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Leveraging Prediction to Improve the
Coverage of Wireless Sensor Networks
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Abstract—As sensors are energy constrained devices, one challenge in wireless sensor networks (WSNs) is to guarantee coverage
and meanwhile maximize network lifetime. In this paper, we leverage prediction to solve this challenging problem, by exploiting
temporal-spatial correlations among sensory data. The basic idea lies in that a sensor node can be turned off safely when its sensory
information can be inferred through some prediction methods, like Bayesian inference. We adopt the concept of entropy in information
theory to evaluate the information uncertainty about the region of interest (Rol). We formulate the problem as a minimum weight
submodular set cover problem, which is known to be NP hard. To address this problem, an efficient centralized truncated greedy
algorithm (TGA) is proposed. We prove the performance guarantee of TGA in terms of the ratio of aggregate weight obtained by TGA
to that by the optimal algorithm. Considering the decentralization nature of WSNs, we further present a distributed version of TGA,
denoted as DTGA, which can obtain the same solution as TGA. The implementation issues such as network connectivity and
communication cost are extensively discussed. We perform real data experiments as well as simulations to demonstrate the
advantage of DTGA over the only existing competing algorithm [1] and the impacts of different parameters associated with data

correlations on the network lifetime.

Index Terms—Prediction, temporal-spatial correlations, coverage, network lifetime, wireless sensor networks.

1 INTRODUCTION

AST decade has witnessed the rapid development of

wireless sensor networks (WSNs) [2], [3], [4], [5], [6].
Consisting of a large number of small-size limited-
capability sensor nodes, WSNs are widely used in a variety
of application scenarios such as surveillance and environ-
ment monitoring. In all these scenarios, a fundamental
concern is the quality of sensing, which is often referred to
as coverage and quantifies the collected information about
the region of interest (Rol). Traditional approaches to
coverage are based on the idea that we can have complete
knowledge about the Rol if every point in the Rol is
covered. They use a perfect disc sensing model, and resort
to computational geometry to get an optimal deployment of
sensor nodes [2], [3], [7]. To ensure fault tolerance, k-
coverage solutions have been proposed to guarantee that
every point in the Rol is covered by at least k different
sensor nodes. Traditional approaches offer general ways to
address coverage, however, they do not exploit the unique
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characteristics of applications to enhance energy efficiency.
Hence, they are conservative and, when used, will greatly
restrict the network’s potential in longer term sensing. For
example, in target tracking [8], coverage holes may exist
and the performance of a WSN can be acceptable as long as
any moving object or phenomena can be detected before it
travels farther than a predefined distance threshold
(regardless of its trajectory and speed). If we enforce the
coverage of every point in the Rol, a large amount of energy
will be squandered and the network lifetime will be
shortened as a result.

Due to the limitation of traditional approaches on
prolonging network lifetime, researchers are more inclined
to address coverage for a specific application scenario [8],
[9]. In [9], the statistical characteristics of event dynamic is
exploited to duty cycle sensor nodes in the applications of
event monitoring. The existence of coverage hole at certain
time will not impact event detection ratio if events are
absent during that time. It is shown that the network
lifetime can be prolonged significantly only at a minor
increase of event loss. And, it is also confirmed that prior
knowledge of event dynamic is important to energy
efficiency. Inspired by their work, we focus on how to
extend network lifetime by exploiting prior knowledge of
data structure in this paper.

Spatial data, e.g., temperature, collected by sensor nodes
is well recognized to have strong temporal and spatial
correlations [10]. We aim to exploit such correlations to
improve energy efficiency and guarantee the coverage of
WSNSs. The basic idea is that once the sensory information at
a sensor node can be predicted by other nodes, the node
may be turned off safely without undermining coverage
performance. How to select a set of active sensor nodes to
perform prediction for inactive nodes is therefore essential
to energy saving.

We measure the expected prediction error, also referred to
as uncertainty, of the information at inactive sensor nodes by
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entropy, whichis a well-known submodular set function [11].
Werefer to a set of sensor nodes as a submodular set cover if only
activating sensor nodes in the set can achieve no information
loss about the Rol by using the entropy metric. Associating
each sensor node with an energy-related weight, the problem
boils down to finding a submodular set cover at each time slot to
extend the network lifetime, i.e., minimum weight submodular
set cover (MWSSC) problem.

As the MWSSC problem is NP hard [12], we concentrate
on approximation algorithms. Greedy algorithm (GA) [12]
has been proposed to solve the general MWSSC problem,
but it has two limitations: 1) it is a centralized algorithm
and does not fit the decentralized nature of WSNs, and 2) it
has an implicit, possibly unbounded, performance guaran-
tee, in terms of the ratio of the obtained total weight to the
optimal one. The goal is then to design an MWSSC solution
without these drawbacks to duty cycle sensors for joint
optimization of coverage and network lifetime in wireless
sensor networks.

Our contributions are threefold: 1) the formulation of
MWSSC problem for sensor activity scheduling for joint
optimization of coverage and network lifetime, and the
design of algorithms that provides a e-approximation
solution to MWSSC, 2) the investigation of implementation
issues, and 3) the performance evaluation of the proposed
algorithms. Here, ¢ is application-specific. It can be
determined by the threshold within which the missed
information will not impact the reconstruction of the
information field.

To solve MWSSC, we propose a truncated greedy algorithm
TGA. We obtain an explicit performance guarantee of TGA,
proving that the weight of set cover obtained by TGA is less
than w(C(OPT))(1+ In¢) + Nw, where w(C(OPT)) is the
weight of set cover found by optimal algorithm, ¢ and @ two
constants only dependent on the problem itself, and N the
number of sensor nodes. We then show that TGA can be
easily modified to obtain a desired fully distributed version
DTGA, where each sensor communicates only with sensors
in its data correlation range (CR) instead of the whole
network. We prove that DTGA finds the same submodular
set cover as TGA.

We investigate the implementation issues of DTGA. One
issue is how to model the correlations among data and to
perform prediction. We introduce Gaussian process (GP) [13],
to model the intrinsic temporal-spatial correlations for a
specific type of sensory data and, adopt Bayesian inference
to make predictions [14]. Gaussian process offers a
systematic framework for model learning and selection,
and possesses many advantages such as easy interpretation
of model predictions. It is fully specified by a mean and a
covariance function. Based on the real temperature data
collected from US national climatic data center (NCDC)
[15], we illustrate how to select and train a practical mean
and covariance function. We also discuss other issues, e.g.,
network connectivity and communication cost, etc.

We performreal data experiments as well as simulations to
verify our theoretical findings and demonstrate the advan-
tages of DTGA. Real temperature data from US weather
stations are incorporated to illustrate data modeling and
demonstrate the effectiveness of DTGA. In addition, exten-
sive simulation is conducted to evaluate the impacts of
different parameters of covariance functions on the network
lifetime under DTGA. Our simulation results show that

DTGA can achieve a significantly longer network lifetime
compared with the only existing competing algorithm [1].

The remainder of the paper is organized as follows:
We discuss existing work on coverage in Section 2. We
formulate the MWSSC problem in Section 3. We propose a
centralized truncated greedy algorithm to solve this
problem in Section 4 and the distributed TGA, i.e.,, DTGA,
in Section 5. We discuss some implementation issues in
Section 6 and validate our algorithms through simulation in
Section 7. We conclude the paper in Section 8.

2 RELATED WORK

Coverage is a fundamental problem in WSNs. Traditional
solutions adopt a perfect disc sensing model [16]. A point in
the Rol is said to be covered by the sensor network if it falls
into the sensing range of at least one sensor node.
Deterministic solutions [17], [18], [19] has been investigated
to deploy a minimum number of sensor nodes to ensure
k(k > 1) coverage as well as connectivity. As deterministic
deployment could incur huge management and implemen-
tation cost, random deployment is more popular. Ongoing
efforts [2], [20], [21], [22], [23] have been invested to
conceive scheduling schemes to guarantee coverage and
enhance energy efficiency. Tian and Georganas [20]
calculated, by computational geometry, whether the sen-
sing region of a sensor node is covered by the union sensing
region of its neighbors, and proposed a coverage-preserving
node scheduling scheme to duty cycle sensor nodes accord-
ingly. This method was adopted and further developed in
[9], [24]. Zhang and Hou [2] considered joint coverage and
connectivity problem, and indicated that full coverage of a
convex region implies connectivity if the communication
range is at least two times of sensing range. They also gave
a set of optimality conditions for scheduling sensor nodes,
by which a distributed algorithm was proposed.

Recent studies focus on some new performance metrics of
coverage in specific applications. These studies neither
assume a perfect disc sensing model or impose a conservative
requirement of no coverage hole. One of the performance
metrics is information coverage, which assumes a probabilistic
sensing model [25], [26]. A point (where an event may occur) is
defined to be covered if the absolute value of the estimation
error of received signalsisless thana threshold. The concept of
information coverage is further employed to design an efficient
and robust barrier coverage in [26]. Balister et al. [8]
introduced trap coverage in the applications of tracking,
evaluating the coverage by a threshold, within which any
moving object can be detected by the networks. They
estimated the deployment density required to satisfy trap
coverage if sensor nodes are deployed according to Poisson
point process. He et al. [9] focused on applications of
stochastic event capture and demonstrated for the first time
that event dynamic can be exploited for sleep scheduling and
significantly prolonging the network lifetime. Xing et al. [27]
demonstrated that inclusion of data fusion can improve the
coverage of the networks. They used false alarm rate Pr and
detection probability Pp to determine whether a point is
covered or not.

The most relevant work to ours presented here is [1],
which exploited the spatial correlation to select a subset of
sensor nodes for efficient data gathering. However, it
focused only on the spatial structure of sensory data,
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overlooking the spectrum of temporal dimension. Because it
used linear regression to model the correlations, the results are
hard to generalize and apply to other applications. In this
paper, we address temporal-spatial correlation of data and
adopt Gaussian process, a generalization of linear regression,
to model the structure of sensory data. Gaussian process
provides a systematic framework for model selection, and
makes it easy to interpret the model predictions. Based on
Gaussian process for prediction, we formulate the problem
of minimum weight submodular set cover for energy-efficient
coverage. Simulation results indicate that our approach can
significantly extend the network lifetime compared with [1].

3 PROBLEM FORMULATION

We consider a wireless sensor network with N nodes
densely deployed in a geographic region of interest.
Without loss of generality, we will also use N as the set of
sensor nodes throughout the rest of the paper. Each sensor
node can collect sensory information about its surroundings
and report the information to the sink node through
multihop message relay. Initially, Rol is completely covered
by the sensor network, and the full coverage can be verified
through the existing work of coverage hole verification [28].
This is reasonable as sensors are densely deployed. Under
this circumstance, there is no information loss about the Rol
if we know the information gathered at every sensor node.
Each sensor node i has a unique identifier ID; and a
transmission range R;. It knows its own location through
GPS or other localization techniques [29].

The operation time of the WSN is divided into time slots.
Due to the dense sensor deployment, there is wide existence
of temporary and spatial correlations among sensory data
[10]. Each sensor node i is associated with a random
variable X;,i € N, which denotes the values of sensory
information at node . Let C be a subset of NV and X denote
a set of random variables indexed by sensor nodes in C, i.e.,
Xco = (Xj);cc- A sensor node ¢ has a correlation set R;(t)
composed of sensors whose data are currently spatially
correlated with ¢ at slot ¢. Denote the diameter of a
correlation set R;(t) by R;(t), which is defined as the largest
distance between any two arbitrary nodes in R;(t). Let R(t)
be the largest diameter of all R;(t), i =1,2,...,N. Due to
temporal correlation, data gathered by nodes in R; at slot
t',t'=t—1,t—2,..., may be correlated with that collected
by node i at current slot t. Let R;.(t) denote the largest
number of past time slots, within which sensory data are
considered to be correlated with that at current slot t.
Hence, Ri(t) = {R;(t),Ri(t—1),...,Ri(t — Ri.(t))} is the
correlation set of node i. Let z;(t) be the value of
information gathered by sensor node i,i € N at time t.
Obviously, z;(t) is a sample value of X; at time ¢. If data
sensed at node i can be inferred by data from its correlation
set R;, ¢ can be turned off without any degradation of
coverage performance. Denote the entropy function by H{(-).
For a set of random variables X¢ (C = {1,2,...,m}), H(X¢)
is the joint entropy, that is,

H(Xe) = —/ Pr(zn, ... o)
Tipeeisin

logPr(xy,...,xp)dx; ... dx,.

From the perspective of information theory, x;(t) can be
inferred if and only if the conditional entropy

H(X;|XR,) = —/

T, TR,

Pr(z;, zr,) log Pr(z| R, )dzidyy

will approach zero. The smaller the entropy, the more we
know about the unknown information.

We adopt the same energy consumption model as used in
[30]. We assume each sensor node ¢ € N has an initial energy
of E;. Denote by [;(t) the energy consumed at sensor node ¢
before time slot . At the beginning of each time slot, a node
selection algorithm (NSA) is executed. Any sensor node
selected by NSA should be active during the current slot
while others may go to sleep. Without loss of generality, we
further assume E; is an integer, and one unit energy will be
depleted if the sensor is scheduled to be active at the slot.
The network lifetime is defined as the number of time slots
before the first sensor node in the network runs out of energy.
We concentrate on how to conceive a NSA in order to
maximize the network lifetime. Before formally formulating
the problem, we give the following important definitions.

Definition 1 (Submodularity). A set function f is submodular
if and only if f(AUS) — f(A) > f(BUS) — f(B) for any
set S, A, B, satisfying A C B.

According to [11], entropy H(-) is a submodular set
function. For ease of presentation, we use H(C) instead of
H(X¢) to denote the entropy of X¢ when there is no
confusion.

Definition 2 (Weight). Assume each sensor node i is associated

with a weight w;, and A is a set of sensor nodes, then the
weight of A is defined as

w(A) = Z w;.

€A

The weight of a sensor node i, w;, can be interpreted as
the cost incurred when 1 is activated. In this paper, w; isa
function of the residual energy of node 4, e.g., w; =k &,
where & is a constant.

Definition 3 (Submodular set cover). A subset C of N sensor
nodes is a submodular set cover if and only if 1) any sensor
node i,i € C, has a residual energy no less than 1 unit, and
2) H(C)=H(N). C is said to be e-approximation
submodular set cover if the condition 2) is changed to
H(C)> H(N) —e.

With the definitions above, we formulate the minimum
weight (e-approximation) submodular set cover (MWSSC/e-
MWSSC) problem as follows:

Definition 4 (MWSSC/e-MWSSC). Given a sensor network
consisting of N nodes, each with a weight w;, the MWSSC/
e-MWSSC problem is to find a subset C of N with
minimum aggregate weight, such that C is a (s-approx-
imation) submodular set cover, i.e.,

gy w(©)
N (1)
st. H(C)=H(N) (or H(C) > H(N) —¢).
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Notice that, when ¢ approaches zero, e-MWSSC approaches
MWSSC. In the sequel, we mainly focus on e-MWSSC to
give a general solution.

4 TRUNCATED GREEDY ALGORITHM

As proven in [12], the general submodular set cover
problem is NP-hard. Therefore, we focus on designing an
efficient approximation algorithm to solve the minimum
weight submodular set cover problem.

Due to the monotonicity of submodular set function,
greedy algorithm is a competitive candidate. However,
existing proposed greedy algorithm has two significant
drawbacks, which make it unsuited to apply in this paper.
The first drawback is that general greedy algorithm is a
centralized algorithm, and difficult to implement distribu-
tively. The second one is that it has an implicit, possibly
unbounded performance ratio in terms of the obtained
aggregate weight to the optimal one [12].

We propose a centralized truncated greedy algorithm to
overcome these drawbacks, with a minor performance
degradation, i.e., TGA finds an e-approximation submod-
ular set cover. We derive an explicit performance guarantee
of TGA. In the next section, we modify TGA to obtain a
distributed algorithm.

Let pi(A) = H(AUi) — H(A). Denote by C* the sub-
modular set that TGA finds at iteration k, S the set of sensor
nodes that have decided to go to sleep. At each iteration &,
TGA calculates p;(C*~!) for every sensor i € N\ C*1\ S,
removes the sensors who have p;(C*™!) less than £, and
adds into set C* the sensors i, € N \ C*71\ S, satisfying

Wi

= 1e1\\0k ns pi(CH1)°

The algorithm terminates when set N\ S\ C* is empty or
H(C*) = H(N). We sketch TGA in Algorithm 1.

Algorithm 1. Truncated Greedy Algorithm (TGA)
DEk=0;,CF=0,5=7;
if H(®) = H(N),
then stop and return ®.
) k=k+1;
if p;(C*1) < & forie N\ CH1\ S,
then add 7 into S, i.e., S=SU7q;

let
wj

LEN\C" ns p;(Ck= 1)
if there are multiple nodes selected as iy,

then let i;, be the one with minimum ID;
add i, into set C*, i.e.,

Cck=cCkFluy Tk
let w,
01«, — 3 :
pi, (C*F1)

3) if N\C"\S = ® or H(C*) = H(N),
then let T = k, stop and return ol
otherwise go to step 2).

Remark. From the process of TGA, the total information
loss H(N) — H(CT) can be bounded by

H(N)-H(C") =

Z Pi(CT)

ieN\CT

< p(c") < Z <e.
€N 7eN
Therefore, TGA finds a e-approximation solution to
MWSSC.

The rationale of TGA is: if adding a sensor node into the
submodular set cover hardly contributes to the increase of
information about the Rol, we remove it from the candidate
set. The algorithm has an advantage of avoiding (possibly)
the extremely low-convergence rate of the algorithm. Below
we will give a theoretical bound of the performance of TGA.

Lemma 1. Assume 0 < a; <ag <---<a, and by > by >

>b,>0. Let L=)"" faj( —bjr1) + anb, = arb; +
Z;-I;ll (aj+1 — aj)b]-%—l- T]’IETZ
Qp, bl
L= max a; ibi) |1 +1r1m1n(— —)}
( ! ) |: ap bn
Proof. See detailed proof in [12]. O

Let W = max;ecyw;, w = mineyw;, p = maxle Npi(P) where
® represents empty set, { = “’_ﬁv ,and o = 757 Denote the
submodular set covers with minimum weight obtained by
TGA and optimal algorithm, respectively, by C(TGA) and

C(OPT). We have the following Theorem:

Theorem 1.

w(C(TGA)) < w(C(OPT))(1+1In¢) + Nw. (2)

Proof. Consider the following linear programming P, and
its dual problem P.

min Z(u& +a)y

ieN
> pi(C* Yy = H(N) = H(C)
ieN
k=1,2,....T,
and
max Z(H H(C"1))z,
. 3)
s.t. Zpi(Ckfl)zk <wij+a,i€N,
k=1
where C*, k=1,2,...,T -1, is the set cover obtained by
TGA at iteration k, and C° =
Obviously, for each i€ N pi(CY) > p;(CH) > -+ >

pi(CT=1) > 0. Due to the termination condition, pZ(C ),
i € N, is either 0 or less than ;. Let k; be the iteration
that satisfies

pi(C) =~ and p(CP) <

N .

According to the greedy selection of 6%, k=1,2,...,T,
0< @' <P <---07,and 0%p;(C* 1) <w;, Yk =1,2,... .k,
and we have
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T
0'p:i(C°) + D (6" — 0" )pi(CFY)
k=2

ki

<0'p(CO)+> (0" -

k=2

T
+ > %(eh

k=ki+1

ki
< max {0%, (okfl)}( Zl) +]3V(9T o

12,..,

0" o (CF)

ek—l)

< wi(l—i—lnC) +w.

The second inequality holds because of Lemma 1 and
the fact of >, (6" — 6""1) =67 — 6%; the third one
holds because 67 = min;cy\ o1\ g pu(é‘;},,) < N"“l’;’éw‘ = A“

Let © = (01,0> —6',...,0T —6""1). Then, T © is a
feasible solution of linear programming PF». Let
D(T%n( ©) be the objective value of (3) corresponding
to the feasible solution %hv(@’ w(OPTy) and w(OPT3)
be the optimal values of Problem P, and P, respec-

tively. We have

D<1 +11n<@) i +11n< {HI(H(N) ~ H(C"))
+Z

w(OPTg)

9k 1 N) _ H(Ckfl)} (4)

= w(OPTl)

On the other hand, the w(C™') obtained by TGA is given by

T
= Z Wi = Zpikak

ieCT
SQT(H( ) — H(C™)
T-1
F () - B o)
k=1

300 - 0 H) - HCH)
k=2
=1 +lnC)D<1 +1lnC®)

< (14 InQ)w(OPTy).

The first inequality holds because H(C?) < H(N), and
the fourth equation holds according to (4).

Consider the following three linear integer program-
ming problems:

min Z(wl +a)y
ieN
S pi(A)ys = H(N) = H(4), AC N
i€EN
Yi € {07 1}

Py: min Z(o.h +a)

and

s.t. H(A) = H(N), AC N.

Denote the optimal solutions of P, Py, and P; by OPTs3,
OPT,, and OP1T5, respectively. Obviously, P, is a relax
of P;, leading to w(OPT;) < w(OPT3). For ACN,
Yiealwi + @) < 3.4 wi + Na. Therefore, we have

w(OPTy) < w(OPT5) + Na,
from which we get
w(OPT3) < w(OPT3) < w(OPTy) < w(OPT5) + Na.  (6)
Combining (5) and (6), the proof completes. O

5 DisTRIBUTED TGA (DTGA)

The proposed TGA in the previous section is a general
centralized algorithm, which is impractical due to the
decentralized nature of WSNs. In this section, we
introduce a distributed truncated greedy algorithm, ob-
taining the same set of submodular set cover as TGA for
the MWSSC problem.

At the beginning of each time slot, DGTA is executed to
select a submodular set cover from all functional sensor
nodes. The selected nodes are activated in the current slot,
while other nodes can be turned off. Denote by C; the subset
of R, that has already decided to be active, S the subset of
R, that has decided to go to sleep. Let ¥ = S{cy at iteration
k. We describe DTGA briefly. Without amblgulty, we use C}
instead of C! at iteration k. Initially, each sensor sets C; = ®
and S; = ®. At iteration k, each sensor ¢ calculates its own
pi(C;). Tt decides to go to sleep if p;(C;) < & and transmits a
SLEEP message to nodes in R;; otherwise it transmits a
message including ¥; and ID; to nodes in R;. Upon
receiving the decision message from nodes in R;, sensor
node i first adds node j into S; if it receives a SLEEP
message from j, and then compares its o; with ¥;,
Jje R\ (C;US,)). If its ¥; is the only smallest, or if its ¥; is
the minimum and it has a minimum ID, then it sends an
ACTIVE message to the nodes in R; \ (C; U S;); otherwise, it
keeps silent. This process continues until each node has
decided to be either ACTIVE or SLEEP. We sketch DTGA in
Algorithm 2.

Algorithm 2. Distributed TGA (DTGA)
Nk=0,C=0,8=0i=1,2,...,N;
k=k+1;
a) each sensor node i computes p;(C;); if p;i(C;) < %,
the node ¢ selects to go to sleep, and sends a
SLEEP message to the nodes in R;\(S; U C;);
b) each sensor node ¢ receives message from nodes
in R;\(S; U C;); if it receives a SLEEP message
from node j, then S; = S; U j;
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c) each sensor node i compares its 9% with
0%, § € R\(Si UGy); let ¥; = {jlminjep(suc,) 5}

if node ¢ € ¥; and it has a minimum ID in the set
¥;, then i marks itself ACTIVE, and sends an
ACTIVE message to nodes in R;\(S; U C);

d) each sensor node i receives messages from nodes
in R;\(S; UC;), and updates its C; = C; U j if it
receives an ACTIVE message from node j;

3) if every node has marked itself either ACTIVE or

SLEEP, then terminate; otherwise go to step 2).

Remarks. 1) At the beginning of each time slot ¢, DTGA will
be executed to select a submodular set cover. Each sensor
node knows which sensor node in its correlation set is
selected to be active at past time slots, and the information
can be automatically included for prediction. Therefore,
although each sensor node i has a correlation set R;, it only
needs to communicate with nodes in its spatial correlation
set R;. The inclusion of temporal correlation does not
bring any extra communication cost, and 2) In DTGA, each
sensor node makes its decision according to local
information, overcoming the drawback of global commu-
nications. Hence, DTGA is a distributed algorithm.

Theorem 2. Given the same weights w; for i € N and data
correlation model, TGA and DTGA produce the same
submodular cover set.

Proof. Our proof is based on [30, Theorem 3]. Let C} =
{v1,v9,...,0} and Cy = {u1,ug,...,u,} be the submod-
ular set cover obtained by TGA and DTGA, respectively.
Denote by 19 " the value of ¥, when v; is selected by
TGA at time km and by 19 ” the value of ¥,, when w; is
selected by DTGA at time ku, To facilitate the proof, we
sort the elements 1ncreas1ng1y in C; and C; by their ;"
and 192“; ,i1=1,2,...,m, 5=1,2,...,n. Without loss of
generahty, we still use C; and 02 to denote the sorted
sets. We have the following two observations:

1. ¥ value of each node 7 is an increasing function of
time, i.e., 19}“ < 19"’ 19"’, when k; <k, <
A

2. fujeR, (oru €R, )andﬂ“' <19“’ then w;
should be selected by 'DTGA earlier than uj, ie.,
ku,, < ku,j

The first observation is valid as p,,(C;) is a decreasing
function of time. We can get the second observation by
contrad1ct1on If k, <k, by observation 1), we have
¥y "f < 19 i<, ’ Hence at time k,;, node u; should be
selected 1nstead of u; according to DTGA which violates
the assumption. In the following, We show C; = Cs.

We first show C; = Cy when C; C Cy or Cy, C Cy. If
Cy C C;, TGA will terminate when it obtains Cy as C»
is already a e-approximation submodular set cover.
Hence, C; = Cy in this case. When C; C (5, consider
the time k,,,, when DTGA selects the node u,, 1. As
V| = Uy, V3 = Uy ..., Vpm = Up, NOde u,,; has the same
set of C,,,, at k,,, by DTGA as that by TGA, thus
y,,., under two algorithms are the same. According to
TGA, the algorithm terminates only when p;(C™) < &,
j€ N\ C™. Therefore, node wu,,; should not be

selected in the set C;, which violates the fact wu,, €
Cs. Hence, C; = Cs.

Let j be the first index that satisfies v; # u;. We now
show C; = Cy when C} € Cy and Cy € C, by demonstrat-
ing that 9, > 9, or D >k191, cannot hold. As v; =,
l=1,2,... ,] 1, 191 2 =U,,. TGA should select u;
instead of v; when 19 v, > Uy, as TGA is a centralized
algorithm. Therefore, ,, > ¥,, cannot hold and we only
consider ¥,; < ¥,;. If v; € Ry, in the DTGA, v; should be
selected earlier than u;, violating the fact that u; is selected
earlier than v;. So v; € R,,. In TGA, at time k,,, p,, (C’k i) is
larger than ¢ as it is not selected by the algonthrn before
ky,. In DTGA at least one sensor node should be selected
tomake p,;, < %. Wenote that v; cannot be selected. This is
because ¥, < ¥2,, and C, is increasingly sorted by 4.
Assume node w18 the flrst node in R, selected by DTGA
at time k,,, and thus 192“7’1 < 192“7’, Thus, we have

k

v Fou; \
i i 1 Ky
191,'1@ - 192,1', - 7‘92 vj >

ku
2u; = 192,’;7’
which violating the assumption 91, < 924

Therefore, we get ¥,; =9,,, which correspondingly
leads to the conclusion of v; = u;. The proof completes. O

6 IMPLEMENTATION ISSUES

In this section, we discuss the implementation issues of
DTGA, which follows the procedure: 1. model data
correlation and perform prediction, 2. detect the termina-
tion of network lifetime, 3. guarantee network connectivity,
and 4. discuss about the communication cost of DTGA.

6.1 Correlation Modeling and Prediction

We discuss how to model data correlation and perform
prediction for inactive sensor nodes, based on which the
conditional entropy function is derived.

Gaussian process is widely applied for model selection
and prediction [31]. It is fully decided by a mean function
M(z) and a covariance function K (z,z') (See [13] for large
collection of existing literatures on covariance functions).

When a Gaussian process with some hyperparameters
are selected for an application, the next step is to train the
model, i.e., to specify the parameters in the selected mean
and covariance functions in the light of available data. The
basic idea is to choose hyperparameters that best fit the
available data. Similar to maximum likelihood estimation,
the log marginal likelihood function, denoted by L, can be
used to evaluate the probability of fitness [14]

= log Pr(f,|z,P)
= —0.51og |K| — 0.5(f,
- glOQ(Qﬂ-)a

—w)'K(f, — m)

where z and f, are the input variables and output values of
available data, respectively, P are the hyperparameters, u is
mean values of f,, and K is the covariance matrix of z.
Since L is a function of hyperparameters P, by maximizing
L based on its partial derivatives, we can get the values of P



HE ET AL.: LEVERAGING PREDICTION TO IMPROVE THE COVERAGE OF WIRELESS SENSOR NETWORKS 707

oL vy OM

87)]\,] = _(f;l: - /‘L) K apj\,j ) (7)
oL 1 0K
Pe 2 trace (IC 8731()
1 oK _, 0K

(8)

where Pj; and Px denote the hyperparameters of the mean
and covariance functions, respectively. Proper hyperpara-
meters P can be obtained from (7) and (8), possibly with
the help of a numerical optimization method, e.g.,
conjugate gradients.

We now show how to perform prediction by Gaussian
process. Denote fp the function values of the known
variable set xp, and f, the values of unknown variables
z.. A good property of Gaussian process is that the
posterior distribution for a specific set of unknown
variables conditioned on a given variable set is still a
Gaussian process [14]

f*|fL'D = gP(]\/[*7K*)7 (9)

where

M,(z) = M(z) + K(zp,z) K™ (fp — Mp),  (10)

K.(z,2') = K(z,2') — K(zp,z) K ' K(zp, z),
(11)

where K(zp,z) is a vector of covariances between every
variable in xp and z, K is the covariance matrix of xp, and
Mp is the mean vector of xp.

Remarks. 1) Equations (10) and (11) are central for
Gaussian process predictions. Note that posterior
variance function K,(z,z’) is smaller than prior
variance function K(z,z’) because K.(z,z') equals to
K(z,2') minus a positive term. This means we can
reduce the uncertainty of unknown data by using
available data. 2) The conditional entropy H(z|zp) =
pup(x) = Llog(2meK, (z,x)) [11]. Therefore, by using
Gaussian process, the conditional entropy p;(A4) in
Algorithms 1 and 2 is very easy to calculate.

6.2 Network Lifetime

At initiation, all the sensor nodes are turned on. They sense
information from the geographic Rol and route it through a
multihop path to the sink node, where all the collected data
are used to train a Gaussian process. The sink node
broadcasts the Gaussian process model to the network,
which is used by each sensor node to build its own R;.
Then, each sensor node sends its location information and
ID to the nodes in R;. A synchronization technique, e.g.,
[32], is adopted to synchronize the entire network, and
wake up the sleep node in the current time slot at the
beginning of next time slot. At the beginning of each time
slot, DTGA is executed to activate a subset of sensor nodes
until the network lifetime is declared to be terminated.
According to the definition of network lifetime, the
network terminates when one sensor node runs out of
energy. With the operation of the network, some nodes fail
due to factors such as hardware failure or energy depletion.

The network can be considered to be working as long as the
remaining sensor nodes can guarantee no information loss
about Rol. We adopt the most frequently used definition of
network lifetime to show a theoretical lower bound of
network operation time. Under this definition, each sensor
can detect the termination of network when at least one of
its neighbors is dead.

6.3 Network Connectivity
By using a process similar to [2], the submodular set cover
selected by DTGA is also a connected cover when R; > 2R.
However, this cannot always hold in practice. When R is
much larger than R,, connectivity cannot be guaranteed.
There are two approaches to deal with the connectivity
issue. First, each sensor node stores its collected data in its
memory and transmits the data to the sink node at the
beginning of next time slot. Since all sensor nodes will be
activated to execute DTGA at this moment, the network is
connected. The second approach is to activate more sensor
nodes as relay nodes to ensure connectivity. Approximation
algorithms for Steiner tree problem [33] can be introduced to
select relay nodes, after DTGA is executed to get a
submodular set cover. The first approach can avoid
selecting more sensor nodes, while the second one can
transmit data to the sink node with less delay. With respect
to application requirement, one approach can be selected to
address the connectivity problem.

6.4 Communication Cost

The communication cost for each sensor node ¢ during the
execution of DTGA at the beginning of each time slot depends
on the cardinality of correlation set R;. When the correlation
diameter R; of sensor node i is large, i has more chance to go
to sleep, thus longer lifetime. However, this gives arise to
huge communication cost needed to execute DTGA, since
nodes in R; can be node i’s k(k > 2)-hops neighbors. At the
beginning of each time slot, each sensor node i has to
exchange messages with nodes in R; through multiple hops.
Therefore, the correlation set R; for each node 7 should be
carefully determined in order to trade-off between longer
lifetime chance and larger communication cost.

There are two ways to determine the correlation set for
each sensor node :. First, it is to use correlation coefficient. In
GP, the correlation coefficient between sensor nodes 7 and j,
denoted by c;;, can be determined from the covariance
function K (-,-). Using ¢;;, node i can decide whether j is in
its correlation set R;: j is in R; if ¢;; > th, where th is a
constant threshold. The other way is to use spatial distance
to decide if a sensor node j is in the correlation set of sensor
node i. For example, we can use R =2R, as a threshold,
within which two sensors are considered highly correlated.

7 PERFORMANCE EVALUATION

In this section, we use real data collected from US National
Climatic Data Center [15] to perform data modeling and
algorithm evaluation. We also conduct extensive simulations
to evaluate the algorithm performance under various
parameter settings.
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Fig. 1. Real weather data of US in 2008.

7.1 Evaluation Using Real Data

We use the average temperature of each day in year 2008
collected from 224 weather stations in US to test data
modeling and prediction in DTGA. The location of these
stations are marked in Fig. 1a (both blue and red squares).
Without loss of generality, we transform latitudes and
longitudes of the stations into intervals [0,90°] and [0, 180°]
by subtracting two constants, respectively. We get the
monthly average temperature of each station to train the
correlation model, and the annually average temperatures
are depicted in Fig. 1b.

To facilitate data modeling, we need to find proper
mean and covariance functions to specify a Gaussian
process. From Fig. 1b, we can see that the annually
average temperature at each weather station is roughly a
decreasing function of the latitude. We adopt the mean
function as follows:

M(z) =

(a1t2 + ast + a;;)(a4$1 + asxs + a’()’)v (12)

where z = (t,z1,%2), x1 and z2 correspond to the longitude
and latitude of a weather station. For covariance function,
we use rational quadratic covariance function to model the
temporal as well as spatial correlations [13], i.e.,

240 pry\ —® 2\~
ALY (Y
2¢m 2vp

where di(t',t") =|t' —t"|, and dy is the shorter surface
distance between two points on the earth.

I(C#,x”)::A2(l (13)

Temperature ( ° C)
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Longitude

Fig. 2. Prediction error at each location by using DTGA.

We use the training process described in Section 6.1 to get
the prior Gaussian process. The obtained parameters of mean
and covariance functions are a; = 0.0398, as = —0.2393,
a3 = 2.9282, a4 = —-9.6994, a5=—0.8006, ac=5.7541,
A=172581, n=21238, ¢ =0.1602, 8=0.0980, and =
0.0266. Codes about the training process in different
programming languages can be obtained in [34].

We proceed to validate the efficiency of our proposed
DTGA algorithm. To do this, we regard each weather
station as a sensor node, from which we have a wireless
sensor network with a temporal and spatial correlation
model. We set the transmission range between two sensor
nodes to be R, = 0.7 x 10 m. We find that temporal and
spatial correlations between sensor nodes are very high.
Hence, we adopt the second approach discussed in
Section 6, i.e., use spatial distance, to decide the correlation
set for each sensor node. Hereafter, unless otherwise stated,
we set Ry, = 3, R; = 2R, Vi € N, to trade-off the benefits of
correlations and communication cost.

We run DTGA within MATLAB, using real data to
validate the efficiency of DTGA algorithm. Since we have
obtained monthly average temperature at each weather
location, we can regard each month as a time slot. At the
beginning of each time slot, DTGA is executed, and
the selected sensor nodes are activated in the current slot.
We calculate prediction values of inactive sensor nodes by
using the data of active sensor nodes in current and last
three slots (when ¢ = 1, only data of current active nodes are
used). More than one third of sensor nodes in the
experiments can be turned off to save energy without
degrading the sensing performance at each time slot. Due to
space limitation, we only take the algorithm results in the
forth slot (the first slot that can exploit data correlations of
previous three slots and current slot). In Fig. 1a, the active
sensor nodes (weather stations) are marked in red squares
and inactive sensor nodes in blue squares. The correspond-
ing prediction errors are plotted in Fig. 2, from which we
can see that the prediction error at each inactive sensor node
is very small. Although a large number of sensor nodes
are turned off, the sensing quality of the network is almost
not degraded. The average prediction errors at each slot are
summarized in Table 1. Obviously, the average prediction
error at any slot (1-12) of each inactive sensor node is less
than 0.75. All these validate the efficiency of DTGA.
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TABLE 1
Average Prediction Error of Each Month by DTGA

Month 1 2 3 4 5 6
Prediction error|0.4469 [0.5931 [0.5606 |0.5131 |0.6930 |0.6160
Month 7 8 9 10 11 12
Prediction error|0.6358 [0.5334 |0.5214 |0.7479 |0.7109 |0.5572
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Fig. 3. Network lifetime and ANNCR under different spatial
correlation ranges.

7.2 Evaluation through Simulation

In the previous section, we evaluated the algorithm
performance using real data with fixed parameters. In this
section, we shall demonstrate the algorithm performance
over different network settings and correlation parameters.

Let n = 100 sensor nodes be deployed to a [0, 50] x [0, 50]
(longitude x latitude) area according to uniform distribu-
tion. We set initial energy of each sensor node to be 50 slots.
One slot energy will be consumed if a sensor node is active
at one time slot. We use the first strategy for connectivity
mentioned in Section 6. The constant « in the weight w; is set
to be ¢, i.e., the natural base. We use the same mean and
covariance functions as specified in (12) and (13), but with
different values of parameters. First, we vary the spatial

correlation range R,. to be R;, 2R;, 3R;, 4R;, and 5R;,
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Fig. 4. Network lifetime and ANNCR under different temporal
correlation ranges.

meanwhile other parameters are fixed. Other simulation
settings are the same as those in Section 7.1. We run the
simulations for each setting 100 times to eliminate the
random deviation, and the corresponding network lifetimes
are plotted in Fig. 3a. From this figure, we see that the
network lifetime increases with the spatial correlation range.
This is because as the correlation range becomes larger, each
sensor node in the network will have more correlation
neighbors (see Fig. 3b), thus more chance to be inactive.
However, as aforementioned in Section 6, the communica-
tion cost will also increase due to increased Average
Number of Nodes in the spatial Correlation set under
different Ranges (ANNCR). Therefore, in practice, the
correlation range should be carefully chosen to trade-off
the benefit of correlation and communication cost.

We run simulations for different R,.. Similarly, we vary
R;. from 1 to 5 and obtain the corresponding network
lifetime and ANNCR, which are plotted in Fig. 4. With the
increase of temporal correlation range R,., the network
lifetime increases. This is reasonable, as the larger
the temporal correlation range, the more data that can be
exploited for prediction. Note that at the same time
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the average number of neighbors does not increase. Hence,
it is more effective to exploit temporal correlation to prolong
the network lifetime than spatial correlation, as there is less
communication cost.

We vary A, 1, and 3 from 1 to 5, in the covariance function
(13), respectively, and perform simulations 100 times for each
case to get the average network lifetime. The results are
plotted in Fig. 5. We can see that the network lifetime
decreases exponentially when parameter A increases linearly.
As )\ is the standard deviation of each variance in Gaussian
process, the larger the ), the more sensor nodes are needed to
predict the temperatures of an inactive node, thus less
network lifetime. In addition, the network lifetime is an
increasing function of parameters n and /. This is due to the
fact that parameters n and § indicate to what extent the
correlation is between two sensors in the rational quadratic
covariance function.

To demonstrate theadvantages of our proposed algorithm,
we compare the network lifetime obtained by DTGA with that
of existing approaches. To the best of our knowledge, [1] is the
only onerelated to our work. In [1], alinear predictive model is
proposed to model the data correlation. Due to the limitation
of linear predictive model, it is very difficult to model the
temporal correlation. As mentioned in [14], using Gaussian
process for prediction can be thought as a “generalized linear
regression” (GLR), thus can obtain better results than linear
predictive model does. We denote algorithm of using
Gaussian process for prediction without exploiting temporal
correlation by GLR, and compare DTGA with GLR. If the
performance obtained by DTGA isbetter than GRL, itis surely
better than the linear predictive model in [1]. To give a fair
comparison, we run two algorithms under the same network
setting. The results are plotted in Fig. 6. We can see that the
network lifetime under DTGA is about 160 time slots, almost
two times of the network lifetime of GLR. Therefore, by
exploiting temporal correlation, network lifetime can be
significantly lengthened. We plot the total number of active
sensor nodes at each slot in Fig. 6. Obviously, DTGA obtains a
much less number of active sensors at each slot, which is the
main reason that DTGA can yield a much longer network
lifetime than GRL.
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Fig. 6. The number of active sets selected by DTGA and GLR at each

time slot.

8 CONCLUSION

We have studied the coverage problem in wireless sensor
networks. As there are typically temporal and spatial
correlations among the data sensed by different sensor
nodes, we exploit such data correlations and leverage
prediction to prolong the network lifetime. The issue has
been formulated as a minimum weight submodular set cover
problem. We proposed a truncated greedy algorithm with
a theoretical performance guarantee to solve it. We
modified TGA into a distributed algorithm, DTGA, and
proved that these two algorithms obtain the same set
cover. The implementation issues such as network con-
nectivity and communication cost are extensively dis-
cussed. Real data experiments as well as simulations
were conducted to show the advantage of DTGA over
existing generalized linear regression algorithms and
evaluate the impacts of different parameters of covariance
function on the network lifetime.

ACKNOWLEDGMENTS

This work was supported in part by the NSFC under Grants
61028007, 61004060, and 60974122, the Specialized Research
Fund for the Doctoral Program of China under Grant
20100101110066, and the Natural Science Foundation of
Zhejiang Province under Grant R1100324.

REFERENCES

[1] H. Gupta, V. Navda, S.D. Das, and V. Chowdhary, “Efficient
Gathering of Correlated Data in Sensor Networks,” Proc. ACM
Int’l Symp. Mobile Ad Hoc Networking and Computing (MobiHoc),
2005.

[2] H. Zhang and J. Hou, “Maintaining Sensing Coverage and
Connectivity in Large Sensor Networks,” Ad hoc and Sensor
Wireless Networks, vol. 1, nos. 1/2, pp. 89-124, 2005.

[3] G. Xing, X. Wang, Y. Zhang, C. Lu, R. Pless, and C. Gill,
“Integrated Coverage and Connectivity Configuration in Wireless
Sensor Networks,” ACM Trans. Sensor Networks, vol. 1, no. 1,
pp- 36-72, 2005.

[4] J. Chen, W. Xu, S. He, Y. Sun, P. Thulasiramanz, and X. Shen,
“Utility-Based Asynchronous Flow Control Algorithm for Wire-
less Sensor Networks,” IEEE |. Selected Areas in Comm., vol. 28, no.
7, pp- 1116-1126, Sept. 2010.

[5] R. Lu, X. Lin, H. Zhu, X. Liang, and X. Shen, “Becan: A
Bandwidth-Efficient Cooperative Authentication Scheme for
Filtering Injected False Data in Wireless Sensor Networks,” IEEE
Trans. Parallel and Distributed Systems, To Appear.



HE ET AL.: LEVERAGING PREDICTION TO IMPROVE THE COVERAGE OF WIRELESS SENSOR NETWORKS

o]

(]

(8]

%]

[10]
(1]

(12]

[13]

(14]

[15]

[16]

(17

(18]

[19]

[20]

(21]

(22]

(23]

(24]

(23]

[26]
(271

(28]

[29]

(30]

(31]

(32]

H. Tan, I. Korpeoglu, and I. Stojmenovic, “Computing Localized
Power Efficient Data Aggregation Trees for Sensor Networks,”
IEEE Trans. Parallel and Distributed Systems, vol. 22, no. 3, pp. 489-
500, Mar. 2011.

X. Li, H. Frey, N. Santoro, and 1. Stojmenovic, “Strictly Localized
Sensor Self-Deployment for Optimal Focused Coverage,” IEEE
Trans. Mobile Computing, To Appear, 2011.

P. Balister, Z. Zheng, S. Kumar, and P. Sinha, “Trap Coverage:
Allowing Coverage Holes of Bounded Diameter in Wireless
SensorNetworks ,” Proc. IEEE INFOCOM, 2009.

S. He, J. Chen, D.K\Y. Yau, H. Shao, and Y. Sun, “Energy-Efficient
Capture of Stochastic Events by Global- and Local-Periodic
Network Coverage,” Proc. the Sixth ACM Int'l Symp. Mobile Ad
Hoc Networking and Computing (MobiHoc), 2009.

N.A. Cressie, Statistics for Spatial Data. Wiley, 1991.

A. Krause and C. Guestrin, A Note on the Budgeted Maximization on
Submodular Functions, Technical Report. Carnegie Mellon Univ.
2005.

L. Wolsey, “An Analysis of the Greedy Algorithm for the
Submodular Set Covering Problem,” Combinatorica, vol. 2, no. 4,
pp- 385-393, 1981.

C. Rasmussen and C. Williams, Gaussian Processes for Machine
Learning. Massachusetts Inst. of Technology Press, 2006.

C. Williams, “Prediction with Gaussian Processes: From Linear
Regression to Linear Prediction and Beyond,” Technical Report
NCRG/97/012, 1997.

Nat’l Climatic Data Center, www.ncdc.noaa.gov/cgi-bin/
res40.pl?page=gsod.html, 2011.

A. Gallais, J. Carle, D. Simplot-Ryl, and I. Stojmenovic, “Localized
Sensor Area Coverage with Low Communication Overhead,”
IEEE Trans. Mobile Computing, vol. 7, no. 5, pp. 661-672, May 2008.
R. Kershner, “The Number of Circles Covering a Set,” Am.
J. Math., vol. 61, pp. 665-671, 1939.

X. Bai, C. Zhang, and D. Xuan, “Deploying Wireless Sensors to
Achieve both Coverage and Connectivity,” Proc. ACM Int’l Symp.
Mobile Ad Hoc Networking and Computing (MobiHoc), 2006.

X. Bai, Z. Yun, D. Xuan, T. Lai, and W. Jia, “Deploying Four-
Connectivity and Full-Coverage Wireless SensorNetworks ,” Proc.
IEEE INFOCOM, 2008.

D. Tian and N. Georganas, “A Coverage Preserving Node
Scheduling Scheme for Large Wireless SensorNetworks,” Proc.
Int’l Workshop Wireless Sensor Networks and Applications, 2002.

T. Dam and K. Langendoen, “An Adaptive Energy-Efficient Mac
Protocol for Wireless Sensor Networks,” Proc. Int’l Conf. Embedded
Networked Sensor Systems (SenSys), 2003.

S. Yang, F. Dai, M. Cardei, ]. Wu, and F. Patterson, “On Connected
Multiple Point Coverage in Wireless Sensor Networks,” Int’l
J. Wireless Information Networks, vol. 13, no. 4, pp. 289-301, 2006.
A. Keshavarzian, H. Lee, and L. Venkatraman, “Wakeup
Scheduling in Wireless SensorNetworks,” Proc. Int’l Symp. Mobile
Ad Hoc Networking and Computing (MobiHoc), 2006.

C. Hsin and M. Liu, “Network Coverage Using Low Duty-Cycled
Sensors: Random and Coordinated Sleep Algorithms,” Proc. the
Int’l Symp. Information Processing in Sensor Networks (IPSN), 2004.
B. Wang, K. Chua, V. Srinivasan, and W. Wang, “Information
Coverage in Randomly Deployed Wireless Sensor Networks,”
IEEE Trans. Wireless Comm., vol. 6, no. 8, pp. 2994-3004, Aug. 2007.
G. Yang and D. Qiao, “Barrier Information Coverage with
Wireless Sensors,” Proc. IEEE INFOCOM, 2009.

G. Xing, R. Tan, B. Liu, ]. Wang, and C. Yi, “Data Fusion Improves
the Coverage of Wireless Sensor Networks,” Proc. MobiCom, 2009.
R. Ghrist and A. Muhammad, “Coverage and Hole-Detection in
Sensor Networks via Homology,” Proc. the Int’l Symp. Information
Processing in Sensor Networks (IPSN), 2005.

K. Yedavalli and B. Krishnamachari, “Sequence-Based Localiza-
tion in Wireless Sensor Networks,” IEEE Trans. Mobile Computing,
vol. 7, no. 1, pp. 1-14, Jan. 2008.

G. Kasbekar, Y. Bejerano, and S. Sarkar, “Lifetime and Coverage
Guarantees through Distributed Coordinate-Free Sensor Activa-
tion,” Proc. MobiCom, 2009.

R. Garnett, M. Osborne, and S. Roberts, “Bayesian Optimization
for Sensor Set Selection,” Proc. the Int’l Symp. Information Processing
in Sensor Networks (IPSN), 2010.

S. Ganeriwal, R. Kumar, and M.B. Srivastava, “Timing-Sync
Protocol for SensorNetworks,” Proc. Int’l Conf. Embedded Networked
Sensor Systems (SenSys), 2003.

711

[33] H. Takahashi and A. Matsuyama, “An Approximate Solution for
the Steiner Problem in Graphs,” Math. Japonica, vol. 24, no. 6,
pp. 573-577, 1980.

[34] http://www.gaussianprocess.org, 2011.

Shibo He is currently working toward the PhD
degree in control science and engineering at
Zhejiang University, Hangzhou, China. He is a
member of the Group of Networked Sensing and
Control (IIPC-nesC) in the State Key Laboratory
of Industrial Control Technology at Zhejiang
University. His research interests include cover-
age, cross-layer optimization, and distributed
algorithm design problems in wireless sensor
networks.

L

Jiming Chen (M'08-SM’11) received the BSc

and PhD degrees both in control science and

engineering from Zhejiang University in 2000

and 2005, respectively. He was a visiting

researcher at Inria in 2006, National University

: of Singapore in 2007, University of Waterloo

from 2008 to 2010. Currently, he is a full

professor with Department of control science

and engineering, and the coordinator of group of

Networked Sensing and Control in the State Key

laboratory of Industrial Control Technology at Zhejiang University, China.

His research interests are estimation and control over sensor network,

sensor and actuator network, target tracking in sensor networks,

optimization in mobile sensor network. He has published more than 50

peer-reviewed papers. He currently servers as associate editors for

several international Journals. He is a guest editor of IEEE Transactions

on Automatic Control, Computer Communication (Elsevier), Wireless

Communication and Mobile Computer(Wiley), and Journal of Network

and Computer Applications (Elsevier). He also serves as a cochair for Ad

hoc and Sensor Network Symposium, IEEE Globecom 2011, general

symposia CoChair of ACM IWCMC 2009 and ACM IWCMC 2010,

WIiICON 2010 MAC track CoChair, IEEE MASS 2011 Publicity CoChair,

IEEE DCOSS 2011 Publicity CoChair, and TPC member for IEEE

ICDCS 2010, IEEE MASS 2010, IEEE SECON 2011, IEEE INFOCOM
2011, IEEE INFOCOM 2012, etc. He is a senior member of the IEEE.

Xu Li received the bachelor's degree from Jilin
University, China in 1998, the master's degree
from the University of Ottawa, Canada in 2005,
and the PhD degree from Carleton University,
Canada in 2008, all in computer science. He
held postdoc positions at the University of
Waterloo, Canada, the University of Ottawa,
/ Canada, CNRS, France and Inria, France,
r s where he is currently a research officer. His
LAY L research interests are in wireless ad hoc, sensor
and robot networks, topology control, data communications, mobility
management, network security, and QoS provisioning. He is on the
editorial board of the European Transactions on Telecommunications,
Ad Hoc & Sensor Wireless Networks: an International Journal, Parallel
and Distributed Computing and Networks. He is a guest editor of
Computer Communications (2011) and Journal of Communications
(2012). He is/was in different chairing positions or among the technical
program committees for many conferences and workshops, e.g.,
AdHoc-NOW’08-11, IEEE DCOSS’11, IEEE MASS’07&11, IEEE
LCN’10&11, IEEE PIMRC’09&11, etc. He was a recipient of NSERC
postdoctoral fellowship awards and a number of other awards.




712 IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS, VOL. 23, NO. 4, APRIL 2012

Xuemin (Sherman) Shen (M’97-SM’02-F’09)
received the BSc (1982) degree from Dalian
Maritime University (China) and the MSc
(1987) and PhD (1990) degrees from Rutgers
University, New Jersey, all in electrical en-
gineering. He is a professor and University
research chair, Department of Electrical and
Computer Engineering, University of Waterloo,
i Canada. His research focuses on resource

\\ - management in interconnected wireless/wired
networks, UWB wireless communications networks, wireless network
security, wireless body area networks, and vehicular ad hoc and
sensor networks. He is a coauthor of three books, and has published
more than 400 papers and book chapters in wireless communications
and networks, control and filtering. He served as the Technical
Program Committee chair for IEEE VTC10, the Symposia Chair for
IEEE ICC10, the tutorial chair for IEEE ICCO08, the Technical Program
Committee chair for IEEE GlobecomQ7, the General CoChair for
Chinacom07 and QShine06, the founding chair for IEEE Communica-
tions Society Technical Committee on P2P Communications and
Networking. He also served as a founding area editor for IEEE
TRANSACTIONS ON WIRELESS COMMUNICATIONS, editor-in-chief
for Peer-to-Peer Networking and Application, associate editor for IEEE
TRANSACTIONS ON VEHICULAR TECHNOLOGY, Computer Net-
works; and ACM/Wireless Networks, etc., and the guest editor for
IEEE JSAC, IEEE Wireless Communications, |EEE Communications
Magazine, and ACM Mobile Networks and Applications, etc. He
received the Excellent Graduate Supervision Award in 2006, and the
Outstanding Performance Award in 2004 and 2008 from the
University of Waterloo, the Premiers Research Excellence Award
(PREA) in 2003 from the Province of Ontario, Canada, and the
Distinguished Performance Award in 2002 and 2007 from the Faculty
of Engineering, University of Waterloo. He is a registered professional
engineer of Ontario, Canada, an IEEE fellow, an Engineering Institute
of Canada Fellow, and a Distinguished lecturer of IEEE Communica-
tions Society.

Youxian Sun received the diploma from the
Department of Chemical Engineering, Zhejiang
University, China, in 1964. He joined the
Department of Chemical Engineering, Zhejiang
University, in 1964. From 1984 t01987, he was
an Alexander Von Humboldt research fellow and
visiting associate professor at University of
Stuttgart, Germany. He has been a full professor
at Zhejiang University since 1988. In 1995, he
was elevated to an Academician of the Chinese
Academy of Engineering. His current research interests include
modeling, control, and optimization of complex systems, and robust
control design and its application. He is author/coauthor of 450 journal
and conference papers. He is currently the director of the Institute of
Industrial Process Control and the National Engineering Research
Center of Industrial Automation, Zhejiang University. He is the president
of the Chinese Association of Automation, also has served as a vice
chairman of IFAC Pulp and Paper Committee and a vice president of
China Instrument and Control Society.

> For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 36
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 36
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 36
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU (IEEE Settings with Allen Press Trim size)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [567.000 774.000]
>> setpagedevice


