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Abstract—Many Industrial Internet of Things applications
require autonomous operation and incorporate devices in inacces-
sible locations. Recent advances in wireless power transfer (WPT)
and autonomous vehicle technologies, in combination, have the
potential to solve a number of residual problems concerning
the maintenance of, and data collection from embedded devices.
Equipping inexpensive unmanned aerial vehicles (UAV) and
embedded devices with subsystems to facilitate WPT allows a
UAV to become a viable mobile power delivery vehicle (PDV)
and data collection agent. A key challenge is therefore to ensure
that a PDV can optimally schedule power delivery across the
network, such that it is as reliable and resource efficient as
possible. To achieve this and out-perform naive on-demand
recharging strategies, we propose a two-stage wireless power
network (WPN) approach in which a large network of devices
may be grouped into small clusters, where packets of energy
inductively delivered to each cluster by the PDV are acoustically
distributed to devices within the cluster. We describe a novel
dynamic recharge scheduling algorithm that combines genetic
weighted clustering with nearest neighbour search to jointly
minimize PDV travel distance and WPT losses. The efficacy and
performance of the algorithm are evaluated in simulation using
experimentally derived traces, and the algorithm is shown to
achieve ∼90% throughput for large, dense networks.

Index Terms—Wireless Rechargeable Sensor Network, Wire-
less Power Network, Optimization Algorithm, Genetic Algorithm,
Dynamic Recharge Scheduling.

I. INTRODUCTION

W IRELESS Sensor Networks (WSN), a key enabling
technology for the emerging Industrial Internet of

Things (IIoT), have attracted much research attention over
the past decades due to their wide applicability in areas
including health, security, robotics and remote monitoring
systems. A wide spectrum of research has emerged to improve
the energy performance of WSNs in terms of communica-
tion techniques, distributed detection, energy harvesting and
rechargeable sensor nodes in order to make them autonomous
and reliable for the desired lifetime. Although harvesting
energy from commonly available sources like light [1], heat
[2] or mechanical vibrations [3] is a popular solution to
extend service life or replace battery use, the design of the
energy harvester is application-oriented and often prone to
unpredictable environmental conditions. Therefore, a network
of rechargeable sensor nodes that may be re-energized using
WPT may offer a more sustainable and reliable alternative [4].

Various methods of WPT have been proposed with power
capabilities ranging from mW to MW. Inductive power transfer
(IPT) is one commonly used method, with other technologies
like capacitively coupled or electromagnetic radiative power

transfer having been applied to both commercial and indus-
trial products, like wireless mobile chargers [5]. In inductive
systems, however, the coupling between the transmitter and
the receiver deteriorates drastically over distance and therefore
requires large reactive currents. This in turn causes high con-
duction losses. Acoustic Power Transfer (APT) has also been
investigated experimentally for WPT systems through air [6]
and metals [7] focusing on recharging sensor nodes. However,
the absorptive and geometric losses of acoustic waves become
dominant for distances over 1 m [6]. To resolve this challenge,
the use of mobile chargers or power delivery vehicles (PDV),
such as drones, for recharging remote network systems has
been of recent interest [8], [9] as it provides certainty and
proactive control to the spatial power distribution and easy
assessment of the energy needs of the network. In practice,
however, the PDV itself has limited power, and, visiting large
numbers of nodes increases the fraction of carried energy
that the PDV must expend for its own propulsion, leading
to frequent visits to the recharging station. Furthermore, some
nodes may be buried in the ground or in structures, limiting
the efficiency in recharging them by WPT.

Boyle et al. proposed a ‘Two-Stage Power Distribution’
scheme that uses two different coupling mechanisms to dis-
tribute the power wirelessly through the network in [10].
The authors discuss the viability of the scheme in terms of
power link efficiency and rectification circuit requirements
for a densely populated WSN distributed within APT range
with homogeneously equipped systems. The main idea of the
proposed scheme is to transfer ‘power packets’ inductively
to one or more accessible sensors in the network which are
later partially distributed among the other nodes by APT. This
establishes a Wireless Power Network (WPN) as illustrated in
Fig. 1. Though this increases the system complexity, including
additional storage and WPT modules, benefits of this scheme
include reducing the size of both inductive and acoustic power
receivers, achieving easier sensor node integration. Moreover,
such a scheme could be more economical in applications
where the WSN is only partially accessible (e.g. underground
or structural monitoring systems). In such cases only a fixed
number of nodes has both IPT and APT modules, which limits
the deployment and recharge costs. Consequently, planning
dynamic recharge scheduling for this strategy can potentially
avoid exhausting the PDV amid a recharge cycle, and increase
the lifetime of the WSN without network failures.

Recharge scheduling algorithms can be classified into
deterministic and non-deterministic algorithms [11]. Non-
deterministic algorithms, like Shortest-Job-Next with Preemp-
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Fig. 1. A Two Stage Power Distribution system represented through Inductive-
Acoustic wireless power transfer system [10].

tion (SJNP), runs on a prompt-based scheme where a failing
node sends a recharge request to the PDV to get energized.
This, however, leads to inefficient use of the PDV and the
charge schedule can be easily overlooked. Alternatively, de-
terministic algorithms, such as solutions to Traveling Sales-
man Problems (TSP) [12], work by constructing the shortest
Hamiltonian cycle and using it as the path for the PDV. In this
case, the node locations and energy consumption are recorded
periodically at a base station (BS), and depending on whether
we have a single-node [13] or a multi-node [12] scheme, the
PDV periodically follows a preoptimized path to recharge
the nodes. To avoid large data-storage demands associated
with tracking, Lin et al. proposed a heuristic “Temporal and
Distantial Priority (TADP) algorithm” in [11], where a priority
table is generated considering both charge time and PDV
travel distance and conditioning the Shortest-Job-Next (SJN)
algorithm into time slots. They also deduced the scheduling
problem as Non-deterministic Polynomial hard (NP-hard), as
the solution depends on optimizing both time and distance. In
other words, only a near-optimum solution can be obtained
by considering soft computing rather than a distinct analytic
solution [14], [15]. While these recharge schemes benefit the
effective replenishment of the WSN nodes, the capacity of the
PDV itself is assumed infinite. This assumption imposes an
unfeasible load on the PDV resulting in recharge failures.

To overcome this, Cheng et al. proposed using multiple
charging vehicles. They optimized scheduling by including a
genetic approach and studied the implications of the different
combinations of SJN and TSP algorithms [16]. The outline
of their approach is to cluster the low energy nodes using
K-means clustering for the available PDVs and calculate a
fitness function based on the time and distance travelled by
the PDV to recharge the nodes. This is reiterated until a near-
optimal solution for each PDV is obtained. Use of multiple
PDVs, however, may be infeasible to solve this problem
for applications incorporating semi-accessible sensor nodes,
which are the focus of this work.

Other studies consider the dual nature of a PDV to optimize
both the problems of WSN recharge scheduling and data
collection, hence simultaneously recharging a WSN node
and collecting data from nearby nodes through multi-hop
transmission [17], [18]. Although the work concentrates on

the network topology configuration and adaptive tuning of
data rates to reduce power consumption, they present a fast
converging analytic algorithm and analysed the potential dual
nature of PDV for further research.

Accordingly, in this article, a weighted genetic clustering
algorithm [19], [20] is introduced for the multi power distribu-
tion system to determine the optimized solution to efficiently
schedule recharge paths for the PDV. A clustered WSN is
composed of a collective group of nodes called clusters. Each
cluster consists of a set of nodes and one Center Node (CN).
The CN is responsible for receiving the packets of energy from
the PDV and distributing to the cluster nodes. The CNs must
be accessible to the PDV. To optimize both WPT systems,
the proposed approach is an adapted unique combination of
genetic clustering and TSP. This minimizes the load on the
PDV by finding the quickest route and maximizing power
distribution in both stages of WPT. The formation of the
clusters is crucial as (a) it should not burden the cluster center
to transmit power to too many nodes, draining its energy
and, (b) it should also transfer sufficient power to the node
farthest from the center. Since the separation distance largely
determines the efficiency of the power transfer, the choice of
cluster center is vital. Furthermore, the energy management of
the PDV is optimized through shortest path algorithms in order
to avoid frequent recharging cycles. The proposed approach
is then simulated and evaluated against performance metrics
including throughput and computational time to understand the
importance of sensor placement in a WSN to maximize the
network lifetime.

In brief, the main contribution of this work is a proposed
scheduling algorithm for a two-stage WPN that maximizes
the energy distributed among the sensor nodes and minimizes
the transmission losses. When supported by our algorithm,
our results also show that two-stage WPNs offer a practical
and scalable solution for enabling large IIoT networks with
enhanced lifetime and self-management capabilities. The pro-
posed system is evaluated in simulation using a 2D plane
where the nodes are arbitrarily distributed, using realistic
WPT parametric values. In doing so, this work firstly aims to
understand the efficiency of a two-stage WPN for insufficiently
accessible WSNs and secondly, to study the reliability of such
a system to deliver measurements at the expected frequency.
Lastly, the C++ implementation of this work is published
open-source for easy reference and further improvements1. We
note that this work builds upon its initial conception in [21].

The rest of the paper is organized as follows. Section II
defines the physical parameters used to model the WPT system
and the integration of the system model with the algorithm.
In Section III, the algorithms are explained in detail with
illustrations. Extensive simulations were performed, and their
corresponding results are discussed in Section IV. Finally,
the paper concludes with a summary of findings and possible
applications in Section V.

1https://github.com/achu6393/dynamicWeightedClustering.git
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II. SYSTEM MODEL

A network of NS sensor nodes is considered, whose coordi-
nate positions are recorded in the Base Station (BS) database
located at the origin (0,0) which is updated as necessary
whenever any changes occur. The starting point of the PDV
is also stored in the BS. The storage capacities of both the
sensor nodes (ESC) and the PDV (EPDV ) are presumed to
be finite, but rechargeable an infinite number of times. During
a charge cycle, the PDV starts from the BS, visiting the nodes
to charge through the first stage power transfer and then flies
back to the base station, where it is recharged to its maximum
capacity (i.e. EPDV = EMax

PDV ). To simulate the proposed
algorithm, both the position and initial stored energy of the
set of sensor nodes S ∈ S1, S2, ..., SNS

are randomized to
generate a variety of scenarios.

Each Sensor Node Si in the WSN is equipped with identical
power transfer units and conditioning circuitry. However, the
sensing element and the storage capacity can be modular
(further explained in Section V). The nature of the WPT is
typically determined and designed based on the application
or architecture, and therefore the algorithm is designed to
be versatile for any type of WPT system by changing a set
of constants. In this work, the first stage power transfer is
implemented inductively between the PDV and nodes, with
energy subsequently distributed among the cluster acoustically.
The system components and different modes of operation of
such a wireless sensor node is as depicted in Fig. 2, and the
list of modeling variables is given in Table I.

During time slot tr, the PDV transfers I(tr) energy to
the through an IPT system of efficiency ηIn. This charges the
storage capacitor (SC) from its current state ESC to Emax

SC . For
the secondary APT, the SC drives a piezoelectric transducer
of efficiency ηPi, through a driver of efficiency ηAC , to
transmit Tn,m energy. The end nodes receive an attenuated
energy of Rm,n, collected by the piezoelectric transducer
and charges its own SC. During the sensing mode, the SC
discharges to the sensing module to measure an attribute of
the system using ESensor energy with efficiency, ηS .
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Fig. 2. Process diagram of two stage wireless power transfer system and
energy flow during different modes of operation.

TABLE I
NOMENCLATURE OF VARIABLES USED IN SYSTEM MODELLING

Variable Definition Units

d Distance between two sensor Nodes [m]
Dmax Maximum distance for acoustic transfer [m]
EPDV Energy of PDV [J]
ESC Energy of Sensor Node (S) [J]
ESensor Energy utilized by the sensing unit [J]
g(f, d) Transmission gain of acoustic link -
I(tr) Packet of energy delivered from PDV [J]
Ns No. of sensor nodes in the network -
Rn,m Energy received by node m from n [J]
Tm,n Energy transferred from node m to n [J]
tr Time slot of the recharge cycle [s]
ηIn Efficiency of the inductive electronics -
ηAC Efficiency of the rectifier circuits -
ηPi Efficiency of the Piezoelectric Transducer -
ηS Efficiency of the Sensing Module -
µ Leakage of SC [%]

A. Power Delivery Vehicle

The PDV in this study is modelled on the DJI Matrice
100 (M100) quad-copter drone, the specifications for which
are summarized in Table II. This drone model was adopted
as we use this platform for practical research, and intend
to evaluate the proposed recharge scheme experimentally in
future. The flight of the drone is programmable by establishing
a locally customized 2D/3D co-ordinate system by referencing
the initial drone location at the origin (0,0). The M100
on-board software comes with a open source C++ library
(gcc 4.8.1/5.3.1) for flight control development. The user can
upload the complied binary code of the C++ script by inter-
facing the on-board Software Development Kit (SDK) with
serial communication ports (USART3) or through supported
processors like STM32 or ARM (USART2 and USART3). The
total time from the PDV take-off from the BS until its return
is defined as the recharge cycle time, represented by tr.

An approximation of the PDV power dissipation per unit
distance can be calculated from the maximum capacity and the
flight time of the PDV, also accounting for the power surge at
takeoff. In addition, the transferable ‘packets’ of energy to the
sensors through inductive transfer will also lead to a discharge
of the PDV battery.

B. Wireless Sensor Node

In any given timeslot, t, a WSN node will either be in
‘Sense Mode’ or ‘Power Distribution Mode’. In sense mode,
a sensing unit powered by the storage capacitor measures and
transmits data to the BS. When a charge cycle is triggered by
a node, the algorithm is run to compute the ‘Center Nodes’
(CN) which will receive a packet of energy inductively from
the PDV and then distribute a part of this energy to other
‘End Nodes’ (EN) acoustically. The nodes within acoustic
range operate in receiving mode, where the acoustic energy
is transduced to electrical energy, recharging the SC through
a power management unit. Considering the above network
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TABLE II
DJI MATRICE 100 SPECIFICATIONS [22]

Parameter Specifications

Performance

Hovering Time (with 2 TB48D Batteries) 40 min
Maximum Speed of Ascent 5 m/s
Maximum Speed of Descent 4 m/s
Maximum Flight Speed (GPS Mode) 17 m/s
Maximum power Consumption 350 W

Battery

Battery Model TB48D - Dual Battery
Capacity 5700 mAh
Energy 129.96 Wh
Max Charging Power 180 W

Flight Control System

Model N1
Flight Control Programmable
Navigation Custom local frame

design, the energy level of the SC of each node in the network
can be analytically derived, and is explained as follows.

1) Sense Mode: The sensing unit of a node includes the
measuring element, data storage and processing unit along
with RF communication port. The power consumption of a
sensor depends on its mode of operation and the sampling
rate. However, for most applications MEMS devices consume
power in the order of µW to mW during sampling cycles.
The amount of energy used per time interval, either in standby
or when measuring, is represented as ESense. Two types of
sensor nodes were included within the simulated system, with
specifications summarized in Table III. The power manage-
ment unit of the node is assumed to have efficiency ηAC .

2) Center Node Mode: In every recharge cycle, the exe-
cution of the proposed algorithm assigns some nodes as CN,
which will receive a packet of energy I(tk) from the PDV. The
efficiency of the inductive power electronics is represented as
ηIn. It is assumed in the following simulations that a sensor
node is always fully recharged for every PDV visit before
it drives the acoustic transmitter (i.e. ESC = EMax

SC ). In
this case, it will have sufficient energy to transmit acoustic
waves with adequate Sound Pressure Level to account for the
transmission loss in the medium.

As soon as the CN is fully charged, it drives the piezoelec-
tric driver with an efficiency of ηPi at its resonance frequency,
f , for secondary transmission of power. This driving sensor
node can transmit energy to χT neighboring nodes within
the acoustic distance limits Dmax, via acoustic WPT. The
amount of energy that is transmitted is denoted by Tm,n,
where m and n are the index numbers of the transmitting and
receiving nodes respectively. A distance-dependent portion of
the transmitted energy is received by the cluster members.

3) End Node Mode: End nodes are the set of nodes that
can receive energy from the CN through the second stage
power transfer. These nodes that can receive energy from a
center node are denoted as χR. The amount of energy that
is received from CN to node Sn separated by a distance
d (d < Dmax) at the time slot tr can be calculated with

respect to the acoustic channel loss co-efficient g(f, d). This
is a function of frequency f , distance d between the sensors,
and the transfer medium properties. In this work, g(f, d) is
obtained from the experimental data from [7], which serves as
a good approximation for the initial simulations of this work.

Further to the acoustic channel losses, the amount of re-
ceived power will also depend on the coupling efficiency of
the piezoelectric transducers ηPi to transfer the mechanical
vibrations into electric power. The received AC power is then
rectified using a Schottky bridge rectifier of efficiency ηAC ,
which then charges the SC of the node. Cumulative losses
are considered to calculate the received energy. To avoid
abnormalities in the near field region of the acoustic WPT,
g(f, d) is also governed by Dmax > dm,n > DFarField.
Furthermore, the SC for the node is assumed to be imperfect,
and a fraction of energy is lost to leakage (µ) for every
time slot t. The IPT and APT recharge the SC, increasing
its stored energy and driving the piezoelectric transducer or
the sensing modules extracts energy. Hence, the dynamics of
the SC energy level of a given sensor node, after a recharge
cycle tr, can be computed as follows:

ESC(tr + 1) = Min

{(
ESC(tr) + ηIn I(tr) −

Tm,n
ηPi

+ ηPi ηAC g(f, d) Tm,n − ESensor
ηS

)
∗ µ, EMax

SC

}
(1)

which is governed by the boundary conditions expressed in
Equations 2 - 4:

Tm,n(tr) > 0 (2)

ESC(tr) > Tm,n > Rn.m (3)

Tm,n + ESensor > ESC(tr) (4)

III. DYNAMIC CLUSTERING WITH GENETIC ALGORITHM

The proposed algorithm for scheduling the multi-stage WPT
scheme is discussed in detail in this section, along with the
design and assumptions of the genetic clustering algorithm.

TABLE III
SPECIFICATIONS OF SENSING UNIT COMPONENTS [23]–[26].

Parameters Temperature Node Pressure Node

Sensing Unit

Model No. LMT84 NPA300
Supply Typ. 1.5 V 3.3 V
Voltage Max. 5.5 V 5 V
Typical Current 5.4 µA 1.2 mA
Response Time 0.7 ms 0.5 ms
Sampling Frequency 0.01 Hz 0.1 Hz
On Time 2 ms 2 ms

Storage Capacitor

Model No. HB1030-2R5106 PHB-5R0
Capacitance 10 F 3 F
Voltage 2.5 V 5 V
Leakage Current 20 µA 16 µA
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The simulation is a 2 layered combination of weighted genetic
clustering and optimum path algorithm, executed in C++
programming language for easy integration with the system
development software of DJI Matrice 100. The aim of this
work is to propose a conceptually simple clustering and
path optimization algorithm that can be easily integrated for
practical application in PDV rechargeable WSNs. Contrary to
K-means algorithms, the suggested technique should always
reach a near-optimal solution, even for large datasets. This is
demonstrated by combining weighted clustering with a genetic
algorithm. The results are further fed to a TSP solver to
minimize the moving distance of the PDV.

A. Weighted Clustering

As the goal is to optimize the energy distribution in both
stages of WPT, two essential factors administer the order
of recharge. Firstly, an accurate number of clusters (NC)
must be calculated in order to enhance the first stage IPT.
This is because overwhelming the PDV with overestimated
NC will drain the PDV battery and result in an incomplete
recharge cycle. Undervaluing the same, however, can put more
pressure on the CNs during the second energy distribution
stage. Therefore, genetic clustering is preferred over K-means
clustering, where NC is not predetermined but optimized
based on its capacity and the energy demand from the WSN.

Secondly, as mentioned, the choice of the CN is vital in
employing efficient APT. In a clustered WSN, transmitting
energy packets to a dense cluster rather than to a CN with
distant end nodes helps to reduce the acoustic channel losses.
However, it could be the case that some nodes in the WSN
are remotely located, i.e. cannot be clustered or farther away
from CN. In this case, they are prone to frequent measurement
failures as they always receive less energy and lose energy
quickly, reducing their active lifespan. It is therefore critical
to consider these trade-offs during clustering and change the
CN according to the dynamic demand of energy. This can be
achieved by the introduction of a set of positive weight factors
w for all nodes in the network (wi ∈ wS1 , wS2 , . . . , wSNS

).
This is defined as the rounded ratio between the maximum
charge of the SC to its current charge in the given tr, expressed
as follows:

wi = round

(
ESi(max)

ESi

)
(5)

where i is the index of the sensor (i = 1, 2, . . . , Ns).
To initiate a recharge cycle, an automatic request is

prompted by a node when its energy level is drained below a
predefined threshold. For adaptability, two different threshold
levels are defined, first at 70% of EMax

SC and another at 50%
of EMax

SC , below which the node might fail to measure or
communicate with the BS. This strategy also allows us to
prioritize the clustering process for node(s) nearing the second
threshold. Once sufficient information is gathered on the state
of the WSN, all the nodes in the WSN are classified either
into the charging or non-charging list. This information is fed
into the genetic clustering algorithm to evaluate and allocate
a charging path for the PDV. After the first stage of energy
transfer, the CN distributes the energy to the nodes within

Algorithm 1 Weighted Clustering using Genetic Algorithm
Input: Co-ordinates of Nodes; Energy level of Nodes; Posi-

tion and Energy of PDV
Output: Optimized PDV Flight Path

Start
1: Set WPT model constants (Dmax, g(f, d), η)
2: Set GA clustering constants (Pop,CR,Gen)
3: Evaluate maximum allowable clusters (kMax)
4: Initialize Target Vector (X1) for first generation
5: repeat
6: Perform GA Crossover to generate Trial Vector (Vgen)
7: Perform GA Mutation on Vgen
8: Compute metric for Xgen and Vgen
9: Perform GA Selection

10: until : Optimized Fitness Function or maximum genera-
tion achieved

11: Store the vector of center node vertices in PDVpath
12: Perform TSP Algorithm to obtain PDV opt

path

13: return PDV opt
path

range. Note that though a node may not be in the charging
list, if it is located within the acoustic range of a CN, it is set
to WPT mode.

B. Weighted Clustering using Genetic Algorithm (GA)

Primarily in GAs, a population/vector of candidate solutions
is initialized where each candidate represents a unique set of
clusters. This is then iterated over a known number of times
following a process of crossover, mutation and selection of
the best candidates in that population. To influence the quality
of the search, a set of control parameters is assigned for the
algorithm.
• Population (Pop): This defines the maximum number of

candidate solutions allowed per population and affects the
speed of execution.

• Crossover Ratio (CR): This defines the percentage of
genes allowed to crossover between the two parents.

• Number of Generations (Gen): The maximum number of
iterations of the algorithm.

The choice of these parametric values is problem-dependent
and its significance, along with the steps involved in the
algorithm, are explained in the following sub-sections. An
illustrative overview of the process is given in Algorithm 1.

1) Initialisation: The genetic algorithm is onset by esti-
mating the maximum number of clusters (kmax) that can
be formed in the WSN. kmax is dependent on the current
charge of the PDV and its approximate travel time across the
WSN in order to avoid exhausting its energy. In this work,
kmax is set to the maximum number of nodes it can fully
charge with 40% of its battery capacity. In this way, enough
energy is reserved for the flight itself. The value of k is then
appropriately minimized during the iterations.

Supposing that p number of sensors among the Ns prompted
a recharge request, a vector of these nodes is produced and
k nodes are randomly selected as CN for each cluster. The
remaining nodes in the network are randomly assigned to
one of the clusters, provided that they are inside the acoustic
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limits of the CN (Fig. 3a). In some cases, not all the nodes
in the network are included in the cluster because a) the node
might not have called a recharge request, or b) it is out of
the acoustic range from the other nodes. This is repeated until
Pop samples of a vector of cluster is formed as shown in
Fig. 3b. Furthermore, in dense regions, the GA may cluster a
single node into multiple clusters. To avoid overlaps, a penalty
function is introduced before GA selection to segregate dense,
large clusters to smaller clusters by limiting the number of
nodes in a cluster and removing duplicates. This vector of
samples is known as the Target Vector (X) and the first entity
(highlighted by a bolded frame in Fig. 3) is the CN of the
respective cluster.

2) Fitness Function: When adopting any genetic algorithm,
it is essential to define a fitness function that acts as a metric
to evaluate the candidate solutions of each population. Since
the goal of the GA is to maximize the power distribution
and minimize the travel distance of the PDV concurrently,
the solution is approached as a multi-objective optimization
problem formulated as a weighted sum. Given NC number
of clusters distributed over an area of R2, each containing
a center node CNi (i ∈ {1, 2, ..., NC} is the index of the
cluster), the described optimization problem can be formulated
as:

min
CN∈R2

NC
max
i=1

d(CNi, CNi+1) ·
∑

∀Sj∈Ni
C

wj ∗ ESC,j (6)

where wj and ESC,j are the positive weight factor and
energy of the node Sj belonging to ith cluster. The sum
of wjESC,j represents the total energy of ith cluster, and
d(CNj , Cnj + 1) is the distance between two cluster centers.
Therefore, the optimization is a MINIMAX problem as to
minimize the maximum expenditure of the PDV.
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Fig. 3. A sample representation of the vectors used in the GA clustering. (a)
The structure of a sample candidate in the vector (b) The structure of a target
vector after the initialization process. The bolded frames indicate the CNs of
each cluster.

Algorithm 2 GA 2-point Crossover Scheme
1: Start
2: Initialize Vi = XI and Vj = XJ

3: Randomly select the starting point of the sequence
4: repeat
5: Swap the sequence Vi = Xj and Vj = Xi

6: until rand(0,100] < CR or end of the smallest cluster
7: for i = pop to 1 do
8: if Vi−1 == Vi or Xi−1 == Xi then
9: Remove Duplicates

10: end if
11: end for

The energy term of the problem can be implicitly deduced
using the system model described in Section II, as the cu-
mulative increase in energy of WSN (∆EWSN ). This can be
calculated for the assumed cluster formation from Eqs. 1-4
and 7.

∆EWSN =

Ns∑
i=1

Ei
SC(t+ 1)− Ei

SC(t) (7)

The distance term is deduced by the total distance travelled
by the PDV can be calculated as in Eq 8.

dPDV = dBS,p1
+

k−1∑
i=1

dpi,pi+1
+ dpk,BS (8)

where d is the Euclidean distance between two points.
In addition to distance and the energy transfer, flight dura-

tion is also considered using the parameters listed in Table II.
During flight, a metric of charging delay, and hence of sensor
down time is also taken into account. This is done by setting
a tolerable threshold to this value, and if a candidate solution
exceeds this the fitness metric is immediately set to −1. This
reduces the probability of the candidate being selected for the
next generation. A similar condition is applied if the PDV
runs out of power amid a recharge cycle, thereby enforcing
practical conditions in the simulations.

Accordingly, the metric can be summarized as Eq. 9, the
inverse of which gives the fitness function:

M =

{
α ∗ ∆EWSN + β

dPDV
, if EPDV > Eflight

−1, otherwise
(9)

The constants α and β used in Eq. 9 are user defined param-
eters to weigh the importance of one criterion over the other.
For example, if the application is highly restricted by the travel
distance of the PDV, β is set to a high value to manipulate
the fitness metric. For the simulation performed in this work,
α and β are set to 100 and 10 for imposing a preference of
charging more nodes in the WSN over minimizing PDV travel
distance.

3) Crossover: Crossover is a probabilistic process of se-
lecting a substring from two samples of the target vector to
produce two proto-samples, generating the Trial Vector (V ).
In this work, a 2-point crossover strategy was implemented
and controlled by the CR parameter. The steps involved with
crossover are illustrated in Fig. 4.

Initially, two candidates Xi and Xj are chosen at random
from the target vector. A substring of the same length in
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Fig. 4. Illustration of the steps involved in 2-point crossover strategy of GA clustering. The beginning and end points of cross-over are represented by the
arrows, and the shaded cells are exchanged among the clusters. Subsequently the duplicates are removed.

each cluster is then chosen based on the set CR. These
substrings, indicated by grey cell shading in Fig. 4, are then
exchanged between the target vector candidates forming two
trial candidates, as in Algorithm 2. In the illustrated example,
one node each from cluster 1 and 3 are exchanged as a part
of the sequence. However, there is a size mismatch for the
second cluster. In such circumstances, the smallest size among
them is chosen for generating the sequence, which is 2 in the
shown example. The final step of the crossover is to remove
any duplicates from each cluster, as shown in cluster 2 of Vi.

4) Mutation: As the process of crossover is fully random-
ized, some nodes inside the trial vector cluster could be outside
the acoustic limits of the CN. Therefore, a further step of
mutation is recommended to alter the trial vector candidate.
Swap Mutation is designed for this work, where two indices
are selected at random from two different clusters in the same
candidate, and the corresponding nodes are swapped. Fig. 5
demonstrates the swap mutation process. Each candidate in
the trial vector undergoes mutation with equal probability.

Supposing the node population is dense in specific regions,
the GA initialisation may cluster more nodes into a single
cluster exceeding the physical limits of the acoustic transmis-
sion. Therefore, in this case, dense clusters must be segregated
into smaller clusters to avoid overlapping energy transfer path.
This is achieved by introducing a penalty function which
has 2 functions: (1) To find the group of closest nodes with
respect to the CN and restricts a maximum node population per
cluster. For each cluster, the end nodes are initially arranged
by ascending distance from the CN and a look-up table of
displacement angle from the CN (origin) is calculated. Starting
from the nearest node, an angular scan is performed, and the
closest nodes are clustered. (2) A scan for any duplicates
within a population is performed after mutation, to avoid
scenarios with overlapped sensors. This is implemented in the
code by using a vector of linked list data structure removing
the sensor node references once it is assigned to a cluster.

5) Selection: Many different strategies are followed in GAs
depending on the nature of the problem. The survival-of-the-
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Fig. 5. Representation of trial vector changes during swap mutation step.

Algorithm 3 GA Survival-of-the-fittest Selection Scheme
1: Start
2: Compute the M(Xgen) and M(Vgen)
3: Initialise Xgen+1 = Xgen

4: if M(Xgen) < M(Vgen) then
5: Xgen+1 = Vgen
6: end if

fittest concept from the natural theory of evolution is adopted
in this work, represented by Eq. 10. A binary selection scheme
is followed where the metric value of each candidate in the
target and the trial vector are compared, and the candidate
with the higher metric is selected for the mating pool of the
next generation. This ensures that the candidate pool gets
closer to the optimal solution or stays the same, but never
declines. The selected set of candidates is initialized as the
target vector for the next iteration, and the GA clustering is
repeated until an optimal solution is found or the maximum
number of generations is reached.

Xi,gen+1 =

{
Xi,gen, if M(Xi,gen) > M(Vi,gen)

Vi,gen, otherwise
(10)

C. Travelling Salesman Problem (TSP)

Having generated the cluster centers for first stage power
transfer, an array of the sensor node coordinates is assembled
for the PDV. This is loaded to the TSP algorithm to generate
the optimized path. The steps employed in this work are
given in Algorithm 4. A simple nearest node search algorithm
generates a low-cost path for the PDV to traverse the WSN,
stationing at the chosen points to transfer packets of energy.
An optimal power control scheme is therefore obtained, where
the PDV uses a dynamic clustering algorithm to minimize the
acoustic and inductive channel losses and maximize the energy
supplied to the sensor nodes in each PDV visit.

IV. RESULTS AND DISCUSSION

This section presents results from the proposed algorithm
simulations and evaluation of a two stage power distributed
WPN. The algorithm was coded in C++ 14 using standard
libraries to ensure compatibility with PDV system software
for future experiments. The binary codes were executed on an
64-bit Intel Core i5 CPU @ 2.20 GHz with 4 GB RAM to
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Fig. 6. Impacts of varying GA parameters for a network of 2000 sensors randomly distributed in a 4 km2 area. (a) Throughput analysis for GA parameters;
(b) Computation time vs GA Parameters

obtain results. All the presented results are the average of 100
simulations.

The priorities of optimization depends on the network and
application specification. The following performance metrics
are used in this work:

• Frequency of PDV Visit: The total number of completed
PDV recharge cycles over a specified period of time.

Algorithm 4 TSP Algorithm
Input: Vertices of the Center Nodes
Output: Optimized PDV Flight Path

Start
1: repeat
2: Find u = nearest node from current PDV Position.
3: Calculate temp = Energy to travel to and recharge u

and proceed back to BS.
4: if EPDV < temp then
5: Exit Loop
6: else
7: Add u to PDV opt

path

8: Remove vertice u from PDVpath
9: end if

10: until PDVpath is Empty
11: return PDV opt

path

• Throughput [%]: The percentage of sensor nodes that
are successfully charged either inductively or acoustically
with respect to the total number of charge requests
received by the BS.

• Computational Speed [s]: Defined as the time period
between when charge requests are received and the time
the GA develops a recharge path.

A. Impact of Algorithm Parameters

Fast and efficient calculation is one of the important char-
acteristics for charge scheduling algorithms given the limited
computation resources of the PDV. In order to select a suitable
value for Gen and Pop, a series of simulations were evaluated
to understand their effects on algorithm performance for a
network of 5000 sensor nodes distributed over a square area
of 4 km2 and a storage battery charged between 60 and 100%.
The values of Gen and Pop were varied within [50, 100] and
their influence on the computational speed and the effective
charging are summarised in Fig. 6.

It can be interpreted from Fig. 6a that the increase of Gen
and Pop has only a small impact on the GA performance
metric from the overlapping throughput plots. This indicates
that the algorithm converges to a near optimum solution at all
times. Fig 6b, however, shows that higher Gen or Pop values
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will greatly impact the computation time of the algorithm. This
signifies that the algorithm may have reached the optimum
solution in fewer iterations. To analyse the effects of com-
putational time on the throughput of the algorithm, an inset
plot is added to Fig. 6a for Gen = 50 and varying Pop. This
trend follows the main graph and is offset by the computation
time. It is concluded that throughput and computational time
are independently influenced by Gen and Pop. Consequently,
Gen and Pop are set to 50 for the following simulations to
conserve resources.

B. Impacts of the PDV Parameters

As this work is focused on a specific WPN design, for
comparing the performance of the proposed algorithm we
introduce a baseline design where all the nodes are charged
by the PDV through IPT (i.e. no second stage of power distri-
bution). This demonstrates the performance gap between the
proposed WPN compared with IPT recharged networks, and
also helps to understand the limitations of both systems. Fig.
7a illustrates the results from simulating a network containing
100 to 5000 sensor nodes distributed across a square area
from 0.1 km2 to 25 km2. The PDV becomes overloaded for
larger networks and charging each node individually gives only
∼10% throughput. Two-stage WPN manages to satisfy at least
30% of the charge requests for WSN spread over 25 km2.
These results are also summarised in Table IV. The placement
of the nodes and their initial energy in these simulations are,
however, randomly generated at the beginning of each recharge
cycle. Therefore, the simulations of Fig. 7a represent the
performance of the WPN response to a static case. To evaluate
the performance of the algorithm in a dynamic network,
the system was continuously simulated for a period of 7
days for varying WSN densities and the frequency of PDV
recharge cycles was recorded (Fig. 7b). It can be observed
that for increasing WSN area, the total PDV cost (in terms
of recharge cycle) increases non-linearly. This is because, in
larger WSN, the PDV can fulfill the demands of only a few
remote nodes through IPT. This results in very low throughput
and hence persistent recharge requests from the SNs, which
the PDV is unable to meet, hence leading to an accumulation
of unfulfilled requests. Two Stage WPN scheme subsides this
effect by increasing the throughput, through secondary APT
within clusters. The initial spikes in Fig. 7b might be subject
to random initiation of the WSN. In comparison, the two-
stage WPN is superior in dense and large WSN. For sparsely
distributed or smaller WSNs (in comparison to the PDV flight
range, ∼6 km2), a pure IPT recharge network would be a
better choice, given the reduced components.

C. Impacts due to Sensor Node Type

In the previous simulations, the WSN simulated was a
heterogeneous network with a random mixture of two types of
sensors, as mentioned in Table III. In this section, we compare
the performance of the algorithm based on the heterogeneity
or homogeneity of the WSN, where the former is a mixture
of 2 different sensors and the latter is a network of pressure
sensors. The throughput of the PDV for Two Stage and IPT

TABLE IV
THROUGHPUT COMPARISON BY POWER DISTRIBUTION SCHEME

Area [km2] Number of Nodes Throughput [%]
Two Stage WPT IPT Only

0.01

100 100.00 100.00
1500 96.50 35.10
3000 93.00 16.60
5000 86.40 10.10

1

100 100.00 100.00
1500 76.10 23.50
3000 64.00 23.50
5000 67.40 8.30

25

100 31.40 28.00
1500 36.70 10.20
3000 31.90 6.40
5000 35.60 4.30

Only WPN are compared for both networks in Fig. 8. This is
simulated for networks of 100 to 1000 nodes spread over an
area from 0.1 km2 to 1 km2.

Comparing the power distribution methods over the varying
WSN density, clearly the two-stage power transfer has a
significantly higher throughput when compared to charging
nodes through only inductive methods, maintaining the trend
seen in Section IV-B. For network area < 0.2 km2 and < 300
nodes all the 4 cases yielded a ∼100% throughput. However,
there are clear differences between the homogeneous and
heterogeneous WSN. The throughput of heterogeneous WSN
appears to be better than homogeneous WSN, mainly because
of the difference in the energy demand of the networks. In
other words, the overall power consumption and sampling
frequency of the pressure sensor WSN is higher than for tem-
perature sensors resulting in increased power demand in the
homogeneous pressure sensor network. In the heterogeneous
network, this reduces the number of recharge requests that the
PDV receives per recharge cycle, consequently reducing the
load on the PDV. This suggests that the energy demand of
a real time network has a complex correlation with network
architecture. Hence, having a dynamic scheduling algorithm
is essential to optimize the costs involved in a WPN.
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D. Complexity Analysis

The input to the algorithm is the vector of sensor nodes
in the network. Storing all the node data is unnecessary and
even in worst cases the write memory is limited to only the
flight path of the PDV. For visiting NC cluster heads, the
working memory can thus be deduced as Θ(NC). Consider
the worst case scenario where the nodes are sparsely placed
and therefore must be individually charged. Finding the cluster
head would then require NC iterations. For the optimization
loop, the worst case scenario is that each iteration results in
minimum metric margins among the competing generations.
As two vectors of size Pop are used in the algorithm, it takes
Gen ∗ Pop2 iterations to find the cluster heads. Running the
TSP algorithm has a complexity of O(NC

2), where NC is
solely dependant on the battery capacity of the PDV. There-
fore, in large WSNs, NC is limited and has a fixed value (i.e.
N2

C << Gen ∗Pop2). Hence the total time complexity of the
proposed genetic weighted clustering algorithm is O(nm2),
where n = Gen and m = Pop.

V. CONCLUSION

In this paper, we exploit recent advances in genetic comput-
ing to resolve a dynamic recharge scheduling problem for two-
stage energy distribution systems, where power is distributed
among the WSN using multiple WPT methods. The goal
is to develop a sustainable and autonomous WPN for large
scale industrial monitoring networks by forming clusters of
nodes that can distribute the received power packets from
a power delivery vehicle to the other nodes by a secondary
WPT method. In the studied system, inductive and acoustic
WPT methods were considered. We propose a novel dynamic
optimization algorithm by combining genetic weighted clus-
tering and a TSP solution, thereby jointly minimizing the
PDV travel distance and losses during WPT. All parameters
used in the simulation of the system model are practical
values obtained from off-the-shelf components and experi-
mental data. Extensive simulations of the proposed system
and algorithm were evaluated against the case of a single-
stage IPT recharge scheme, using the network charging state
and the number of required vehicle recharge visits as two
independent performance metrics. The throughput analysis
gives insight into the correlation between the recharge demand
and network specifications, signifying the importance of the
two stage WPT scheme to significantly improve the number
of recharged nodes in large, dense networks. These results
reveal the merits and limitations of the proposed model. Since
the two stage WPT scheme is based on clustering WSN
nodes for APT, node placement is also a determining factor
to enhance the recharge performance. We therefore further
proposed this algorithm as a novel planning tool to architect
the placement of sensors in a network for optimized sensing
data and power transfer. Furthermore, complexity analysis of
the algorithm was implemented to asses its compatibility with
the generic on-board SDK. For future work, adapting the
algorithm for multiple PDVs may be of interest to reduce
charging delays in the network and help inform a comparative
cost analysis. Implementing the scheme experimentally will be

a key next step to successfully progress towards autonomous
and sustainable monitoring systems.
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