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Abstract—In complex terrain where mobile chargers hardly
move around, a feasible solution to charge wireless sensor
networks (WSNs) is using multiple fixed chargers to charge
WSNs concurrently with relative long distance. Due to the
radio interference in the concurrent charging, it is needed to
schedule the chargers so as to facilitate each sensor node to
harvest sufficient energy quickly. The challenge lies that each
charger’s charging utility cannot be calculated (or even defined)
independently due to the nonlinear superposition charging effect
caused by the radio interference. In this paper, we model
the concurrent radio charging, and formulate the concurrent
charging scheduling problem (CCSP) whose objective is to design
a scheduling algorithm for the chargers so as to minimize the
time spent on charging each sensor node with at least energy FE.
We prove that CCSP is NP-hard, and propose a greedy algorithm
based on submodular set cover problem. We also propose a
genetic algorithm for CCSP. Simulation results show that the
performance of the greedy CCSP algorithm is comparable to
that of the genetic algorithm.

Index Terms—Wireless Sensor Network (WSN), wireless charg-
ing, nonlinear superposition charging effect, scheduling, submod-
ular set cover.

I. INTRODUCTION

Recently many people are concerned with employing wire-
less charging technique to provide WSNs additional energy
supply [1]. To obtain high charging efficiency, usually a mobile
charger moves around in WSNs with a carefully designed
route, and charges the sensor node nearby [2]. However, in
complex terrain in many practical applications of WSNs, the
mobile charger may not be able to move freely in WSNs.

People find that it is possible to charge sensor nodes in
a relative long distance (> 10m away) with multiple fixed
chargers. However, to facilitate sensor nodes to harvest the
energy of multiple chargers’ radio signals, the chargers should
constrain their radio signals’ power spectral density (PSD)
within a narrow spectrum band of sensor nodes’ antenna.
As a result, the chargers’ PSD curves are largely overlapped
with each other. We call these chargers are in-band. When
more than one charger in-band transmits radio, there will be
radio interference among the concurrent emitted radio waves
[3], which may result in either constructive combination or
destructive combination of the radio waves, thus leading to a
typical nonlinear superposition charging effect.

We study how to optimally schedule the chargers so as to
use the minimum time to charge each sensor node with at

least energy E. We first model the concurrent charging, based
on which we formulate the concurrent charging scheduling
problem (CCSP). A specialty of CCSP is that the charging
utility of each charger cannot be defined or calculated sep-
arately due to the nonlinear superposition charging effect in
the concurrent charging, which brings some new challenges to
the scheduling algorithm design. We propose two methods to
solve the CCSP problem. One is a greedy algorithm based on
submodular set cover problem, and another method is based
on genetic algorithm.

II. THE CCSP PROBLEM AND SOLUTIONS
A. Model

We model the power of compound radio signal at sensor s;
charged by a group of chargers C' as:

di; — dm;
P|07PZ +Pz Z — cos(2m J}\ 7
cec d ci€C emeC dijdm,
(1
where P is the radio power of each charger, d;; is the
distance between charger c¢; and sensor node s;, d;; = 4”/‘\1 i
and ) is the wave length of the radio.
Hence, the concurrent charging model is as follows:
0 if Pjlc <9,
ejler = ’ . 2)
pT(Pjlc —§) otherwise.

where e;|c,r is the energy of s; obtained from a group of
chargers C' during duration 7', § is a threshold for the radio
harvesting power, and p is the transition coefficient.

B. Problem formulation

We schedule the chargers’ active time with the unit of
charging period A. The CCSP problem can be formulated as
follows.

Given:

e C=1{ci|1 <i< N}, where c; denotes the i‘" charger.

e S =1{sj]1 <j < M}, where s; denotes the j*" sensor

node.

o {di;|]1 <i< N,1<j< M}, where d;; is the distance

between ¢; and s;.

Assume:
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The energy capacity of each node is F, and the size of each
charging period is A.

The problem is to find a family of active charger sets

S1,-0+, 8, Sy €C, k=1,---,p) with the corresponding
number of charging periods 71, - - - , 7, allocated for these sets
such that:

e v1+72+ -+, is minimized, while
subject to the following constraint:
o Vj=1,---, M, Y} _, yuf > E, where u} is the charg-
ing utility of .Sy at sensor node s;, i.e., u;“ = €j|s,.A-
CCSP can be proved to be NP-hardness, by reducing set
cover problem. The proof is omitted for briefness.

III. PROPOSED METHODS

In this section, we describe two methods to solve the CCSP,
one is based on submodular set cover problem (SSCP) [4] and
the other is based on the genetic algorithm.

A. A SSCP-based algorithm for the CCSP

In this section, we propose a method based on the
SSCP. First, we enumerate all possible sets of chargers
Cn = {S1,52, - ,Sn}, and calculate the charging utility
{ul,ub,--- ,ul,} of each set S; € Cy at each sensor node
in advance. For convenience of computing, we suppose each
candidate set in Cr can charge sensor nodes with either non
energy or at least energy 1 during the charging period A.

Then, we establish a submodular set function f(x) as
follows. Considering the fact that: when the capacitor storing
energy in the sensor node is full, the sensor node could not
harvest energy any more. With this consideration, we define
harvesting utility of sensor node s; with the charger set Sj, as
follows.

I_I? = min{u?, E —er;} 3)

where er; is the current energy stored in sensor node
s;. When the capacitor in s; is full, ie., er; = E, the
harvesting utility of s; with Sy is zero. Hence, the total
harvesting utility of a collection of chargers sets Ck, i.e.,
f(Cr) =2 1.s.con ZJM=1 I_Ié? is a submodular set function.

Thus, we rewrite the CCSP in the form of SSCP as:
Given a submodular function f(x) on Cyy, find the smallest
set Cx C Cyr such that f(Ck) = f(Cnr). To solve this
SSCP problem, we employ the classic greedy approximation
algorithm for SSCP [4] which can be described as follows.

Algorithm 1 Greedy CCSP based on SSCP

: Given: Cy and {ui, -, ul,|1 <i< N}

Ck +— ¢

: while f(Cx) # ME do

find S; € Cn to maximize f(Cx U{S;}) — f(Ck)
Ck + Cr U{S;}

: end while

According to the greedy SSCP, it’s easy to prove that
Algorithm 1 is a (In M E + 1) approximation for CCSP.

—6— Proposed GA
~ B — Greedy CCSP

—o— Proposed GA
- B — Greedy CCSP

Charging periods.

20 30 40 70 80 90 8 9 10 13 14 15

50 60 11 12
Node scale Charger scale

(a) Different node Scale (b) Different charger Scale

Fig. 1: Performance evaluation.

B. The GA method for the CCSP

To design a Genetic Algorithm (GA) for CCSP, we devise
the representation scheme as: Cy = {S1, Sa,- - , S}, where
S; denotes the active charger set in the i*" charging period,
and /C is an upper bound of the number of charging periods.

For each feasible solution Cy = {51,852, ,Sk}, find
the smallest value m < K satisfying that {S7,Sa, -+, Sm}
is also a feasible solution, i.e., 2111 u; > [F for each

1 < j < M. We define the fitness of C'y to be 1/m, and regard
{81,852, ,Sm} as Cn’s output which takes m charging
periods. With the definition of the representation scheme and
the fitness function, the GA algorithm can be easily designed.

IV. PERFORMANCE EVALUATION

To test the effectiveness of the proposed methods, we
conduct a series of simulations by randomly deploying a group
of chargers and sensor nodes within 50m * 50m area. In the
simulations, the sensor nodes are assumed to have the same
capacity E = 4mj. The transmission power P of each charger
is also the same and set to be 4. The transition efficiency
p is set to be 0.25. The threshold of harvesting power is § =
15uW. We set the size of each charging period to be A = 20s
and the wave length A\ = 3 x 103m/915M H z ~ 0.33m.

Fig. 1 shows the results at different scales of sensor nodes
and chargers. It can be seen, the performance of the proposed
greedy CCSP is comparable to that of GA.

ACKNOWLEDGEMENTS

This research was supported in part by the NSF of China
with Grant 61272053, 61572217 and 61572218.

REFERENCES

[1] S. Basagni, M. Y. Naderi, C. Petrioli, and D. Spenza, Wireless sensor
networks with energy harvesting, in Mobile Ad Hoc Networking: Cutting
Edge Directions, John Wiley & Sons, Inc., March 5 2013, ch. 20, pp.
703C736.

[2] Xiaojiang Ren, Weifa Liang, Wenzheng Xu, Maximizing Charging
Throughput in Rechargeable Sensor Networks, ICCCN, 2014, pp. 1-8.

[3] M. Yousof Naderi, Prusayon Nintanavongsa, Kaushik R. Chowdhury, RF-
MAC: A Medium Access Control Protocol for Re-Chargeable Sensor
Networks Powered by Wireless Energy Harvesting, IEEE Transactions
on Wireless Communications, Vol. 13, No. 7, 2014, pp. 3926-3937

[4] Vazirani, Vijay V., Approximation Algorithms, Berlin: Springer, ISBN 3-
540-65367-8, 2003.





