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Abstract

This paper deals with how to efficiently deploy energy-harvesting relay nodes in previously-established low-cost static Wireless
Sensor Networks (WSNs), assuming a single-tiered network model. The purpose is to optimise three conflicting objectives: average
energy cost, average sensitivity area, and network reliability. This is the so-called Relay Node Placement Problem (RNPP), which
is an NP-hard optimisation problem. We find many works assuming heuristics in the current literature. However, it is not the case
for metaheuristics, which usually provide good results solving such complex problems. This situation led us to consider a wide
range of MultiObjective (MO) metaheuristics: the two standard genetic algorithms NSGA-II and SPEA2, the trajectory algorithm
MO-VNS, the algorithm based on decomposition MOEA/D, and two novel swarm intelligence algorithms MO-ABC and MO-FA,
which are based on the behaviour of honey bees and fireflies, respectively. These metaheuristics are applied to optimise a freely
available data set. The results obtained are analysed considering two MO metrics: hypervolume and set coverage. Through a widely
accepted statistical methodology, we conclude that MO-FA provides the best performance on average. We also study the efficiency
of this approach, verifying that it is a good strategy to optimise such networks, including some limitations. Finally, we compare
this proposal to another author approach, which assumes a heuristic.
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1. Introduction

Wireless Sensor Networks (WSNs) are widely considered in
many fields of application in the last years. For example, inten-
sive agriculture, environmental control, industrial monitoring,5

forest fire detection, and home automation, among others [1].
Traditionally, a WSN is composed of a set of sensors cap-

turing information about the environment and a sink node (also
called collector node), which collects all the information pro-
vided by the network. The sensors have some important fea-10

tures, which encourage the use of this technology. For example,
they are small, cheap, power-autonomous, and able to capture
different types of information in a same device. In addition, the
use of wireless technology facilitates the network deployment,
reducing its cost. These features, among others, allow consid-15

ering WSNs in environments where the deployment of wired
technologies would be impossible or very expensive [2].

∗Corresponding author
Email addresses: jmlanza@unex.es (Jose M. Lanza-Gutierrez),

jangomez@unex.es (Juan A. Gomez-Pulido)
This paper is an extended, improved version of the paper A Trajectory-

based Heuristic to Solve a Three-Objective Optimization Problem for Wire-
less Sensor Network Deployment presented at EvoComNet2014 and published
in: Applications of Evolutionary Computing, Proceedings of 17th European
Conference, EvoApplications 2014, Granada, Spain, April 23-25, 2014, LNCS
YYYY (to appear soon), Springer, 2014.

Nevertheless, WSNs have also important shortcomings af-
fecting critical features, e.g. energy consumption and Quality
of Service (QoS). Traditionally, the sensors are powered by bat-20

teries to assume cheap devices and to avoid the use of wires. All
the information captured by the sensors is sent to the collector
node, which involves an energy cost. Consequently, WSNs are
particularly sensitive to energy consumption, affecting the net-
work behaviour. If the network assumes a star topology, all the25

sensors follow a similar energy distribution. However, if we
consider a habitual multi-hop protocol, the energy distribution
could be unbalanced, involving the existence of bottlenecks, i.e.
sensors subject to higher energy costs.

With the goal of avoiding the bottlenecks, a new device spe-30

cialised in communication tasks is added to traditional WSNs
[3]. This device is called Relay Node (RN) or router, which
forwards all the information received to the sink node, so re-
ducing the workload of the sensors. The routers have higher
energy capacity than the sensors. They can be plugged into35

the grid, have greater batteries, or be energy harvesting devices
(e.g. powered by solar energy). Hence, they are not limited to
be placed close to a plug, being possible to deploy the network
in difficult terrains, such as jungles, farmland, and war zones.
Consequently, the routers are more expensive than the sensors40

and their deployment must be carefully studied.

The efficient deployment of WSNs depends on many factors.
Hence, this issue was defined as an NP-hard optimisation prob-
lem [4] by several authors [5] [6]. This type of problem cannot
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be solved through exact techniques, but non-conventional ones,45

such as Evolutionary Computation (EC) [7].
In this paper, we study how to deploy energy-harvesting RNs

in previously-established low-cost static traditional WSNs, with
the purpose of optimising three important factors. This is the
so-called Relay Node Placement Problem (RNPP). The follow-50

ing contributions are presented in this work:

• A formal statement of the RNPP is presented, assuming
three conflicting objectives to optimise: Average Energy
Consumption (AEC) of the sensors, Average Sensitivity
Area (ASA) provided by the network, and Network Relia-55

bility (NR), including a trade-off study between them.

• Six different MultiObjective (MO) metaheuristics are con-
sidered to solve the problem. Five of them belong to EC:
NSGA-II [8], SPEA2 [9], MO-ABC [10], MO-FA [11],
and MOEA/D [12]. NSGA-II and SPEA2 are two stan-60

dard Genetic Algorithms (GAs). MO-ABC and MO-FA
are two novel swarm intelligence algorithms, being based
on the behaviour of honey bees and fireflies, respectively.
MOEA/D is a generic algorithm framework, which de-
composes an MO optimization problem into different sin-65

gle objective optimization subproblems. The remainder is
a trajectory algorithm called MO-VNS [13].

• These metaheuristics are applied to solve a freely avail-
able data set proposed by ourselves in [14], since standard
test suites or benchmark cases do not exist for the problem70

being studied. Instead, papers in the recent literature as-
sume non-public or randomly generated data sets. Conse-
quently, this contribution could be replicated and enhanced
by other authors in future works.

• Another author approach [3] is assumed to solve the data75

set. We study the advantages which accrue from deploying
RNs to traditional WSNs following both approaches.

The remainder of this paper is structured as follows. The next
section discusses the literature review. The WSN model consid-
ered is exposed in Section 3. The optimisation problem is ex-80

plained in Section 4. The metaheuristics assumed are discussed
in Section 5. The experimental methodology is presented in
Section 6. The computational results appear in Section 7. Sec-
tion 8 compares our methodology to another author approach.
Concluding remarks are left to Section 9. The acronyms con-85

sidered in all the sections are listed in Table 1.

2. Literature review

We find two main lines of research for WSN deployment:
authors studying how to efficiently deploy traditional WSNs,
i.e. a set of sensors and a collector node, and works adding90

RNs to traditional WSNs to optimise them.
Taking the first approach, some authors considered heuris-

tics. Cheng et al [5] minimised the energy cost by assigning dif-
ferent power transmission levels to the sensors. Chang and Tas-
siulas [6] maximised the network lifetime optimising the rout-95

ing protocol. Cardei and Du [15] split the WSN into disjoint

sets of sensors, maximising the network lifetime by deciding
which set had to be in the active mode. Zhang and Hou [16]
optimised coverage and connectivity by keeping a minimum
number of active sensors. Liu et al [17] maximised the network100

lifetime, maintaining connectivity and coverage, by following
the approach proposed by Cardei and Du [15]. Mahboubi et al.
[18] studied deployment strategies based on Voronoi polygons
to increase coverage in wireless mobile sensor networks.

Other authors assumed metaheuristics to this end. Konstan-105

tinidis et al [19] maximised network lifetime and coverage by
considering MOEA/D. Jia et al [20] optimised the coverage rate
and the number of sensors deployed; assuming a GA to decide
which sensors had to be active. Jia et al [21] considered NSGA-
II, for the same purpose as Jia et al [20], for sensors with ad-110

justable sensing radius. Hu et al [22] assumed a GA to max-
imise the network lifetime by splitting the WSNs as Cardei and
Du [15]. Konstantinidis and Yang [23] improved the work done
in [19] ensuring a certain connectivity. Le Berre et al [24] ap-
plied some MultiObjective Evolutionary Algorithms (MOEAs)115

to optimise lifetime, coverage, and financial cost. Martins et al
[25] maximised the network lifetime assuming an MO hybrid
algorithm. Yoon et al. [26] proposed a GA to deploy the sensor
nodes optimising the network coverage. Mini et al. [27] con-
sidered a two-step algorithm to optimise the network lifetime.120

Firstly, they deployed the sensors at theoretical optimal loca-
tions such that the network lifetime was maximum. Secondly,
they scheduled the WSN by a swarm intelligence algorithm op-
timising the network lifetime.

The deployment of traditional WSNs with many sensors has125

an important shortcoming. Being as the sensors are energy lim-
ited and the number of relayed packets is high, it is common to
consider redundant sensors to enhance the performance of the
network. This situation implies additional costs. The efficient
addition of RNs to traditional WSNs is presented in the liter-130

ature as a possible solution to this issue. Taking this line, we
find two different approaches: Single-Tiered and Two-Tiered
WSNs, ST-WSNs and TT-WSNs, respectively. In the first one,
all the devices can communicate among them following a multi-
hop routing protocol. The second approach is a cluster-based135

network, where the sensors send the data to the cluster head (an
RN) in one hop, and then the RNs forward the information to
the collector node in one or more hops.

Following the second line, some authors considered heuris-
tics. Hou et al [3] maximised the network lifetime and miti-140

gated the network geometric deficiencies in TT-WSNs. Tang et
al [28] ensured connectivity and fault-tolerance deploying the
minimum number of routers in TT-WSNs; to this end, they as-
sumed two polynomial time approximation algorithms. Wang
et al [29] minimised the network cost in TT-WSNs with con-145

straints on lifetime and connectivity, assuming two models: the
routers were not energy constrained and all the nodes were en-
ergy limited. Lloyd and Xue [30] optimised the network life-
time in ST-WSNs, while they preserved the network connec-
tivity; to this end, they followed two different approaches: on150

the one hand, there was a connecting path composed of routers
and/or sensors between each pair of sensors, and on the other
hand, the path was composed solely of routers. Han et al [31]
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Table 1: Acronyms.

AEC Average Energy Consumption
AFN Aggregation and Forwarding Node
ASA Average Sensitivity Area
BS Base Station
C-RNPP Constrained Relay Node Placement Problem
CHIM Convex Hull of Individual Minima
EC Evolutionary Computation
GA Genetic Algorithm
IQR InterQuartile Range
MAC Medium Access Control
MO MultiObjective
MO-ABC MultiObjective Artificial Bee Colony
MO-FA MultiObjective Firefly Algoritihm
MO-VNS MultiObjective Variable Neighborhood Search
MOEA MultiObjective Evolutionary Algoritihm

MOEA/D Multiobjective Evolutionary Algorithm Based on
Decomposition

MSN Micro Sensor node
NBI Normal Boundary Intersection
NR Network Reliability
NSGA-II Non-dominated Sorting Genetic Algorithm-II
QoS Quality of Service
RN Relay Node
RNPP Relay Node Placement Problem
SPEA2 Strength Pareto Evolutionary Algorithm 2
SPINDS Smart Pairing and INtelligent Disc Search
ST-WSN Single-Tiered Wireless Sensor Network
TT-WSN Two-Tiered Wireless Sensor Network
WSN Wireless Sensor Network

optimised the fault-tolerance in ST-WSNs considering sensors
with adjustable transmission radius. Xu et al [32] studied the155

impacts of random device placement on connectivity and life-
time in TT-WSNs. Misra et al [33] ensured connectivity by
deploying a minimum number of RNs in ST-WSNs, where the
routers were constrained to be placed at a subset of candidate
locations, this is the so-called Constrained RNPP (C-RNPP).160

Following this constrained approach, Misra et al. [34] placed a
minimum number of routers to ensure connectivity and surviv-
ability in energy-harvesting ST-WSNs, where the energy har-
vesting potential of the candidate locations was known a priori.
Nigam et al. [35] proposed a branch-and-cut algorithm to de-165

ploy the minimum number of routers at a subset of candidate
locations in ST-WSNs, such that the sensors were communi-
cated to the sink node within a prespecified delay bound.

Some works assumed metaheuristics to this end. Zhao and
Chen [36] applied a particle swarm algorithm to optimise the170

energy efficiency by minimising the average path length in ST-
WSNs. Perez et al [37] assumed an MO algorithm, optimising
both the energy cost and the number of routers in ST-WSNs,
considering the C-RNPP. Peiravi et al. [38] proposed a method
of clustering homogeneous TT-WSNs using an MO two-nested175

GA, with the aim of obtaining clustering schemes, where the
network lifetime was optimised for different delay values.

This work differs from the papers described before in the fol-
lowing: i) We consider an unconstrained single-tiered approach
of the RNPP. ST-WSNs are usually assumed in medium-size180

networks, where devices are low-cost, such as in intensive agri-
culture [39]. In this model, the RNs are similar to sensors,
but they do not have circuits for capturing data, having addi-
tional energy capacity. In our approach, the RNs are energy-
harvesting devices. Hence, they can be placed in anywhere of185

the surface. Consequently, the search space is greater than in
the C-RNPP. ii) We propose to analyse the behaviour of sev-
eral MO metaheuristics solving this problem. It is well known
that MO metaheuristics provide a trade-off between the con-
flicting objective functions. Thus, the network designer will190

have several possibilities to deploy the WSN. This is not the
case for heuristics, providing a unique solution. As described

above, many works assumed heuristics for ST-WSNs [3] [28]
[29] [30] [31] [32] [33] [34] [35]. However, only a few papers
studied the single-tiered approach by assuming metaheuristics195

[36] [37]. Regarding these works, the authors in [36] consid-
ered a singleobjective problem, but ours is MO. Hence, this is a
more realistic approach. In [37], they assumed an MO C-RNPP;
however, our approach is unconstrained.

This work is partially inspired by some early papers. In [40]200

and [41], we considered NSGA-II and SPEA2 to solve a similar
problem for two objectives. In [42] and [43], we improved [40]
by including MO-VNS and MO-ABC, respectively. An early
version of this three-objective problem was presented in [44],
considering NSGA-II and SPEA2. Finally, we solved the same205

problem with MO-VNS in [45]. Now, we present a more com-
plete work, including two novel swarm intelligence algorithms,
a state-of-the-art MOEA based on decomposition, a bigger data
set, and additional comparative studies.

3. The wireless sensor network model assumed210

In this section, and according to the notation shown in Table
2, we describe the WSN model assumed in the RNPP. Firstly,
we present the general assumptions of the model. Next, we
discuss some important aspects: the energy cost, the sensitivity
area provided by the WSN, and the network lifetime concept.215

3.1. Assumptions of the wireless sensor network model

The general assumptions of the model are:

1. The network is composed of three types of wireless static
devices: a collector node, s̃s sensors, and s̃r RNs. All of
them are placed on a same 2D-surface of size dx × dy.220

2. The sensors are powered by batteries. The collector and
the RNs have enough energy capacity for operating over
the network lifetime. They are energy-harvesting devices.

3. Initially, at time t = 0, all the sensors start with the same
energy capacity iec in their batteries. If during operation,225

t > 0, a sensor is exhausted, it cannot be linked again.
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Table 2: Notation for modelling the WSN and the optimisation problem.

α path loss exponent, α ∈ [2, 4].
β transmission quality parameter, β > 0.
τ set of time periods, τ = {0, 1, 2, . . .}.
A(t) sensitivity area provided by the WSN at time t > 0 ∈ τ.
ap(t) variable assuming 1 if there is at least one sensor i ∈ S s(t)

at a distance to the demand point p ∈ D̃p(t) lower than rs.
amp energy cost per bit of the power amplifier, amp > 0.
c collector coordinates, c = (x, y) where x ∈ [0, dx] and

y ∈ [0, dy].
coth coverage threshold, coth ∈ [0, 1].
D̃p(t) set of demand points at time t > 0, ∀p ∈ D̃p, p = (x, y)

where x ∈ [0, dx] and y ∈ [0, dy].
d̃p(t) number of demand points. It is the cardinal of D̃p(t).
d jpc

i number of disjoint paths between the sensor i ∈ S̃ s and
the collector node.

dx width of the surface, dx > 0.
dy height of the surface, dy > 0.
Eci(t) energy charge of a sensor i ∈ S s(t) at time t.
Eei(t) energy expenditure of a sensor i ∈ S s(t) at time t > 0.
err local channel error, err ∈ [0, 1].
f1 AEC of the sensors over the network lifetime.
f2 ASA provided by the WSN over the network lifetime.
f3 NR based on disjoint paths.

hi,c
l number of hops in the l-th disjoint path between i ∈ S̃ s

and the sink node.
iec initial energy charge of the sensors, iec > 0.
k information packet size in bits, k > 0.
tn network lifetime of the WSN based on coverage threshold.
Pi(t) number of packets sent by the sensor i ∈ S s(t) at time t > 0.
rei reliability of the sensor i ∈ S̃ s.
rc communication radius, rc > 0.
rs sensitivity radius, rs > 0.
S̃ r set of router coordinates, ∀r ∈ S̃ r, r = (x, y) where

x ∈ [0, dx] and y ∈ [0, dy].
s̃r number of routers. It is the cardinal of S̃ r.
S̃ s set of initial sensor coordinates, ∀i ∈ S̃ s, i = (x, y),

where x ∈ [0, dx] and y ∈ [0, dy].
s̃s number of initial sensors. It is the cardinal of S̃ s.
S s(t) set of sensor coordinates with an energy charge

greater than 0 at time t > 0, S s(t) ⊆ S̃ s.
ss(t) number of sensors with an energy charge greater than 0

at time t > 0. It is the cardinal of S s(t), ss(t) ≤ s̃s.
wc

i (t) variable which provides the next device in the minimum
path between i ∈ S s(t) and the collector node at t > 0,
wc

i (t) ∈ {S s(t) ∪ S̃ r} + c − i.
zc

j,i(t) variable assuming 1 if i ∈ S s(t) is in the minimum path
between j ∈ S s(t) and the collector node at t > 0.

4. The collector node is the only connection point of the net-
work to the outside.

5. The sensors capture information about the environment on
a regular basis and with a sensitivity radius rs, i.e. each230

sensor covers a circumference of radius rs. The informa-
tion is immediately sent to the collector node.

6. The RNs only forward all the information received to the
collector node. They do not capture information.

7. Any two devices are linked, if they are at a distance lower235

than the communication radius rc

8. All the devices consider the same multi-hop routing pro-
tocol provided by Dijsktra’s Algorithm [46], for minimum
path length among devices.

9. We suppose a perfect synchronisation among devices and240

a perfect medium access, as defined by S-MAC [47].

3.2. Energy expenditure

As stated before, the sensors are the only devices powered
by batteries. Hence, we have to simulate the energy consump-
tion of the sensors during operation. To this end, we consider245

the energy model proposed by Konstantinidis et al [19]. Thus,
the energy expenditure is only due to the most expensive task:
the sending. Consequently, processing, receiving, and sensing
tasks are considered negligible.

Following this model, considering a time t, for t > 0 and
t ∈ τ, a sensor i, with i ∈ S s(t), sends a number of information
packets Pi(t) which is expressed as

Pi(t) = 1 +
∑

j∈{S s(t)−i}
zc

j,i(t), (1)

where this value is given by the number of packets that the sen-250

sor relays and the number of packets that the sensor generates.
In that case, each sensor generates a packet per time period.

Thus, the energy expenditure suffered by a sensor i at time
t > 0 is denoted by

Eei(t) = Pi(t) · β · amp · k · ‖i − wc
i (t)‖α, (2)

where ||.|| is the Euclidean distance between any two devices.
This way, the energy charge of a sensor i at time t is given by

Eci(t) =
{

Eci(t − 1) − Eei(t) if t > 0
iec if t = 0 , (3)

where if this value equals zero, the sensor is out of energy. Oth-
erwise, we consider that the sensor is active.

3.3. Sensitivity area provided by the network255

We find two main ways to calculate the sensitivity area pro-
vided by a WSN in the literature [48]. On the one hand, some
authors assume that each sensor covers a circumference of ra-
dius rs and area π · r2

s . Thus, the global coverage is the union of
the ss(t) areas. On the other hand, some works consider a set of260

demand points uniformly distributed on the surface. Then, they
count the number of demand points having an active sensor at a
distance lower than rs.

Although the first method is a little bit more accurate, we
opted for the second approach, because it is less hard to com-
pute. Thus, we express the sensitivity area provided by a WSN
at time t > 0 as

A(t) =

∑
p∈D̃p(t)

ap(t)

d̃p(t)
, (4)
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where ap(t) is defined as

ap(t) =
{

1 if ∃i ∈ S̃ s(t) / ||p − i|| < rs

0 otherwise , (5)

that means, ap(t) equals 1 if there is a sensor i such that the
distance between the demand point p and i is lower than rs, and265

0 otherwise.

3.4. Network lifetime and coverage

The network lifetime is defined as the number of time periods
over which a WSN is able to provide useful information. There
are several approaches in the literature to check this require-
ment, e.g. the time when all the sensors are exhausted. In this
work, we assume a coverage threshold (coth) for this purpose.
Thus, if the sensitivity area provided by the network is lower
than coth, we consider that the amount of information provided
is not enough. That is expressed as

tn = |{t > 0 ∈ τ / A(t) > coth}|, (6)

where |.| is the cardinal of the set.

4. Definition of the three-objective optimisation problem

Let f1 be the AEC of the sensors over the network lifetime.
That is expressed as

f1 =

tn∑
t=1

⎛⎜⎜⎜⎜⎜⎜⎝ ∑
i∈S s(t)

Eei(t)
ss(t)

⎞⎟⎟⎟⎟⎟⎟⎠
tn

, (7)

where f1 ∈ R
+ and both Eei(t) and tn are given by (2) and (6),

respectively. Let f2 be the ASA provided by the network, which
is expressed as

f2 =

tn∑
t=1

A(t)

tn
, (8)

where f2 ∈ [0, 1] and A(t) is given by (4). And let f3 be the
NR, showing the probability that the sensors successfully send
information to the sink node. That is

f3 =
∑
i∈S̃ s

(
rei

s̃s

)
, (9)

where f3 ∈ [0, 1] and rei is the reliability of the sensor i, defined
in [49] as

rei = 1 −
d jpc

i∏
l=1

(
1 − (1 − err)hi,c

l

)
, (10)

where d jpc
i is the number of disjoint paths between i and the270

sink node, hi,c
l is the number of hops in the l-th disjoint path be-

tween both devices, and err is the local channel error. The dis-
joint paths are calculated through Suurballe’s Algorithm [50].

This way, we define the RNPP as an MO optimisation prob-
lem, where given a previously-established traditional WSN, i.e.

Table 3: Trade-off study among the fitness functions.

case f1 f2 f3

#1 Increase Decrease Increase
#2 Increase Increase Increase
#3 Decrease Decrease Decrease
#4 Decrease Increase Decrease

s̃s sensors and a collector node, the objective is to place s̃r

routers by assuming a single tiered network model to

min( f1),max( f2), and max( f3), (11)

subject to

∀r ∈ S̃ r, r = (x, y) / x ∈ [0, dx] and y ∈ [0, dy]. (12)

These objectives are related to three important problems in
the WSN literature: i) Energy efficiency problem [51], whose275

aim is to reduce the energy cost, increasing the network lifetime
and balancing the energy distribution. ii) Coverage problem
[52], its purpose is to optimise the amount and diversity of the
information provided by the network. ii) Reliability problem
[53], the objective is to deploy a reliable WSN, this means that280

the network is able to recover from the failure of nodes, which is
crucial to reduce maintenance costs. Although these problems
are widely considered in the literature, these objectives were
not considered all together for the deployment of ST-WSNs,
applied to the unconstrained RNPP.285

It is well-known that one fundamental requirement for a
problem to be considered as an MO optimisation problem is that
the objectives should be conflicting [7]. Other authors assumed
that both energy cost and coverage were conflicting objectives
in WSNs [19] [23] [24] [54] [55], where [23] and [54] also290

tackled the connectivity issue. With the purpose of showing
that our definition of the RNPP is an MO problem, we analyse
the trade-off among the fitness functions in Table 3, where In-
crease implies that the value of the fitness function is increased
and Decrease otherwise. Note that Increase and Decrease are295

in boldface if the behaviour of the fitness function fits with the
purpose of the optimization problem, i.e. it appears in boldface
if the fitness function is increased for a maximisation problem
or decreased for a minimisation one, respectively.

According to this trade-off study, we find four different cases300

in which at least one of the objectives is optimised:

• Case #1: on the basis of Eq. (9), a high reliability im-
plies the existence of many disjoint paths between the sink
node and the sensors, which allows that the network is able
to recover from the collapse of nodes, avoiding that sen-305

sors having energy in their batteries are disconnected from
the WSN. This means that more sensors can send packets
over the network lifetime. As shown in Eq. (7), the en-
ergy consumption depends on the number of packets sent
by the sensors, including forwards. Hence, more sensors310

implies more packets, increasing the energy cost. The av-
erage coverage is low due to the coverage is decreasing
slowly over the network lifetime. As detailed in Eq. (8),
this value depends on the number of sensors that can be
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connected to the sink node over the lifetime. A bad distri-315

bution of the energy cost (which is high) could mean that
the network loses coverage. However, as the reliability is
high, the other sensors can reach the sink node and the
coverage decreases slowly, instead of reaching the coth.

• Case #2: it is similar to the previous case. The difference is320

that the deployment of the RNs is more efficient in energy
terms, i.e. the energy distribution is homogeneous. Conse-
quently, the coverage is not decreasing slowly, instead the
sensors are exhausted at the same time, reaching the coth.

• Case #3: a network with a low reliability implies that sen-325

sors having energy can be disconnected from the WSN,
because other sensors are exhausted. This situation de-
creased the number of packets sent over the network life-
time, decreasing the energy cost. A bad distribution of this
energy cost means that the network loses sensors slowly,330

decreasing the average coverage, as in case #1.

• Case #4: it is similar to #3. As in case #2, a better de-
ployment of the RNs allows that the energy distribution
is homogeneous. Hence, the sensors are exhausted at the
same time, increasing the average coverage.335

Analysing the behaviour of the fitness functions, we reach the
following conclusions: we cannot optimise an objective with-
out degrading at least one of the other two, and on the other
hand, enhancing an objective does not necessarily imply that
another is optimised. Thus, we conclude that the objectives are340

in conflict. Hence, this is an MO optimisation problem.

5. Multiobjective metaheuristics

As stated before, we consider six different MO metaheuris-
tics to solve the RNPP. The operation details of some of these
algorithms were exposed in prior works: NSGA-II and SPEA2345

in [44], and MO-VNS in [45]. Thus, in this section, we
discuss the state-of-the-art algorithm based on decomposition
MOEA/D and the two novel swarm intelligence algorithms
MO-ABC and MO-FA. Note that we consider the same encod-
ing for all the algorithms. A chromosome is a possible solution350

to the optimisation problem, which is composed of s̃r genes. As
shown Fig. 1, a gene is the 2D-coordinate of a router.

5.1. Multiobjective artificial bee colony algorithm

The Artificial Bee Colony (ABC) proposed by Karaboga and
Basturk [10] is based on the behaviour of honey bees. Accord-355

ing to the authors, there are three essential components in a
honey bee swarm: i) Food sources are set of flowers in the sur-
rounding of the hive. ii) Employed foragers are the bees, which
exploit known food sources. Each time one of these bees ex-
ploits a food source, it returns to the nest to upload the nec-360

tar and shares quality information about the source. iii) Unem-
ployed foragers are the bees looking out for new food sources.
There are two types: onlookers and scouts. The onlookers wait

Figure 1: Definition of the chromosome structure.

in the nest to define new food sources based on the informa-
tion provided by the employed foragers. The scouts search new365

food sources without considering any experience.
In this algorithm, a food source is a solution to the optimi-

sation problem. The colony consists of two groups of artificial
bees: employers and onlookers. Each employer is assigned a
different food source. The bee exploits its food source trying to370

get better solutions in its surrounding. The algorithm includes
a parameter called limit to detect if a food source is exhausted.
Thus, after limit times without getting a better solution, the em-
ployed considers the source exhausted. Then, the bee becomes
a scout, choosing a new food source through a low cost search.375

As given in Algorithm 1, we assume a colony Pt of size
PS , being the number of employed and onlookers constant over
generations, EMP and PS − EMP, respectively. Initially, each
bee of the colony is assigned a random solution of the optimi-
sation problem (line 1). At each iteration and so long as the
stop criterion in not reached (line 2), the colony is split into two
groups: S Et and S Ot, i.e. the set of employed foragers and
onlookers, respectively (line 3). Next, each emplBa ∈ S Et gen-
erates a new solution in its surrounding, assuming a randomly
selected individual emplBb ∈ S Et (lines 4-5), that is

vi = emplBai+S F(emplBai−emplBbi) ∀i ∈ [1, . . . , s̃r], (13)

where S F is a random value in the interval [-1,1], being emplBai
and emplBbi the routers in the i-th gene of emplBa and emplBb,
respectively. A greedy selection between the new solution and
the previous one is performed, increasing the attempt counter if
the new solution is dominated (lines 6-9).380

The onlookers assume a probability based selection process.
As the original ABC is a singleobjective algorithm and the
RNPP is an MO problem, we consider same assumptions to
establish how good is a food source. Now, S Et is sorted based
on the elitist crowded-comparison operator ≺n defined in [8]
for NSGA-II. This way, the best solution of S Et is twice as
likely as the second one, the second solution is twice as likely
as the third one, and so on. Accordingly, each onlooker bee
onloBa ∈ S Ot generates a new solution based on an employed
forager emplBa, which is randomly selected according to these
probabilities (lines 11-14), that is

vi = onloBai + S F(onloBai − emplBai) ∀i ∈ [1, . . . , s̃r], (14)
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Algorithm 1 MO-ABC
1: Pt ← initialisePopulation(PS )
2: while not stop condition do
3: S Et , S Ot ← selectGroupBees(Pt ,EMP)
4: for each emplBa ∈ S Et do � Employed process
5: v← generateEmployedS olution(emplBa )
6: if emplBa dominates v then
7: emplBa.attemptCounter + +
8: end if
9: emplBa ← greedyS election(v, emplBa)

10: end for
11: ProbS Et ← generateProbabilities(S Et ) � Onlooker process
12: for each onloBa ∈ S Ot do
13: emplBa ← selectEmployedBee(ProbS Et , S Et )
14: v← generateOnlookerS olution(emplBa, onloBa)
15: onloBa ← greedyS election(v, onloBa)
16: end for
17: for each emplB ∈ S Et do � Scout process
18: if emplB.attemptCounter > limit then
19: emplBa ← selectGoodEmployedBee(S Et )
20: emplBa ← generateS coutS olution(emplBa)
21: end if
22: end for
23: Pt+1 ← S Et ∪ S Ot
24: saveBestS olutionsToFile(Pt+1) and t ← t + 1
25: end while

where onloBai and emplBai are the routers in the i-th gene of
onloBa and emplBa, respectively. The onlooker bee takes the
value of the greedy selection between both solutions (line 15).

If the food source of an employed bee is exhausted, a solu-
tion is generated through the scout process. Thus, a solution
emplBa ∈ S Et is randomly selected from the first two Pareto
fronts of the set. Next, we get the Euclidean distance between
emplBa and all the solutions in S Et ∪ S Ot − {emplBa}. Finally,
the k-nearest solutions are combined to generate a new solution,
which replaces the exhausted one (lines 17-22), that is

emplBai =

∑
bee ∈ NS

beei

k
∀i ∈ [1, . . . , s̃r], (15)

where k is a random value between [2,11], NS is the set of k-
nearest solutions, and emplBai and beei are the routers placed385

in the i-th gene of emplBa and bee, respectively. Finally, the
attempt counter of the food source is reset.

5.2. Multiobjective firefly algorithm

The Firefly Algorithm (FA) designed by Yang [11] is inspired
by the idealised behaviour of fireflies. These nocturnal beetles390

generate flashing lights to attract mating partners and potential
prey, being these signals only visible to a limited distance.

FA considers three basic rules: i) all fireflies are unisex, i.e.
a firefly can attract another regardless of their sex. ii) attractive-
ness is proportional to light intensity. Thus, given two fireflies,395

the less bright one will move towards the brighter one. iii) the
light intensity of a firefly depends on its qualities.

The authors define two important issues in the algorithm: the
formulation of the attractiveness and the variation of brightness.
A firefly is a solution to the optimisation problem. This way,400

the brightness of a firefly depends on the quality of its fitness
functions. As FA is a singleobjective algorithm and the RNPP
is an MO problem, we consider the ≺n operator as for MO-
ABC. Accordingly, given two fireflies fa and fb, fa is brighter

Algorithm 2 MO-FA
1: Pt ← initialisePopulation(PS ) and Qt ← { }
2: It ← calculateLightIntensity(Pt )
3: while not stop condition do
4: for a = 1→ PS do
5: Qt[a]← Pt[a] and ItQt [a] ← ItPt [a] � Copy Pt to Qt

6: for b = 1→ PS do
7: if ItPt [b] > ItQt [a] then � Attractiveness between fireflies
8: Qt[a]← moveFire f ly(Qt [a], Pt[b])
9: end if

10: end for
11: end for
12: Qt ← MoveBrightestFire f ly(Qt )
13: Qt ← caltulateFitnessValues(Qt )
14: Pt+1 ← Qt ∪ Pt
15: if stagnation condition then � Check stagnation
16: for a = 1→ PS do
17: if Pt+1[a] 
 mutation(Pt+1[a]) then
18: Pt+1[a]← randomO f f set(Pt+1[a])
19: end if
20: end for
21: end if
22: It+1 ← calculateLightIntensity(Pt+1 )
23: end while

than fb if fa ≺n fb. In such a case, fb is attracted to fa, i.e. the405

routers of fb move towards the routers of fa. Thus, the router in
the i-th gene of fa attracts the router in the same gene position
of fb.

Let dab be the Euclidean distance between fa and fb in the
solution space, that is given by

dab =

√√√ s̃r∑
i=1

( fai .x − fbi .x)2 + ( fai .y − fbi .y)2, (16)

where fai is the router in the i-th gene of fa, being fai .x and fai .y

the coordinates x and y of fai , respectively. Definitions of fbi ,410

fbi .x, and fbi .y are similar to the previously discussed.
Let bdab be the bounded Euclidean distance between fa and

fb, which is denoted by

bdab =
dab√

s̃r(dx
2 + dy

2)
. (17)

Then, fa attracts fb causing a movement in fb expressed as

fbi = fbi + β0eγbd2
ab( fai − fbi ) + αFA(σ − 1/2) ∀i ∈ [1, . . . , s̃r],

(18)
where β0 is the attractiveness at dab = 0, γ is the light absorp-
tion coefficient, αFA is a randomisation parameter, and σ is a
random value in the interval [0,1]. In this function, we consider
the bounded Euclidean distance (17) instead of the Euclidean415

distance (16) proposed in the algorithm. The aim is to delimit
the range of values assumed by the exponential function. Now,
distances are changed to the interval [0,1].

As outlined in Algorithm 2, we consider two populations Pt

and Qt of the same size PS . Pt saves the parents of the gener-420

ation t and Qt contains the offspring generated through Pt. Ini-
tially, Pt is set randomly, being Qt empty (line 1). So long as the
stop criterion is not reached (line 3), Pt is copied to Qt (line 5).
Next, each individual in Qt is attracted to brighter individuals in
Pt, following the expression (18) (lines 6-10). Afterwards, the425

brightest firefly in Qt is moved randomly, because it was not
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attracted to any individual (line 12). Then, we calculate the fit-
ness functions of the new solutions in Qt (line 13). Next, a new
parent population Pt+1 is generated, considering the best PS in-
dividuals of Qt ∪ Pt assuming ≺n (line 14). Finally, we include430

a stagnation control based on the percentage of solutions in Qt,
dominating individuals from Pt. If this value is lower than the
threshold called mo f ath, Pt+1 is modified to increase the pop-
ulation diversity. This way, each individual in Pt+1 is mutated
considering the mutation operator discussed for NSGA-II and435

SPEA2 in [44]. If the new individual is dominated by the pre-
vious one, an offset is performed (lines 15-21).

5.3. Multiobjective evolutionary algorithm based on decompo-
sition with NBI-Tchebycheff approach

The MultiObjective Evolutionary Algorithm based on De-440

composition (MOEA/D) was proposed by Qingfu Zhang and
Hui Liu [12]. In contrast to the majority of the current state-
of-the-art MOEAs, which treat an MO optimisation problem as
a whole. MOEA/D decomposes an MO optimisation problem
into several scalar optimisation subproblems, optimising each445

one by only considering information from neighbouring sub-
problems, reducing its computational complexity. This way,
MOEA/D provides a general framework allowing the applica-
tion of any singleobjective technique to solve each subproblem.

Two decomposition methods are commonly assumed in450

MOEA/D: Weighted Sum Approach and Weighted Tchebycheff
Approach [12]. The first one works out well on convex prob-
lems, but this is not the case for non-convex ones. The second
method is able to deal with both types of problems. However,
both approaches have a same shortcoming, they are very sensi-455

tive to the scale of the objectives. Note that, in the RNPP, the
scale of f1 is different to f2 and f3, being similar f2 and f3.

A decomposition method independent of the scales of the
objectives is Normal Boundary Intersection (NBI) [56]. This
approach tries to find the intersection points between the Pareto460

front and a number of straight lines, which are defined by a set
of uniformly-distributed points in the Convex Hull of Individual
Minima (CHIM) and a normal vector. Because this method has
several constraints applied to MOEA/D [57], the authors in [58]
proposed to take the advantages of the NBI approach and the465

Tchebycheff approach, defining the NBI-Tchebycheff approach
for decomposing three-objective optimisation problems. This
decomposition method is assumed to solve the RNPP.

Thus, given a set of PS reference points R = {r1, r2, . . . , rPS }
evenly distributed on the plane II and the three approximate
extreme points of the Pareto front F1 = (F1

1 , F
1
2, F

1
3), F2 =

(F2
1 , F

2
2, F

2
3), and F3 = (F3

1, F
3
2 , F

3
3), which are contained in

the set of reference points. Then, the three-objective optimisa-
tion problem is decomposed into PS singleobjective minimisa-
tion subproblems according to the NBI-Tchebycheff approach,
where the i-th optimisation function is defined as

g(x|ri, n̂) = max{ n1( f1(x) − ri
1),

n2(ri
2 − f2(x)),

n3(ri
3 − f3(x))) },

(19)

where x is a solution to the optimisation problem, ri ∈ R, and
n̂ = (n1, n2, n3) is the normal vector to the plane II.470

Algorithm 3 MOEAD with NBI-Tchebycheff approach
1: File ← { } � Initialisation
2: R← generateRe f erenceS et(F1,F2 ,F3 ,CHIMinc , crowDistance)
3: Pt ← initialisePopulation(PS )
4: ND ← computeNeighbourhood(R)
5: while not stop condition do
6: for i = 1→ PS do � Update
7: k ← randInt(1, nS ize)
8: l ← randInt(1, nS ize)
9: newind ← crossover(Pt[NDi,k], Pt[NDi,l])

10: newind ← mutation(newind)
11: for j = 1→ nS ize do
12: if g(newind |rNDi, j , n̂) <= g(Pt[NDi, j]|rNDi, j , n̂) then
13: Pt[NDi, j]← newind
14: end if
15: end for
16: File ← updateNonDominatedS et(File, newind)
17: end for
18: Pt+1 ← Pt
19: end while

As is given in Algorithm 3, MOEA/D assumes a File set
saving all the non-dominated solutions found over generations.
This set is initialised as empty (line 1). The set of reference
points R is generated in line 2 as described in [58]. To this
end, the algorithm considers two parameters: crowDistance475

and CHIMinc. The first one shows the distance between two
consecutive reference points. The another is the percentage in
which the area defined by F1, F2, and F3 is increased regard-
ing the original size, being this value greater or equal than 1.0.
A population Pt of PS random individuals is generated in line480

3, where PS is the cardinal of the set R. Thus, each reference
point has associated a unique solution in P, Pt[i] is related to ri,
i ∈ 1, 2, . . . , PS . Next, the neighbourhood is computed in line
4. To this end, the Euclidean distance between any two points
in R is calculated. Then, we obtain the nS ize closest reference485

points to each reference point, which is another parameter of
the algorithm. Thus, NDi, j ∈ R, where i ∈ 1, 2, . . . , PS and
j ∈ 1, 2, . . . , nS ize, i.e. the reference point NDi, j is the j-th
closest reference point to i.

Once MOEA/D is initialised, the algorithm tries to generate490

new solutions for each subproblem. To this end and so long
as the stop condition is not reached (line 5), for each reference
point in R, the algorithm selects two random solutions in its
neighbourhood (lines 7 to 8). Then, it generates a new solution
through crossover and mutation operators (lines 9 to 10), which495

are the same as described for NSGA-II and SPEA2. Next, we
update the neighbourhood solutions of the reference point i ac-
cording to the new individual generated (lines 11 to 15). Fi-
nally, the set of non-dominated solutions is updated adding the
new solution and removing all dominated ones (line 16).500

6. The solving strategy

In this section we discuss some important details about the
solving strategy followed. Firstly, we describe the data set con-
sidered. Next, we present the experimental methodology and
the strategy assumed to configure the algorithms.505

6.1. The testbed considered
We assume a data set composed of four different scenarios

with sizes 50x50, 100x100, 200x200, and 300x300. A tradi-
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Table 4: Description of the data set considered.

Instance s̃s Fitness values (s̃r = 0) Test cases Hyp. reference points (ideal, nadir)
(dx×dy) f1 f2 f3 (s̃r > 0) f1 f2 f3

50x50 4 0.0353 0.9175 0.9964 1 (0.02,0.04) (1.00,0.60) (1.00,0.50)
100x100 15 0.1091 0.8924 0.9567 2,3 (0.02,0.10) (1.00,0.60) (1.00,0.50)
200x200 57 0.2791 0.8710 0.9323 2,4,6,9 (0.10,0.30) (1.00,0.60) (1.00,0.50)
300x300 128 0.4225 0.7644 0.8528 6,12,18,24 (0.04,0.50) (1.00,0.60) (1.00,0.50)

General parameters
α = 2 β = 1 amp = 100pJ/bit/m2 coth = 0.70 err = 0.1
iec = 5J k = 128KB rc = 30m rs = 15m

tional WSN is deployed in each of them, considering the lower
bound of the minimum number of sensors to cover the whole
surface. Thus, if a sensor covers a circumference of radius rs

and the area of the scenario is dx × dy, this value is given by

s̃s =

⌈dx·dy

π·r2
s

⌉
. (20)

The traditional WSNs are deployed assuming a singleobjective
GA, which optimises the global coverage provided by the net-
work, being the collector node placed on the middle of the sur-
face. The sensor coordinates obtained are detailed in [14].510

Table 4 describes the data set considered, where the general
parameters are obtained from [23] and [25]. Being as adding
routers increases the network cost, we do not include more than
20% of these devices regarding the number of sensors. In this
table, the test cases field indicates the number of RNs consid-515

ered. Thus, we define a test case for the 50x50 instance, two for
the 100x100, four for the 200x200, and four for the 300x300.
The fitness values field shows the values of the objective func-
tions without considering any router.

6.2. Experimental methodology520

The data set is optimised by considering the metaheuristics
previously discussed. For this purpose, we perform 31 inde-
pendent runs for each algorithm and test case, being 30 runs a
widely accepted value to reach statistical conclusions [59]. As
stop condition, we assume several criteria in order to study the525

convergence of the algorithms. Criteria based on the number of
evaluations are fairer than others, such as elapsed time, which
depends on the computer considered. Accordingly, we assume
50 000, 100 000, 200 000, 300 000, and 400 000 evaluations.

6.3. Configuring the algorithms530

All the algorithms were configured before performing the
experiments. To this end and starting from default values, a
parameter of the algorithm is selected to be tuned. Then, 31
independent runs are performed for each configuration of the
parameter, considering a reduced stop condition (50 000 evalu-535

ations). Next, the configuration which provides the best perfor-
mance on average is selected, assuming the hypervolume metric
[60] as quality indicator. Next, another parameter is selected so
long as all of them are fixed. Table 5 shows the range of val-
ues considered and the configurations selected. Note that the540

reference points assumed to calculate the hypervolume are in
the Hyp. reference points field of Table 4. These values were
obtained experimentally, where ideal and nadir are the best and

Table 5: Parametric swap.

NSGA-II
Parameter Selected Range
mutation 0.80 [0.05,0.10,. . . ,0.95]
crossover 0.80 [0.05,0.10,. . . ,0.95]
PS 50 [25,50,. . . ,300]

SPEA2
Parameter Selected Range
mutation 0.70 [0.05,0.10,. . . ,0.95]
crossover 0.60 [0.05,0.10,. . . ,0.95]
PS 50 [25,50,. . . ,300]

MO-FA
Parameter Selected Range
γ 0.60 [0.05,0.10,. . . ,0.95]
αFA 0.85 [0.05,0.10,. . . ,0.95]
β0 0.70 [0.05,0.10,. . . ,0.95]
mutation 0.10 [0.05,0.10,. . . ,0.95]
mo f ath 0.25 [0.05,0.10,. . . ,0.95]
PS 100 [25,50,. . . ,300]

MO-VNS
Parameter Selected Range
mutation 0.10 [0.05,0.10,. . . ,0.95]
kmax 10 [3,4,. . . ,14]
dv 2.0 [1.0,1.5,. . . ,5.0]

MO-ABC
Parameter Selected Range
limit 15 [5,10,. . . ,60]
EMP 0.25 [0.20,0.25,. . . ,0.80]
PS 50 [25,50,. . . ,300]

MOEA/D
Parameter Selected Range
mutation 0.25 [0.05,0.10,. . . ,0.95]
nS ize 0.05 [0.05,0.10,. . . ,0.95]
CHIMinc 1.30 [1.00,1.05,. . . ,2.00]
crowDistance 0.015 [0.010,0.015,. . . ,0.050]
crossover 0.15 [0.05,0.10,. . . ,0.95]

the worst value of a fitness function, respectively. These ref-
erence points were also considered to determine the extreme545

points F1, F2, and F3 in the MOEA/D algorithm.

7. Computational results

In this section we apply the metaheuristics to optimise a
freely available data set. The results obtained are analysed from
two different viewpoints. On the one hand, we study the quality550

of the results in MO terms. On the other hand, we analyse the
impact of the optimisation on the objective functions.

7.1. Analysing the algorithms in multiobjective terms
Table 6 shows average hypervolume (Hyp) and InterQuartile

Range (IQR) for each algorithm, test case, and stop condition,555

where higher hypervolumes are shaded. Analysing this table,
some algorithms seem to provide better performance than oth-
ers. However, these differences could not be significant. To
check this, we follow the methodology shown in Fig. 2.

This way, we study if data come from a normal distribution560

through Kolmogorov-Smirnov-Lilliefor’s [61] and Shapiro-
Wilk’s [62] tests, considering the hypothesis: H0 if data follow
a normal distribution and H1 otherwise. P-values lower than
0.05 were obtained. Hence, we cannot assume H1.

Next, we study if there are significant differences among the565

algorithms. To this end, as samples are independent and data
do not follow a normal distribution, we assume the Wilcoxon-
Mann-Whitney’s [63] test with hypothesis: H0 if Hypi <=
Hypj and H1 if Hypi > Hypj, assuming i = 1, 2, . . . , 6,
j = 2, 3, . . . , 6, i < j, 1=MO-FA, 2=MO-ABC, 3=MO-VNS,570

4=SPEA2, 5=NSGA-II, and 6=MOEA/D.
The p-values are analysed assuming a significance level of

0.05. Based on them, Table 7 compares all the algorithms two
by two for 50x50, 100x100, 200x200, 300x300 and all the sce-
narios, showing the percentage of test cases in which the algo-575

rithms provide better (rows) and worse (columns) significant
performance than each of the others. This table also shows
a ranking based on the average performance regarding all the
other algorithms. This is a more realistic way to establish the
performance ranking than other methods, such as considering580

only the algorithms having the best significant performance in
the largest number of test cases. Following this less realistic
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Tests for normality
(Shapiro–Wilk and Kolmogorov–Smirnov-Lilliefors)

Samples are matched?Samples are matched?

At least one of them is not 
normally distributed

Unpaired t-testPaired t-test

Yes No

The two samples are 
normally distributed

Wilcoxon-
Mann-WhitneyWilcoxon

Yes No

Figure 2: Statistical methodology followed.

approach, it is possible to consider an algorithm which is the
best in many test cases, but it is the worst in others. Our aim is
to define a ranking based on the average performance.585

According to Table 7, MO-FA is the best algorithm for
50x50 and 200x200, MO-VNS for 100x100, and MOEA/D for
300x300. Being MO-FA the best algorithm on average, fol-
lowed by MOEA/D, MO-VNS, MO-ABC, SPEA2, and NSGA-
II. This behaviour is displayed in Fig. 3, where we show the dif-590

ferences among the algorithms over the number of evaluations.
In this figure, we note as MO-FA has a good convergence rate,
providing good results for reduced stopping criteria.

The set coverage metric [7] is also considered. To this end,
we compare the median Pareto fronts previously obtained. Ta-595

ble 8a shows the average set coverage for 50 000, 200 000,
and 400 000 evaluations. Higher average values for each stop
condition are shaded. Accordingly, MO-FA is the best algo-
rithm for 50 000 evaluations. For the next stop condition, MO-
FA is the best in 50x50 and 200x200 scenarios, MO-ABC in600

300x300, and MO-VNS in 100x100. Finally, for 400 000 eval-
uations, MO-FA is the best in 50x50 and 200x200, MO-ABC in
300x300, and MO-VNS in 100x100. Based on this study, Table
8b shows the average set coverage among the algorithms for all
the stop conditions and instances. Being MO-FA the algorithm605

providing the best average behaviour, followed by MO-VNS,
MO-ABC, SPEA2, NSGA-II, and MOEA/D.

Analysing the results obtained by the two MO quality met-
rics, we reach similar conclusions for MO-FA, MO-VNS, MO-
ABC, SPEA2, and NSGA-II. However, this is not the case for610

MOEA/D. This is the second algorithm in hypervolume terms,
but it is the last for the set coverage metric. This means that
MOEA/D explores a greater part of the search space than the
others. Thus, many solutions obtained by MOEA/D are domi-
nated by the other algorithms; nevertheless, MOEA/D is able to615

find solutions where the other algorithms are unable, increasing
the hypervolume metric. We note this behaviour in Fig. 4, es-
pecially in the third plot, where we compare the median Pareto
fronts obtained by solving some representative test cases.

7.2. Impact of the optimisation on the fitness functions620

In this subsection, we discuss the impact provided by the
addition of RNs to traditional WSNs. Table 9 shows extreme
values of the median Pareto front obtained by MO-FA for 400
000 evaluations. Each solution is associated with two quality
metrics: gain and eff. Gain denotes the percentage in which a625

fitness function is increased or decreased, regarding the use of a

traditional WSN (see Table 4). On the other hand, eff measures
the efficiency of the optimisation by dividing the gain obtained
between the number of routers assumed. According to this ta-
ble, AEC is decreased up to 63.54%, and ASA and NR are in-630

creased up to 16.36% and 10.20%, respectively. We note that as
the number of routers increases, the efficiency of the optimisa-
tion decreases. This way, the maximum efficiency is habitually
obtained considering a reduced number of routers.

In summary, the addition of RNs seems to be a good way635

to optimise traditional WSNs. However, the efficiency of this
approach could be reduced if many routers are considered.

8. Other approaches

We started this work assuming an important limitation: we
did not find any paper fitting this problem definition. Hence,640

we cannot directly compare the results obtained to other author
approaches. To alleviate this fact, we selected a paper from the
current literature considering a similar approach: Hou et al [3]
implemented a heuristic called SPINDS, which optimises the
network lifetime by adding routers to TT-WSNs.645

This network model is composed of several clusters and a
Base Station (BS). Each cluster consists of a set of MicroSen-
sor Nodes (MSNs) and one Aggregation and Forwarding Node
(AFN). MSNs capture and send information via single-hop
transmission to the local AFN. Each AFN relays all the received650

information to the BS via multi-hop routing. Finally, the RNs
are additional devices, forwarding all the information received
from AFNs to the BS. In this model, all the devices are pow-
ered by batteries, excepting the BS. In addition, each device can
assume a different initial energy charge.655

As both network models are different, we assume some as-
sumptions to adapt this model to our problem definition:

• We consider that a cluster is a sensor node. This way,
MSNs are not included and AFNs are the new sensors.

• In the original model, the amount of information relayed660

by an AFN is given by the number of MSNs in its cluster.
Now, we assume that all the AFNs send an information
packet of size k per time unit.

• All the AFNs have a same initial energy charge in their
batteries. Having RNs and BS an unlimited power supply.665

• We assume the energy model described in our work.

We implemented the SPINDS algorithm following these as-
sumptions. The results obtained optimising our data set appear
in Table 10, where the value of the fitness functions have as-
sociated the gain and eff metrics previously defined in Section670

7.2. Comparing Tables 9 and 10, we note that MO-FA provides
a better behaviour for all the test cases. In fact, all the results
provided by SPINDS are dominated by MO-FA.
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Table 6: Average hypervolumes obtained. Higher values for each test case and stop condition are shaded.

NSGA-II(Hyp %.IQR) SPEA2(Hyp %.IQR)
dx × dy(s̃r) 50 000 100 000 200 000 300 000 400 000 50 000 100 000 200 000 300 000 400 000
50x50(1) 64.52%. 0.0000 64.52%. 0.0000 64.52%. 0.0000 64.52%. 0.0000 64.52%. 0.0000 64.52%. 0.0000 64.52%. 0.0000 64.52%. 0.0000 64.52%. 0.0000 64.52%. 0.0000

100x100(2) 40.99%. 0.0052 41.28%. 0.0032 41.36%. 0.0033 41.47%. 0.0002 41.48%. 0.0002 41.18%. 0.0033 41.28%. 0.0030 41.45%. 0.0002 41.45%. 0.0002 41.46%. 0.0003
100x100(3) 53.78%. 0.0040 54.18%. 0.0043 54.49%. 0.0026 54.60%. 0.0013 54.60%. 0.0015 54.05%. 0.0063 54.43%. 0.0033 54.71%. 0.0036 54.77%. 0.0047 54.87%. 0.0045

200x200(2) 32.40%. 0.0125 33.01%. 0.0066 33.44%. 0.0063 33.58%. 0.0042 33.66%. 0.0036 32.54%. 0.0090 33.03%. 0.0076 33.23%. 0.0068 33.38%. 0.0063 33.43%. 0.0061
200x200(4) 43.40%. 0.0243 44.54%. 0.0257 45.53%. 0.0223 46.08%. 0.0217 46.41%. 0.0221 43.11%. 0.0196 44.25%. 0.0283 45.34%. 0.0222 45.74%. 0.0176 46.00%. 0.0190
200x200(6) 54.07%. 0.0188 56.14%. 0.0220 57.43%. 0.0167 58.15%. 0.0200 58.58%. 0.0183 54.71%. 0.0199 56.72%. 0.0162 58.00%. 0.0197 58.71%. 0.0177 59.17%. 0.0161
200x200(9) 63.42%. 0.0254 65.83%. 0.0232 68.04%. 0.0204 68.93%. 0.0123 69.48%. 0.0134 64.93%. 0.0294 67.56%. 0.0242 69.21%. 0.0224 70.08%. 0.0138 70.62%. 0.0133

300x300(6) 30.03%. 0.0078 30.91%. 0.0081 31.40%. 0.0107 31.71%. 0.0098 31.90%. 0.0111 30.37%. 0.0132 31.21%. 0.0141 31.86%. 0.0139 32.20%. 0.0138 32.35%. 0.0148
300x300(12) 33.09%. 0.0134 34.32%. 0.0164 35.32%. 0.0165 35.90%. 0.0186 36.37%. 0.0212 33.90%. 0.0145 35.25%. 0.0202 36.54%. 0.0121 37.23%. 0.0123 37.75%. 0.0130
300x300(18) 34.66%. 0.0096 36.38%. 0.0171 37.67%. 0.0194 38.46%. 0.0201 38.92%. 0.0200 36.01%. 0.0154 37.81%. 0.0127 39.07%. 0.0145 39.84%. 0.0139 40.36%. 0.0167
300x300(24) 37.55%. 0.0126 38.88%. 0.0146 40.44%. 0.0173 41.30%. 0.0187 41.58%. 0.0167 38.51%. 0.0107 40.08%. 0.0123 41.77%. 0.0101 42.72%. 0.0137 43.31%. 0.0168

MO-VNS(Hyp %.IQR) MO-ABC(Hyp %.IQR)
dx × dy(s̃r) 50 000 100 000 200 000 300 000 400 000 50 000 100 000 200 000 300 000 400 000
50x50(1) 64.60%. 0.0002 64.61%. 0.0001 64.62%. 0.0002 64.62%. 0.0001 64.63%. 0.0001 64.60%. 0.0000 64.60%. 0.0000 64.60%. 0.0000 64.60%. 0.0000 64.60%. 0.0001

100x100(2) 41.75%. 0.0005 41.79%. 0.0004 41.81%. 0.0003 41.81%. 0.0002 41.82%. 0.0001 41.40%. 0.0068 41.40%. 0.0053 41.50%. 0.0055 41.50%. 0.0049 41.50%. 0.0048
100x100(3) 54.96%. 0.0062 55.17%. 0.0039 55.45%. 0.0071 55.56%. 0.0063 55.61%. 0.0065 54.70%. 0.0070 55.00%. 0.0082 55.10%. 0.0098 55.10%. 0.0099 55.10%. 0.0099

200x200(2) 31.76%. 0.0451 34.00%. 0.0078 34.60%. 0.0180 35.22%. 0.0149 35.49%. 0.0135 32.40%. 0.0103 32.70%. 0.0105 32.80%. 0.0079 32.90%. 0.0082 32.90%. 0.0083
200x200(4) 42.81%. 0.0232 44.38%. 0.0284 45.24%. 0.0245 45.78%. 0.0213 46.14%. 0.0198 39.80%. 0.0289 40.70%. 0.0230 41.40%. 0.0246 41.40%. 0.0256 41.40%. 0.0256
200x200(6) 54.27%. 0.0300 56.20%. 0.0192 56.80%. 0.0208 57.13%. 0.0219 57.47%. 0.0208 47.00%. 0.0509 49.20%. 0.0429 50.80%. 0.0430 51.00%. 0.0426 51.20%. 0.0413
200x200(9) 63.48%. 0.0225 64.30%. 0.0198 65.33%. 0.0143 65.87%. 0.0195 66.45%. 0.0179 60.20%. 0.0443 62.30%. 0.0426 63.30%. 0.0337 63.50%. 0.0403 63.70%. 0.0408

300x300(6) 30.39%. 0.0067 30.93%. 0.0105 31.23%. 0.0082 31.34%. 0.0079 31.40%. 0.0079 30.00%. 0.0103 31.00%. 0.0142 31.50%. 0.0110 31.70%. 0.0108 31.80%. 0.0127
300x300(12) 33.88%. 0.0110 34.56%. 0.0113 35.31%. 0.0110 35.68%. 0.0096 35.83%. 0.0099 34.80%. 0.0150 36.50%. 0.0136 37.70%. 0.0115 38.20%. 0.0119 38.40%. 0.0118
300x300(18) 37.04%. 0.0101 37.83%. 0.0107 38.48%. 0.0080 38.77%. 0.0066 39.01%. 0.0078 39.20%. 0.0130 41.10%. 0.0136 42.60%. 0.0120 43.50%. 0.0145 44.00%. 0.0118
300x300(24) 40.14%. 0.0159 40.85%. 0.0126 41.48%. 0.0099 41.79%. 0.0084 41.95%. 0.0068 42.90%. 0.0164 44.90%. 0.0127 46.80%. 0.0114 47.70%. 0.0115 48.30%. 0.0121

MO-FA(Hyp %.IQR) MOEA/D(Hyp %.IQR)
dx × dy(s̃r) 50 000 100 000 200 000 300 000 400 000 50 000 100 000 200 000 300 000 400 000
50x50(1) 64.63%. 0.0000 64.63%. 0.0000 64.63%. 0.0000 64.63%. 0.0000 64.63%. 0.0000 64.62% 0.0001 64.62% 0.0000 64.63% 0.0000 64.63% 0.0000 64.63% 0.0000

100x100(2) 41.66%. 0.0013 41.71%. 0.0010 41.75%. 0.0005 41.77%. 0.0003 41.78%. 0.0004 41.07% 0.0027 41.20% 0.0021 41.31% 0.0016 41.35% 0.0015 41.39% 0.0010
100x100(3) 54.79%. 0.0055 55.19%. 0.0013 55.29%. 0.0011 55.35%. 0.0014 55.38%. 0.0014 54.82% 0.0047 55.12% 0.0046 55.36% 0.0063 55.42% 0.0069 55.48% 0.0068

200x200(2) 35.05%. 0.0155 35.57%. 0.0049 35.98%. 0.0019 36.00%. 0.0020 36.06%. 0.0019 32.32% 0.0180 32.76% 0.0186 33.27% 0.0147 33.54% 0.0116 33.71% 0.0127
200x200(4) 43.65%. 0.0272 44.58%. 0.0231 45.21%. 0.0162 45.56%. 0.0117 45.91%. 0.0173 43.85% 0.0451 44.82% 0.0383 46.18% 0.0234 46.72% 0.0213 46.69% 0.0198
200x200(6) 55.22%. 0.0346 56.54%. 0.0383 57.89%. 0.0358 58.38%. 0.0409 58.96%. 0.0358 57.48% 0.0160 58.62% 0.0155 59.56% 0.0192 60.01% 0.0180 60.38% 0.0171
200x200(9) 65.87%. 0.0400 67.83%. 0.0269 69.82%. 0.0250 70.50%. 0.0239 70.94%. 0.0261 69.60% 0.0167 70.96% 0.0163 72.16% 0.0177 72.87% 0.0155 73.35% 0.0150

300x300(6) 30.28%. 0.0130 31.39%. 0.0202 32.59%. 0.0251 32.90%. 0.0173 33.02%. 0.0168 30.54% 0.0057 31.25% 0.0077 31.82% 0.0074 32.08% 0.0069 32.26% 0.0053
300x300(12) 34.63%. 0.0228 36.24%. 0.0238 37.76%. 0.0215 38.25%. 0.0192 39.17%. 0.0064 36.39% 0.0152 37.56% 0.0174 38.48% 0.0174 38.85% 0.0159 39.11% 0.0154
300x300(18) 37.97%. 0.0188 39.63%. 0.0187 41.18%. 0.0190 41.90%. 0.0189 42.54%. 0.0196 40.53% 0.0257 42.22% 0.0266 43.92% 0.0219 44.74% 0.0168 45.21% 0.0178
300x300(24) 40.83%. 0.0313 42.88%. 0.0207 44.35%. 0.0200 45.13%. 0.0217 45.59%. 0.0176 45.09% 0.0202 47.51% 0.0187 49.82% 0.0242 51.04% 0.0308 51.75% 0.0275

Figure 3: Convergence study based on the hypervolume indicator.
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Table 7: Percentage of test cases in which the algorithms are significant better and worse, based on the hypervolume metric.

It is worse (50x50) It is worse (100x100)
MOEA/D MO-FA MO-VNS MO-ABC NSGA-II SPEA2 Percentage MOEA/D MO-FA MO-VNS MO-ABC NSGA-II SPEA2 Percentage

It
is

be
tt

er

MOEA/D —– 0.00% 6.06% 3.03% 7.58% 7.58% 24.24%

It
is

be
tt

er

MOEA/D —– 0.00% 0.00% 1.63% 4.07% 4.07% 9.76%
MO-FA 7.58% —– 7.58% 7.58% 7.58% 7.58% 37.88% MO-FA 4.88% —– 0.00% 4.07% 8.13% 8.13% 25.20%
MO-VNS 0.00% 0.00% —– 0.00% 7.58% 7.58% 15.15% MO-VNS 5.69% 5.69% —– 6.50% 8.13% 8.13% 34.15%
MO-ABC 3.03% 0.00% 4.55% —– 7.58% 7.58% 22.73% MO-ABC 4.07% 0.00% 0.00% —– 8.13% 8.13% 20.33%
NSGA-II 0.00% 0.00% 0.00% 0.00% —– 0.00% 0.00% NSGA-II 2.44% 0.00% 0.00% 0.00% —– 1.63% 4.07%
SPEA2 0.00% 0.00% 0.00% 0.00% 0.00% —– 0.00% SPEA2 2.44% 0.00% 0.00% 0.00% 4.07% —– 6.50%

Percentage 10.61% 0.00% 18.18% 10.61% 30.30% 30.30% 100.00% Percentage 19.51% 5.69% 0.00% 12.20% 32.52% 30.08% 100.00%

It is worse (200x200) It is worse (300x300)
MOEA/D MO-FA MO-VNS MO-ABC NSGA-II SPEA2 Percentage MOEA/D MO-FA MO-VNS MO-ABC NSGA-II SPEA2 Percentage

It
is

be
tt

er

MOEA/D —– 3.20% 5.02% 8.22% 4.57% 5.94% 26.94%

It
is

be
tt

er

MOEA/D —– 4.74% 5.93% 5.93% 5.93% 5.93% 28.46%
MO-FA 3.20% —– 6.85% 9.13% 6.85% 4.57% 30.59% MO-FA 1.98% —– 7.51% 1.58% 7.51% 7.11% 25.69%
MO-VNS 1.83% 0.00% —– 8.68% 1.83% 1.83% 14.16% MO-VNS 0.40% 0.00% —– 0.40% 3.56% 1.19% 5.53%
MO-ABC 0.00% 0.00% 0.00% —– 0.00% 0.00% 0.00% MO-ABC 0.00% 3.95% 6.32% —– 5.93% 5.93% 22.13%
NSGA-II 0.00% 0.00% 2.74% 8.68% —– 0.91% 12.33% NSGA-II 1.19% 0.00% 1.19% 0.00% —– 0.00% 2.37%
SPEA2 0.00% 0.00% 3.65% 8.68% 3.65% —– 15.98% SPEA2 1.98% 0.00% 4.74% 1.58% 7.51% —– 15.81%

Percentage 5.02% 3.20% 18.26% 43.38% 16.89% 13.24% 100.00% Percentage 5.53% 8.70% 25.69% 9.49% 30.43% 20.16% 100.00%

It is worse (all the instances)
MOEA/D MO-FA MO-VNS MO-ABC NSGA-II SPEA2 Percentage

It
is

be
tt

er
MOEA/D —– 2.87% 4.54% 5.60% 5.30% 5.75% 24.05%
MO-FA 3.48% —– 5.90% 5.14% 7.41% 6.51% 28.44%
MO-VNS 1.82% 1.06% —– 4.24% 4.24% 3.33% 14.67%
MO-ABC 1.06% 1.51% 2.87% —– 4.54% 4.54% 14.52%
NSGA-II 0.91% 0.00% 1.36% 2.87% —– 0.61% 5.75%
SPEA2 1.21% 0.00% 3.03% 3.48% 4.84% —– 12.56%

Percentage 8.47% 5.45% 17.70% 21.33% 26.32% 20.73% 100.00%

Table 8: Set coverage study among the algorithms. Notation assumed A=MO-ABC, D=MOEA/D, F=MO-FA, N=NSGA-II, S=SPEA2, and V=MO-VNS. (a) for
50 000, 200 000, and 400 000 evaluations. (b) for all the stop conditions and instances.

(a)

NSGA-II (50 000) NSGA-II (200 000) NSGA-II (400 000)
dx × dy S V A F D Avg. S V A F D Avg. S V A F D Avg.
50x50 100.00% 8.11% 5.56% 2.13% 7.89% 24.74% 100.00% 2.33% 4.44% 2.04% 2.33% 22.23% 100.00% 7.55% 5.00% 2.04% 2.13% 23.34%
100x100 34.24% 0.00% 0.68% 0.25% 38.31% 14.70% 57.53% 0.00% 18.42% 2.59% 26.79% 21.07% 64.70% 1.49% 16.97% 6.14% 43.87% 26.63%
200x200 38.42% 15.53% 40.60% 1.34% 43.41% 27.86% 41.77% 39.24% 59.14% 8.73% 66.35% 43.05% 33.07% 40.22% 43.33% 3.18% 66.67% 37.29%
300x300 31.53% 3.74% 23.30% 5.12% 23.57% 17.45% 30.51% 45.41% 6.95% 13.91% 36.61% 26.68% 14.21% 60.15% 3.42% 19.59% 42.70% 28.01%

Avg. 51.05% 6.84% 17.53% 2.21% 28.30% 57.45% 21.75% 22.24% 6.82% 33.02% 53.22% 18.10% 17.26% 5.68% 34.19%

SPEA2 (50 000) SPEA2 (200 000) SPEA2 (400 000)
dx × dy N V A F D Avg. N V A F D Avg. N V A F D Avg.
50x50 100.00% 8.11% 5.56% 2.13% 7.89% 24.74% 100.00% 2.33% 4.44% 2.04% 2.33% 22.23% 100.00% 7.55% 5.00% 2.04% 2.13% 23.34%
100x100 54.00% 1.93% 8.17% 2.09% 48.17% 22.87% 56.28% 0.14% 19.97% 2.85% 35.09% 22.87% 70.89% 0.37% 18.33% 6.39% 47.39% 28.68%
200x200 45.61% 14.95% 44.22% 2.79% 39.57% 29.43% 36.90% 31.93% 57.03% 3.68% 59.05% 37.72% 59.94% 38.79% 51.12% 5.21% 66.03% 44.22%
300x300 55.82% 16.37% 31.71% 15.75% 40.84% 32.10% 56.42% 63.58% 4.90% 15.40% 40.78% 36.21% 68.12% 75.86% 11.21% 37.09% 45.18% 47.49%

Avg. 63.86% 10.34% 22.41% 5.69% 34.12% 62.40% 24.49% 21.58% 5.99% 34.31% 67.71% 30.64% 21.42% 12.68% 40.18%

MO-VNS (50 000) MO-VNS (200 000) MO-VNS (400 000)
dx × dy S N A F D Avg. S N A F D Avg. S N A F D Avg.
50x50 77.07% 81.77% 55.56% 25.53% 65.79% 61.14% 91.07% 90.48% 82.22% 38.78% 72.09% 74.93% 80.08% 80.17% 87.50% 75.51% 82.98% 81.25%
100x100 88.10% 94.57% 57.94% 31.27% 78.78% 70.13% 92.84% 92.57% 50.40% 51.99% 80.27% 73.61% 96.69% 93.48% 63.03% 52.46% 88.94% 78.92%
200x200 57.74% 60.94% 62.03% 2.07% 37.96% 44.15% 57.69% 52.75% 66.63% 13.01% 59.63% 49.94% 49.91% 47.13% 56.65% 9.60% 60.37% 44.73%
300x300 75.03% 88.95% 35.13% 28.81% 49.21% 55.43% 36.71% 38.47% 7.48% 15.82% 35.16% 26.73% 16.45% 32.01% 5.91% 17.59% 38.85% 22.16%

Avg. 74.48% 81.56% 52.66% 21.92% 57.93% 69.58% 68.57% 51.68% 29.90% 61.79% 60.78% 72.69% 53.27% 38.79% 67.78%

MO-ABC (50 000) MO-ABC (200 000) MO-ABC (400 000)
dx × dy S N V F D Avg. S N V F D Avg. S N V F D Avg.
50x50 92.99% 90.06% 37.84% 6.38% 50.00% 55.45% 91.52% 90.48% 9.30% 12.24% 32.56% 47.22% 90.68% 90.72% 16.98% 10.20% 34.04% 48.52%
100x100 68.33% 85.81% 11.21% 11.71% 72.51% 49.91% 54.18% 56.37% 7.55% 23.63% 54.02% 39.15% 51.45% 54.64% 11.59% 14.76% 58.42% 38.17%
200x200 23.51% 30.26% 21.21% 4.55% 29.31% 21.77% 21.04% 28.43% 23.70% 2.95% 40.52% 23.33% 23.19% 34.18% 26.70% 9.06% 37.44% 26.11%
300x300 59.75% 70.62% 45.14% 29.75% 43.60% 49.77% 80.02% 81.66% 86.85% 60.99% 49.57% 71.82% 73.88% 83.35% 85.11% 67.65% 49.81% 71.96%

Avg. 61.15% 69.19% 28.85% 13.10% 48.85% 61.69% 64.23% 31.85% 24.95% 44.17% 59.80% 66.52% 35.09% 25.42% 44.93%

MO-FA (50 000) MO-FA (200 000) MO-FA (400 000)
dx × dy S N V A D Avg. S N V A D Avg. S N V A D Avg.
50x50 100.00% 100.00% 70.27% 94.44% 81.58% 89.26% 100.00% 100.00% 58.14% 91.11% 88.37% 87.52% 100.00% 100.00% 30.19% 92.50% 93.62% 83.26%
100x100 87.10% 95.44% 30.40% 55.65% 87.83% 71.28% 86.82% 80.37% 22.15% 48.24% 69.01% 61.32% 82.72% 80.76% 29.85% 56.21% 81.39% 66.19%
200x200 87.41% 93.66% 91.40% 95.07% 67.28% 86.96% 78.67% 77.02% 71.28% 93.07% 85.76% 81.16% 88.46% 84.58% 73.07% 78.95% 88.21% 82.65%
300x300 75.92% 94.52% 48.84% 43.93% 41.15% 60.87% 73.05% 73.04% 75.94% 13.83% 46.31% 56.43% 43.42% 64.98% 71.92% 13.76% 53.16% 49.45%

Avg. 87.61% 95.90% 60.23% 72.27% 69.46% 84.64% 82.61% 56.88% 61.56% 72.36% 78.65% 86.95% 51.26% 60.35% 79.09%

MOEA/D (50 000) MOEA/D (200 000) MOEA/D (400 000)
dx × dy S N V A F Avg. S N V A F Avg. S N V A F Avg.
50x50 73.89% 80.66% 21.62% 36.11% 12.77% 45.01% 91.07% 90.48% 18.60% 60.00% 10.20% 54.07% 90.68% 90.72% 20.75% 57.50% 6.12% 53.15%
100x100 17.76% 22.51% 1.23% 8.14% 1.46% 10.22% 39.99% 39.83% 2.02% 13.97% 4.90% 20.14% 16.58% 18.07% 1.27% 3.64% 1.90% 8.29%
200x200 17.20% 15.00% 9.31% 16.11% 3.72% 12.27% 12.10% 3.39% 11.08% 8.65% 0.00% 7.04% 12.42% 8.35% 17.80% 14.60% 0.00% 10.63%
300x300 10.86% 25.79% 7.02% 21.49% 15.02% 16.03% 9.81% 11.22% 18.12% 3.20% 15.42% 11.55% 9.31% 24.26% 16.71% 11.08% 16.87% 15.65%

Avg. 29.93% 35.99% 9.79% 20.46% 8.24% 38.24% 36.23% 12.46% 21.46% 7.63% 32.25% 34.99% 14.13% 21.70% 6.22%

(b)

MO-FA SPEA2
S N V A D Avg. N V A F D Avg.

84.05% 86.95% 53.35% 63.98% 73.85% 72.44% 67.71% 21.43% 20.57% 7.81% 37.41% 30.99%

MO-VNS NSGA-II
S N A F D Avg. S V A F D Avg.

68.56% 72.69% 53.11% 32.87% 64.61% 58.37% 53.22% 18.10% 17.26% 5.68% 34.19% 25.69%

MO-ABC MOEA/D
S N V F D Avg. S N V A F Avg.

61.57% 66.52% 31.94% 21.76% 48.70% 46.10% 33.77% 34.99% 11.27% 21.30% 7.46% 21.76%
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Table 9: Studying the extreme values of the median Pareto front obtained by MO-FA for 400 000 evaluations.

dx × dy(s̃r) max( f1:AEC) min( f1:AEC) max( f2:ASA) min( f2:ASA) max( f3:NR) min( f3:NR)
value gain eff value gain eff value gain eff value gain eff value gain eff value gain eff

50x50(1) 0.0302 -14.39% -14.39% 0.0235 -33.31% -33.31% 92.07% 0.35% 0.35% 88.98% -3.02% -3.02% 99.93% 0.29% 0.29% 99.86% 0.22% 0.22%

100x100(2) 0.0712 -34.72% -17.36% 0.0563 -48.38% -24.19% 91.56% 2.60% 1.30% 87.34% -2.13% -1.06% 98.65% 3.11% 1.56% 98.06% 2.50% 1.25%
100x100(3) 0.0572 -47.54% -15.85% 0.0430 -60.63% -20.21% 91.61% 2.66% 0.89% 82.40% -7.66% -2.55% 99.21% 3.70% 1.23% 98.18% 2.63% 0.88%

200x200(2) 0.2381 -14.71% -7.35% 0.1874 -32.87% -16.44% 88.79% 1.94% 0.97% 85.46% -1.88% -0.94% 94.91% 1.81% 0.90% 94.00% 0.83% 0.41%
200x200(4) 0.2514 -9.92% -2.48% 0.1631 -41.57% -10.39% 89.44% 2.69% 0.67% 85.18% -2.21% -0.55% 95.73% 2.68% 0.67% 94.40% 1.26% 0.31%
200x200(6) 0.2075 -25.64% -4.27% 0.1257 -54.96% -9.16% 90.01% 3.34% 0.56% 86.39% -0.82% -0.14% 96.52% 3.53% 0.59% 94.58% 1.44% 0.24%
200x200(9) 0.2085 -25.29% -2.81% 0.1018 -63.54% -7.06% 90.67% 4.09% 0.45% 85.61% -1.71% -0.19% 97.07% 4.12% 0.46% 95.18% 2.09% 0.23%

300x300(6) 0.3474 -17.79% -2.96% 0.2306 -45.41% -7.57% 88.57% 15.86% 2.64% 78.20% 2.31% 0.38% 91.33% 7.09% 1.18% 85.95% 0.79% 0.13%
300x300(12) 0.3218 -23.84% -1.99% 0.1962 -53.57% -4.46% 88.73% 16.08% 1.34% 77.97% 2.00% 0.17% 92.54% 8.51% 0.71% 86.40% 1.31% 0.11%
300x300(18) 0.3146 -25.53% -1.42% 0.1819 -56.94% -3.16% 88.85% 16.23% 0.90% 78.04% 2.10% 0.12% 93.41% 9.54% 0.53% 86.84% 1.83% 0.10%
300x300(24) 0.3719 -11.97% -0.50% 0.1591 -62.34% -2.60% 88.95% 16.36% 0.68% 75.77% -0.88% -0.04% 93.98% 10.20% 0.43% 86.61% 1.56% 0.07%

Figure 4: Comparing some representative median Pareto fronts for 400 000 evaluations.

Table 10: Solutions obtained through SPINDS heuristic.

dx × dy(s̃r) f1:AEC f2:ASA f3:NR
value gain eff value gain eff value gain eff

50x50(1) 0.0247 -29.89% -29.89% 88.98% -3.02% -3.02% 99.86% 0.22% 0.22%

100x100(2) 0.0610 -44.11% -22.06% 89.46% 0.25% 0.12% 98.54% 3.00% 1.50%
100x100(3) 0.0534 -51.06% -17.02% 88.80% -0.49% -0.16% 98.95% 3.43% 1.14%

200x200(2) 0.2655 -4.89% -2.44% 86.45% -0.75% -0.37% 94.13% 0.96% 0.48%
200x200(4) 0.1851 -33.69% -8.42% 86.22% -1.01% -0.25% 94.46% 1.32% 0.33%
200x200(6) 0.1653 -40.77% -6.80% 85.68% -1.63% -0.27% 94.46% 1.32% 0.22%
200x200(9) 0.1171 -58.05% -6.45% 86.15% -1.09% -0.12% 94.65% 1.52% 0.17%

300x300(6) 0.3853 -8.80% -1.47% 80.38% 5.16% 0.86% 90.16% 5.72% 0.95%
300x300(12) 0.3853 -8.80% -0.73% 80.38% 5.16% 0.43% 90.17% 5.74% 0.48%
300x300(18) 0.3301 -21.86% -1.21% 78.04% 2.10% 0.12% 89.62% 5.09% 0.28%
300x300(24) 0.3301 -21.86% -0.91% 78.04% 2.10% 0.09% 89.62% 5.08% 0.21%

9. Final remarks

This paper deals with how to optimise traditional WSNs by675

adding energy-harvesting RNs, assuming a single-tiered net-
work model. The purpose is to optimise three relevant factors:
AEC, ASA, and NR. This problem is known as RNPP and was
defined as an NP-hard optimisation problem in the literature.
Hence, non-traditional techniques are required. We find many680

works assuming heuristics to this end. However, metaheuristics
usually have a good behaviour solving such problems, provid-
ing a set of trade-off solutions, which allows the network de-
signer to have several possibilities to deploy the network. This
is not the case for heuristics, providing a unique solution.685

This situation led us to assume several MO metaheuristics.
Five of them belong to EC: MOEA/D, NSGA-II, SPEA2, MO-
ABC, and MO-FA. Being MO-ABC and MO-FA swarm intel-
ligence algorithms based on the behaviour of honey bees and
fireflies, respectively. NSGA-II and SPEA2 are two standard690

GAs. MOEA/D is a state-of-the-art algorithm based on decom-
position. The remainder is the trajectory algorithm MO-VNS.

The metaheuristics are applied to optimise a freely available

data set, considering four different scenarios where a traditional
WSN is deployed in each of them. The results obtained are695

analysed assuming two standard MO tools: hypervolume and
set coverage. Through a widely accepted statistical methodol-
ogy, we conclude that MO-FA provides the best behaviour in
medium and very small instances, MOEA/D in big instances,
and MO-VNS in small instances. Being MO-FA the algorithm700

providing the best performance on average. In addition, we
note that MOEA/D is able to explore a greater part of the search
space than the other algorithms.

We also analyse the impact provided by the optimisation pro-
cess. To this end, we calculate the percentage in which the fit-705

ness functions increase or decrease, regarding the routers con-
sidered. This way, we reach that the addition of RNs seems
to be a good way to optimise such networks. However, this
approach is limited, because the efficiency of the optimisation
decreases if many routers are deployed.710

We assume an important limitation. We did not find any work
considering a similar problem. Hence, we cannot directly com-
pare our results to other author methodologies. To solve this,
we adapted the heuristic proposed by Hou et al [3] in order to
optimise our data set. Analysing the results obtained, we note715

that our approach provides a better behaviour.
As future lines of research, it would be interesting to con-

sider new metaheuristics and a bigger data set. Conducting
real-world experiments would be also a good future extension.
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