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Abstract
In most applications of wireless sensor networks the specification of the corresponding topology can be useful for the
optimization of some important features, such as: node energy consumption, connectivity and coverage area. This is known
as the Sensor Allocation Problem (SAP). Our work proposes an approach based on memetic algorithm concepts to find
high-quality solutions. In our approach, each node can be associated with one of four operation modes (classified according
to its maximum range). The algorithm optimizes the position of each node and produces solution clusters. In order to
evaluate the efficiency of the method, we analyze case studies with different coverage areas that are then compared against
results previously found in the literature. Our experiments show that in order to achieve a smaller energy consumption and
an increase in network coverage area, one needs to operate with a sizeable number of sensors, but with few nodes operating
in larger transmission power modes (which require an increased energy expenditure).
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1 Introduction

Wireless Sensor Networks (WSNs) are self-configured
entities composed by a set of sensors (distributed along an
area of interest to be monitored) which can freely com-
municate over short distances [1]. The popularity of WSNs
is in part attributed to their advantages of distributed con-
trol, scalability and self-organization [2, 3]. Accordingly,
they are an important technology for a wide range of real-
time applications [4—6]. In a WSN each sensor can perform
the following basic tasks: (i) sensing environmental fac-
tors; (ii) data storage; (iii) processing; and (iv) wireless
communication. Each node can collect environmental sig-
nals, such as temperature, humidity, pressure, and illumi-
nation [7], which can be used for distributed inference
purposes [8—10]. These pieces of information are for-
warded from the sensor nodes to a sink node, that is, in
general, computationally more powerful and has unre-
stricted access to energy.

A large-scale WSN may consist of hundreds of sensor
nodes able to transmit the information gathered without
requiring complicated communication backbones [11]. The
nodes are usually battery-powered, employ low-priced and
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computationally constrained hardware, have a limited
energy budget (which may be irreplaceable [12]) and may
be organized in a determined or random manner [13-15].
Due to their limited power supply, energy management is
an important issue for WSN [7, 16, 17]. Energy-con-
strained operation has become one of the major bottlenecks
holding back further dissemination and development of
WSNs [18]. WSNs can be, in theory, deployed with low
costs, due to the fact that they do not require fixed
infrastructures [19]. However, this can only be achieved
through a judicious sensor allocation strategy. In short, one
of the most important issues in WSNs is the achievement of
better system performance (e.g., network lifetime) by
sensor deployment strategies' [1].

Furthermore, WSNs should be capable of preventing
problems, such as a sensor failure [14]. Namely, when a
sensor node fails, the WSN should establish a new route to
the sink, whilst keeping connectivity and preserving
autonomy. WSNs commonly use a cluster topology, that
divides the sensing area into small groups. Each cluster has
a data fusion node, denominated the cluster-head. The
nodes belonging to a cluster can collect data and send
information directly to the cluster—head, which is respon-
sible for storing, processing and providing data gathered by
its one-hop neighboring nodes. Generally, this type of
topology has the following objectives: (i) to save energy;
(ii) to be fault-tolerant; (iii) to ensure efficient network
communication; and (iv) to ensure efficient data dissemi-
nation [20]. In addition, in order to ensure good area
coverage sensing the sensor nodes must be placed in such a
way as to cover the whole interest region. Guaranteeing
every node in the WSN has connectivity, whilst keeping a
low energy consumption, are thus important issues for
network topology [21].

The aforementioned concepts of energy consumption,
connectivity and coverage area have real-world applica-
tions. Namely, in [22], the authors investigated the effects
of signal propagation on WSNs applied to landslide man-
agement. Transmitting and receiving antennas were placed
in order to perform real-world experiments. In [23], a
healthcare system based on WSNs was described. The
authors proposed a real-time heart pulse monitoring sys-
tem, collecting data from distinct people, whose data was
forwarded to smartphones. In [24] the authors implemented
a novel method for Structural Health Monitoring (SHM)
applications as a mechanism to perform structural damage
detection. The proposed system is wireless and works in
real-time. The work also describes the set of laboratory
tests that were performed as a way to evaluate the proposal.
The work presented in [25] detailed and implemented a

' In the literature, such techniques are also known as placement or
coverage schemes [6].
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Software Defined Network-based energy efficient routing
protocol for WSN applications. The work was evaluated
through a real test bed, which made use of a Raspberry Pi.
The results showed that this strategy outperformed other
routing protocols found in the literature with respect to
metrics such as network lifetime, energy consumption,
packet delivery ratio and average delay.

1.1 Objectives and contributions

This paper proposes a mathematical model and the
implementation of a methodology based on memetic
algorithm (MA) concepts [26-28]. Our method aims to
define the best configuration of operation modes for the
sensor nodes belonging to a WSN. Our objective is to
optimize network efficiency in terms of coverage area and
energy consumption. This is a challenging combinatorial
optimization problem, one where complexity increases
exponentially as the instance (measured in terms of cov-
erage area) grows. Solving this problem allows for greater
monitoring autonomy since each operation mode defines
the maximum range of a given sensor, which is based on its
transmission power. This is directly related to network
energy consumption, since higher transmission power
requires larger energy expenditure.

In order to evaluate the performance of the MA-based
proposed methodology, our work considers several case
studies with cover areas of different sizes (in grids). This
approach is based on [29-31]. In addition to extending the
analysis and the results described in these papers, the main
contributions of our work are the following:

e Proposal of a mathematical model of integer linear
programming for the aforementioned SAP. This extends
the works [29, 31], which only presented the objective
functions of the considered optimization problem;

e Proposal of MA-based approach that can be reproduced
and adapted to other applications with different objec-
tive functions (OF). This is in contrast to the works
[29, 31], which only considered a genetic algorithm
(GA) method;

e Proposal evaluation in grid-based instances with dis-
tinct areas, reflecting more realistic scenarios. This
differs from the works [29, 31], which considered only
small 10 x 10 grid-based instances.

The experimental results obtained indicate that the SAP
solution proposal can allocate sensor nodes in optimal
positions so as to minimize energy consumption whilst
retaining network connectivity. It is important to empha-
size that there is a trade-off between energy consumption
and sensing coverage, which calls for the establishment of
an operational choice during network design [6].
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1.2 Structure

The remainder of this paper is organized as follows. Sec-
tion 2 presents the related works and also highlights the
contributions of the proposed method against the existing
literature. The problem studied and respective mathemati-
cal model are presented in Sect. 3. Section 4 describes the
methodology for the proposed solution. Simulation results
are analyzed and discussed in Sect. 6. Concluding remarks
and future works are presented in Sect. 7.

2 Related works

Connectivity is crucial for the functionalities and capabil-
ities of WSNs [32]. For example, if all wireless devices
have the same transmission radius r in homogeneous ad
hoc networks, one has r-disk graphs [19]. Target coverage
and connectivity are critical issues in WSNs [33]. For
instance, reference [34] proposes the utilization of a local
search approximation algorithm for connectivity-aware
deployment algorithms able to generate a reasonable node
placement. Two centroid-based iterative deployment
schemes (i.e., blind-zone centroid-based and disturbed
centroid-based schemes) for sensor coverage in WSNs are
proposed in [35]. None of these schemes require manual
adjustments of their parameters.

A low-cost and connectivity-guarantee grid-based
deployment mechanism that employs ant colony opti-
mization metaheuristics is presented in [36]. Network
topology control and network coding are jointly considered
in [37] in order to reduce WSN energy consumption.
Despite the deployment problem being NP-complete [38] it
was mitigated in [39] by making use of a weighted sam-
pling scheme that matches the requested detection proba-
bilities. The minimization of the number of sensor nodes is
performed by using the local event occurrence rate while
employing the sensors detection capabilities [1].

It is important to emphasize which features this paper
does not consider. Note, for example, that the impact of
routing protocols is not taken into consideration. This is an
important issue in when modelling the cascading feature
present in some WSNs (see [40]). Another feature that is
not considered is the implementation of behavioral moni-
toring of sensor nodes, by selecting some of them as
watchdogs. These may be considered as a possible coun-
termeasure to attacks such as selective forwarding, that are
able to detect misbehaving nodes [41]. Furthermore,
specific strategies to reduce packet transfers are not taken
into account. As an example, one may cite duty-cycling
schemes (which merges sleep intervals with wake-up time
intervals [42]) and cluster node division, with the

respective cluster-heads
directly to the sink [43].

In order to address the lack of adaptability to event
dynamics, several papers exploit the mobility of sensor
nodes [44]. Sink mobility is exploited in [45] as a way to
better balance the traffic load across the sensor nodes and
increase network lifetime. Hybrid sensor networks (i.e.,
which include both static and mobile sensor nodes) are
addressed in [46]. Both sensor faults and sensor noise are
considered in [47], which advocates the employment of a
weighted average of sensor measurements. The combina-
tion of WSNs with free space optical communication
technology is addressed in [3]. Since a good understanding
of the propagation impairments affecting the wireless links
may contribute to a successful design of WSNs, some
papers propose models for the involved path losses (e.g.,
[48]). In [49] the authors address the problem of coalition
formation among devices when considering energy avail-
ability, communication interest and physical ties. The work
proposes a distributed power control framework for
determining the optimal power characteristics.

Evolutionary strategies have been employed to address
challenges in WSNs. Namely, in [50] the authors present
an evolutionary game and respective evolution strategy for
addressing the joint spectrum sensing and access problem.
A review of computational intelligence techniques applied
to the challenges that arise from WSNs was presented in
[51]. The authors describe, categorize and present tax-
onomies for the state of the art in terms of fuzzy systems,
neural networks, evolutionary computation, swarm intelli-
gence, learning systems and their respective hybridizations
(amongst others). An optimization strategy based on brain
storm optimization was proposed in [52]. The authors
analyze the factors influencing this mechanism and then
improve on it by proposing an orthogonal learning frame-
work to improve its learning mechanism. A framework for
solving large-scale multiobjective and many-objective
optimization problems was presented in [53]. In this work,
the authors propose new algorithms that: (i) incorporate
reference vectors into the control variable analysis; and (ii)
optimize the decision variable by making use of an adap-
tive scalarization strategy. The offload of computationally
intensive tasks and associated challenges from WSNs to
accessible servers was addressed in [54].

MAs have been explored to optimize network lifetime
and fault tolerance. Simulation results from [55] showed
that the MA outperformed other heuristic methods in terms
of WSN lifetime. The MA-TOSCA proposed in [56] aims
to optimize network topology as a way to provide tolerance
against cascading failures. For this purpose, a local search
operator was designed based on a new network balancing
metric.

sending the average values
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In the context of this work, it is important to note that a
finite number of sensor modalities are employed, each of
them with a specific communication range (see Sect. 3).
Such a sensing model implies that the considered WSNs
are heterogeneous (as in a heterogeneous network [57]),
making their topology control and deployment more diffi-
cult [6, 58]. This advanced node deployment can be clas-
sified as grid-point based, which presents several
advantages against continued-point alternatives [59].

3 Mathematical model

Using graph theory terminology [60], a two-dimensional
area for sensor allocation can be modelled as a connected
graph, where V is the set of n nodes and A is the set of m
arcs. A node i € V represents a possible location to place a
sensor. The arc (i,j) € A, i € V and j € V, represents the
possible communication link between two sensors.

Figure 1 exemplifies the set of existing arcs between the
black-node and the other nodes of the network reachable by
it. In order to facilitate the visibility, only the arcs that are
incident to one specific node are depicted. The same pro-
cess must be repeated for each node of the graph in order to
obtain a comprehensive description of the network.
According to the sensors type considered in this work, the
maximum achievable range is two nodes (or two-hop)
distant. Thus, each node of the graph is adjacent, at best, to
a node that is at this transmission range (distance) from it,
as depicted by the number presented in each node (Fig. 2).

The SAP proposed in this article was based on the
simplified problem presented in [29]. However, this work
proposes a mathematical formulation able to provide clear
specifications to the solution search procedure. Namely, the
model uses a set of binary decision variables s¢, with r € §
and i € V, defined as follows:

—0 o 0 O

(a) Sample 1. (b) Sample 2.

Fig. 1 Partial Graph representation of a two-dimensional area with
size L X L =4 x 4, exemplifying the maximum range for the black-
nodes
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Fig. 2 Chromosome representation of solution depicted in Figure 3

5=

{l. if a sensor of operation mode t is placed at the i-th node
1

0, otherwise,

where the set S = {x,y,z,w} represents all sensor types
used in the study, defined by their communication range,
and i € {1,...,n}, being n = L x L. Nodes with z-sensors
(one-hop) and y-sensors (two-hops) communicate with x-
sensor nodes, and w-sensor nodes represent inactive oper-
ation sensors, which may be in sleep mode or even be
absent. L is the one-dimension size of the considered
square field. The SAP can be formulated as the following
integer linear programming problem:

min;oc}ﬁ (1)

St.
Y osi<1 Viev (2)

teS
2 2l (3)
si=LxL
i 4
2.2 @)
ste{0,1} Vie Vv, Vie S (5)

where S| is the number of sensor types (operation mode)
considered, o is the number of OFs considered, o; is the
parameter that weighs the j-th OF and f; is the j-th OF.

We decided to map the textual descriptions of the
metrics employed in [29, 30] into the following set of
formulas that can be employed into the proposed linear
programming problem:

1. fi = FC: this OF represents the coverage and commu-
nication between the nodes (maximization function).

FC_(zs:+zsr+zsf)—(zsr+m) ©

i€V i€V i€V i€V
n

)

where each individual sum is responsible for pre-
senting the number of x-, y-, z- and w-sensors allocated
in the solution, and the Ny term represents the number
of sensors of types y and z that are out of range of a
sensor of type x (see Eq. 11).

2. f, = OpCiE: this OF controls whether a cluster in

charge (x-sensor) is well distributed to minimize
overlaps.
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. Novertaps
OpCiE = y, (7)
eV
where Noyyeriqps (number of overlaps, see Eq. 14) rep-
resents the number of y- and z-sensors, reachable for
more than one sensor of mode x (minimization
function).
f3 = SORE: this OF verifies how many sensors are out
of range of a x-sensor (cluster in charge), which
depends directly on the communication range of each
sensor and its position in the network. It is assumed
that the y-mode sensors have a circular cover equal to
2\/5 units in length and the z-mode sensors have a
circular cover equal to v/2 units in length (minimiza-
tion function).
Nor

ZS?,. (8)

i€V

SORE =

Figure 3 exemplifies an instance of the positions for a
set of different sensors. Node a; ;, corresponding to an
x-sensor, distances one horizontal unit from node aj »,
allocated to an z-sensor. In the same manner, node a; ;
is two vertical units and two horizontal units apart from
node a3 3.
fa = SpCi: this OF verifies that the y- and z-sensors are
in accordance with the traffic capacity, data manage-
ment and the physical communication capacity of the
x-sensors (maximization function).
Zs,’ + Zv; — Nor

SpCi = & 9)
fs = NE: this OF is a numerical measure of energy
consumption that depends directly on the network
topology and operating mode of each sensor. It is
assumed that the x-sensor consumes twice what y-
sensor does and four times more than the z-sensor [29]
(minimization function).

!

f
°<—> w

0—0O v

!
v /% @
NG T

\

Fig. 3 Example of solution with L = 4

4 TH2) s+ i
I T A (10)
n

Nor (number of sensors that are out of range), can be
defined as:

Nox = Ny + N, (1)

where N7, and N}, are the number of y-sensors and z-
sensors that are out of range of a sensor of type x,
respectively. They are defined in Eqs. 12 and 13.

br=>_ l—min( 1Y s], (12)

9% keN;?

N;;R=21—min LZS;; , (13)

icv keN!

where N7 is the set of nodes in the neighborhood of a
z-sensor placed in the i-th node of the network, and N;V
is the analog for y-sensor. Both neighborhoods are
specified in detail by Eqgs. 17-19.

Noveriaps 1s the number of z- and y-sensors that have
more than one x-sensor in their range. The number of
overlaps can be defined as:

NUVE’IHI’S = Nf)vcrlaps + szerlulzs ) (14)
where N, (Eq. 15) and N}, (Eq. 16) are the

number of overlapped z- and y-sensors, respectively:

) x 8% x _7NX(N’;)
R

(15)

Néverlaps :Z (le - NX(sz)

icV L

. T , TN
N = S’ — N*(N? S —
overlaps ,GZV _(| i ( z)‘) X9 X Nx(Niy) 11 ]
(16)
NN =S s,
( l) ]g];z k (17)
N*(N?) = Sy

Equations 17 and 18 define the number of x-sensors that
are present in a z- and y-sensor range, where N} and N;V are,
respectively, the neighborhood of a z-sensor and y-sensor
placed in the i-th node. In this paper, the neighborhood of a
z-sensor placed in the i-th node is the set of nodes located
one-distance from such a node (see Fig. 1, nodes with flag
1). Similarly, the neighborhood of a y-sensor allocated in
the i-th node is the set of nodes placed two-distance from
such a node (see Fig. 1, nodes with flag 2). For a two-
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dimensional area, such as the one considered in the present
work, the neighborhood of size one can be defined as:

N=(((g-DD)+u) YV qARoru#C, (19
where:

u € {max{l,---,C—1},--- min(C + 1,L)},

g € {max{1,--- R—1},--- min(R+1,L)},
C=(i—1) modL,
R=|(i—-1)/L|andi={1,2,---,Lx L}, ie,, i€V.
N7 in Eq. 19 is the neighborhood of size 1 from a node i,
i.e., one-hop distance. From this definition it is possible to
calculate the neighborhood of any size for a given node.
According to graph theory, we can use the concept of
reachability with the recursive process shown in Eqs. 20-23
to determine the neighborhood of size n of a given node v
[61]:

N'(v) =N(v), (20)
N*(v) =N(N'(v)), (21)
N'(v) = N(N"D(v)) (22)

V) =N o). )
=0

where N'!(v) is the neighborhood of size 1 of a node v, thus
N"(v) is the neighborhood of size n of a node v, i.e., the
union of all neighbor sets of size smaller than n (Eq. 23).
For example, in this work, it is possible to find the
neighborhood of a y-sensor placed in the i-th node, through
its z-sensor neighborhood when it is allocated in the i-th
node. Thus N; = N(N7) is the neighborhood of size 2 from
anode i, i.e., the set of neighboring nodes of size 1 and the
neighbors of its neighbors.

Furthermore, the of (1) minimizes the network opti-
mization function described above®. Constraint (2) ensures
that only one sensor can be installed on each node (possible
position). Equation 3 guarantees that at least one x-sensor
will be allocated in the solution. Equation 4 assures that the
number of sensors (considering the inactive ones) will be
equal to the coverage area size. Constraint (5) defines all
variables as binaries.

2 To obtain more specific information about the optimization
parameters, please refer to [29].
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4 Solution methodology

The principle behind heuristics and metaheuristics methods
is to provide quality solutions for the problem addressed in
a reasonable computational time. The solution method
developed for the instance of the SAP being tackled is
based on GA concepts and local search optimization pro-
cedures. These methods allow for high-quality solutions to
be found, albeit not guaranteeing an optimal solution.
However, empirical studies have shown that such tech-
niques have good performance in practice [62—65].

4.1 Proposed memetic algorithm

GAs are optimization algorithms that work in a randomly
oriented manner according to probabilistic rules which are
based on an analogy with the Darwinian principles of
species evolution and genetics [66, 67]. MAs were intro-
duced in [68] as a variation of GA, where the term
“meme” denotes a cultural evolution and not only a gene
evolution.

MA is a search strategy in which a population of indi-
viduals that are being optimized cooperate and compete.
Each individual represents a solution to the addressed
problem. A candidate solution, not necessarily feasible, is
characterized by a chromosome representing a gene
sequence that encodes a possible solution. This coding is
defined by specifying the possible values (alleles) for each
chromosome positions (locus), arranging them in an
appropriate structure to the problem [67]. In the case of our
methodology, each individual of the population is a solu-
tion to the SAP, which is represented by a chromosome
consisting of integer numbers. The main memetic algo-
rithm concepts are presented below, namely: Sect. 4.1.1
describes the representation employed for each solution;
Sect. 4.1.2 details how to measure the intrinsic value of
each solution; Sect. 4.1.3 presents the pseudocode for
generating a feasible initial population. Section 4.1.4
characterizes the selection operator used to create an
intermediate population; Sect. 4.1.5 expands on how to
perform gene permutation; Sect. 4.1.6 reveals a mutation
operator responsible for introducing gene diversity;
Sect. 4.1.7 elaborates on how to make infeasible generated
solutions into feasible ones; Sect. 4.1.8 puts forward the
local search procedure that is applied to the offspring.
Finally, Sect. 4.1.9 introduces the pseudocode for the
memetic algorithm implemented.

4.1.1 Solution encoding

A chromosome representation for the SAP can be built
using a vector of integer numbers with dimension one and
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size L x L. The length of the vector symbolizes the two-
dimensional monitoring region (size L x L). Each vector
position is associated with a location where a sensor can be
installed. The value assigned to each chromosome position
is in the interval [0, 3], representing the operating mode (w,
x, y and z) of each sensor. Value 0 means that the node is
inactive (i.e., w-sensor); value 1 corresponds to operating
mode x (cluster in charge), value 2 represents operating
mode y and value 3 operating mode z. Figure 2 exemplifies
the chromosome for the solution encoding presented in the
Fig. 3, which shows the position and communication
between each sensor. Each node presented in Fig. 3 has a
specific a;; position where i and j correspond, respectively,
to a row and column of the L x L matrix. The chromosome
contains the information ajp, ---
L

, Ay, i, ~c, az
y sy, AL, oty AL
4.1.2 Fitness function

In each generation the chromosome of every individual is
evaluated by calculating its fitness value. This measure is
computed after the creation of the initial population and
recalculated after: (i) the genetic operators have been
applied; and (ii) the local search procedure has been per-
formed. As is typical in minimization problems, the fitness
function adopted in this paper is the inverse of the OF, as
presented in Eq. 24 (for more details please refer to
Sect. 3).

1
~ (24)
iFi
; %

fitness =

4.1.3 Initial population

A randomized constructive heuristic is employed to gen-
erate a feasible initial population, as described in Algo-
rithm 1. The procedure begins with an empty population
(line 1), and each main iteration (lines 2-19) constructs one
individual at a time. Each individual (J) starts without any
sensors (lines 3). In the inner loop, (lines 5-17), trials are
performed to allocate a sensor to every possible location.
The operation mode of the sensor assigned to a particular
position is determined according to a predetermined
probability. Namely, y-sensors have the highest occurrence
probability, this is then followed by z-sensors, then w-
sensors and the least likely x-sensors. The procedure
returns a population with Py, initial individuals. It should
be emphasized that population size (Py,.) and the indi-
vidual size (c;, i.e., chromosome size) are parameters of the
algorithm. Algorithm 1 executes in @ (P, X ¢;) time.

Algorithm 1 GeneratelnitialPopulation(Py;.e, ¢s)

1: P+ 0

2: while (|P| < Psj.e) do

4: i 0

5. for (i <¢,) do

6: R < Random(0,1)

7 if (R > 0) and (R < z_rate) then

8: I; < x_sensor

9: else if (R > z_rate) and (R < w_rate) then
10: I; < w_sensor

11: else if (R > w_rate) and (R < z_rate) then
12: I; < z_sensor

13: else

14: I; < y_sensor

15: end if

16: i1+ 1

17 end for
18 P+« PU{I}
19: end while
20: return P

4.1.4 Selection

The goal of the selection operator is to choose pairs of
individuals in the current generation population to perform
the crossover. The operator implemented in this paper is
based on Roulette Selection, ensuring that all
individuals have a certain probability of being chosen that
is proportional to their fitness. Table 1 shows the fitness of
four individuals and Fig. 4 illustrates the respective
selection operator implemented. The roulette rotates as
many times as necessary to select the required number of
individuals to participate of the crossover.

4.1.5 Crossover

The purpose of the crossover operator is to generate an
intermediate population through genes permutation of the
parents that were produced from the selection operation. A

two-point crossover is applied, in which two cutting points

Table 1 Example of fitness and accumulated fitness by individual

Individual Fitness Accumulated fitness
i fi 4
2
i=1
1 2.0 2.0
2 1.5 35
3 4.0 7.5
4 2.5 10.0

@ Springer
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are randomly selected to split the chromosomes from two
parents. These points determine what genetic information
will be copied from each parent to generate an offspring.
Each offspring takes one segment, in between adjacent cut
points, from each parent, thus each parent contributes with
part of its genes to generate a new individual. This pro-
cedure is exemplified in Fig. 5.

Algorithm 2 shows the pseudocode for the crossover
operation. I} and I, are the two individuals selected to
participate in the crossover, ¢, is the chromosome size and
1, is the offspring resulting from the crossover. The algo-
rithm starts by selecting two cut points (lines 1-2). These
points are sorted in ascending order (lines 3-7). The off-
spring is then composed by the first part of individual 1,
followed by the second part of individual 2 and, lastly, by
the third part of individual 1 (lines 8-16). The algorithm
executes in O(c;) time.

Algorithm 2 Crossover([y, I2, ¢y)

Peut1 < Random(1, cs)
Peutz < Random(1, cy)
if Peutl > Deut2 then
temp < Peut1
Pcutl < Peut2
Peut2 < temp
end if
for i + 1 to peys1 do
I, [i] « I [7]
end for
. for ¢ < peysr + 1 t0 peyro do
I, [i] < Iy [i]
. end for
: for i < peyio + 1 to ¢s do
I, [i] « I [7]
: end for
: return I,

© 0 T @ gk wh e

e e e e =

4.1.6 Mutation

The mutation operator is responsible for introducing
diversity in the current population. This is performed by
changing the genetic code of the constituent individuals
and happens in accordance with a mutation rate, which
dictates whether an offspring can mutate. When a locus is
selected for mutation the method considers four
possibilities:

1. position contains x-sensor: a y-sensor, z-Sensor or w-
sensor is allocated instead of a x-sensor;
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Individual 1 Individual 2

25%

40%

Individual 4
Individual 3

Fig. 4 Roulette selection example

parent; 130 | 230011 ; 1301022
parent; 220 ' 320100 ' 2201330
offspring 130 ' 320100 ' 1301022

Fig. 5 Example of two-point crossover

2. position contains y-sensor: a x-sensor, z-Sensor or w-
sensor is allocated instead of a y-sensor;

3. position contains z-sensor: a x-sensor, y-sensor or w-
sensor is allocated instead of a z-sensor;

4. position contains w-sensor: a x-sensor, y-Sensor or z-
sensor is allocated instead of a w-sensor.

The choice of which sensor will replace the previous one
obeys the probability distribution mentioned in Sect. 4.1.3.
Figure 6 exemplifies a possible mutation operation.

The pseudocode of the mutation operation is presented
in Algorithm 3. I, is the offspring resulting from the
crossover, m, is the probability of the mutation and c is the
size of the chromosome. According to a certain probability,
each chromosome allele can be mutated (line 4). Whenever
an allele is chosen to be mutated, it is verified which sensor
is allocated at this position and one of the other three
modes of operation is chosen (lines 5-13). Similarly to the
crossover pseudocode, Algorithm 3 also executes in ©(c;)
time with the ChooseSensor function requiring O(1) time.

4 SOLUTION METHODOLOGY 15

Before mutation 1303201001301022

After mutation 1323201003301020

Fig. 6 Example of a mutation operation for an offspring instance
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Algorithm 3 Mutation(I,, m,., ¢s)

1: Im — Io

2: for i + 1 to ¢5 do

32 R <« Random(0,1)

4. if R > m, then

5: if I, [i] == y_sensor then

6: I, [i] <~ ChooseSensor(z_sensor,w_sensor, x_sensor)
7: else if I, [i] == z_sensor then

8: I, [i] < ChooseSensor(y_sensor, w_sensor, xr_sensor)
9: else if I, [i] == w_sensor then

10: I, [i] « ChooseSensor(y_sensor, z_sensor, x_sensor)
11: else if I, [i] == z_sensor then

12: I, [i] <= ChooseSensor(y_sensor, z_sensor, w_sensor)
13: end if

14:  end if

15: end for

16: return I,

4.1.7 Feasibility

The crossover and mutation operations may yield an indi-
vidual that does not respect Eq. 3, i.e., at least one x-sensor
needs to be allocated to the cover area. When this happens
the individual is said to be infeasible and a feasibility
procedure needs to be carried out. This can be done by
randomly selecting a locus and substituting by an x-sensor.

4.1.8 Local search

MAs are categorized as hybrid Evolutionary Algorithms
(EA) and are very successful in practice, forming a rapidly
growing research area with great potential. Commonly
combining an evolutionary and a heuristic method (a
hybrid EA) performs better than each one of those algo-
rithms alone [69]. In this kind of algorithms, the evolu-
tionary search is augmented by the addition of one or more
phases of local search.

This MA phase aims to examine a set of neighbors of the
current solution and replace it with a better one, if it exists.
Therefore, after performing the crossover and the mutation
operations, a first improvement local search (LS) procedure
is applied in the offspring. The LS proposed is based on an
exchange movement. For each chromosome position of the
individual, the LS procedure replaces the current sensor for
a different one. The choice is made according to the
probability presented in the mutation operator (see
Sect. 4.1.6). When the best individual does not improve
over a specific number of generations, the local search is
also applied to the best individual of the current population.
The pseudocode for the LS can be found in Algorithm 4.
The while cycle is responsible for O(c,) iterations. The
Fitness function that is being invoked in Line 14 grows
linearly with the size of the individual, and thus requires
O(c,) time. In addition, the ChooseSensor function exe-
cutes in O(1) time. Overall, Algorithm 4 executes in O(c?)
time.
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Algorithm 4 localSearch(I,, ¢)

1: Ils — IO

2: improve < false

314 1

4: while i < ¢, and Not improve do

5. if I,[i] == y_sensor then

6: Ij5 [i] < ChooseSensor(z_sensor, w_sensor, x_sensor)
7. else if I, [i] == z_sensor then

8: Ijs [i] < ChooseSensor(y_sensor, w_sensor, r_sensor)
9: else if I, [i| == w_sensor then

10: Ijs [i] < ChooseSensor(y_sensor, z_sensor, x_sensor)
11:  else if I, [i] == x_sensor then

12: Ij5 [i] <= ChooseSensor(y_sensor, z_sensor, w_sensor)

13: end if

14:  if Fitness([;s) ;, Fitness(/,) then

15: improve <— true
16:  else
17: Iis [i] < 1, [i]

18:  end if

19: 141+ 1
20: end while
21: return I,

4.1.9 Pseudocode of the memetic algorithm

Algorithm 5 shows the pseudocode for the memetic algo-
rithm proposed in this paper to solve the SAP. Variables r,
g and ¢ control, respectively, the number of resets, the
number of GA generations and the number of generations
without improvement. The variables numMaxResets,
numMaxGeneration and numMaxWithoutlmprovement are
input parameters. For each reset (lines 3-44), a new pop-
ulation is generated. A constructive heuristic generates the
initial population (line 6), after which the fitness of each
individual is calculated (line 7). To facilitate the execution
of the selection operator and the storage of the best indi-
vidual (line 9), the population is sorted from the best
individual to the worst (line 8).

For each MA generation (lines 10-42), n pairs of indi-
viduals are selected to participate of the crossover
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operation and n offspring individuals are generated
(line 13). According to a certain probability (m,), each
offspring may suffer a mutation in its genetic code
(line 16). Function Random(0, 1) is a function that pro-
vides a random number in the interval [0, 1], according to
a uniform distribution. The LS procedure then follows
(line 19), after which the fitness of the offspring is calcu-
lated. The parents and respective offspring are then eval-
uated to determine who will remain in the population of the
next generation (lines 22-32). The best individual of each
generation is also stored (line 36). If the fitness of the best
individual fails to improve over a certain consecutive
number of generations then the LS is applied to it (line 39).
The best individual found is returned with the conclusion
of the GA (line 45). The overall time complexity of the
algorithm is O(numMaxResets (P cs + Pyize l0g Psize + Pyize +1UM
MaxGeneration(n(cs + ¢2) +n(cy)) + Pyize + €5 + €2).
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Algorithm 5 - Memetic Algorithm

1: 7+ 0
2: bestInd + ()

3: while » < numM axResets do

4: g+ 0

5. t<+0

6:  GeneratelnitialPopulation(P(g))

7. CalculateFitness(P(g))

8 Sort(P(g))

9:  bestInd < FindBestInd(P(g))

10:  while g < numMaxGeneration do

11: Select n pair (Ind1, Ind2)

12: for each pair (Ind1, Ind2) selected do

13: of fspring < crossover(Indl, Ind2)

14: R <+ Random(0,1)

15: if R > mp then

16: of fspring <— mutation(of fspring)

17: end if

18: CalculateFitness(of fspring)

19: LocalSearch(of fspring)
20: CalculateFitness(of fspring)
21: end for
22: for each triple (of fspring, Indy, Ind2) € P(g) do
23: if Fitness(Ind;) > Fitness(Indy) then

24: if Fitness(of fspring) > Fitness(Indz) then
25: Indy < of fspring

26: end if

27: else if Fitness(Indy) > Fitness(Ind;) then
28: if Fitness(of fspring) > Fitness(Ind;) then
29: Indy < of fspring
30: end if
31: end if
32: end for

33: bestIndg < FindBestInd(P(g))

34: t+—t+1
35: if Fitness(bestIndy) > Fitness(bestInd) then
36: bestInd < bestindg

37: t<0

38: else if ¢t > numMaxWithoutImprovement then
39: LocalSearch(bestInd)
40: end if
41: g+—g+1

42: end while
43: r<—r+1

44: end while

45: return bestInd

5 Hyperparameter optimization

Both the GA and the MA employ a set of hyperparameters
whose values need to be determined. As a result, this
section presents an hyperparameter optimization process
based on a statistical analysis in order to grant the results

greater reliability (Sect. 6). This is then followed by a
comparison study of both algorithms for synthetic instances
of different sizes. Later, a comparison against previously
reported results is carried out. In all simulations of this
paper, the values of o; (for j=1,...,0) are the same as
those used in [29, 30].
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Given that both algorithms proposed are non-determin-
istic, each hyperparameter combination was executed 30
times. During the hyperparameter optimization procedure
an L = 10 instance was employed, resulting in a vertex grid
of dimension 10 x 10. The individual stages of the opti-
mization procedure can be briefly stated as follows:

Execute each hyperparameter combination 30 times;
Calculate the median (m,) for each combination;
Select the 5 best value combinations;

Calculate the interquartile range (IR) of the 5 best
combinations;

5. Choose the combination with the smallest IR value.

NS

5.1 Genetic algorithm hyperparameter
optimization

The above procedure was applied to validate the hyper-
parameter values for the GA. A brief description of each
hyperparameter, alongside the set of respective values
evaluated, can be found in Table 2.

5.1.1 Phase 1 - baseline behavior performance

In order to perform the tests, the combination of hyper-
parameters resulted in a search space of size
7 x 7 x6x5=1470. Given that each combination was
executed 30 times, a total of 44100 GA executions were
performed in this first experiment. Subsequently, the 5
combinations that yielded the best results in terms of OF
were selected according to median value and interquartile
range. Table 3 lists the combinations (C) with the best
hyperparameters classification, alongside the respective
average (X), median value (my), interquartile range (IR),
standard deviation ¢ and execution time in seconds.

The solutions presented are ordered by IR. It is possible
to see that the combinations listed present the same my
value and IR values that are close to each other. The
boxplot of the 5 best combinations is presented in Fig. 7,
where the y-axis represents the OF values for the solutions
obtained. The data demonstrates the occurrence of few
outliers (namely in Cy, C4 and Cs). In addition, there is also
similarity in the dispersion value of the solutions obtained

for each combination. Combinations C; and Cs present the
best dispersions, although, combination C; presents the
best IR result according to Table 3.

Figure 8 presents a line plot with the median values of
the OF according to the number of generations and for each
combination of set C. The main goal is to verify whether a
tendency for convergence is occurring or has already
materialized for each combination. The plot depicts an
accelerated initial decrease followed by a deceleration after
4000 generations that yields diminishing returns in terms of
improving the OF. Combination C; presents the best IR
results the first test stage.

5.1.2 Phase 2 - extending the number of maximum
generations

Due to the fact that the 5 best combinations presented in
Table 3 produced results very close to each other, we opted
to re-execute the test. We chose to maintain the same set of
hyperparameter values with the exception of the maximum
number of generations gen,,, which was extended to 20000.
The same test and analysis procedures were repeated,
resulting in 5 x 30 = 150 GA executions. The results
obtained are presented in Table 4 alongside the respective
A hyperparameter variations from Table 3. A quick
inspection reveals that the m,; values remained the same
and the IR worsened.

The boxplot results for Table 4 are presented in Fig. 9.
Combinations C;; and Cy; still exhibit some outliers and
overall solution dispersal remains close, mimicking the
behaviour previously shown. However, if we examine the
corresponding line plot with the median values of the OF,
respectively presented in Fig. 10, it is possible to verify
that after 7500 generations there exists a convergence
tendency from all combinations. Configuration Cj; still
exhibits the best performance, albeit with a smaller dif-
ference when compared against the others.

5.1.3 Phase 3 - addition of a reset operator
Figure 10 also shows that from generation 7500 up to,

approximately, generation 18500 each combination
remained stagnant performance-wise. A possible technique

Table 2 GA hyperparameters

alongside respective values Hyperparameter Description Value set

evaluated m, Mutation rate {0.05, 0.06, 0.07, 0.08, 0.09, 0.10, 0.20}
. Crossover rate {0.20, 0.25, 0.30, 0.35, 0.40, 0.45, 0.50}
s Population size {250, 500, 750, 1000, 1500, 2000}
geny, Maximum number of generations {1000, 3000, 5000, 10000, 15000}
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Table 3 Five best

hyperparameter combinations ¢ " ‘r Ps gértm < nd R ¢ Time(s)
;ﬁn&f}rlm“gl?lz and ordered by C, 005 025 1500 10000  -23.89 2469 269 219 343
ase C, 006 025 1500 10000  —23.56  —2469 313 237 365
C; 008 030 1500 15000  -23.44 2469 323 224 545
C, 009 045 1000 15000  -23.06 2469 385 318 515
Cs 007 025 2000 10000  -2405 2469 389 255 487
(o) J o
-12 4 ~10.0 o e
—14 - —12.5 A
—16 - —15.0 1
57187 © 8 i -17.51
=201 T —‘7 —20.0 —" —|_ T
—221 —22.5 1
B 25.0
el L 1 1 iR T 1 -
! ! ! ! ! Cl1 C21 C31 C41 C51

C1 Cc2 C3 C4 C5

Hyperparameter Combinations

Fig. 7 Box plot for the 5 best hyperparameter combinations presented
in Table 3 (Phase 1)

-5.0 1
— C1
7.5 1 C2
— C3
-10.0 A — C4
— C5
—-12.5 -
& —15.0 1
-17.5
-20.0 4
-22.5
-25.0 1
0 2000 4000 6000 8000 10000 12000 14000 16000

Generations

Fig. 8 Median value plot of the OF according to the number of
generations (Phase 1)

Table 4 Hyperparameter combinations for Cy, ..

Hyperparameter Combinations

Fig. 9 Box plot for the 5 best hyperparameter combinations presented
in Table 4 (Phase 2)

to deal with such a behaviour is to apply a population reset
after a predetermined number of generations without
improvement. Accordingly, we implemented a reset oper-
ator and examine its impact for the reset values
{300, 500, 1000, 2000, 5000, 10000}. The hyperpa-
rameter combinations employed remained the same as in
Phase 2 (Table 4). In this stage a total of 5 x 6 x 30 = 900
GA executions were performed. The best results where
found for reset value 5000 and are listed in Table 5
alongside the respective A hyperparameter variations from
Table 4. Combination Cy, presented the best my; and IR
values and the second best time. Figure 11 presents the
boxplot for each of these combinations. Combinations Cp;

., Cs with gen,, extended to 20000 (Phase 2)

C m, cr Ds geny, X Ax my Amy IR A IR o Ao Time(s)
Cn 0.05 0.25 1500 20000 —23.31 0.58 —24.69 0 2.94 0.25 3.10 091 701
Cy 0.06 0.25 1500 20000 —23.71 —0.15 —24.69 0 391 0.78 2.28 —0.09 726
C3 0.08 0.30 1500 20000 —23.17 0.27 —24.69 0 3.39 0.16 2.65 0.41 841
Cy 0.09 0.45 1000 20000 —22.64 0.42 —24.69 0 3.39 —0.46 4.60 1.42 714
Cs; 0.07 0.25 2000 20000 —23.42 0.63 —24.69 0 5.68 1.79 3.02 0.47 956
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and Cj, present the smallest dispersals, with the former of
these having a more balanced m, value.

Figure 12 presents the line plot with the median values
of the OF for the third phase in terms of number of gen-
erations. The plot shows that, for all combinations, there
does not occur an interval greater than 5000 generations
without some improvement being observed. This behaviour
enables the combinations evaluated to achieve better
results during the same number of generations. Therefore,
the addition of the reset operator allowed for an improve-
ment in the evolution of the solutions. Overall, combina-
tion Cy, presents the best results, according to the my,, IR
and time values.

5.2 Memetic algorithm results
for hyperparameter optimization of GA

This stage employed the five best combinations that were
obtained during the GA experiments. The values of each
hyperparameter can be found in the left side of Table 6
whilst the right side present the results achieved with the
MA execution and a reset value of 5000 alongside the
respective A hyperparameter variations from Table 5.
Table 6 shows that for all combinations the average and
median values were the same, respectively, 26.24. This

Cl1
Cc21
C31
C41
C51

A

5000

\._\

7500 10000 12500 15000 17500 20000
Generations

—25.0 1
0 2500

Fig. 10 Median value plot of the OF according to the number of
generations and with gen,, = 20000 (Phase 2)

result can be better explained by looking at the plot of
Fig. 13 which shows the median OF value evolution for the
selected combinations. Notice that, after a steep decline, all
combinations start to converge to the same OF value.
Accordingly, we believe this is the optimal value for an
instance of this dimension. Consequently, the standard
deviation and interquartile range presented value zero. This
result is due to the local search employed by the MA that
helps in exploring the search space. Given the similarity

o
-18 1 o o
-20 1 o

o
w o o
O _22-
—26
12 c22 c32 ca2 52

Hyperparameter Combinations

Fig. 11 Box plot for the 5 best hyperparameter combinations
presented in Table 5 (Phase 3)

—5.0 1
— C12
—7.5- C22
— C32
—10.0 A1 — C42
—12.5 1 €52
w —15.0 1
(e}
—17.5 1
—20.0 1
—22.5 A
== A=W
—25.0 1 N
0 2500 5000 7500 10000 12500 15000 17500 20000

Generations

Fig. 12 Median value plot of the OF according to the number of
generations and reset value of 5000 (Phase 3)

Table 5 Results for the five best performing hyperparameter combinations of phase 1 with population reset value 5000 (Phase 3).

C m, cr Ds gen,, x AX my Amy IR A IR o Ao Time(s)
Cp 0.05 0.25 1500 20000 —24.77 —0.88 —24.69 0 2.60 —0.09 1.54 —0.65 650

Cyp, 0.06 0.25 1500 20000 —24.97 —1.41 —25.87 —1.18 1.85 —1.28 1.62 —-0.75 696
Cs 0.08 0.30 1500 20000 —24.38 —-1.32 —24.69 0 4.65 1.42 2.22 —0.96 818
Cp 0.09 0.45 1000 20000 —23.86 —0.8 —24.69 0 4.80 0.95 2.56 0.01 711
Csy 0.07 0.25 2000 20000 —24.43 —0.38 —25.69 0 3.10 —0.79 2.35 -0.2 1.252
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Table 6 Five best hyperparameter combinations for the MA and with a reset of 5000.

C m, c, Ds geny, x Ax my Amy IR A IR o Ao Time(s)
Cp 0.05 0.25 1500 20000 —26.24 —1.47 —26.24 —1.55 0 —2.60 0 —1.54 532
Cxn 0.06 0.25 1500 20000 —26.24 —-1.27 —26.24 —0.37 0 —1.85 0 —1.62 522
Cxn 0.08 0.30 1500 20000 —26.24 —1.86 —26.24 —1.55 0 —4.65 0 —-2,22 592
Cyz 0.09 0.45 1000 20000 —26.24 —-2.38 —26.24 —1.55 0 —4.80 0 —2.56 338
Csy 0.07 0.25 2000 20000 —26.24 —1.81 —26.24 —0.55 0 -3.10 0 —2.35 981

=51 — OF evolution of the GA and the MA for the selected

c22 nstances.
—

— 52 The numerical and visual data presented shows that the

J MA presented the best results for the L = 10 instance.

o) - Besides obtaining the best results the algorithm was also

able to converge faster on the solution. Overall, the MA

—20 - also exhibited the best behavior for the L = 15 instance,

with the exception of the time dimension. Albeit, the MA

. presented a steeper decrease in OF than the GA; for

gen,, = 20000 both algorithms failed to demonstrate a

0 2500 5000 7500 10000 12500 15000 17500 20000 clear convergence tendency, which might indicate some

Generations

Fig. 13 Median value plot of the OF according to the number of
generations for the MA

that all the results present, the combination selected was
Cy; since it required the least computational time.

6 Simulation and results

This section evaluates and compares the results obtained by
the GA and the MA for three different sizes of instances.
The algorithms were implemented in C++4 and the
experiments were performed in a computer with an Intel
Core 15 7300HQ processor with 8 GB of RAM. The same
procedure realized for hyperparameter optimization was
performed here in order to evaluate the performance of the
algorithms and avoid bias results. Thus, each algorithm
was executed 30 times for every instance. The vertex grids
examined consisted of 100 (L = 10), 225 (L = 15) and 400
(L = 20) nodes, which is a far more complex scenario than
the previously addressed in the literature [29, 30]. The
hyperparameter values employed in the experiments were
the ones determined to be the best in Sects. 5.1.3 and 5.2.
The average (x), median (my), interquartile range (IR),
standard deviation (o) and average mean time are presented
in Table 7, with the best values being presented in bold
font. Figures 14, 15 and 16 present the average and median

room for further improvement. For L = 20 the GA show-
cased the best average, median and time values, whilst the
MA exhibited the best IR and standard deviation. It is
important to emphasize that the hyperparameter perfor-
mance study performed in Sect. 5 employed an L = 10 size
instance. This set of hyperparameter values may not be the
most suitable for larger instances.

Furthermore, the population size that exhibited the best
behavior for the MA contained 500 less individuals than
the leading GA combination. The significant increase in the
quantity of nodes, alongside the population growth, can be
a justification for the MA not having outperformed the GA
for the largest test instance. The considerable increase in
execution time for the biggest instances can be attributed to
the fact that the MA carries out a local search.

From the WSN perspective there are some aspects that
should be highlighted. The average and median results
demonstrate that the MA outperformed the GA for the L =
10 and L = 15 instances. This implies that the proposed
heuristic was able to generate an optimal topology with
respect to cover area and energy consumption, by allocat-
ing the best amounts of the different kinds of sensor nodes.
However, the results presented in Table 7 demonstrate that
the MA requires a longer time to obtain the optimal solu-
tion for the L =15 and L = 20 instances. This behavior
may have an impact on intended applications. Namely,
topology control is a strategy applied beforehand to plan
optimal sensor allocation. Accordingly, it may not be
interesting (or even feasible) to have to wait a long time to
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Table 7 GA versus MA for

different instances size Algorithm M cr Ps 8em * i R c Time(s)
L=10 - 100 nodes
GA 0.06 0.25 1500 20000 —24.97 —25.87 1.85 1.62 696
MA 0.09 0.45 1000 20000 —26.24 —26.24 0 0 338
L=15 - 225 nodes
GA 0.06 0.25 1500 20000 —19.08 —19.33 3.15 1.98 1192
MA 0.09 0.45 1000 20000 —23.23 —23.38 2.10 1.88 10652
L=20 - 400 nodes
GA 0.06 0.25 1500 20000 —13.52 —13.52 1.22 1.16 3318
MA 0.09 0.45 1000 20000 —12.11 —11.97 0.85 0.72 18294
_5 B -5
— GA — GA
MA MA
-10 4 —10 A
v —15- w —151
o o
-20 - -20 1
—25 - -25
0 25'00 50'00 75'00 10(')00 12500 15600 17500 20600 0 25'00 50'00 75'00 10600 12%00 15600 17%00 20600
Generations Generations
(a) Average OF values by generation - L = 10. (b)Median OF values by generation - L = 10.
Fig. 14 GA vs MA comparison - L = 10
—5.0 1 — GA ~5.0 — GA
MA MA
-7.5 1 =7.51
~10.0 A -10.0 A
-12.5 1 -12.5 1
w [T
© 150+ © 150
-17.5 1 -17.5 1
—20.0 1 —20.01
—22.54 —22.54
0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000

Generations

(a) Average OF values by generation - L = 15.

Fig. 15 GA vs MA comparison - L = 15

get the network up and running. Therefore, there may be a
trade-off between the optimal MA solution and the time
available to deploy a WSN. Nevertheless, the MA per-
formed better than the GA in all metrics, including simu-
lation time, for an L = 10 instance. Thus, this may indicate
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Generations

(b)Median OF values by generation - L = 15.

that the MA can be directly used when small instances are
considered. On the other hand, for larger instances (e.g.:
L = 15) the time required for the network deployment must
be taken into account when choosing which heuristic to be

apply.
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(a) Average OF values by generation - L = 20.

Fig. 16 GA vs MA comparison - L = 20
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(b) Median OF values by generation - L = 20.

Table 8 Results comparison

between [29] and our GA and Results

Fitness x y z

w  Out-of-range Overlapping fj H f fa fs

MA proposals for L = 10.
Detailed result information for

L =10 — 100 nodes

L=15and L =20 is also (291 —2389 4 75 16
presented GA —2624 4 64 32
MA 2624 4 64 32

L =15 — 225 nodes
GA —2422 9 151 51
MA -2555 9 139 72

L =20 — 400 nodes
GA —15.75 22 244 92
MA —13.89 23 189

135

5 0 0 090 0 0 22775 2.46

0 0 1.00 0 0 24.00 1.76
0 0 0 1.00 0 0 24.00 1.76
14 0 0 0.88 0 0 2245 1.73
5 0 0 096 0 0 2345 1.72
28 14 4 0.79 0.18 0.04 14.64 1.67
30 23 4 0.74 0.18 0.06 13.09 1.52

Table 8 presents a comparison between our GA and MA
proposals alongside results from [29], with the addition of
results from larger instances. For the smallest instance
(L = 10), our methods achieved a larger fitness value, with
the same number of x-sensors, when compared to [29]. Our
solution also obtained larger f] and f4 functions values, and
reduced ones for f5, which translates into a smaller energy
footprint. Results for L = 15 demonstrate that the MA
outperforms the GA, generating an optimal topology with
less sensor nodes and decreased energy consumption.
However, the larger instances require more computational
time, specially for the MA, which uses a local search
procedure. The GA performed better than the MA for the
L = 20 instance with the latter generating a network with
more x-sensors and increased out-of-range-sensors.

7 Conclusions

This paper investigates the utilization of an evolutionary
heuristic to solve the SAP for topology control in WSNs.
Network topology can be optimized with respect to cover

area and energy expenditure, providing the sensor nodes
with increased monitoring autonomy. The WSN considered
was composed by nodes with distinct operational modes
that presented different ranges based on transmission
power. Such an optimization problem can be succinctly
described as finding optimal locations and number of each
kind of sensor, in order to balance energy expenditure
whilst covering an L X L area.

The SAP was formulated as an integer linear program-
ming problem and approaches based on a GA as well as a
MA were implemented. The instances considered covered
areas of dimension L = 10 (10 x 10 sensor nodes), L = 15
(15 x 15 sensor nodes) and L = 20 (20 x 20 sensor nodes),
extending the work presented in [29]. The results obtained
demonstrate that the MA outperforms the GA with respect
to the covered area for both the L =10 and L =15
instances. The algorithm also presents the smallest execu-
tion time for the instance (L = 10). For L = 15, the MA
found a better solution, but required a longer time. For the
larger instance (L = 20), the GA outperformed the MA.
Depending on the WSN application to be considered, this
suggests a trade-off between optimal sensor placement
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(leading to a better network energy balance when com-
pared to a sub-optimal solution) and computational time,
when one compares both evolutionary algorithms.

As future work, we intend to improve the proposed
methodology designing one structured algorithm that is
able to maintain the exploratory abilities of the proposed
one, along with a smaller execution time. Further, an
evaluation of the relationship between the evolutionary
process and the solutions quality will be carried out. The
authors intend to conduct case studies using real-world
networks with areas that are not square. Thus, we intend to
use the information of the coordinates of each node and
consequently to calculate the distance between them and
use this information, along with the sensor range, to solve
the SAP.
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