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Abstract—The emerging wireless energy transfer technology
based on magnetic resonant coupling is a promising technology
for wireless sensor networks as it can provide a controllable and
perpetual energy source to sensors. In this paper we study the
use of minimum number of wireless charging mobile vehicles to
charge sensors in a sensor network so that none of the sensors
runs out of its energy, subject to the energy capacity imposed
on mobile vehicles, for which we first advocate an flexible on-
demand wireless charging paradigm that decouples sensor energy
charging scheduling from data routing protocols design. We then
formulate an optimization problem of scheduling mobile vehicles
to charge lifetime-critical sensors with an objective to minimize
the number of mobile vehicles deployed, subject to the energy
capacity constraint on each mobile vehicle. As the problem is
NP-hard, we devise an approximation algorithm with a provable
performance guarantee for it. We finally evaluate the performance
of the proposed algorithm through experimental simulations.
Experimental results demonstrate that the proposed algorithm is
promising, and the solution obtained is fractional of the optimal.

Index Terms—rechargeable sensor networks; wireless energy
transfer; charging time scheduling; approximation algorithms.

I. INTRODUCTION

Sensors in conventional wireless sensor networks are mainly
powered by energy-limited batteries. Due to the limited storage
capacity of each battery, the operational time of such networks
usually is limited. To prolong the network lifetime, extensive
studies in the past decade have been conducted, which in-
clude batch deployments of sensors, harvesting energy from
surrounding environments, etc [2], [8], [21]. In spite of these
intensive efforts, network lifetime remains the performance
bottleneck which perhaps is one main obstacle in the wide scale
deployment of wireless sensor networks.

To prolong sensor network operations, one obvious solution
is to replace expired batteries with new ones, however, for
large-scale wireless sensor networks [13], [19], [20], [22], it
is painstaking and very costly. Worst of all, in some appli-
cations such as monitoring dangerous and/or polluted areas
and surveillance, it is almost impossible to adopt this ap-
proach. Alternatively, another approach is to compensate the
expired sensors by dispatching a new batch of sensors to
the region of dead sensors. By doing so may prolong the
network lifetime. However, this is achieved at the expense of
long-term environmental contaminations as most batteries are
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made with poisonous chemical materials. Contrary to these
mentioned solutions, in the past several years, a new technique
for environmentally friendly WSN deployments has been ex-
ploited, that is, sensors can be powered by energy harvested
from their surroundings [3], [4], [8], [11]. Although energy
harvesting is an ideal solution, its success remains very limited
in practice as time-varying energy harvesting sources pose a
great challenge. For example, in a solar harvesting system,
statistics has shown that the differences of energy generating
rates in shadowy, cloudy and sunny days can be up to three
orders of magnitude [9].

Complementary to the energy harvesting technique, the re-
cent breakthrough of a wireless energy transfer technology
based on strongly coupled magnetic resonances has attracted
scientists’ attention [6], [7], which adds a new dimension
to prolong the lifetime of sensor networks. By exploiting a
novel technique called magnetic resonance, Kurs et al. [6]
showed that the wireless energy transfer (transferring electric
energy from one storage device to another without any plugs or
wires) is not only efficient but also immune to its surrounding
environment. This technique can potentially provide sensors
with steady and high recharging rates.

A. Related work

With the advance in the efficient wireless energy transfer
technology based on strongly magnetic resonances, wireless
energy replenishment has been studied and adopted for lifetime
prolongation of WSNs in literature. However, applying this
technology to sensor networks is still in its infancy stage.
Several studies have been conducted in the past few years,
and most of these studies considered sensor energy recharging
and data flow routing jointly. For example, Shi et al. [12] are
the very first to conduct a theoretical study on the efficient
usage of the wireless charging technique in sensor networks by
employing a wireless charging vehicle to periodically charge
sensors such that the network can operate perpetually. They
formulated an optimization problem that maximizes the ratio
of the vacation time of the vehicle over each charging cycle,
under the assumption that data rates of sensors are given.
They also developed a near-optimal solution for their problem
with performance guarantee. They later extended their solution

270



to general cases where multiple sensors within the vicinity
of a mobile charger can be charged at the same time [15],
or the mobile vehicle charges sensors and collects sensing
data simultaneously along its tours [14], [16]. Xu et al. [17]
considered the problem of scheduling &£ mobile chargers to
replenish a set of to-be-charged sensors, such that the maximum
time spent among the k chargers is minimized, for which they
proposed constant approximation algorithms. Xu et al. [18]
considered the problem of scheduling multiple mobile charging
vehicles to maintain the perpetual operation of sensors in a
rechargeable sensor network for a period of 7T, so that the
total traveling distance of the mobile vehicles is minimized,
for which they proposed an approximation algorithm with a
guaranteed performance ratio. Ren et al. [10] recently presented
an algorithm for scheduling a mobile charger to charge on-
demand sensors under the mobile charger traveling distance
constraint. Zhao et al. [24] proposed a joint design of energy
replenishment and data gathering by exploiting sink mobility.
They first identified the sensors to be recharged, and then found
an optimal data gathering scheme such that the network utility
can be maximized, while maintaining the perpetual operations
of the network. However, these joint consideration of energy
replenishment and data flow routing in literature may have
limited applications, due to their unrealistic assumptions such as
(i) the energy consumption rate and/or data generation rate does
not change over time; (ii) the flow conservation at each sensor
node is maintained; and (iii) reliable wireless communications
among the nodes are always assumed. In contrast, in reality
sensing data rates of sensors are usually closely related to
specific applications of the sensor network. The flow conserva-
tion prevents data aggregation at intermediate nodes while data
aggregation at sensor nodes can not only reduce data traffics
but also bring node energy savings [5]. Also, it is well-known
that wireless communication is notoriously unreliable [23], re-
transmissions at some nodes at some unexpected time intervals
may lead to substantial energy consumption of the nodes. In
this paper we advocate that sensor energy charging and sensing
data routing should be considered separately. In other words,
we decouple the energy charging process from the design of
data flow routing protocols. The benefits by doing so include:
(i) the proposed on-demand wireless charging schema can be
applicable to sensor networks for different purposes, such as
periodic monitoring, event detections, surveillance coverage,
and so on. (ii) There is no need that the charging vehicles patrol
the monitoring region periodically, instead, only is there such
a need from sensors, the system then determines how many
mobile vehicles to be deployed, this will lead to significant
operational cost savings. (iii) The routing protocol designers
can concentrate on routing protocol functionalities for specific
applications, rather than taking energy recharging constraints
into account.

B. Contributions

The main contributions of this paper are as follows. Unlike
most existing studies that either focused on periodic recharging

or joint considering energy replenishment and data routing pro-
tocols design, we first advocate a flexible on-demand charging
paradigm that decouples the energy recharging process from the
design of data flow routing. We then formulate a novel opti-
mization problem of minimizing the number of mobile charging
vehicles needed, subject to the energy capacity constraint on
each mobile vehicle and we show that the problem is NP-
hard. We also devise the very first approximation algorithm
with a provable performance guarantee for the problem. We
finally conduct extensive simulation experiments to evaluate
the performance of the proposed algorithm, and experimental
results demonstrate that the proposed algorithm is promising,
and the solution delivered is fractional of the optimum.

The remainder of the paper is organized as follows. Sec-
tion II introduces preliminaries, including the system model,
notions, and the problem definition. Section III details a 5-
approximation algorithm for finding optimal p closed tours,
which will be used as a main subroutine of the proposed
algorithm. Section IV proposes an approximation algorithm for
the optimal number of mobile vehicles deployment problem.
Section V evaluate the performance of the proposed algorithm,
and Section VI concludes the paper.

II. PRELIMINARIES

In this section we introduce the system model, wireless
energy charging paradigm, and the problem definition.

A. System Model

We consider a wireless sensor network G = (V;, Ey), where
Vs is a set of sensors and a base station. There is an edge in F
between any two sensors or each sensor and the base station
if they are within the transmission range of each other. All
sensing data will be relayed to the base station through multi-
hop relays. Such a network is illustrated in Fig. 1. Assume that
there is sufficient energy supplies to the base station, thus, there
is no energy constraint on the base station. Each sensor v; € V;
is powered by a rechargeable battery with energy capacity B;.
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Fig. 1. A rechargeable sensor network

To maintain the network long-term operations, its sensors
will be charged at certain time points by wireless charging
mobile vehicles. We thus assume that there is a depot in the
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monitoring region, where there are a number of mobile vehicles
available to meet sensor charging demands. Assume that each
mobile vehicle with a full energy capacity IE has a charging
rate ;¢ and a constant traveling speed s. Let ) be the energy
consumption rate of each mobile vehicle on traveling per unit-
length. All mobile vehicles will start from the depot when
performing their charging duties and return to the depot after
finishing their charging tours to recharge themselves and wait
for their next round scheduling. Since the energy capacity I E
of each mobile vehicle is limited, the total travel length and the
number of to-be-charged sensors by each mobile vehicle will
be constrained by its energy capacity IE.

The residual lifetime of each sensor v; € Vy at time t is
defined as v;(t) = Rp?gé?, where RE;(t) and p;(t) are the
residual energy and energy consumption rate of v; at time
t, respectively. The base station keeps a copy of the energy
depletion rate p;(t) and the residual energy RE;(t) of each
sensor v; € V5. We assume that each sensor is able to monitor
its residual energy RE;(t) and estimate its energy consumption
rate p;(t) in the near future through predictions. Thus, each
sensor can estimate its residual lifetime ~;(¢). We also assume
that the energy consumption rate of each sensor does not
change within a recharging round or such minor changes can
be neglected, as the duration of a recharging round usually is
short (e.g. a few hours). But it is allowed to change at different
rounds. Recall that for each sensor v; € V/, there is a record of
its energy consumption rate p;(t) at the base station, and this
value is subject to be updated if the energy consumption profile
of the sensor in the next time period experiences significantly
changes. To accurately measure the energy consumption rate
of each sensor, each sensor adopts a lightweight prediction
technique to estimate its energy consumption rate in the near
future, e.g., each sensor can make use of a linear regression,
pi(t) = wpi(t—1)+(1—w)p;(t—1), where p; is the estimation
and p; is the actual value at that momentLet § > 0 be a small
given threshold, the energy consumption rate updating is as
follows. For each sensor v; € Vs, if |p;(t) — ps(t — 1)] < 6, no
updating report from sensor v; will be forwarded to the base
station; otherwise, the updated energy consumption rate and its
residual energy of v; will be sent to the base station. The base
station then performs the updating related to v; accordingly.

B. Wireless energy recharging paradigm

We notice there is no such need that every sensor must be
charged at each round. Also, sensor charging tours are not
necessarily periodic, instead sensors should be charged in an
on-demand fashion. The rationale behind this is that in some
applications such as event detections, if there are no events
happening in a monitoring area, sensors usually perform duty-
cycling and run much longer than they are keeping at wake-up
statuses. When an event does occur, the sensors around the
event region will keep in wake-up statuses to capture the event
and report their sensing results to the base station, while for the
sensors being not in the event region, they continue maintaining
their wakeup-and-sleep duty-cycling statuses, thus consuming
much less energy. It can be seen from this case that not all

sensors in the network need to be recharged in each energy
recharging round, only the sensors in the regions that the event
happened are needed to be recharged.

Let v,,q2 be the longest duration of a mobile vehicle tour for

charging all sensors in the network. Clearly, Ve < LT% +
min{/E, 3, cy, Bi}

m as all energy in one charging vehicle I E is
used to replenish sensors or all the sensors in the network are
required to be recharged in the worst scenario, where B; is the
battery capacity of sensor v;, L7gp is the length of a TSP tour
including all sensors and the depot, and s is the travelling speed
of each mobile vehicle. In other words, to ensure that none of
the sensors fails due to its energy expiration, each sensor should
be recharged when its residual lifetime is no greater than y,,q.

We say that a sensor v; at time t is in its critical lifetime
interval if Ymax < 7i(t) < @ - Ypmae With a constant o > 1.
Following the definition of the critical lifetime interval, it can be
seen that only the sensors within their critical lifetime intervals
need to be recharged to avoid running out of their energy
completely. Without loss of generality, in the rest of this paper,
we assume that V' is the set of sensors within their critical
lifetime intervals that will be recharged in the next round.
Clearly, V C V.

We propose a flexible on-demand wireless energy charging
paradigm as follows. When the residual lifetime of a sensor
falls in the pre-defined critical lifetime interval, the sensor will
send an energy-recharging request to the base station for its
energy replenishment, where the request contains its identity,
the amount of the residual energy, and the energy consumption
rate of the sensor. Once the base station receives the requests
from sensors, it then performs a scheduling to dispatch a
number of mobile vehicles to recharge the requested sensors
in the network. Hence, the result of each scheduling consists
of the number of wireless charging mobile vehicles needed,
the closed tours for each vehicle, and the recharging duration
at each sensor node along the tour for each of these vehicles.
Finally, the mobile vehicles are dispatched from the depot to
perform the charging task. We ignore sensor energy depletions
per charging tour, as the amount of energy consumed by each
sensor in this period is several orders of magnitude less than
its energy capacity.

C. Problem definition

Given a sensor network G, = (V, Ey) consisting of sen-
sors, one stationary base station, and a depot with multiple
mobile vehicles, following the above wireless energy charging
paradigm, assume that at a specific time point, the base station
receives energy charging requests from the sensors within their
critical lifetime intervals. The base station then starts a new
round scheduling by dispatching a certain number of mobile
vehicles to charge these sensors so that none of sensors will run
out of its energy. Let V' be the subset of sensors in G5 to-be-
charged (within critical lifetime) in the next round (V' C Vj),
see Fig. 1. Assume that for each sensor v; € V, its energy
consumption rate p; does not change during each charging
round (or such changes are marginal), and its residual energy
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Fig. 2. An illustration of tree decompositions

RE, is given (at the base station), the optimal number of mobile
vehicles deployment problem is to find a scheduling of mobile
vehicles to fully charge the sensors in V' by providing a closed
tour for each mobile vehicle such that the number of mobile
vehicles deployed is minimized, subject to the energy capacity
constraint of mobile vehicles I F. It is obvious that the problem
is NP-hard by a polynomial reduction from the well known
Traveling Salesman Problem (TSP).

In the following we define the p-traveling salesman problem
(p-TSP tours), which will serve as a subroutine of the proposed
algorithm for the optimal number of mobile vehicles deploy-
ment problem. Specifically, given a node and edge weighted
metric graph G = (V, E; h,w), a root node r € V, and an
integer p > 1, where h : V R2% and w : E — R>Y, the
p-optimal closed tour problem in G is to find p node-disjoint
closed tours covering all nodes in V' except the root 7 that
appears in each of the tours such that the maximum total cost
among the p closed tours is minimized, where the total cost of
a closed tour is the weighted sum of nodes and edges in it.

III. ALGORITHM FOR THE p-OPTIMAL CLOSED TOUR
PROBLEM

In this section we devise a 5-approximation algorithm for
the p-optimal closed tour problem in a node and edge weighted
metric graph G(V, E; h,w), which will be used as a subroutine
for the problem of concern in this paper. As a special case of
the p-optimal closed tour problem when p = 1 is the well-
known TSP problem which is NP-hard, the p-optimal closed
tour problem is NP-hard, too. In the following we start by
introducing a popular technique transforming a tree into a
closed tour in G. We then introduce a novel tree decomposition.
We finally present an approximation algorithm for the problem.

A. A closed tour derived from a tree

We first introduce the technique of transforming a tree in G
to a closed tour by the following lemma.

Lemma 1: Given a node and edge weighted metric graph
G = (V,E; h,w) with sets V' and E of nodes and edges, h :
Vi RZ2%and w : E ~ R>°, and the edge weight follows the
triangle inequality, let 7' = (V, Ep; h,w) be a spanning tree
of G rooted at r. Let C be the traveling salesman tour of G
derived from 7' through performing the pre-order traversal on
T and pruning, then the total cost of C, WH(C), is no more

twice the total costof T, WH(T'), i.e., WH(C) < 2WH(T) =
AT ey h(v) + Yo wle)).

Proof: Let H(X) be the weighted sum of nodes in X and
W (Y") be the weighted sum of edges in Y. As the weighted sum
of the edges in C, W(C'), is no more than 2y ., w(e), and
the weighted sum of nodes in C, H(C), is the same as the one
in T'. Thus, the total cost of C'is WH(C) = W(C)+ H(C) <
OW(T) + H(T) < 2(W(T) + H(T)) = 2W H(T). m

B. Tree decomposition

Given a metric graph G = (V,E;h,w), let T =
(V, Ep;h,w) be a spanning tree in G rooted at node r, let
§ > max,ey {h(v), 2w(v, )} be a given value. We decompose
the tree into a set of subtrees such that the total cost of each
subtree is no more than 29 as follows.

Let (u,v) be a tree edge in T, where w is the parent of v and
v is a child of u. Also, let T}, be a subtree of 7" rooted at node
v. We perform a depth-first search on 7' starting from root r
until the total cost of the leftover tree WH(T,) < 2¢. Fig. 2
demonstrates an example of the tree decomposition procedure.

Assume that node v is the node being visited at this moment,
we distinguish the following three cases. (1) Case one: if
WH(T,) <, WH(T,) + w(u,v) > § but less than 2§, then
a new tree T, U{(v, ')} is created with a virtual node u' with
h(u") = 0. Split the subtree T}, U {(v,u')} from the original
tree, see Fig. 2 (b). (2) Case two: if 6 < WH(T,) < 24,
split the subtree 7, from the original tree and remove edge
(u,v), see Fig. 2 (c). (3) Case three: let v{,vs,. .., vf be the
k children of v. Let [ be the maximum children index so that
§ < Z;zl(WH(TU]c,)+w(vjc-,v)) < 20 with 1 <1 <k, then, a
new subtree, Uézl(TU7c U {(v§,v")}) rooted at the virtual node
v’, is created, which consists of these subtrees with h(v’) = 0.
Split this subtree from the original tree, see Fig. 2 (d). As a
result, a set of subtrees is obtained, see Fig. 2 (e). The number
of subtrees is bounded by the following lemma.

Lemma 2: Given a spanning tree 7' = (V, Ep; h,w) of a
graph G = (V, E; h,w) with total cost WH(T') and a value
0 > maxyey{2w(r,v),h(v)}, T can be decomposed into p
subtrees T7,T5,..., T, with WH(T;) < 26 by the proposed
tree-decomposition technique, 1 <4 < p. Then, p < L%(T)J

Proof: Following the tree decomposition on 7', subtrees
with the total cost in [§,20) are split away from T until the
total cost of the leftover tree is less than 29. Suppose that the
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split trees are 17,75,...,T, with p > 2. From the subtree
construction, we know that 6 < WH(T;) < 26 for i with
1 <4 < p— 1. The only subtree with the total cost less than
0 is T,. Note that prior to splitting 7},—1, the total cost of the
remaining tree is at least 2§. Therefore, the average total cost
of T),_; and T}, is no less than 4. In other words, the average
total cost of all T; is at least §. Thus, p-6 < WH(T), i.e.,
p < %(T). Since p is an integer, p < L%(T)J [ ]

C. Algorithm for finding p-optimal closed tours

Given a metric graph G = (V, E;h,w) with root 7 and a
positive integer p, we now devise an approximation algorithm
for the p-optimal closed tour problem in G as follows. Let T'
be an MST of G rooted at r. The basic idea of the proposed
algorithm is that we first perform a tree decomposition on tree
T with 6 = max,ey{WH(T)/p, 2w(v,r) + h(v)} and we
later show that § is a lower bound on the optimal cost of
the p-optimal closed tour problem. As a result, p’ subtrees are
derived from such decomposition, and p’ closed tours are then
derived from the p’ subtrees. We then show that p’ < p and
the maximum total cost of any closed tour among the p’ closed
tours is no more than 50.

Specifically, T' is decomposed into no more than p’ edge-
disjoint subtrees, excepting the root node r which appears in
one of these subtrees. Denote T4,T5,..., T, be the p’ trees
obtained by decomposing tree 7. It can be observed that each
T; contains at least one real node and at most one virtual node,
where a node v is a real node if h(v) # 0; otherwise, it is a
virtual node. As a result, a forest F consisting of all the trees is
found through the tree decomposition, and the number of trees
in Fis p/ < |WH(T)/§] and the total cost of each subtree is
no more than 26 by Lemma 2.

For each T; € F, if it does not contain the root r, then, a
tree T/ = T; U {(v;, )} rooted at 7 is obtained by including
node 7 and a tree edge (v;,r) into 7T;, where node v, is a
node in 7; and w(v;, ) = mingyer, {w(v,r)}. The total cost
of T/, WH(T}), is WH(T}) = WH(T;) + w(v,r) < 26 +
w(v,r) < 2.56 as w(v;,r) < 6/2. Otherwise (T; contains
node r), T/ = T; and WH(T]) = WH(T;) < 2. We thus
obtain a forest 7' = {77, T5,...,T},}. From the trees in F’,
p’ edge-disjoint closed tours with root r can be derived. Let
C" ={C1,Cs,...,C),} be the set of p’ closed tours obtained
by transforming each tree in F’ into a closed tour. For each
C!, we have that WH(C}) <2-WH(T}) < 50 by Lemma 1.
As there are some C/s containing virtual nodes that are not
part of a feasible solution to the problem, a feasible solution
can be obtained through a minor modification to C’. That is,
for each C/, if it contains a virtual node (as each C/ contains
at most one virtual node), a closed tour C; with a less total
cost than C is obtained by removing the virtual node and two
edges incident to the node from C/ through short cutting, then
WH(C;) < WH(CY}) as the edge weight follows the triangle
inequality property. Otherwise, C; = C!. Clearly, each of the p’
closed tours Cp,Cy, ..., Cp toots at r. The detailed algorithm
is described in Algorithm 1.

Algorithm 1 finding closed tours rooted at r with each having
the bounded total cost
Input: A metric graph G = (V, E;h,w), aroot r € V, and a
given value 6 > max,cv {h(v), 2w(v,r)}.
Output: a set of closed tours covering all nodes in V' so that
the total cost of each tour is no more than 56.
1: let T be the MST of G and WH(T) the total cost of T}
2: Let F = {11,T5,..., T} be the forest obtained by tree
decomposition on 77
3: Let 7' = {T{,Ts,..., T, } be a forest, where T} = T; U
{(r,v;)} is derived by adding root r and an edge with the
minimum edge weight between a node v; in T; and 7 if 7
is not in T;; otherwise T = T;;
4 Let C" = {C],C3,...,C,} be a set of p’ closed tours,
where C/ is derived from T7;
5: Let C = {C1,Cy,...,Cp } be a set of closed tours, where
C; is derived by removing the virtual node from C} € C’
if it does contain a virtual node. Otherwise, C; = C..
6: return C.

D. Algorithm analysis

We show that Algorithm 1 delivers a S-approximate
solution by the following theorem.

Theorem 1: Given a metric graph G = (V, E; h,w) and an
integer p > 1, there is a 5-approximation algorithm for finding
p-optimal closed tours. The time complexity of the proposed
algorithm is O(|V|?).

Proof: In the following we first show that Algorithm 1
delivers a feasible solution to the p-optimal closed tour problem.
We then show that the total cost of each closed tour in
the solution is no more than 55. We thirdly show that §
(= max,ev {WH(T)/p, 2w(v,r) + h(v)}) is a lower bound
on the optimal cost of the problem. We finally analyze the time
complexity of Algorithm 1.

We first show that Algorithm 1 delivers a
feasible solution. Let 7" be the MST of . Since
d = maxpyey{WH(T)/p,2w(v,7) + h(v)}, clearly
d > maxyev{2w(v,7),h(v)}. A solution C which consists
of p’ closed tours rooted at r can be obtained by applying
Algorithm 1 on T and p’ < |[WH(T)/6| < WH(T)/$
_ W H(T) W H(T) p by

S WEDp —

T max,ev{WH(T)/p, 2w(v,r)+h(v)} =
Lemma 2. Thus, C is a feasible solution.

We then show that the total cost of each closed tour in C is
no more than 5. As each C; € C is derived from a C} € C,
we have WH(C;) < WH(C)) <2 WH(T}) <2-2.56 =58
by Lemma 1.

We thirdly prove that ¢ is a lower bound on the optimal cost
of the problem. Given a node and edge weighted metric graph
G = (V,E;h,w) with root r, an integer p > 1, partition the
nodes in V' into p disjoint subsets X1, Xo,...,X,, and let C}
be the closed tour containing all nodes in X; and the root 7. The
optimal partitioning is a partitioning such that the maximum
value max;<;j<,{WH(C;)} is minimized. Let OPT' be the
total cost of the maximum closed tour in the optimal solution.
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We show that § < OPT as follows.

Let C7,C5,...,C; be the p closed tours in the optimal
solution with the shared root r. Then, WH(C}) < OPT.
Let e; be the maximum weighted edge in C7. Then, a tree
T = UP_,Cr \ UP_ {e;} rooted at r can be obtained by
removing e; from each tour C}. We then have WH(T") <

P \WH(C}) < p-OPT. It can be seen that " is a spanning
tree in G. Since T is an MST of G, then WH(T') < WH(T").
We thus have WH(T)/p < WH(T")/p < OPT.

On the other hand, each node v € V must be contained
by one closed tour C; in the optimal solution. Since tour C
contains node v and the depot r, then the total cost of C,
W H(CY), is at least 2w(v, 1) + h(v), Thus, 2w(v, )+ h(v) <
WH(C}) < OPT,Yv € V. Therefore, we have

§= n}ea‘}{I/VH(T)/p, 2w(v,r) + h(v)} < OPT. (1)

We finally analyze the time complexity of Algorithm 1.
Following the algorithm, the MST 7' of G can be found in
O(|V|?) time. The tree decomposition and the formation of
F’ can be done in O(|V]) time. For each C| € (', the
corresponding C; can be found in O(|E}|) time, where E is
the set of edges in C;. We also know that E;NE’; = () if i # j.
As C{ is derived from tree Il“i’ e F, \EZ’\/ < 2|E(T})|. Since

P B@) < V-1 Y7, B < X2 2B < 21V
Thus, Algorithm 1 takes O(|V|?) time. [

IV. APPROXIMATION ALGORITHM FOR THE OPTIMAL
NUMBER OF MOBILE VEHICLES DEPLOYMENT PROBLEM

In this section we provide an approximation algorithm for
the optimal number of vehicles deployment problem. As each
mobile vehicle consumes energy in traveling and charging
sensors per tour, the total amount of energy consumed by a
mobile vehicle per tour is bounded by its energy capacity [ E.

A. Algorithm

The basic idea of the proposed approximation algorithm is
to reduce the optimal number of mobile vehicles deployment
problem into a p closed tour problem with the total cost of each
closed tour being bounded. A solution to the latter will return
a solution to the former as follows.

Recall that we assume that the base station knows both
the residual energy RE; and the energy consumption rate
p; of each sensor v; € V, and p is the wireless charging
rate of a mobile vehicle. Assume that there are sufficient
numbers of fully charged mobile vehicles available in the depot.
Then, a mobile vehicle takes 7, = Bi—RE: ime to charge
sensor v; to its full capacity B; when it approaches sensor
v;. We thus construct a node and edge weighted metric graph
G = (V,E; h,w), where V is the set of sensors to be charged
in this round. There is an edge in E between any two to-be-
charged sensor nodes. For each edge (u,v) € E, its weight is
w(u,v) = n-d(u,v) which is the amount of energy consumed
by a mobile vehicle travelling along the edge, where 7 is
the energy consumption rate of the mobile vehicle traveling
per unit length and d(u,v) is the Euclidean distance between

nodes u and v. For each node v; € V, its weight h(v;)
(= B;— RE; = p-1;) is the amount of energy needed to charge
sensor v; from its current energy level to its full capacity. We
assume that I £ > maxycy {2w(v, )+ h(v)}; otherwise, there
is no feasible solution. The detailed algorithm is described in
Algorithm 2. We refer to this algorithm as NMV.

Algorithm 2 finding the optimal number of mobile vehicles and
their closed tours (NMV)
Input: A metric graph G = (V, E; h,w), a root r, and [ E.
Output: p-node-disjoint closed 7-rooted tours C'y, Ca,...,C,
covering all nodes in V' such that WH (C;) < IE.
Let T be an MST of G and W H(T') the total cost of T
if [E>2-WH(T) then
One mobile vehicle suffices by Lemma 1; EXIT;
end if;
A+ max,ey {2w(v, ) + h(v)};
if IE/5 > A then
§ < IE/5; [* ¢ is the minimum total cost of each
subtree*®/
else
§ %, where ¢ = L&
10: end if;
11: Let C = {C4,Cs,...,C,} be the solution by applying
Algorithm 1 for the tree decomposition on 7" with d;

TN U U

S 56

B. Algorithm analysis

Theorem 2: Given a metric graph G = (V, E;h,w) and
the full energy capacity [E of each mobile vehicle, there is
an approximation algorithm for the optimal number of mobile
vehicles deployment problem in G, and the time complexity of
the proposed algorithm is O(|V[?).

Proof: We first show that Algorithm 2 can deliver
a feasible solution C = {C;,Cs,...,C,} to the optimal
number of mobile vehicles deployment problem. Let A =
maxyecy {2w(v, ) + h(v)}. We distinguish into three cases.
(1) Case one: if IE > 2-WH(T), then there is a closed tour
C' including all nodes in V' derived from 7' and the total cost
of C, WH(C) (£ 2- WH(T) < IE by Lemma 1), is no
more than the energy capacity of a mobile vehicle /E. Hence
one mobile vehicle suffices for charging all nodes in V. (2)
Case two: if IE/5 > A with A = max,ey {2w(v,7) + h(v)},
then 6 = IE/5, and the total cost of each closed tour in
the solution is no more than 5§ = [FE by Theorem 1. (3)
Case three (IE/5 < A < IE): following Algorithm 2,
we have § = @_TI)A with £ = %. Clearly, 1 < & < 5 as
A < IE < 5A. Also, w(v,r) < A/2 for any node v € V.
Then, the total cost of each closed tour C' in the solution is
WH(C) < 2- (26 + w(vg,r)) < 4- LA 4 90(wg,r) <
(-1)A+A = ¢-A = 1E, where w(vg,r) = minger, {w(v, )}
and Tj is the tree from which C' is derived. Thus, the solution
is a feasible solution of the problem.

We then analyze the approximation ratio of the proposed
algorithm. Assume that the the optimal number of mobile ve-
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hicles needed iS p;,in. With a similar discussion in Theorem 1,
a lower bound on the value of p,,;, is

Let p be the number of vehicles delivered by the proposed
algorithm. We show the approximation ratio by the following
three cases. (1) When IE > 2 - WH(T), only one mobile
vehicle suffices, and this is an optimal solution. (2) When

_ WH(T)/5
IE/5 > A, we have § = I E/5. Then, p::m < W <
WH(T)/5

WHTY/TE = IE/6 =5 by Lemma 2. (3) Otherwise (IE/5 <

A),wehaveézwwithfz%andl<§<5.

WH(T)(5 WH(T)/ _ 41FE 4
Then, 52~ < Hrmery/ier < WAMHE = T=1/€

Since 1 < £ < 5, the approximation ratio of théEapSroximation
algorithm is no more than 16/3 when & > 4; 6 when £ > 3; 8
when £ > 2. Notice that the approximation ratio is 4(1 4 1/¢)
when & = 1 + € with 0 < € < 1, however, in realistic
rechargeable sensor networks, it is unlikely that this case will
occur; otherwise, a mobile charger with its full-energy capacity
can only charge a very few sensors per tour, thus the number
of mobile chargers deployed is proportional to the number of
sensors to be charged. On the other hand, it is well accepted
that in realistic sensor networks IE >> A, thus, the number
of mobile chargers needed is much less than the numbers of
sensors, and the approximation ratio of the proposed algorithm
usually is a small value no more than 5.

Since the algorithm invokes Algorithm 1 only once, its
time complexity analysis is O(|V|?) by Theorem 1. [ ]

V. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
approximation algorithm through experimental simulations. We
also investigate the impact of several important parameters on
algorithm performance including network size n, energy con-
sumption rates of sensors, the variance of energy consumption
rates, the energy capacity I £ of mobile vehicles, and the critical
time interval parameter c.

A. Simulation environment

We assume that a wireless rechargeable sensor network
consists of from 100 to 500 sensors randomly deployed in a
500m x 500m square area. The battery capacity B; of each
sensor v; is assumed to be 10.8 kiloJoules (k.J), by referring
to aregular NtM H battery [12]. There is a base station located
at the center of the square. There is a depot of mobile vehicles
which is located at one of the four corners of the square.
Each mobile vehicle with energy capacity IE from 100 kJ
to 500 kJ travels at a constant speed of s = 5 m/s and its
energy consumption rate on traveling is n = 30 J/m, while its
energy charging rate is ;1 = 5 Watts [6]. The default value of
the parameter « is 2.

We consider two different distributions of energy consump-
tion rates: the linear distribution and the random distribution.
In the linear distribution, the energy consumption rate p; of
sensor v; is proportional to its distance to the base station. The
nearest sensors to the base station have the maximum energy

consumption rates pPpmqr and the farthest sensors have the
minimum energy consumption rates p,,;,. While in the random
distribution, the energy consumption rate p; of each sensor
v; € V, is randomly chosen from an interval [pmin, Pmaz)s
where ppin = 1 mJ/s and pa; = 10 mJ/s. The linear
distribution models the energy consumptions of sensors in most
applications of WSNs, where sensor energy is mainly consumed
on data transmission. Sensors close to the base station must
relay sensing data for other remote sensors, thus consuming
their energy much faster. Furthermore, by adjusting the ratio of
Pmaz O Pmin, it can model data aggregations at relay sensors,
i.e., a smaller ratio 2=== implies higher data aggregation. On
the other hand, the random distribution captures the energy
consumptions of heterogeneous sensors. For example, camera
sensors in a multimedia sensor network consume plenty of their
energy on image processing [1]. Thus, the energy consumption
rates of sensors in such sensor networks is not closely correlated
with the distance between the sensor and the base station. We
further assume that the energy charging rate p of each mobile
vehicle is several orders of magnitude of the energy depletion
rate of any sensor, i.e., it >> max,,cy{p;}. A fully charged
sensor can survive from 10 days upto 4 months. We put one
year as our monitoring period of the sensor network. Each
value in figures is the mean of the results by applying each
mentioned algorithm to 20 different network topologies of the
same network size. To evaluate the performance of the proposed
algorithm, we will use a lower bound LB_optimal on the opti-
mal number of mobile vehicles as the performance benchmark
of the proposed algorithm, i.e. LB_optimal = [WH(T)/IE]
by Eq. (2), where WH(T) is the total cost of the MST T' of
the metric graph G that derives from the to-be-charged sensors
in G5 and IF is the energy capacity of each mobile vehicle.

B. Performance evaluation of the proposed algorithm

In this subsection we evaluate the performance of the pro-
posed algorithm. We first evaluate the performance of algorithm
NMV by varying the network size from 100 to 500 sensors,
assuming that energy consumption rates follow the random and
linear distributions, respectively. Fig. 3(a) plots the performance
curves of algorithm NMV and the lower bound on the optimal
number of mobile vehicles needed, from which it can be seen
that the solution delivered by algorithm NMV is fractional of
the optimal. In other words, the number of mobile vehicles
obtained by algorithm NMV is around 40% more than the
lower bound. Fig. 3(b) indicates that under both linear and
random distributions of energy consumption rates, algorithm
NMV behaves similarly. Thus, in the following we focus only
on the performance evaluation of the proposed algorithm under
the random distribution of energy consumption rates.

We then investigate the impact of the energy capacity of
mobile vehicles IE on the performance of algorithm NMV by
varying IE from 100 kJ to 500 kJ. Fig. 4 shows that with
the growth of the energy capacity IE, the number of mobile
vehicles delivered by algorithm NMV decreases, and the gap
between the solution delivered by the algorithm and the lower
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Fig. 4. Performance of algorithm NMV by varying energy
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bound on the optimal one becomes smaller and smaller, which
implies that the performance of algorithm NMV is near-optimal.

We thirdly study the variance among energy consumption
rates of sensors on the performance of algorithm NMV by
varying ppq. from 1 m.J/s to 10 m.J/s while keeping pin
fixed at 1 m.J/s. Fig. 5 indicates that the number of mobile
vehicle delivered by algorithm NMV deceases, followed by
going up slowly. The rationale behind is that when the variance
among the energy consumption rates is quite low (i.e., the gap
between ppqr and pp.qn is small), the solution delivered by
algorithm NMV will include almost all sensors in each charging
round, thus, a large number of mobile vehicles are required
to charge these sensors. With the increase on the variance,
the number of sensors to be charged in each charging round
decreases significantly. On the other hand, when the maximum
energy consumption rate p,,.. iS large, the average energy
depletion rate among the sensors becomes faster, the solution
by algorithm NMV includes more sensors per charging round as
more sensors are within their critical lifetimes, e.g., each sensor

v; € V5 at time t with residual lifetime ~;(t) = %it(;) is more
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Fig. 5. Performance of algorithm NMV by varying the

maximum energy consumption rate Pymqz When n = 500,
IE =100 kJ, and ppmin = 1 mJ/s.

likely in the critical lifetime interval [V,,02, Q*Ymaz], Which can
increase the number of vehicles deployed by algorithm NMV.

We finally evaluate the impact of critical time interval
parameter v on the performance of the proposed algorithms
by varying the value of o from 1 to 5. A smaller o implies
that more frequent scheduling is needed, and fewer number
of mobile vehicles are employed per charging round. With the
growth of a, more and more sensors will be included in V/, and
more sensors will be charged by mobile vehicles per charging
round. Fig. 6(a) implies that with the growth of a, more vehicles
delivered by algorithm NMV are needed in each charging round
as more sensor nodes fall in the defined critical lifetime interval.
However, it can also be seen that no further more vehicles are
required when the value of « is larger than 3, since all sensors
in this extreme case will be charged in each charging round. On
the other hand, Fig. 6(b) implies that the number of charging
rounds for the entire monitoring period will decrease with the
growth of a.
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VI. CONCLUSION

In this paper we studied the use of minimum number
of wireless mobile vehicles to charge sensors in a wireless
rechargeable sensor network so that none of the sensors will
run out of its energy, subject to the energy capacity constraint
imposed one each mobile vehicle. We first proposed a new
wireless energy charging paradigm. We then formulated the
optimal number of mobile vehicles deployment problem. Since
the problem is NP-hard, we instead devised an approximation
algorithm for it with a provable performance guarantee. To
evaluate the performance of the proposed algorithm, we finally
conducted extensive experiments by simulations. Experimental
results demonstrate that the proposed algorithm is promising,
and the solution obtained is fractional of the optimal.
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