ntinimize com­
munication cost while maxintizing information gain, 

Obviously, the literature on energy-efficient routing or signal 
detection in WSNs is abundant, respectively; however. there is 
much less research on routing for signal detection, let alone the 
consideration of their joint optimization. Some recent related 
work includes [l7J and [ISJ. In particular. [17] studies a se­
rial fusion method for collaborative signal detection in WSNs. 
and also develops a space-tilling curve-based routing technique. 
where an imaginary curve is drawn in the geographical region 
of interest that fills tbat region, and the sensor network is passed 
across along this curve to implement serial fusion. In [IS], the 
authors consider the problem of routing for detection of a corre­
lated random signal field, and furtber propose a Cbernoffrouting 
metric using the Chernoff information. This routing metric ne­
cessitates further consideration of practieal issues. nevertheless 
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it is very interesting and attraCtive, since it al10ws One to char­
acterize the overall detection performance based on the sensors 
along a route, In contrast to both [17] and [18], we consider here 
a much different signal detection and routing problem where an 
emitter or reflector produces a signal of interest from a point in 
space, and we wish to find optimal routing which strives for a 
balance between the energy consumption and detection perfor­
mance, More specifically, we focus on energy-efficient routing 
while optimizing the Neyman-Pearson detection criterion, 

The Neyman-Pearson criterion [19], as an alternative to the 
common Bayesian framework, is fundamental to the develop­
ment of the theory of hypothesis testing, and it is commonly 
employed for surveillance systems [20], [21], Recognizing a 
basic asymmetry in the importance of the hypotheses (i.e" the 
target present hypothesis H, and the null hypothesis Ho), the 
Neyman-Pearson criterion maximizes the probability of detec­
tion subject to a predetermined bound on the probability of false 
alarm, Thus, it will be advantageous to employ this criterion 
in WSNs tasked with solving signal detection problems, How­
ever, to the best of our knowledge, there has not been any work 
on energy-efficient routing for detection that specifically con­
siders the Neyman-Pearson criterion, This basically motivates 
our work. 

In this paper, we address the prohlem of energy-efficient 
routing for signal detection under the Neyman-Pearson crite­
rion, We consider a set of sensors which are distributed over 
an area to detect the possible presence of an illuminated Iarget 
at a specific location through active sensing, The fusion center 
is assumed to have the knowledge of geographical location of 
each sensor, and will determine the location to be probed as 
well as the communications routing (i.e,. centralized routing is 
employed), The observations at each sensor are assumed to be 
independent conditioned on the hypothesis, Each sensor node 
makes a measurement to test for a target at the predetermined 
location, and then transforms the measurement into a likelihood 
ratio, This can be regarded as one particular type of in-network 
processing in WSNs; that is, instead of sending the raw data, 
each sensor node uses its processing ability to transform its 
measurement into a sensor likelihood ratio. a sufficient statistic 
for the problems we consider (conditionally independent sensor 
data) that provides significant compression, After collecting all 
the likelihood ratios from the sensor nodes along a route, the 
fusion center will make a final decision. 

Our work exploits a synergistic approach by incorporating as­
pects of signal processing, computer science, and operations re­
search, and can be regarded as ooe special typeofthecross-layer 
network design, To summarize, the novelty and contributions of 
this peper are threefold, 

I) We formulate the problem of energy efficient routing for 
detection under the Neyman-Pearson criterion, widely 
adopted for target detection and surveillance related ap­
plications. This formulation, as far as we are aware, is the 
first one which accounts for both the energy consumption 
in sensing and routing, and detection performance (in 
terms of detection probability and false alarm probability) 
at the same time. 

2) We propose three routing metrics, and for eacb of them, 
the detection performance and the energy expenditure are 
considered jointly in a different but interesting way by 
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which an appropriate tradeoff between them is attained, We 
also formulate the routing problems under these metrics 
into different combinatorial optimization programs, where 
the objectives are to maximize or minlmize a quantity of 
interest. 

3) We provide algorithms for solving those formulated integer 
programming problems. based on state-of-the-an opera­
tions research results, In cases where the optimum solution 
is computationally intensive, we provide methods where 
we can specify the acceptable complexity and a solution 
that can be made arbitrarily close to the optimum solution 
when its complexity is increased appropriately, We also 
present extensive simulation results which help quantify 
the difference between these proposed routing metrics, 

The remainder of this paper is organized as follows, In Sec­
tion n, we formulate the problem of routing for signal detec­
tion, which includes the description of the system and signal 
model, the analysis of both Neyman-Pearson detection and en­
ergy consumption in WSNs, and the introduction of a graph 
model. In Section III, we propose the maximum path detec­
tion efficiency routing metric, which aims for a route with the 
maximum mean detection-probability-to-energy ratio. An algo­
rithm based on combinatorial optimization is also provided to 
identify the optimal route, After that, we consider the energy 
or detection performance constrained routing problems, which 
include the minimum energy routing with guaranteed detection 
performance problem in Section IV, and the maximum detec­
tion-probability routing under constrained energy consumption 
problem in Section V, Unear integer programming formulations 
of these problems are provided, together with the methods and 
algorithms to solve them, We provide a brief discussion in Sec­
tion VI, and present the simulation results in Section VII, This 
paper is concluded in Section VIII, 

n, SYSTEM D\lSCRlPTION AND PROBLEM STATE.\lENT 

A. System and Signal Model 

Let us consider a scenario as depicted in Fig. I, where some 
sensors are scattered over an area to detect the presence of an ob­
ject, This scenario may correspond to monitoring the presence 
of people, vehicles, or military targets using radar-like sensors' 
that emanate specific electromagnetic signaIs into the region 
of interest. For this active sensing application, the monitored 
space is typically divided into many range resolution cells.2 

Each range cell could be probed sequentially in tum to deter­
mine the presence of a target by using radar pulses that are pos­
sibly launched by directional antennas, 

We assume the position of each sensor node is fixed,' Each 
sensor node is assumed to be aware of its own position (e,g" by 

'An example of such a radar sensor is the tnicropov.rer impulse radar [22], 
which elm be used in unstructured sensor network environment wbete only lim­
ited energy supplies: we available. A platform of rad,ar·enab1ed sensor networks 
is described in [23], 

zA range .:en is the smallest range increment that !he mdar is capable of 
probing. 

lThepla.cemenl of sensQrs: w.iU certainly affect the detecnon performance and 
energy oonsnmption. HoWever. this is beyond the ~ of this paper. and we 
simply assume the seRSQtS are already pJaced 11\ our ensuing analysis and sim-­
ulations. Interested readers can refer to (24), 

Aulhorlzed IIcenHd vse limited to: LEHIGH UNIVERSITY. OawnlDlided on Augus112, 2009 at 19:13 from IEEE XplQre. ResU'k:1.kms apply. 
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Fig. I. Routing in WSNs for signal detection. 

using methods based on triangulation (25]), and has knowledge 
about the location of the sensors in its local neighborhood. We 
assume the fu sion center has infonnation about the geograph­
ical location of each sensor, and will determine the location to 
be probed (for target presence) as well as the sensors that will be 
involved in signal detection and information uansmission. This 
basically is a destination initiated routing, and the routing algo­
rithm can be implemented offline, ahead of time, at the fusion 
center. The system will sequentially probe each location of in­
terest, and collect the information from sensor nodes lying on a 
precomputed path in a predetermined order. 

It is worth noting that there exist several ways for active sen­
sors to illuminate the target. For example, in one methodology, 
each sensor transmits exactly the energy it needs to obtain some 
received signal-to-noise ratio (SNR) if a target is present at a 
certain location. This means thal the sensing unit should be able 
to dynamically adjust its transmitted power. Alternatively, each 
radar sensor could transmit the same energy to the region of in­
terest, so that those sensors which are closer to the target will 
have a better observation. This might be the situation when the 
sensing unit is extremely simple and does not allow power varia­
tion . For brevity, in this paper we only consider the second case, 
but its extension to the first case is suaightforward. Therefore, 
Jet us denote etr as the amount of energy with which each sensor 
involved in the signal detection uses to illuminate the target. 
Then the energy received by an antenna at a distance of r me­
ters away will be {. etr/r"Y, where {is a known constant. Here a 
simple geometric path loss model [26] is assumed, and the path 
loss is proportional to l/r', where "f is the path loss exponent, 
an environment-dependent constant typically between 2 and 4. 

Suppose the fusion center designates N sensors to perform 
signal detection and routing. Thus. after matched filtering to the 
known signal shape (which loses no optimality in a Gaussian 
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noise and interference environment (271) at sensor i, the obser­
vations under the two different hypotheses are given by4 

Yi= V7J+ n• (1 ){ ~ no 
where Yi is the received signal, and n; denotes the noise and 
interference. Moreover. under hypothesis H 1, the distance that 
the active sensing signal uaverses , r t is equal to 2Rti' where Rti 
denote the distance between the target (x[t). y[t]) and the sensor 
(x[i] , y[iJ), ie , 

R" g, J (x [t]- x[i])2 + (y[t]- y[i )F . 

Since we only focus on the simple active sensing case in 
this paper, for notational convenience, we define a scalar 
f3 g, J{ . e" /2'. Then, under H , . the received signal can be 
rewritten as 

B. Neyman-Pearson.Deleclion 

For the observation from sensor i, let us define the likelihood, 
or probability density function (pdf) under H, as !l (y;), and 
the likelihood under Ho as fo(y;) , Thus, the likelihood ratio at 
sensor i is simply given by 

• !l(Yi) fN.(y; - f3/ R;(2)
L(y; ) = -- = ---.:~~~-'-

fO (Yi) f N, (Yi) 

where f N , (y, ) denotes the pdf of the noise at sensor i. For this 
detection problem, we explicitly make the following assumption 
with regard to the noise. 

Assumption 1: The noise at each sensor is assumed to be 
statistically independent, and its probability distribution does 
nOl depend on which hypothesis is true. 0 

Based on this assumption . the joint probability of the obser­
vations is simply the product of the individual probability den­
sities. We define y g, [y" ... ,YN], thus the conditional pdf of 
the observation y under H j can be expressed as 

N 

p(yIHj) =llh(Yi) , j = {D, l} 
1= 1 

and the log-likelihood ratio is given by 

• p(yIH.) ~ ()
lnL(y ) = In ( IH ) = L."lllL Yi . (2) 

P y 0 i=1 

Then under the Neyman- Pearson criterion, the optimal decision 
rule ~ is the solution to the following constrained optimization 
problem [27]: 

max. PD ({}) 
s.t. h ({} ) 5 a . 

where PD ({} ) g, Pr(Choose Hd H, t rue) and h ({) g, 
Pr(CbooseHd Ho true) are the detection and false alarm 

4A narrowband signal model with random phue is considered in [28]. 

Aulhorizlld~u.. limitedIO: LEHIGH UNNERSITY. ~onAug!A112. 2009aI19:13 /rom IEEE XpIor • . R~. appIy. 
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probabilities when the rule i} is used. and Ct' is the level of 
the test. According to the Neyman-Pearson lemma [27) and 
assuming no point masses in the pdf of L(y) , the optimal 
decision rule for our hypothesis testing problem can be written 
as 

1J( ) _ {Decide for H t , if InL(y) ~ 1) 
(3)

y - Decide for Ho , if In L(y) < 1) 

where 1] is uniquely determined by solving PF = a. 
It is well known [27) that the Neyman-Pearson optimum test 

(3) is a likelihood ratio test. Since the overall log-likelihood ratio 
given in (2) is simply the sum of the log-likelihood ratios col­
lected at each sensor, it follows that eaeh sensor will make a 
panial contribution to the overall detection eapability, which de­
pends on R1i and the noise properties. As the Gaussian environ­
ment is the most important case and is justified by the central 
limit theorem. we focus here on the white Gaussian noise case 
by further assuming that "i - N(O,I1t). Thus, the log-likeli­
hood ratio in (2) can be formulated into 

]V 1 (2{3Yi (32)
In L(y) = I: 211' ~/2 - o~. . 

1=1 I Rtj l "tl 

As a consequence. the likelihood ratio test can be written as 

N {3Yi ~l N /32

t; crrRi!2 ~ 11 + t; 2urR7i . , '-.,--' 

T9 

where we have defined the test statistics 9 and the new threshold 
T. For a fixed set of sensors, the second part of T will be fixed 
and known. The variable g is actually a sufficient statistic [20] , 
and when making a decision, knowing the value of [J will be just 
as good as knowing y. For notational convenience, let us define 

]V {32 
,p ~ I: -,---0 (4) 

i=l (Ji Rti 

where it is noted that (:J2/ err R7i actually denotes the SNR level 
at sensor i. Then, invoking the model for ni , the hypothesis pair 
can be written as 

Ho : 9 - N(O,,p)versus 	 (5)
H t :g-N(,p,1/J). 

Thus, the false alarm probability is 

PF = Pr(y > rlHo) =1- <1>( ~) (6) 

where 4>( . ) is the standard Gaussian cumulative distribution 
function, i.e. , 

l ' (z2)1
<I> (z) = _~,;r,rexp -2 dz. 

Suppose we define the allowed level of false alarm as PF = a , 
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Therefore. the detection probability PD is given by 

PD = 1 - c!>(<1>-~l - a) - ..rv;). (7) 

Since 4>( . ) is a monotonically increasing function, we have the 
following: 

Proposition I: Given a specific value of a, maximizing Pv 
is equivalent to maximizing 1/1, the sum of SNR ratios at each 
sensor, or alternatively: max Pv == max,p. 0 

Hence. it is clear that the term tI) essentially quantifies the 
detection performance gain earned across all these N sen­
sors. Also, for a fixed value of 1/1, we immediately obtain the 
following: 

Proposition 2: Given a specific value of 1/1, PD is monoton~ 

ically increasing with respect to a. In other words. in order to 
achieve a larger value of PD , we must also increase a. 0 

C. 	 Energy Consumption 

In WSNs, the energy consumption consists of two parts 
[15] : one is concerned with the communication between sensor 
nodes, and the other with the noncommunication related energy 
(this includes sensing, signal processing, etc.). We consider 
these two types of energy consumption as follows. 

1) 	We assume that each sensor node is able to dynamically 
adjust its data transmission energy depending on the dis­
tance over which it transmits the signal, and that there ex­
ists a distanee limit for such information transmission (cr. 
Fig. I). Therefore, the transmitting energy at sensor node i 
is oR7.i+l' where Ra,i+ l is the distance between node i and 
node (i + 1), which is below the distance limit; 6 is a con­
stant; and '"'Ie is the communication propagation coefficient. 
To maintain generality, we have assumed the propagation 
coefficients for data transmission and active sensing (e.g., 
'Y, and 'Y) can be different. 

2) 	In Section n~A, we assumed a simple sensing unit which 
does not allow power variation, and the sensing energy is 
en . However, it might happen in large networks that a node 
participating in routing is not able to provide an essential 
contribution to the overall detection performance when it 
is far away from the target. This indicates that the opera­
tions of routing and sensing should be decoupled in prin­
ciple. Thus, we introduce a binary parameter Pi to indicate 
whether node i is involved in the detection test. There are 
several ways to evaluate this parameter. A simple method, 
which we choose, is to assume a sensing range, and 'let 
only sensor nodes that are within range of the target lo­
cation perform both sensing and routing, and the rest of 
the sensors merely relay the infonnation. In this case, Pi is 
simply an indicator of whether node i is within the sensing 
range.s Therefore, the sensing energy at sensor i is Pi etc­

In addition, to avoid specific hardware assumptions, we 
simply use e!p to denote all other energy consumed at node 

then from (6), the threshold can be computed by sit is also possible 10 funher optimize P i such thai il is not lied 10 the: sensing 
range. This can bring forth arlO(hec optimization problem which however is not 
1he focus of !.his paper. 

Aail~ud JicenMd \.1M Ji'n~ to: LEHIGH UNIVERSITY. 0a.mI0aded on AuglMl 12. 2009 at 19:13from IEEE Xplore. RlUlricIions apply. 
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i. This inCludes the computing and signal processing en­
ergy together with the energy consumed in the transceiver 
circuitry. 

Therefore, the overall energy consumed at the ith sensor can 
be expressed as 

We further assume that there is one sensor q placed at the fu­
sion center, which ofcourse need nOl perfonn data transmission, 
but can operate at the sensing mode. Therefore, the total energy 
consumption for signal detection and relaying over a roUle con­
sisting of N sensors is 

.AI-I 

E = (e" + C~p) + L ci· 
i=l 

As a special case, when the probing location is nearby the fusion 
center and it suffices to detect the target using only the sensor q 
at the fusion center, there will be no actual routing involved and 
the lmal consumed energy is simply Ctr + c!p' 

Note that what we consider here is a general model for en­
ergy consumption. While it may be desirable to consider a more 
detailed energy consumption model in some cases, this will in­
evitably involve the consideration of hardware specifications 
that vary with implementation. To avoid such problems. we keep 
our model general, but we note that our approach can easily be 
modified in an obvious way to incorporate alternative energy 
modeling. 

D. Graph Model 

Now we introduce a graph model as illustrated in Fig. 2 
that will reflect the WSN topology (e.g .• Fig. I). Moreover. 
this graph model also incorporates the information on signal 
detection performance and energy consumption, and will serve 
as the basis for our ensuing analysis on routing memes and 
algorithms. 

Let 9 = (N', A) denote a finite and strongly connected net­
work defined by a set N' of nodes and a set A of directed arcs. 
The cardinalities ofN' and A are IN'I and IAI, respectively. By 
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strongly connected network,6 we mean that for any i , j E N, 
there exists at least one path which connects the nodes i and j. 
Sinee targets are also nodes in the graph, it is guaranteed that 
each potential target location can be reached by sensing signals, 
and the information can be transmitted back to the fusion center, 
which is also a node. 

We denote the target location (to be probed) as node " and 
the fusion center as node q. A path n from s to q is a sequence 
of N non repeated nodes and connecting arcs. Associated with 
each arc (i , j) EA. there are two positive numbers: 

I) .,pij' which specifics the detection performance gain earned 
from the connection from node i to node j; or specifically. 
we have 

A p ' (32. J. _, • 
'Vij - 2R"' a j tj 

2) 	Cij, which denotes the energy consumption used by the 
connection from node i to node j; or specifical1y, we have 

i '" s 
i = s, 

In other words, the first arc of each path connects the target 
to a sensor node, which is a virtual path and obviously has no 
communication-related energy consumption. 

Associated with any path nof the network 9 that connects s 
to q, we define two quantities: 

D(fl) ~ L V'i;, and E(I1) ~ Lei; 
(i,j)EfI 	 (i,j)EO 

which denote the detection gain and consumed energy, respec­
tively, For notational convenience. throughout this paper, we de­
note S as the (minimum energy) shonest path7 which connects 
s to q in a graph, i.e., 

S =arg min E(I1).

" 

m. MAXIMUM PATH DETECTION EFFICIENCY ROUTtNG 

To relate the detection perfonnance to the energy consump­
tion, we propose a measure called the mean detection-proba­
bility-to-energy ratio, which is defined as 

A(I1) ~ D(I1)
E(I1) . 

According to this measure. our objective is to identify a path 
which achieves the largest possible value of A(H), or the max· 
imum path detection efficiency. In panicular we are only con­
cerned with loopless paths or elementary paths. Obviously this 
metric aims at a tradeoff between the detection performance and 
the energy consumption. To facilitate solving this problem, we 

&rbis desired connectivity can be achie~ by employing a topology control 
technique in network design (e.g., [29]). which, however, is beyond the scope 
oC this paper. 

'In the areas oC combinatorial optimization and graph theory, shortest path 
usuaJJy refers to the silonesl weighted path between two nodes in an edge­
weighted graph [30]. Thus, in the sequel, we will use minimum-energy path 
and shonest path interchangeably. 
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choose to re-express our criterion as minimizing E(O)/D(H). 
Thus, the problem can be stated as follows: 

A: Given s, q E N, find an optimal path 0' which 
satisfies 

This is acombinatorial optimization problem. Note that when 
!, = q, problem A turns out to be the minimum COsHo-lime 
ratio cycle problem. which arises in an application known as 
the tramp s/eamer problem [30, Ch. 3. Sec. 13]. This enables us 
to follow a similar parametric approach to that used in [30J for 
solving the minimum cosHo-time ratio cycle problem. Such an 
approach will transform problem A into a parametric shortest 
path problem [32J, as described in the following. 

Let us denote J,L- as the optimal value to problem A. i.e., 

o. E(O') 
p. = D(OO) 

and define J,L as another nonnegative scalar. We assign each arc 
a modified length 

for an arbitrarily chosen value of J,L. and denote 

q(p., I1) £ L Ii; = E(n) - p.D(n) 
(i,j )EO 

as the length of a specific path n. Also, let v,. denote the original 
graph with new length li:i on each arc under the parameter JL. 
Adopting a similar geometric approach as in [31 I, we depict 
q(p., 11) with regard to p. for a given path 11 in Fig. 3, where 
without loss of generality, we assume S f:. n·. Since for each 
path 11, E(n) and D(n) are strietly positive, each straight line 
in Fig. 3 has a negative slope, and intersects the JL axis at 

E(H) 
P.fl = D(n) > 0. 

Consequently, the lower envelope of the straight lines, i.e., 
the bold segmented line in Fig. 3 forms the shape of a convex 
polygon. This bold boundary is the collection of the shortest 
paths of gil corresponding to various J,L values. Since the bold 
boundary has a convex-polygon shape, its intersection with the 
J1. axis uniquely detennines the optimal solution JL •. 

Therefore, algorithms for finding a solution to problem A can 
be designed to simply search for the intersection of the bold 
boundary and the p.-axis. Such searching procedures basically 
employ the testing of successive trial values of J,L to find the 
path n' and the optimal value p.'. Obviously, there are three 
situations that may exist with respect to the path lengths q(p., 11) 
for the guessed value JL in the search process: 

I) 9" contains a negative length path. 
This case corresponds to q(p., 11) < 0, or alternatively, 

• E(O) 
p. :s D(n) < p.. 

Thus J,L is a strict upper bound on JL- . 

o 

convex 
polYJOD 

Fig. 3. Illustration of l1(p ,U) versus JI . 

2) 	91l contains no negative length path. but the ienglh of lhe 
shortest path fY is t!X(JclIy zero. 
In this case, the fact that there is no negative length path in 
v,. implies ii(p., H) 2: °or alternatively, 


E(I1) 

p. :s D(I1) 

for every path n. The faet that the length of the shortest 
path n· is exactly zero implies that q(,.,., n') = °or 

E(n") 
p. = D(I1') 

for path fl·. Thus, the guessed value J1. is exactly equal to 
p,- , and n· is the path which gives the maximum detection 
efficiency. 

3) 	Vp contains IW negative length path, and length of the 
shortest path is strictly positive. 
This case corresponds to q(p.,n) > 0, or 

p. < E(O) < p.'
D(n) ­

for every path .n. Thus, the guessed value JL is a strict lower 
bound on p.' . 

Based on the preceding development, and adapting the bi­
nary search procedures in [301 and [31 I, we summarize our al­
gorithm for solving problem A in Algorithm I, where the pa­
rameter ~ denotes the amount of error that we want to tolerate 
when comparing two numbers. Algorithm 1 involves a subrou­
tine for either detecting negative length paths, or finding a non­
negative length shortest path with no repeated nodes. An exact 
implementation of such a subroutine has been described, for ex­
ample in [31 I, but is very complicated. To lower the eomplexity 
of this subroutine, we propose an approximate approach for de­
tecting negative length eycles instead of negative length paths, 
whose effectiveness is well demonstrated by our numerical re­
sults in Section VII. To apply this approximate approach, we 
can use the Bellman-Ford algorithm [33, Ch. 5 J or some other 
improved negative-cycle detection algorithms (e.g., [34]), for 
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which .he beSl .ime complexi.y is O(IAI . INI). Therefore, .he 
.ime complexi.y of Algori.hm I is approxima.ely O(lAI ·INI· 
log(max(.pi;) /')). 

Algorithm I: Maximum Path Detection Efficiency Routing 

Inpul: A strongly connec.ed ne.work 9 = (N, A), and eii' 

"'i; for each arc (i , j) E A 

Oulput: A path n' of 9 from S '0 q 
I: 	 Use Dijkstra's algori.hm [33, Ch. 4] '0 obtain a shortest 

path S from s.o q of9p for /-' = 0; 
2: 	 jj <- E(S)/D(S); 
3: 	 /-' <- 0; 
4: 	 nta'rk t- true; 
5: 	 While ma,·k & & jj - /-' > , do 
6: /-' = (/-, + jj)/2; ­
7; li ,j = ei,j - p.di,j; 

8: 	 find a negative length pa.h n' (i.e., q(/-" n') < 0) or a 

nonnegative length shortest path il (i.e., q(/-" il) cO). 
from s to q of 91, with the current J.L; 

9: 	 if any negative length path n' is found Iben 
10: jj <- E(n')/D(!}'); 
II: else if q(/-" il) = 0 for .he shortest pa.h il then 
J2: J1.. t- j.l; 

13: n- <- il; 
14: mark <- false; 
15: else 
16: /-' <- /-'; 

17: Ii <-- min{jj,E(n)/D(il)}; 
18: end if 
19: end wbile 

IV. MINIMUM ENERGY ROUTING WITH GUARANTEED 

DETECTION PERFORMANCE 

The maximum path detection efficiency is meaningful as a 
routing metric, since it reflects a anal" relationship between 
the detection perfonnance and consumed energy. However, as 
one drawback, this metric does not explicitly tell us what kind 
of detection performance we could achieve or how much en­
ergy we need to use. In this section, instead of considering a 
ratio, we are interested in finding a route which exactly quami­
fies the detection performance. In other words, our objective is 
to identify a path which minimizes the consumed energy, while 
maintaining an acceptable level of detection probability. 

To define a desired level of de.ec.ion probabili.y, based on 
Proposilion J, it is natural to employ a lower bound constraint, 
i.e., 

D(n) <: P: 

Here.p can be calculated from (7) for given values of a and PD 
(e.g., a = 5%, PD = 95%) as 
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which is clearly nonnegative. We also impose an upper bounds 
on.p, given by -¢. Thus, this rou.ing me.ric can be described as 
follows': 

B: Given 8, q E N, find an op.imal pa.h no which 
satisfies 

n' = arg min E(!J)
nEfl 

where n is the set of paths from S '0 q for which .he de.ec­
.ion gain is bounded by 

To mathematically formulate problem D, we adopt .he idea 
of ne.work How [33J, and view this problem as sending I unit 
of flow as cheaply as possible from node s to q subject to a con­
straim on the achieved perfonnance. This interpretation gives 
rise to the following integer programming fonnulation. which 
we refer to as problem Bl : 

mill L eij' Xij (8) 
(i,j)EA 

i=s 
s.t. L Xij - L Xji ={~I , = q (9) 

(j'(i,j)EA) (Hj,i)EA) 0 otherwise 

'i'. ~ L .pijXij ~-¢ 	 (10) 

(i ,j)E.A 

Xii = {O, Ij, V(i,j) E A. 	 (II) 

The firs. set of constraints given in (9) are called flow balance 
constraints which guarantee that, for all nodes on the path, ex­
cept the source and destination nodes, the inRow is equal to its 
outRow. In the case of the source node (i = s), the outflow is 
exactly one more than its inflow, while in the case of the destina­
tion node (i = q), its inflow is exactly one more than its outflow. 
Equa.ion (10) denotes .he .wo-sided weigh' constrain., and (II) 
is the flow capacity constraint of each arc. Each arc is either in ­
cluded in .he path (Xij = 1) or no. included (Xi; = 0). For con­
venience, we denote f· as the optimal cost of problem BI, and 
define vec.ors x g, {Xij I(i , j) E A}, e g, {ei; I (i , j) E A}, 
and '" ~ h"'i I(i,j) E A} . 

Problem Dl is a constrained shoTiest palh problem, which is 
a special case of a broader set of optimization models known as 
network flow problems with side constraints, Unfonunately. this 
problem, in the parlance of computational complexi.y theory, is 
Np-hard ,[35, pp. 214], and no polynomial-.ime algori.hm is 
available. In the literature, various methods have been proposed 
to solve this constrained shortest path problem (see a detailed 
review in [37] or [38]), including Lagrangian relaxa.ion, e.g., 
[39]-[43J. This approach is attrac.ive because i. can be easily 
extended '0 constraioed shortest path problems with multiple 

SThe upper bound ib appears redllndanl in this problem. bllt for applications 
where a ..-ailable resourees are constBined (e.g., time or bandwidth). this upper 
bollnd would become the parameter of intere~t. For the purpose: ofcompleteness. 
we include this upper bollnd here. 

911 is worth noting that our formulation appears similar lO cooslraiDl-based 
path selection in the problems of quality-of-service (QoS) routing under diverse 
network conditions or resource constraints (see [36J for an overview). 
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side constraints. which may arise when several factors of in­
terest are considered simultaneously, e.g., delay, bandwidth and 
so on. Therefore, in this paper. we adopt this method to solve 
the doubly constrained shortest path problem EI . 

The Lagrangian relaxation approach basically relaxes the 
linear constraints by bringing them into the objective function 
with associated Lagrange multipliers [33J. Let 1'1 ~ 0 repre­
sent the Lagrange multiplier for the left inequality in (10), and 
/'2 ~ 0 be the Lagrange multiplier for the right-hand inequality 
in (10). Then by relaxation, we obtain the resulting problem 
E2 : 

min L lei; + (1'2 -1'')''';;) . X;; + (I'tlf -1'21/; ) 
(i,j)EA 

(12) 

s.t. LXi; ­
(H i ,;lEA) 

L Xii = 
[jo(;,ilEA) 

{~1 
0 

i = s 
i =q 
otherwise 

(13) 

Xi; ={O, I}, Y(i, j) E A ( 14) 

which is referred to as the LAgrangian subproblem of problem 
nl . This program is a minimum cost network ftow problem of 
sending 1 unit of ftow from s to Q subject to the flow conserva­
tion constraints (13) with a capacity limit of Ion each arc (14). 
This subproblem can be easily solved, although its solution is 
not necessarily feasible for the original problem B 1 . However, a 
key idea of Lagrangian relaxation is that regardless ofrhechoice 
of /'.1 and 1'2 , this subproblem yields a lower bound to the op­
timal cost of problem Bl (i.e., j"), as shown by the following 
bounding principle. 

Lemma J,' Let X be the set of vectors x satisfying constraints 
(13) and (14). For any x E X, define the LAgrangian/unction 

L(I'I,1'2 , X) ~ L [ei;+(1'2-1'1)"'i;)·X;j+(1'11f-1'21/;) 
(i,j)EA 

and let 

( 15) 

Then, it holds that 

(16) 

Proof See Appendix I. 	 0 
It is noted that the function L(I'I, 1'2) defined in Leml1Ul / is 

concave and piecewise linear. since it is the minimum of a finite 
collection of linear functions of the Lagrange mUltipliers. Also 
as indicated by Leml1Ul /, to solve problem E .. it is important 
[Q find the tightest possible lower bound. This involves finding 
multipliers J.1.1 and J.1.2 which correspond to 

max L(I'I ,1'2) 
s.t. 	 1' .. 1'2~0. 

This program is referred to as the LAgrangian dual problem. 
Solution to this problem yields the sharpest lower bound to the 
optimal cost of problem E t . Also, implicated by Leml1Ul / , we 
immediately have the following theorem which describes the 
weak duality. 

",57 

Theorem /: The optimal solution of the Lagrangian dual 
problem, L" ~ max L(I')' 1'2), is always a lower bound to the 
optimal value of the miginal problem E .. i.e., L' ~ r. 0 

In other words, the optimal values of 111 and J.1.2 will max­
imize the Lagrangian dual function, and give us an optimistic 
estimate of the optimal value 10 the original problem. Such an 
estimate will be quite useful when the main objective is not to 
find the optimum. but to get a good solution. This is another 
attractive aspect of this Lagrangian relaxation approach. espe­
cially considering the fact that the quality of such an eSlimate is 
guaranteed, as shown by the following theorem: 

Theorem 2: The optimal value of the Lagrangian dual 
problem, L· • is equal 10 the optimal cost of the following linear 
programming problem: 

min 	 eTx 

s.t. 	 If ~ ",TX ~ 1/; 

x E conv(X) 

where conv(X) denotes the convex hull of the set X, i.e., the set 
of all convex combinations of the elements in X. 

Proof: See Appendix II. 0 

Algorithm 2: Minimum Energy Routing With Guaranteed 
Detection Performance 

Input: A strongly connected network 9 = (N,A) , and eij, 
Vij for each arc (i, j ) E A 

Output A path {l' of 9 from s to q 
I: 	Initialize the maximum lower bound found 


(max +-- - (X) ; 

2: Initialize the multipliers:)Jl +-- OJ J.1.2 +-- 0 ; 
3: Initialize the iteration number: K. +-- 0 ; 
4: mark 	+-- true ; 
5: 	 while mark & & I< < "max do 
6: 	 given (he current valUes of multipliers J.1.1 and 112, use 

shonest path algorithms to solve problem B2 • and let 
the solution be i; 

7: 	 compute the corresponding lower bound: Ln +-­

L(I'I,1'2';<); 

8: 	 let UE ~ 50LE if" = 0; 
9: 	 if LE > (m~ then 

10: (m~ - LB; 
II: 	 end if 
12: 	 if x is a feasible solution to problem Bl tben 
13: UB _ eTx; 

14: 	 end if 
15: 	 if (max = U E then 
16: 	 mark - false ; 
17: 	 else 
18: 	 calculate the subgradients: 9 _ If - ",Tx, h ­

_;j) + ",TX; 
19: 	 compute the step size:, = Q(U B - LB)/(g2 +h2); 
20: 	 update the multipliers by: 1'1 = max(O,1'1 + ,g), 

1'2 = max(O,I'2 + ' h); 
21: 	 end if 
22: 	 I< - I< + 1; 
23: 	 end while 
24: 	 Resolve problem B2 using 1'), 1'2 that are associated 

with the resulting best lower bound (max; 
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To this end, we summarize the algorithm for solving problem 
Bl based on Lagrangian relaxation as shown in Algorithm 2, 
which was adapted from the subgradiem method in [40], [41]. 
Here (: is a step size, Q is a parameter satisfying 0 < Q :s 2, 
and Ji;max is the maximum number of iterations allowed. This 
algorithm terminates when the optimal solution to problem Bl 
is found, or the iteration count Ji; exceeds Ji;R\IlX' For both cases 
when the Bellman-Ford algorithm is used, the worst-case time 
complexity of Algorithm 2 will be roughly Q("max ·IAI·IN!). 
However, in the latter case, the best lower bound (max is strietly 
less than the optimal value of problem B thus a duality gap is 

"said to exist, which is also implied in Theorem 1. Methods for 
closing such a duality gap include the path ranking approach 
[39], the tree search procedure [41], the labeling methods [42], 
and so on. For brevity, we omit any further discussion on this 
issue. 

V. 	 MAXIMUM DETECTION-PROBABILITY ROUTING UNDER 

CONSTRAINED ENERGY CONSUMPTION 

In some applications, there might exist a predefined (or 
estimated) limited energy budget for one single instance of the 
target detection and information transmission. Given such an 
energy constraint, we may be interested in finding a route whieh 
will achieve the maximum possible detection performance, or 
in other words, make the decisions as confidently as possible. 
Thus, we now consider the maximum detection-probability 
routing subject to a constraint on the energy consumption. This 
is dual to problem B, and can be stated as follows. 

C: Given 8, q E N, find an optimal path n' which 
satisfies 

n' = arg max D(n)
(i,j)eIT 

where II is the sel of paths from s to q for which the energy 
consumption is bounded by 

E(n) :s E. 

It follows that the integer programming formulation can be ex­
pressed as below (labeled Crl: 

(l7) 

(i,j)EA 

max 	 L .pii· Xii 

i = 8 

s.t. 	 LXii - LXii = i = q (l8){~I 
U(i,ilEA} U(j,ilEA} 0 otherwise 

(19)L eij Xij :s jJ; 
(i ,j)EA 

Xii = (0, I}, lI(i,j) E A. 	 (20) 

Problem C l turns out to be a longest-path problem with con­
straints. However, the longest path problem between two nodes 
in a weighted graph is already NP-hard, since it includes the 
Hamiltonian path problem as a special case, which is one of the 
most well known NP-hard problems [35]. There exists some 
work in combinatorial optimization which seeks polynomial­
time approximation algorithms for longest paths (e.g., [45] and 
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[46]), but these approaches are only applicable to some specific 
cases. And, the side constraint in (19) brings additional com­
plexity to solving this longest path problem. 

As it is our inclination to formulate shortest path (rather than 
longest path) problems, for this given problem C1 we propose 
an algorithm based on a k-shonest-palh paradigm [47]. This 
approach basically enumerates, in order of increasing length 
(i.e., energy consumption E(n)}, all paths between sand q with 
length smaller than tbe given value E. Suppose the total number 
of these paths is M. We simply compare the detection gain of 
all these M valid paths, and select the path with the largest 
value of detection gain. We summarize the idea in Algorithm 
3, but it should be noted that implementation of this algorithm 
necessitates a subroutine which can list the shortest paths be­
tween sand q in order. An example of such a subroutine is the 
recursive enumeration algorithm given in [48]. If this subrou­
tine is used, the total time complexity of Algorithm 3 is about 

Q(lAI + M . INI· 10g(IAI/INI))· 
This approach is attractive and efficient when the network size 

is moderate or the difference between E and E(S) is small, 
where E(S) is the consumed energy of the shortest path S. 
But in general, it is hard to predict M, the number of paths of 
nondecreasing length that we need to produce to satisfy the en­
ergy constraint in (19). Also, unlike the Lagrangian relaxation 
method, this method does not directly apply to the case of mul­
tiple side constraints, and does not provide a lower bound. 

Algorithm 3: Max-detection-Probability Routing With 
Constrained Energy 

Input A strongly connected network Q = (N,A), and eii, 
VJii for each arc (i, j) E A 

Output A path n' of Q from 8 to q 
I: ¢ ~ 0; 
2: i 1;0­

3: mark 	t- true; 
4: while mark do 
5: find the ith shortest path ni from 8 to q in Q; 
6: if E(ni ) < E then 
7: if D(ni ) > ¢ then 
8: n'" t- ni : 

9: ¢ 	~ D(ni ); 

10: end if 
II: i~i+l; 

12: else 
13: mark t- false; 
14: end if 
15: end while 

VI. DISCUSSION 

Thus far, we have focused on signal detection in the Gaussian 
environment. Unfortunately, its extension to the general non­
Gaussian case is not easy, because it requires the choice of a spe­
cific non-Gaussian pdf, the computation of the required proba­
bilities (e.g., PF and PD ) is often analytically difficult, and it 
seldom yields tractable closed-form expressions. As a result, a 
generalization of our problem formulation to the non-Gaussian 
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environment is nontrivial, although there exist some very spe­
cial cases (e.g" correlation detection in additive Cauchy noise 
[27, p. 84]), where it is possible to obtain similar closed-form 
expressions as (7) in Section II. Despite this. it should be noted 
that in practice. when the pdf of the non-Gaussian noise is un­
known, theoutpul SNR maximization seems natural , and can be 
a convenient and practical method for detection (e.g., [49]). In 
this respect. the approach (routing algorithms) described in this 
paper could apply to non-Gaussian environments as well, since 
our approach essentially amounts to maximizing the sum of the 
SNR ratios at each sensor, assuming only the second-order sta­
tistics of the noise is known, Funhermore, our approach is also 
applicable to cenain passive sensing scenarios (cf. Fig, I), for 
example if the system operates in a similar way as in the active 
sensing case, by systematically detecting targets in geographic 
cells. 

We can also incorporate node energy lifetime, to enforce 
route diversity and avoid unfairly burdening some nodes (e.g., 
avoiding hotspot nodes [50]). For example. we can use residual 
battery energy [511, as follows. Let hi denote the residual 
battery capacity at node i, and ci(bi ) be a battery cost function 
which denotes the reluctance of node i to perform sensing and 
routing. Then, mapping ",(b;) to the arc weight in graph 9, 
and substilUling the new weight for e ij in problems A, Band 
C yields modified objective functions that result in balancing 
sensor lifetime and the probability of detection. Consequently, 
all the algorithms provided in Sections U1. IV, and V would 
still apply. 

VII . SIMULATION RESULTS 

Now we present simulation results for the proposed routing 
metrics for detection in WSNs. While, it is highly desirable to 
test these algorithms with real data sets, due to limited facilities, 
all of the simulation results given in the following are obtained 
purely by specialized computer programs written in C++ and 
LEDA [521. Some results based on modifying existing routing 
protocols implemented by the network simulator ns-2 are pro­
vided in [53]. 

In our simulations, we consider WSN scenarios where the 
field has a square shape of size 103m x 103m, 50 sensors are ran­
domly distributed over this field, and the fusion center is placed 
at position (500, 500), as shown by a specific example in Fig. 4. 
We assume that the fusion center wants to delennine the pres­
ence of targets at different locations (e,g" stars in Fig. 4), and 
needs to find routes based on our proposed metrics and algo­
rithms. We adopt 'Y = 'Ye = 2, ( = I , and set 6 = 10-2 , 

~ . e" = rJ22' = 640 nJ (nano joules), and e!p = 500 nJ for all 
i E N . We assume the data transmission range for each sensor 
node is 250 m, and the sensing range is 550 m. For simplicity, 
we assume {32 fa? in (4) is the same for every sensor node, and 
further set it to 4 x 104 , which amounts to a 6-dB SNR ratio at 
the distance of R" = 100 m. We use D(fl) (equal to V' of (4)) 
to quantify the detection perfonnance over a path n. However, 
for a given false alann probability PF = a, the actual value of 
PD can be easily computed from (7). In addition, we use our 
propoood approximate approach for step 8 in Algorithm I to 

lower the complexity, and we adopt the path ranking approach 
to close the duality gap after Algorithm 2. For the above setup, 

Moll e t. """ .,. 	 • s,.. .. .. .. "D- .li,.. 1 

< 	

aD ... 
" 100· -" ... .. 

,., " 	 II .. ..... 
~ 

"'. C 

.. 	 ... 

•• 	 F_ .,.. .., .., "" ea... ... .. 

"' ... "'. .,. 	 .... "" c'.. 	 ,. ... 
c.. ,. " " 

" c.. c 

~ 

• 
J'!i 

~ d • •,,. - . 	 ..,·\·1. 

"" 	 ... , ." .. .., ,,. .. .. ... .. .. .. .. '""" 
(a) 

'" .....,. .. 
• . f l.. 	 ..... , 	 ., 
~'d... . .... 	 ' "" 	 .." 

< 10 
d b. , - .. d 

"" 	 \so .. .. 	 d 
" \ 	 Fu~km "" 

C".u."f.. ., ... ... , 
, '1''' ,,. "" ... .. 

,0, J"' ­ , .,. 	 ... 
.".-	 J .. '" , J • 

.- d .. ~ .... 

S, . •.... d ." 	 ..,'" 	 ... 
.. L 

• ... ~ .. .." ~ 	 .. '" - .. .. ~ .. .. ­
(b) 

Fig. 4. Example of fOUling in wSNs for signa] detection: (11) Example part A 
and (b) Example part B. 

our computer programs can output the results almost instantly 
on an ordinary Pentium computer. 

We plot in Fig. 4 an example ofrouting for detection in a spe­
cific WSN. This example illustrates the different ways in which 
the roures from different target locations to the fusion center are 
generated under our proposed routing metrics and some tradi­
tional routing metrics. In Fig, 4(a), we use a to denote the routes 
found under the traditional minimum-hop routing (min-hop); b 
for the routes under the minimum-energy routing (min-energy); 
and c for the paths under the maximum path detection efficiency 
routing (max-efficiency). In Fig. 4(b), we denote d forthe routes 
identified by the minimum energy rouling with guaranteed de­
tection perfonnance, where we make ijj redundant by assigning 
it a 'large value, and set ¢ = 2D(S) (S is the corresponding 
shortest path from a specific target location to the fusion center). 
Similarly, we use e in Fig. 4(b) for the routes detennined by the 
maximum detection-probability routing under constrained en­
ergy consumption, and set E = 2E( S) . 

In Fig. 4(a), it is observed that for some targets, the min-hop 
paths are not the same as the min-energy paths, even though both 
of them have the same number of hops. This is because min-hop 
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paths may not be unique and we simply pick up Ihe earliest 
identified one. Interestingly in this example, it is seen that for 
the maximum detection efficiency meuic. the nearest sensor to 
Ibe Iarget location is nearly always selected and usually serves 
as the actual source node in the foute. ]t is intuitively pleasing 
that ~js route should stan with the senSOr closest to (he target 
locatIon under teSt However, our joint optimization would nol 
necessarily always pick all the senso~ Ibat are close to the target 
location [cf. Fig. 4(a)l. but instead will trade off closeness to 
Ibe target location (i.e.• Ibose wilb best SNR) against the energy 
consumption of the route. 

Meanwhile. to clearly illustrate the difference between Ibose 
routes. we consider Ibe target location (80, I(0) (labeled as 81) 

in Fig. 4 for example. and list in Table I all the obtained palbs as 
well as the associated parameters of interest 10 Also, by setting 
o =5% for instance, we compute the detection probability PD 
from (7) with respect to each different path. It is not surprising 
to see that both min-hop and min-energy paths lead to inferior 
PD performance to their counterparts under our proposed met­
rics, because detection performance is nOt taken into acCOunt by 
either of them. In addition, these results in Table I also reveal 
that our proposed three routing metrics are suitable to different 
situations. To be more specific. if one has a stringent energy 
budget, he might want to consider using the maximum detec­
tion-probability routing under constrained energy consumption, 
implemented by Algorithm 3. If one cares more about the de­
tection performance (e.g., he wants to make sure the decision is 
at least 95% correct), the minimum energy routing with guar­
anleed detection performance implemented with Algorithm 2, 
would be more suitable to his need. These two routing metries 
~e basically designed to cater for different requirements, but 
In essence, they are not much different, and are actually dual 
to each other. For example, we can set the consuaints so that 
the two metrics provide the same solution. As for the max-effi­
ciency routing, one might consider employing it when there is 
no strict requirement on either energy or detection performance, 
but it is desirable to squeeze the most performance return from 
every unit of energy put in both sensing and routing. 

Funher. to illustrate the affect of the lower bound", over the 
route ~Jection when solving problem B I • we conduct a simple 
expenment for Ibe Iarget location (920. 920) (referred to as 52) 

at the upper right comer of Fig. 4. In this instance, we assign 
y!. different values. i.e .• y!. =D(S).1.5D(S), 2D(S), 2.5D(S). 
and 9.5D(S). For each value of~. we resolve problem 8" and 
record 'he selected path. The results are shown in Table II in 
which we also provide the values of PD for", =5%. Intuitiv~ly, 
different lower bounds 'i!. may lead to different paths. For ex­
ample: when ~ =D(S). Ibe constrained shonest palb is simply 
the mm-energy palb; when ~ = 2.5D(S). Ibe resulting path. 
for ibIS example. happens to be the max-efficiency palb. How­
ever, it should be nOled that due to the discrete characteristics of 

I~e unil (or the detection efficiency ..\(.0) is l;"d . 
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TABLE 11 

PATHS FOUND BY VARYING ¢ IN PRoBL.£.\Il Dl 


FOR TARGET locATION (920, 920); a;;;: 5% 


,;/D(S) 11 E(I1) D(I1) Pn 
1.0 1.284.19"J 30.38%'2- 1 - 2 - q 
1.5 82-43-2-q 2.214.44"J 44.50% 
2.0 '.-9-38-27_q 2.80 5l.t4%5.60"J 
2.5 ". - 41 _ 43 _ 2 _ q 11.62 96 .12%5.61"J 
9.5 82 - 41 - 9 - 28 - 2 _ q 12.286.81 "J 96.85% 

Fig. S. Average parameters of inlerest. 

problem il,: a change to! does not necessarily lead to a change 
In Ibe resulting path. For instance. when we set '" = 9D(S). the 
output of the algorithm remains to be the max<fflciency path for 
the case in Table ll. A similar phenomenon also occurs when we 
solve C I under different energy constraints (i .e.• E). We omit 
funher results and discussion for brevity. 

We also investigate the statistical performance of the three 
routing metrics: min-hop, min-energy, and max-efficiency. 
which are basically parameter free and do not depend on 
any side constraints. In our experiments, we generate 25000 
random sensor placements, and one random target location for 
each sensor placement is tested. We identify the corresponding 
routes and calculate the performance metrics of interest. In 
particular, we compute PD given a = 5%, and use it instead 
of D(n) to represent the detection performance. We average 
these results. and plot them in Fig. 5. For a fair comparison. we 
also plot the empirical cumulative distribution function (CDF) 
of Ibe energy consumption E(n). detection probability PD. 
and detection efficiency A(n) in Fig. 6. From both figures. 
I( IS shown that our max-efficiency routing uses about I IiJ 
more energy than the other two. This is not surprising because 
min~energy routing consumes the least energy and min-hop 
roullng closely resembles it in our experiment set-up. However, 
the superiority of the proposed max-efficiency metric can be 
easily verified from Figs. 5 and 6 by examining Ibe detection 
probability and efficiency. For example. as shown in Fig. 6(b). 
almost 50% of the resulting paths under our metric give a 
detection probability PD which is larger or equal to 90%. 
whIle only around 3% of the palbs under eilber min-hop or 
min-energy metric have such performance. Therefore, using 
a path which consumes a bit more energy than a path under 
the traditional methods. we actually have utilized every unit 
of consumed energy much more efficiently. This demonstrates 
achieving the desired tradeoff between energy consumption 
and detection performance. 
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Fig. 6. Empirical CDF for parameters of interest. (a) Empirical CDF ofenergy 
consumplion E(fl) (in Jll), (b) Empirical CDF of PD in %, (c) Empirical CDF 
of detection efficiency ),(0.). 

VIII. CONCLUSION AND FuTURE WORK 

For a target location problem of great interest, we formulated 
the problem of energy-efficient routing for detection in a wire­
less sensor network under the Neyman-Pearson detection crite­
rion, which relates both the energy consumption and detection 
perfonnance (in tenns of the probabilities of detection and false 
alann) in routing. We also proposed three routing melries which 
strive for a balance between the consumed energy and detec­
tion perfonnance. With respect to each different routing metric, 
we formulated the corresponding routing problem into a com­
binatorial optimization program, and further provided an effi­
cient algorithm for finding the optimum solution based on tech­
niques from operations research. A specific simulation example 
was presented, which illustrates the manner in which the paths 
are selected under these proposed different routing metrics. We 
also provided an example which indicates the impact of the 
side constraint on route selection, and further demonstrates the 

flexibility of our algorithms in balancing various factors. More­
over, Monte Carlo simulation results based on generating a large 
number of random topologies were also given, demonstrating 
how the maximum path detection efficiency metrie achieves su­
perior detection performance and energy consumption tradeoffs 
over the traditional min-hop and min-energy routing metrics. 

Our work, however, can be funher improved and extended. 
For example, one could easily imagine using several paralJel 
routes for robustness. Funher, the detection/routing idea could 
be generalized to include target tracking. It might also be in­
teresting to consider an extensive study of the network lifetime 
jointly with the detection performance in the routing problem. 
This in tum will require more stalislical data with regard to the 
How status of each node, which we did not assume in this paper. 
Further, it would be desirable to develop distributed routing al­
gorithms for multitarget detection and tracking. 

ApPENDIX I 

PROOF OF LEMMA 1 

Proof" Using vectors x, e, and ,po the Lagrangian function 
can be refonnulated into 

T T ­
L(I't, 1'2 , x) =e x + (1'2 -I'')'' x + (/'ly!' -1'21/') 

and the two-side weight conslraint in (10) can be written as 1/) ~"TX ~ ;Po Thus, we have Ihe following: ­

L(I-'I'/-'2) 

= min{eTx + (1-'2 _I-',)"TX + (1-'11/' -1-'2tP)}
xEX ­

< min leTx 
- TXEX,!~", x~ij, 

+ I-'t(y!' - ",Tx) + 1-'2(",TX - ;P)} 
T< min e x 

- T
XEX.!.~'" x~ ij, 

where the equality follows from the definition (15); the first in· 
equalily follows because Ihe minimum of the righI-hand side of 
this inequality is taken over a subset of X (x has to satisfy the 
doubly constrainl as well); and the second inequality follows 
because of the nonnegativity of 1-'1 and JL2. Since the right-hand 
side of the second inequality denotes the optimal value of the 
problem Dl , i.e., 

f • = min eTx 
XE,X,tj:'5"

T 
x'51i> 

' 

we immediately obtain (16). o 

ApPENDIX II 

PROOF OF THEOREM 2 

Proof: By the definilion in (15), L(I-'I,JL2) is linear in x , 
thus the optimal cost remains the same if we allow convex com­
binations of the elements of X. As a result, we have 
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and funher 

£0 = max min £(/1-1 , /1-2,X). 
1'1 .~22::0 xEconv(X) 

Since lhe sel X has finile elements, conv(X) is a bounded poly­
hedron. leI xk, k E K, be the extreme points ofconv(X), where 
K = {1, ... , K} is a finile sel of inlegers. Then, for any fixed 
values of ILl and IL2. we have 

£(/1-1,/1-2) = miu£(/1-I,/J.2,Xk)
kEX: 

which follows from the fael thai for a linear programming 
problem of minimization, there ex iSIs an extreme point which 
is optimal if the optimal cost is not unbounded [44, Theorem 
2.8]. 

Therefore, lhe Lagrangian dual problem is equivalenl 10 and 
has the same optimal value L· as the problem 

max min L(J41 , Jl.2 , Xk )
kEX: 

S.t. 	 /1-1 , 1'2 ~ O. 

By introducing an auxiliary variable z. the above problem can 
be equivalenlly refonnulaled inlo lhe following: 

max z 
s.t. 	 z + /1-1(",T xk -"1:) + /1-2(1[, _ ",TXk) 

S eTx",k E K 

/1-1,/1-2 ~ O. 

Taking lhe linear programming dual of lhe above problem, and 
applying strong dualily [44, Theorem 4.4J, we can see lhal L" 

is equallo Ihe :~m::o(s~ ::~:)I~OWing problem: 

kEX: 

S.t. 	 L Ckk = 1 
kEX: 

'i!. S ",T 	(z= "'kxk) S 1[, 
keK 

"'k ~ 0, k E C 

Since conv(X) denoles lhe sel of all convex combinalions oflhe 
elements in X, we have 

conv(X) = {z= "'k 
xk Iz= "'k = 1, "'k ~ 0, k E K} . 

keK:. keK 

Therefore, Ihe foregoing linear programming dual can be refor­
mulated into 

min 	 eTx 

S.t. 	 'i!. S ",T X S 1[, 

x E conv(X) 

whose optima) cost is equal to L· . 	 o 
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