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Abstract

Densely deployment of sensors is generally employed in wireless sensor networks
(WSNs) to ensure energy-efficient covering of a target area. Many sensors
scheduling techniques have been recently proposed for designing such energy-
efficient WSNs. Sensors scheduling has been modeled, in the literature, as a
generalization of minimum set covering problem (MSCP) problem. MSCP is a well-
known NP-hard optimization problem used to model a large range of problems
arising from scheduling, manufacturing, service planning, information retrieval, etc.
In this paper, the MSCP is modeled to design an energy-efficient wireless sensor
networks (WSNSs) that can reliably cover a target area. Unlike other attempts in the
literature, which consider only a simple disk sensing model, this paper addresses the
problem of scheduling the minimum number of sensors (i.e., finding the minimum
set cover) while considering a more realistic sensing model to handle uncertainty
into the sensors' target-coverage reliability. The paper investigates the development
of a genetic algorithm (GA) whose main ingredient is to maintain scheduling of a
minimum number of sensors and thus to support energy-efficient WSNs. With the
aid of the remaining unassigned sensors, the reliability of the generated set cover
provided by the GA, can further be enhanced by a post-heuristic step. Performance
evaluations on solution quality in terms of both sensor cost and coverage reliability
are measured through extensive simulations, showing the impact of number of
targets, sensor density and sensing radius.

Keywords: Coverage, energy efficiency, genetic algorithm, probabilistic sensing
model, SCP, wireless sensor networks.
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1.Introduction

Recently, many applications, ranging from remote harsh field monitoring to surveillance and smart
homes, have been directed towards studying and building their backbones based on Wireless sensor
networks (WSNSs). The dense ad-hoc deployment of such sensors from an aircraft into the monitoring
area can results in network configurations with adequate targets coverage level. However, recharging
or replacing a sensor’s battery is generally infeasible. Hence, efficient utilization of the limited energy
is one of the critical design considerations in WSNs. Energy-aware mechanism has been substantially
pursued by the research community in order to form long lived WSNs. Energy saving techniques can
generally be classified in the following categories:

1. Energy-efficient data aggregation, gathering and routing;
2. Power management by adjusting the transmission and/or sensing range of sensor nodes; and
3. Sensor wake-up scheduling to alternate between active and idle state.

In this paper, we will consider the third approach to design energy-efficient WSNs while completely
monitoring the targets. In this class of techniques, sensor activities are scheduled into disjoint set
covers (DSC), and each set cover (hereinafter, interchangeably called, sensor cover) needs to satisfy
the coverage constraints. At each interval of the whole WSN's lifetime, only one sensor cover (active
sensor cover) is working to provide the required sensing functionality while the remaining sensor
covers are in the low-energy sleep mode. Once the active sensor cover runs out of energy, another
sensor cover will be selected to enter the active mode and provide the functionality continuously. It
has been proven that this problem is a generalization of the minimum set cover problem (MSCP) [1]
and showing its NP-completeness in [2], [3].

Many attempts in the literature have been proposed for solving disjoint sensor subsets problem in

WSNs using either heuristic or meta-heuristic (like genetic algorithms) approaches [4]-[11].
In [2], a heuristic approach called the “most constrained—minimally constraining covering (MCMCC)”
is proposed to select and successively activate mutually exclusive sets of covers, where every set
completely covers the entire area. Their method gives priority to sensors which cover a high humber
of uncovered fields, cover sparsely covered fields and do not cover fields redundantly. This method
achieves energy savings by increasing the number of disjoint covers. The DSC problem has been
solved in [12] using integer programming. The DSC problem is reduced to a maximum flow problem
and solved using mixed integer programming. By a branch and bound method, the maximum covers
based on mixed integer programming algorithm (MC-MIP) acts as an implicit exhaustive search to
guarantees finding the optimal solution.

The definition of DSC problem has also been re-formulated in [3], [13], and [14] to include
additional coverage constraints. The definition of DSC problem has been generalized in [3] to a
maximum non-disjoint set covers (MSC) problem and solved it using, linear programming, and greedy
heuristics. The extended problem in MSC lets the sensors to participate in multiple sets. In [13], the
DSC problem has been extended to include connectivity constraint as well. Then, the Connected Set
Covers (CSC) problem has as objective finding a maximum number of set covers such that each
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sensor to be activated should be connected to the base station. In [14], DSC problem has been
extended to include sensor coverage-failure probability. Each sensor is associated with sensor's failure
probability (comes from several facts, e.g., manufacture, weather in the monitoring area, interferences
to the sensors, or unexpected accidents). The proposed Maximum Reliability Sensor Covers (MRSC)
problem has been solved in [14] using a heuristic greedy algorithm to compute the maximal number of
set covers that satisfy a user specified coverage-reliability threshold.

The work in [15] — [17] also provides solutions to the DSC problem in WSNs but using the meta-
heuristic framework of evolutionary and genetic algorithms. Like the previous mentioned heuristic
methods, the genetic algorithms (GASs) proposed in [15] — [17] assume simple and common isotropic
(i.e., disc) sensing model. Each sensor in this definite range law approximation model is associated
with a sensing area which is represented by a circle and it successfully detects anything falling only
within its sensing range. In a more realistic scenario, the sensing region of a sensor could be irregular,
resulting in imperfect sensor approximation model. The coverage in this case could be expressed in
probabilistic terms [18] — [20]. In probabilistic sensing model, there is a measure of uncertainty in
sensor signal-detection being expressed by a value from 0 to 1. For reliable coverage with certainty
threshold ¢4, the detection uncertainty of each target should not exceed 1 — ¢,

Unlike other related works, this paper concerns with the applicability of the genetic algorithm for
solving the MSCP problem while assuming a probabilistic sensing model to reflect the uncertainty in
sensor readings. The main contributions of this paper are as follows:

1. With the de-facto definition of the simple genetic algorithm, a set cover can be identified that should
maintain low cost in terms of number of sensors to reliably cover the all the targets within the
specified certainty threshold ¢,s.

2. With the incorporation of unassigned sensors, the coverage reliability of the network reliability can
be further improved. A post-heuristic operator weighs each assigned and/or unassigned sensor to the
membership of the constructed set cover.

In what follow we first briefly describe the MSCP in WSNs and its related system model. Then, in
section 3, we introduce the proposed genetic algorithm and a post-heuristic operator tailored for
solving MSCP in WSNSs. The results of the proposed genetic algorithm are then evaluated in Section 4.
Finally, Section 5 concludes the current work and hints some further ramifications.

2.Minimum Reliable Set Cover Problem (MRSCP) in WSNs

In order to model the system, we will assume that the investigated WSNs have 2D sensing area 4
with known size (X5 Yimae). We will also assume that 4 has a set T (i.e., target set) of n targets
with known locations, i.e., T = {(xe1,Ve1) (Xe2, Veads oo (XemiVen )). There are m homogenous
sensors & = {{x .1, Vo1 (X2 Va2 )y oo (X Ve )} having the same sensing range R.. All the sensors
are dropped randomly in .4 (1=W¥i=m| (x4 ve) = ([0, Xnae [0, ¥oael)). Depending on the
sensing range R, each sensor will be responsible for sensing and covering a part of 4. We will
consider a probabilistic sensing model [19], [20] to define the notion of the probabilistic coverage of a
target T; = (x4;,v¢;) by a sensor 5.

0 ifR.+R,=d(s,%)
Covemge{sifi}-} = { g~AaF if R:— R, <d(s,%) <R:+R, (1)
1 ifR.—R,=d(s, )

where R, is a measure of the uncertainty in sensor detection. d{si,f}-} is the Euclidean distance

| - -
_\‘II (x5 — x¢;)% + (Ve — ;)" between sensor s; and target £;. @ = d(s;,%;) — (r: —r,), and 4 and §
are probabilistic detection parameters to measure detection strength when a target point lies within the

interval {R.—R,, R.+ R,}. It causes coverage value to exponentially decrease as the distance
increase. All points that lie within a distance of R_— R, from the sensor are said to be 1-covered.
Beyond the distance R + E,, all the points have 0-coverage by this sensor (see Figure 1).
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Figure 1 -Probabilistic sensing model.

To save energy, a subset of sensors from the sensor set & should be activated into a duty-cycling

sensor cover subset, to cover all the interested targets in J. In the literature and under the traditional
Boolean sensing model, the definition of the sensor cover could be formulated as:
Definition 1: (Sensor Cover - SC). Given a WSN consists of target set T and sensor set &, where
each sensor s; €5 can be represented as a subset T; =T, such that #j €T; if and only if
Cat’-'erage'[sij f}-} = 1. Any subset §; — & that can completely cover all the target set T is termed as a
Sensor cover.

However, considering probabilistic sensing model, the definition of the traditional sensor cover
needs to be re-formulated, here, as:

Definition 2 (Reliable Sensor Cover - RSC). Given a WSN consists of target set T and sensor set &,
where each sensor s; €5 can be represented as a subset J; — T, such that #j € T; if and only if
Cat’-'erage'[sp ,4:}.} = cqn. Any subset &; = & that can satisfy a user coverage constraint c,;, to cover all

the targets in T is termed as a reliable sensor cover or reliable set cover. Formally speaking:
Cover(s, T) = {1 if Vi E .,T — 35 € §;|Coverage(s,t) = c,p @)
0 otherwise

Now, the problem of finding the minimum number of sensors that reliably cover all the targets (here
we called it minimum reliable set cover problem - MRSCP) can be formulated as:
Definition 3 (Minimum Reliable Sensor Cover Problem - MRSCP). Given a collection & of
sensors, find the minimum number of sensors that reliably covers J. Every cover &; is a subset of &,
&; C© &, such that every element £j of T belongs to at least one member of &;. A cover &,,;,, is said to
contain a minimum number of sensors if for any other cover &;, |, | < |&;];. Formally speaking:

|5mz’n | = Er?:Ln;flfiléi D (3)
The proposed Genetic Algorithm

The GA simulates the biological processes of natural selection, reproduction, and mutation to
iteratively evolve species of individual solutions to become more and more adapted to the problem

environment. The proposed GA can be described as a process formulated in the following formula-
fashion. Let GA :8 = {§,;....dacriwst, be the process that iteratively evolve a population p of
solutions, using genetic operators, toward the best set cover solution in terms of minimum number of
sensors (i.e., sensor cost) that reliably cover all targets. Thus, the objective function & of GA can be
formulated for the minimum set cover problem as:
®': Minimize |§__. | 4)
The best set cover solution will show up both active and sleep sensor sets.
3.1 Space and Solution Configurations

The choice of a good solution representation is a critical issue for the applicability and performance
of any evolutionary algorithm. Solution representation is highly problem dependent and related to the
evolution operations. In our algorithm design, each individual solution P of GA is represented as a
fixed-length vector of size m = [&§], where each gene; controls the active/sleep scheduling of the
corresponding itk sensor in s, Thus,
Vk €{1,..,K}and Vi € {1,..,m}: P, =(Pyy,Pys,.., P, ) 5.t
1, if s5; is active
{ | ©

Pres = 0, if s; issleep

1
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Then, the whole configuration space & for the GA can be created by the Cartesian product of
activation/inactivation of all m unassigned sensors:
§ =IIE,{01}) =2m (6)

where 0 means inactive (i.e., unassigned) sensor, while 1 means active (i.e., assigned) sensor. Let us
to consider that A handles only K << & different individual solutions at a time. It starts with an initial
random population py = &, [pg| = K and continues until a maximum number of generations max ;.
has been reached. Each generation ¥: g = p' consists of four main operators: individual repair, parent
selection, crossover, and mutation. Thus, ¥ can be decomposed into:
W= oW ,o%, o¥,, @)

3.2 Repair Operator and the Fitness Function

Before evaluating each individual, infeasible set cover solutions should be transformed into feasible
ones by means of a problem-specific repair operator. Infeasible solutions are those which suffer from
either the existence of coverage-holes or let the targets to be over-covered by more than need sensors.
The main idea of the proposed repair operator is to make hole-free targets coverage with as less

number of sensors as possible. The process of the proposed repair operator *¥;.., is presented next (see
Algorithm 1).
Vyep: By 2 Py i 8

It takes as input the individual P, ,1 =k = K and the set of unassigned sensors &;..,. First, it

check whether the active sensors set &, selected by P, (i.e., &, = {s;| P,; = 1}) forms coverage-hole
or dense-coverage under the user-specified reliability threshold c.;. In case of coverage-hole, ¥,.4p

will randomly draw from &.., set one sensor at a time and collect it with &, (i.e,
S =3 US[F €, and 8., = 5544 — 5) until the new set form hole-free set cover. On the
other hand, if &,forms dense-coverage, ¥rsp Will randomly deactivate one sensor at a time (i.e.,

S =8 —s|s €8, and $ 5. = 520 T 5) until it can form complete coverage with less number of
Sensors.

Algorithm 1: Repair Operator (F; , &, Fi )

=

set 5 to the active sensors selected by F;
Vie [l m]:5 < [P P = 1)

2: if Cover(5,7) ==1 /* no coverage hole */

3 while Cover(s.7) ==1

4: select a random sensor s € §

5: et —5—x

6: set '55555_[‘:' = '55555_[‘:' Us

7 end while

8 set§ « S uUs/*now Cover(s,T) =1%*/

9: | else /* coverage holes exist after using the
sensors in § */

10: while Cover(s,7) ==0

11: select a random sensor s € &,;,.,
12: setS—S5uUs

13: set Ssigg_t:- = S:Egg_t:- -5

14: | end while

15: endif

Then, to evaluate each individual solution®, , the fitness function & simply sums the number of
active sensors being selected by the corresponding solution.
Wk € [1, K]

'I"[Pk } = Eﬂiﬂjk,i )
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3.3 Selection, Crossover, and Mutation Operators

The remaining genetic operators follow the de-facto standard operators found in the simple genetic
algorithms. The binary tournament selection operator is used to choose one of two random individuals
P, and P,. A proportion p, = 0.6 of pairs of parents are then selected for crossover. Two cut points
rl,r2 ~{1,..,m — 1}, are randomly selected, and the participating parent individuals, P, and P, are
then swapped at gene;|rl =i = r2. Each gene;|1 =i = m in the new individuals is then mutated
with small probability p,, = 0.1.

Yk el .. K}
Yoot {Pr1, Pya} = Py (10)
Vi € {1, ...JH,‘E}

W 1 {Pr1,Pra} = {Pry P2}

IF‘Jkl ‘= {kal.li reey Pk:L.rl: Pk:,r1+1i rny Pk!,r!J IPJ{L?"2+1J ey ij_,mi} (11)

[ .
Pk! - {IPkE,lJ ey Pk!,r‘l: IPk:L.r1+1J ey Pk:L.rEJ IPJ{E,:'"2+1J wany szJml}

vk e{1,.. KInvje{l,..,m}
Yo Py = By

Priif > pm
P =y Pii if 7 = P (12)

The mechanisms of the genetic operators being defined by repair, fitness evaluation, selection,
crossover and mutation transform a complete population of solutions into another complete population
and after a specified number of generations max.,, the best individual solution (in terms of
minimum <) will be produced. The definition of the best individual can be formulated as:

BestP: < AP € pray,,,| ©(P ) < ®(BestP ) (13)
3.4 Post-heuristic Operator

The best solution EestP provided by the GA can further be improved in terms of coverage
reliability by forwarding it to a post-heuristic operator dedicated for this purpose. Algorithm 2 presents
the steps of this heuristic. It operates by exploiting the existing unassigned sensors (being gathered in
3 412ep) and/or replacing the existing active sensors (being gathered in BestP).

Algorithm 2: Post-Heuristic (BestE, 5,..,)

1: /* a new cover &,.;.. will be formed */
SEt g::‘[!i:s = Eﬁ
2: set 5 to the sensors from both BestPand &,

S « {BestP ;|BestF ; = 13U [5,,.,}

set contributed sensors set 5" — @

set Target « T

while Ta#get = 0
select a sensor s € 5 that contributes to the
most reliable coverage to a target £ € T
set Target — Target —£,5 « 5 Us

end while

remove 5 — S,

remove {5 -5} = 8.,

el
= o

4 Performance Evaluations

In this section we will measure the performance of the proposed GA for solving MSCP in WSNs.
The evaluation is presented in terms of number of active sensors obtained (i.e., sensors cost), and
coverage reliability. The results are obtained after setting WSNs and algorithm parameters into the
following. The simulation area is square-shaped with side length X, = 1000m. The simulation is
divided according to:
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1. Five different settings for the number of targets n = {10,20,30,40,50}.
2. Three different settings of sensor density: m = {100,125,150}.

3. For each test instance group composed from 1 and 2, we will vary the sensing range of the sensor
nodes R to eight different values {100,200, ...,800}.

Thus, we have a total of 120 different test instances (composed from 1, 2 and 3). Each test instance
TIi=1,..120 includes 10 random WSNs with different configurations. Thus the overall
simulation examines a total of 1200 random networks. Uncertainty level R, is set to R 0.5 units,
both 4 and £ are set to 0.5, and ¢ is set to 0.001. The setting of the probabilistic coverage
parameters also influences the overall network's coverage reliability. As studying the impact of
varying these parameters is out of the scope of this paper, we fixed these parameters to one setting.
Population size is set to 50 and will be allowed to evolve 500 times.

4.1 Impact of WSN's n,m and R, Parameters on Solution Quality

First, figures 2-6 depict the sensors cost percentage 5% while varying number of targets n and
sensing range R for the three different settings of sensor density. 5C% is defined as the ratio between
the number of active sensors used in the generated best individual solution BestP and the total
number of sensor nodes m, i.e.,:
5C = YesBe=ps™ll 4 500p (14)

™
For further qualitative presentation, figures 6 and 7 depicts 5C% for the three different settings of
sensor density, i.e., m = 100,125 and 150 and the eight settings of sensing range, while fixing target
size to its extreme values, i.e., 10 and 50. Figures 9 — 11 qualitatively depict the whole performance of
the proposed GA for 1200 WSNs, where results are projected in 3D space.

Number of Targets = 10
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6

5

3l

2

1 ]ﬂ.i
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0 125 150
Sensor Density for Rs = 100, 200,..., 800

Sensor C ost%
IS

Figure 2- Percentage of sensors cost for 240 WSNs, where number of sensors m = {100,125,150%,
R, ={100,200,..,800} and number of targets n = 10,

Number of Targets = 20

15
10
5
T
0 100

0 125 150
Sensor Density for Rs = 100, 200,..., 800

Sensors Cost%
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Figure 3- Percentage of sensors cost for 240 WSNs, where number of sensors m = {100,125,150%,
R, ={100,200,..,800} and number of targets n = 20,

Number of Targets = 30

18

16

14
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10

8

6

4

2 i

| | mn

0 10

0 150

Sensors Cost%

Figure 4- Percentage of sensors cost for 240 WSNs, where number of sensers m = {100,125,150%,
R, = {100,200, ...,800} and number of targets n = 30,

Number of Targets = 40

25
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15
10
10

0 125 150
Sensor Density for Rs = 100, 200,..., 800

Sensors Cost%

o

=)

Figure 5-Percentage of sensors cost for 240 WSNs, where number of sensorsm = {100,125,150%,
R, ={100,200,..,800} and number of targets n =40,

Number of Targets = 50
25
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15
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5
| Mmm
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0 125 150
Sensor Density for Rs = 100, 200,..., 800

Sensors Cost%

Figure 6- Percentage of sensors cost for 240 WSNs, where number of sensors m = {100,125,150%,
R, =1{100,200,....800% and number of targets n = 50,

231



Attea & Hameed Iragi Journal of Science, 2014, Vol 55, No.1, pp:224-240

Number of Targets = 10

—a—m-100
—o—m=125
7‘ \ —¥—m=150 ||
5 \\\
£\
O\
3 .y
0 3
N
: —
[ gu—
%00 200 300 400 500 600 700 800

Sensing Range (Rs)

Figure 7- Percentage of sensors cost for 240 WSNs, where number of sensors m = {100,125,1501,
R, = {100,200, ....,800} and number of targets n =10,

Number of Targets = 50
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Figure 8- Percentage of sensors cost for 240 WSNs, where number of sensors m = {100,125,1501,
R, =[100,200,....800} and number of targets n = 30,

Sensor Density = 100

Sensors Cost%

10

Number of Targets Sensing Range (Rs)

Figure 9- 3D projection of &A results. Coordinate (x: sensing range, ¥: number of targets, z: SC%). The
simulation is experimented under 400 networks with number of sensors = 100.
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Sensor Density = 125

Sensors Cost%

10
Number of Targets Sensing Range (Rs)

Figure 10- 3D projection of GA results. Coordinate (x: sensing range, ¥: number of targets, z: SC%). The
simulation is experimented under 400 networks with number of sensors = 125,

Sensor Density = 150

Sensors Cost%

10

Number of Targets Sensing Range (Rs)

Figure 11- 3D projection of G4 results. Coordinate (x: sensing range, ¥: number of targets, z: SC%). The
simulation is experimented under 400 networks with number of sensors = 150.

Results in the previous figures reveal that the proposed GA can effectively find a minimum number
of active sensors from the whole sensors set, and thus configuring an energy-efficient WSN. The
characteristic components of the proposed GA (being specified mainly by the chromosome binary
representation and the proposed repair operator) is found to be very suitable for solving MRSCP. As
expected from the qualitative results depicted in figures 7 - 10, increasing sensor density and/or
sensing range provides algorithms with more alternatives for constructing complete and reliable set
cover with minimum number of active sensors. On the other hand, increasing target size lets the
algorithm to consume more sensors.

4.2 At Any-Time Performance of GA

Figures 12-14 depicts the any-time performance of the proposed GA while fixing target size and
sensor density to their extremes, 50 and 150, respectively and varying sensing range R, to three
different values, B. = {100,200,300}.
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Number of Targets = 50; Sensor Density = 150; Rs = 100
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Figure 12 Any-time evolution of sensors cost for 10 WSN, where

number of sensors m = 150, number of torgets n =30 and R, = 100,

Number of Targets = 50; Sensor Density = 150; Rs = 200
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Figure 13 Any-time evolution of Sensors cost for 10 WSNSs, where
number of sensors m = 150, number of targets n =50 and B, = 200,

Number of Targets = 50; Sensor Density = 150; Rs = 300
70
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Figure 14- Any-time evolution of Sensors cost for 10 WSNs, where

number of sensors m = 130, number of targets n =350 and B, = 300,

The results in figures 11-13 show up that sensing radius increases, the convergence time towards the
minimum number of sensors is also increased. When E, = 100, we can see that the convergence
occurs after 465 generations. Increasing R to 200, helps the algorithm to converge to the required
solution after 440 generations. Moreover, letting R, = 300, further increases the convergence time to
less than 390 generations.

4.3 Impact of Post-heuristic Operator

The performance of the proposed GA is presented, here, before and after performing the post-
heuristic operator. Figures 15 —22 depict coverage reliability and sensors cost percentage SC% being
resulted from the proposed GA before and after applying post-heuristic. As we stated before that
probabilistic coverage parameters are fixed throughout all simulations, we evaluate, as reference
values, the average coverage reliability + (i.e., the average signal strength being detected from all the
targets) of all network configurations in each test instance.
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15- Coverage reliability before applying heuristic  operator for 240  WSNs:

number of sensors m = {100,125,150%, number of targets n =10 and R, = {100,200,...,800%},
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16- Coverage reliability after applying heuristic  operator for 240  WSNs:

number of sensors m = {100,125,150}, number of targets n = 10 and A, = {100,200, ....800}.
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17- Sensor  cost before applying heuristic operator for 240 WSNs:

number of sensors m = {100,125,150}, number of targets n = 10 and A, = {100,200, ....800}.

235



Attea & Hameed Iragi Journal of Science, 2014, Vol 55, No.1, pp:224-240

Number of Targets = 10

hihs

100 125 150
Sensor Density for Rs = 100, 200,..., 800

i
o

Sensor Cost after heuristic operator

o = N w S &) ) ~ © ©

Figure 18- Sensor cost after applying heuristic operator for 240 WSNSs:
number of sensors m = {100,125,150%, number of targets n =10 and R, = {100,200,...,800%},
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Figure 19- Coverage reliability before applying heuristic  operator for 240  WSNs:
number of sensorsm = {100,125,150}, number of targets n = 50 and A, = {100,200, ....800}.
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Figure  20- Coverage reliability after applying  heuristic  operator for 240  WSNs:
number of sensors m = {100,125,150}, number of targets n = 30 and R, = {100,200,...,800%},
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Figure 21- Sensor  cost before applying heuristic operator for 240 WSNs:
number of sensors m = {100,125,150}, number of targets n = 50 and A, = {100,200, ....800}.
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Figure 22- Sensor cost after applying heuristic operator for 240 WSNs:
number of sensors m = {100,125,150}, number of targets n = 50 and A, = {100,200, ....800}.

We can see that the proposed post-heuristic operator can exploit the existence of the redundant
sensors to improve its covers reliability. In almost all of the test instances, the proposed post-heuristic
operator attains reliable coverage of 100% while consuming very few extra sensors. For example, in
figures 16 and 20, we see that the coverage reliability reaches its full certainty when R = 300. Also,
for R, = 200, the post-heuristic operator achieves high coverage reliability with more than 95%;.
Tables 1 and 2 quantitatively present the results of figures 16 and 20, respectively. The positive impact
of the proposed post-heuristic operator can be returned back to its ability to select those sensors which
lie near the targets such that their distances from the targets do not exceed B, — R+ 0.5. However,
when lessening sensor density and/or sensing range to their low extremes (i.e., m = 100 and
R, = 100), the chance of finding sensors nearby targets or finding sensing areas that cover targets also
decreases. The results also demonstrate that there should be a tradeoff between the two contradictory
criteria of getting minimum number of active sensors and high covers reliability.
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Table 1-Comparison of coverage reliability and sensors cost before and after applying post-heuristic operator.
Results are presented for 24 test instances (TI'.i = @7,....120) for 10 WSNs in each test instance with
m = {100,125,150}, R, = {400,500, ...,800} and n = 10.

Before post-heuristic After post-heuristic operator
— operator
m m R, T Coverage sC Coverage sC
reliability % reliability %
TIt 100 0.1628 0.1350 7.9 0.6037 9.5
TI® 200 0.1688 0.1297 3.2 0.9834 9.1
TI? 300 0.2539 0.2333 2.5 1.0 8.4
TI# 100 400 0.3317 0.4379 2.3 1.0 7.2
TI® 500 0.4102 0.4042 2.0 1.0 5.8
TI® 600 0.4794 0.5429 1.8 1.0 5.5
TI? 700 0.5396 0.4957 1.4 1.0 46
TI® 800 0.5917 0.5812 1.0 1.0 4.4
TI® 100 0.1539 0.1355 6.64 0.6051 7.76
T 200 0.1590 0.0807 2.64 0.9633 7.6
Tt 300 0.2510 0.2635 2.24 1.0 6.96
TIZ 175 400 0.3374 0.3139 1.84 1.0 6.16
TIs - 300 0.4199 0.4509 1.60 1.0 5.12
TI# 600 0.4816 0.4802 1.36 1.0 4.24
TI 700 0.5358 0.6045 1.28 1.0 4.08
TI® 200 0.5863 0.5845 1.04 1.0 3.36
TIY 100 0.1582 0.2046 5.1333 0.7415 6.3333
TI® 200 0.1721 0.1513 2.2667 0.9908 5.9333
TI?® 300 0.2687 0.1974 1.8667 1.0 5.3333
T 150 400 0.3532 0.3836 1.6000 1.0 4.8667
TI*t 500 0.4163 0.4211 1.3333 1.0 4.2
TI: 600 0.4705 0.4636 1.1333 1.0 3.7333
TIs 700 0.5244 0.5048 0.8667 1.0 3.3333
TI* 200 0.5742 0.5800 0.7333 1.0 2.7333

Table 2- Comparison of coverage reliability and sensors cost before and after applying post-heuristic operator.
Results are presented for 24 test instances (TI% i = 97....,120) for 10 WSNs in each test instance with

m = {100,125,150), R, = {400,500, ....800 and n = 50,
Before post-heuristic After post-heuristic operator
TI m Rs = c operator
o_ver_a_ge 5 ﬂ'ﬂ,-‘.;. Co_ver_a_ge s ﬂ":'..-"n
reliability reliability

I 100 0.1741 0.2496 23.2 0.6024 37.0
TI*® 200 0.1682 0.2155 5.9 0.9612 32.6
T 300 0.2577 0.3099 4.1 0.9981 23.5
¥ 400 0.3447 0.4261 3.7 1.0 16.3
T 100 500 0.4226 0.5081 3.0 1.0 12.1
T 600 0.4869 0.6659 2.8 1.0 9.4

T 700 0.5384 0.6769 2.0 1.0 75

'™ 800 0.5832 0.7201 2.0 1.0 6.5
1'% 100 0.1722 0.2613 17.76 0.6957 30.0
T 200 0.1685 0.2084 4.48 0.9774 24.24
T 300 0.2595 0.3213 3.28 1.0 17.68
7% 400 0.3472 0.4244 2.88 1.0 13.44
1'% 125 500 0.4261 0.5317 2.4 1.0 10.0
THe 600 0.4887 0.6124 2.08 1.0 7.36
Tt 700 0.5437 0.6383 1.6 1.0 6.96
Tt 800 0.5862 0.7017 1.44 1.0 5.52
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Tt 100 0.1717 0.2442 15.6 0.7467 26.5333
T 200 0.1765 0.2086 3.9333 0.9942 21.2
T 300 0.2660 0.2869 2.9333 1.0 14.6667
Tr4® 150 400 0.3466 0.4144 2.5333 1.0 10.9333
T 500 0.4130 0.5240 2.1333 1.0 8.2
TI'E 600 0.4713 0.6550 1.9333 1.0 6.4
T 700 0.5255 0.6047 1.3333 1.0 5.4667
T 800 0.5743 0.7189 1.3333 1.0 4.9333

Also from the tables, one can see that the collaboration between the proposed GA and post-heuristic
operator consumes very few sensors from the whole sensor set & (in the worst case no more than 37%;
in test instanceT1%7) to achieve reliable coverage higher than the average reliability .

4.4 Worst Case Time Complexity

Here we will compute the worst-case computational complexity of the proposed GA for solving
minimum reliable set cover problem (MRSCP). Without loss of generality, the computational
complexity of any single-objective genetic algorithms is O(max;»x K) where K is the size of
solutions to be evolved, via certain evolution operators, for max; iterations.

Now, let us consider the computation time needed for the most critical parts of the proposed algorithm

when applied for solving MRSCP. The most critical part which represents the computation time

bottleneck in the proposed GA is the proposed repair operator (Algorithm 1) which costs the most

computation time and in the worst-case time it linearly related to the maximum number of sensors m

and targets n. Thus, the worst-case time complexity of the proposed GA can formally be described as:

0(GA) = max; x K X |n| x |m| (15)

5 Conclusions

In this paper, we have addressed designing energy-efficient WSNs with reliable coverage of the
target area. The problem is modeled a minimum reliable set cover problem (MRSCP), which introduce
the concept of probabilistic coverage as a more realistic coverage model for constructing the set cover.
A genetic algorithm is proposed to construct a reliable set cover, where the total number of sensors
used in the set is to be minimized. The result of the GA is then forwarded to a post-heuristic operator
to improve the coverage reliability of the set cover. The performance of the proposed genetic
algorithm is investigated in this paper under different simulation setting. The results of the simulations
reveal that the number of active sensors used in the constructed set cover affected by the WSN design
parameters including target size, sensor density, and sensor range. The results of this paper currently
motivate us to investigate the possibility of applying multi-objective evolutionary algorithms (like
MOEA/D, NSGA-I1I, and MOPSO [21]-[24]) to the combined optimization problem of both minimum
set cover problem and cover reliability problem and handling both objective functions simultaneously
instead of applying consecutive optimization mechanisms. Also, as a scope of further work, another
quality of service (QoS) merit could be used to constraint the defined MRSCP. For example, different
targets may need different priority of sensing quality and thus the optimization problem should reflect
this diversified QoS coverage constraint in its formulation.
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