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In Wireless Sensor Networks (WSNs), various anomalies may arise and reduce their reliability and effi-
ciency. For example, Coverage Hole can occur in such networks due to several causes, such as damaging
events, sensors battery exhaustion, hardware failure, and software bugs. Modern trends to use relocation
of deployed sensor nodes when the manual addition of nodes is neither doable nor economical in many
applications have attracted attention. The lack of central supervision and control in harsh and hostile en-
Keywords: vironments have encouraged researchers to shift from centralized to distributed node relocation schemes.
WSN In this paper, a new game theory approach based on reinforcement learning to recover Coverage Holes
Coverage hole recovery in a distributed way is proposed. For the formulated potential game, sensor nodes can recover Coverage
Ga_me theory ) Holes using only local acquaintances. To reduce the coverage gaps, the combined action of node repo-
Reinforcement learning sition and sensing range adjustment is chosen by each sensor node. The simulation results prove that,
Egs;grzgceonsumpnon unlike previous methods, the proposed approach can sustain a network overall coverage in the presence
of random damage events.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

Over the last decade, continuous and omnipresent monitoring
has become possible thanks to large mobile networks and wireless
Sensors.

Currently, the use of solutions based on Wireless Sensor Net-
works (WSNs) has gained extensive interest [1]. WSNs deploy a
very large number of small intelligent devices that form distributed
ad hoc networks for data collection and management. In typical
scenarios, these networks are widely deployed in inaccessible and
dangerous areas for monitoring different classes of applications [1].
Therefore, self-organization and mutual cooperation of nodes, are
essential as they extend the lifetime of the network and reduce
congestion by avoiding redundant data [2]. Wireless communica-
tions play a crucial role in computer networks. Their usefulness
lies in the open solutions they offer to provide mobility and essen-
tial services where infrastructure installation is not possible [3].
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WSNs have applications in various fields, such as environmen-
tal and real-world habitat monitoring, machine surveillance, preci-
sion farming, indoor control, intelligent alarms, and military appli-
cations. Monitoring is one of the most important and critical ap-
plications of WSNs. In fact, such networks perform this task using
a large number of electronic devices deployed across the area of
interest (Aol) in order to sense and communicate environmental
or physical parameters cooperatively [1,4-6]. Generally, the sensor
nodes’ initial positions are not predetermined or preconceived, but
rather randomly generated. Indeed, random positioning also means
that the monitored areas may have Coverage Holes and serious
overlapping areas, that powerfully degrade the efficiency, reliabil-
ity, and quality of service (QoS) [7-9]. Random deployment is not
the only reason for coverage gaps damaging events, sensors battery
exhaustion, hardware failures, software bugs, and security attacks
could also be other possible reasons [8].

In most cases, it may be impractical and even impossible to re-
place or recharge the damaged sensor nodes by technicians, es-
pecially for WSNs settled in hostile and/or remote environments.
However, the gathered data are often scientifically or strategically
important, and any discontinuity in the data collection process can
seriously decrease the efficiency and robustness of the network. A
quick and autonomous network recovery can avert the WSN ser-
vices break. Therefore, the ability of a network to heal itself with
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minimal human supervision is important to ensure rapid responses
in case of emergency events [10,11].

In [12], three distributed approaches were proposed for cover-
age control in WSNs without information on the location. The au-
thors in [12] present a decentralized scheme based on Laplacian
flows to process a generator of Coverage Holes. The coverage hole
is spotted based on the first homology classes of the Rips com-
plex. A self-healing distributed approach based on a fuzzy-logic
was proposed in [13] to detect and repair the Coverage Holes. For
mobile sensors, the density control technique was used to mini-
mize the overlapping area in order to eliminate Coverage Holes. In
[14], the authors introduce a distributed method that detects and
eliminates Coverage Holes with the minimum number of redun-
dant nodes using only connectivity information in a high-density
network. An autonomous distributed coverage hole detection ap-
proach was proposed in [15]. To recover holes, this approach cal-
culates the available mobility distance before moving to eliminate
holes. To maintain the network coverage, a distributed algorithm
based on the Voronoi diagram was presented in [16]. The authors
propose to control the size of each Voronoi cell to eliminate the
Coverage Holes. In this case, the communication range must be
long enough otherwise the Voronoi cell of each node may not be
judged accurately.

Intense research activities have been devoted to the develop-
ment of a variety of network recuperation and topology control
schemes, such as sensing power adjustment, sensor node reposi-
tion [10,11], and clustering [17,18].

Hybrid topology control schemes, such as altering both sensing
power and spatial locations of mobile nodes, have also been elab-
orated to overcome the limitations of previous schemes. Power ad-
justment aims to dynamically modify the node sensing range to
maintain network connectivity and minimize the amount of dis-
sipated energy per node. In certain situations, the power adjust-
ment is more appropriate than nodes reposition mechanisms. In
fact, the dimension of the damaged area could be reduced by a
simple power adjustment and thus economize energy consumption
by avoiding unnecessary movements. Physical node reposition can
react more easily, especially in the proximity of damaged zones.
Therefore, a harmonic balancing between both mechanisms using
a hybrid system permits the network’s healing process to be more
resilient and economical in terms of energy consumption [10].

Various coverage control topologies were implemented for
WSNs, but all of them focus mainly on two models of topologies:
centralized topology and distributed topology. The former consists
of a collection of nodes that sends new information and forwards it
to sink nodes where all the data is processed. It is established on
the central nodes and locations of the other sensor nodes. How-
ever, the latter has no central management by the sink nodes. It
consists of a set of independent nodes with equal roles. Because
of the random behavior of Coverage Holes, accurate temporal and
geographical information on the Coverage Hole are not constantly
available and thus a dynamic and repeated adjustment of the de-
ployment parameters becomes necessary. Therefore, Coverage Hole
recovery using any centralized approach would result in compu-
tational complexity and energy consumption [10]. Distributed hy-
brid topology seems to be the most appropriate solution that could
heal Coverage Holes optimally in terms of QoS metrics (i.e. en-
ergy consumption, network lifetime, total coverage rate etc.). In-
deed, the distributed approaches would enable the sensor nodes
to react promptly and autonomously to unforeseen events with a
minimal degree of dependency and human supervision. Each node
could limit its interactions with other nodes and communicate
only with its neighbor nodes. Besides, it could measure the local
uncovered area to take the appropriate actions later, which would
reduce the consumed energy and enhance the network survivabil-
ity [19]. A distributed topology control approach can handle the

problem from the game theory (GT) perspective. In fact, since the
game theory is used to make strategic decisions in uncertain en-
vironments, its relevance to a distributed control is already recog-
nized [20].

Recently, researchers have shown significant interest in the ex-
tension of multi-agent reinforcement learning [21] in stochastic
games [22] which are presented as a relevant framework for multi-
agent learning [23]. This type of games extends both game theory
[20] and the formal framework of Markov decision processes, in
which the action-state binding learning algorithm also called the
Q-learning algorithm [24], is defined. A repeated game is a sub-
specialty of stochastic games. The players repeatedly perform the
game and, at any iteration, the current game necessarily depends
on the results of the previous one.

In the present work, a novel distributed approach is designed to
tackle the problem of Coverage Holes for WSN. Here, a hybrid algo-
rithm that is able to mitigate the coverage gaps in a decentralized,
dynamic and autonomous way is designed. The proposed approach
merges two coverage control schemes, namely the nodes reposi-
tion and power transmission adjustment, using the game theory
concept based on the Q-learning algorithm. Q-learning is a rein-
forcement learning technique that relies mainly on the iterated in-
teraction between the learning system and the environment. Re-
inforcement learning techniques were used to solve a variety of
WSNs issues, such as, power management [25], security [26] and
routing problems [27]. To the best of our knowledge, this is the
first work that uses reinforcement learning (Q-learning) to expand
distributed approaches for Coverage Holes problems in mobile sen-
sor networks. The main contributions of this paper can be summa-
rized as follows:

« A novel hybrid approach for topology control based on the
game theory concept and Q-learning aiming to recover Cover-
age Holes optimally by finding trade-offs between setting the
sensor positions and the sensing power.

A novel potential game where nodes actions are decided in an
autonomous and decentralized way, which qualifies the pro-
posed control scheme to be used for networks settled in harsh
and hostile environments.

Extensive simulations and comparison studies are used to prove
that the proposed approach enhances the network perfor-
mances when dealing with successive random Coverage Holes.

The remainder of this paper is organized as follows:
Section 2 reviews the related work about different control
schemes for WSNs. The system model is identified in Section 3.
Section 4 describes the proposed approach. In section 5, we
present and discuss the study results. Finally, the main conclusion
of our study is drawn in Section 6.

2. Related work

The main research field of topology control schemes can be
categorized into two types: node relocation-based schemes and
power transmission-based ones [10,11]. Sensor nodes relocation
provides a promising solution to emerging and challenging cover-
age problems in WSNs [28-30]. Relocation schemes can be clas-
sified into virtual force-based schemes, Voronoi-based schemes,
and flip-based movement schemes. In [28], a new relocation ap-
proach based on the radial virtual force called the Distributed Self
Spreading Algorithm (DSSA) is proposed. Several performance met-
rics such as coverage, uniformity, time, and convergence were con-
sidered. Despite the good performance of DSSA, especially for sen-
sors movements and small-scale coverage hole recovery, the re-
sults presented in [31] prove that it is not as effective in large
scale coverage hole since it needs a huge number of iterations to
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converge. Nevertheless, nodes relocation can produce new small
Coverage Holes due to independent and distributed motions. Be-
sides, in certain cases, some nodes motions could be useless in
terms of coverage maximization and may deplete the sensor bat-
tery supplies and reduce their ability to reach and heal the Cov-
erage Holes. Topology control schemes based on adjusting power
transmission have been proven to be a powerful control scheme
for small-sized Coverage Holes [32,33]. The individual sensor nodes
require higher transmission power to recover wide coverage gaps
which rapidly exhausts the battery supplies and widens the Cov-
erage Hole areas. Recently several research studies have exploited
the hybrid topology control scheme for hole recovery; however the
results presented in [31] prove that it does not overcome the defi-
ciencies of the previously mentioned approaches [34,35], and [36].
In [35], an exact potential game was developed for coverage op-
timization in a WSN consisting of two distributed based learning
algorithms. A sensing model based on footprints and finite angle
of views were considered. Each sensor node decides to move or
to adjust its angle of view/range in terms of its residual energy
and neighbor nodes’ actions. In spite of the good performance of
these models, the authors of [36] showed that they are restricted
to specific wireless network applications due to their limited sens-
ing model (finite angle of view). The same authors investigated an
omnidirectional sensor model which can be employed in a wider
range of applications thanks to its larger sensing scope. However,
a learning algorithm similar to that of [35] was used for the pro-
posed potential game.

Lately, there has been a substantial interest in extending single
agent reinforcement learning [37] to stochastic games [38] which
are presented as a relevant framework for multi-agent learning.
Such games extend both the formal framework of Markov decision-
making processes and the game theory. Nonetheless, one of the
major problems in extending mono-agent learning to multi-agent
systems is the interaction between agents: individual actions can
no longer be considered in isolation from the actions of the other
agents, as their consequences are interdependent. A single agent
using reinforcement learning can converge to an optimal policy to-
wards stationary agents since the stationarity of opposing agents
can be included in the environment model. In this case, the prob-
lem reverts to a single agent environment.

Several previous works have focused on the possible contribu-
tions ranging from game theory to multi-agent learning. Littman
[39] proposed the minimax-Q learning algorithm, in which he
proved the convergence of purely competitive games (i.e. opposite
rewards). The authors in [40] have introduced the Nash Q-learning
algorithm as part of non-cooperative stochastic games, with decor-
related rewards. In the same context, Greenwald et al. [41] pro-
posed a similar version to Nash Q-learning, called correlated equi-
libria learning that used the value of correlated balances (in case
of correlated rewards) rather than Nash’s balances. Littman [42] re-
defined Nash Q-learning in the Friend-or-Foe Q-learning algorithm,
as the combination of a cooperative algorithm and a competitive
and a proven convergence towards Nash equilibrium for different
classes of stochastic games. For their part, Claus et al. [43] intro-
duced the concept of a joint-action learner (JAL) which learns the
value of joint actions rather than just the value of its own ac-
tions and proved the convergence towards a Nash equilibrium in
the purely cooperative games (identical rewards). In this work, the
concept of JAL is considered. Moreover, a new distributed approach
based on the game theory and multi-agent reinforcement learning
(Q-learning) is proposed for the Coverage Holes recovery. A study
of the proposed approach behavior dealing with a sequence of
random destructive events (i.e. Coverage Holes), is first presented.
Compared to [36], the present work extends the payoff function to
a more intelligent and efficient function using the Q-learning algo-
rithm.

3. System model

A WSN can be regarded as a connected graph G(V, E) with V
is the set of vertices representing nodes and E is the set of edges
representing links between nodes. Each sensor can be designed as
a Unit Disk Graph (UDG) in a two-dimensional rectangular region,
denoted by A = [Xpin: Xmax] X [Ymin.Ymax] with a sensing radius Rs
and a communication radius R, [44]. For the sake of simplicity, we
assume that all nodes in S have the same R.. Let S; € Sand S, € S,
the couple of nodes (S, S,) are bi-directionally connected if Sy is
within the transmission range of S,. Let E; denote the starting en-
ergy of sensor node i. We suppose that each node is localized via
GPS. Coverage Holes may appear due to the predictable or unpre-
dictable death of the sensor nodes, such as battery power deple-
tion or explosion in the post-placement stage. Coverage Hole i can
be regarded as a circle with radius RH; and center (xy;, yy;). This
circle depicts the zone where the node failures take place. Cov-
erage Holes with different and complex shape (convex and non-
convex) can be easily estimated by combining multiple Coverage
Holes of different centers and radii. Let D-nodes denote the set of
damaged nodes and U-nodes the set of undamaged nodes, each
sensor node S; € S situated in the holes zone belongs to D-nodes;
otherwise, it is regarded as an undamaged node and belongs to U-
nodes [45]. For simplicity reasons, we assume that Coverage Holes
locations are precisely detected.

3.1. Game theory

The Game theory (GT) is a mathematical model used to make
strategic decisions in an uncertain environment. It is concerned
with the modeling of situations to describe the possible behav-
iors of interdependent agents in order to determine the optimal
strategy. Dealing with competitive situations in GT, the outcome
of an agent’s choice of action depends critically on the actions
of other agents. In what follows, we present some mathematical
background in game theory.

Definition 1. (Game theory). A game in strategic form & =
{r. A, v} is defined by three basic components:

(1) a player set T ={1,...,n}, here, n is the number of players.
We denote by —i players other than player i.

(2) an action space A = {Aq, Ay, ..., An}, each player i has a
strategy A; where A; is a series of players’ actions.

(3) a utility function set v where each player i has an utility
function v; : A — R used to evaluate the players’ payoff.

Denote by A; the action profile {ay, a,...,am}, Vi € t. Denote
by the strategy profile other than i, i.e. the set of actions of all
players except i: {A1,...Aj_q, Ajy1, ..., An)

Definition 2. (Nash Equilibrium (NA)). is a state in which no player
intends to change his strategy given the strategies adopted by
other players. Let £ be a strategic form game, the strategy (d;, é_;)
is NE of £ if, for all ¢; € A; and for all d_; e A_;, v(d;, d_;) >
v(a;, d_;),Vier.

Definition 3. (exact potential game). A strategic form game W is
an exact potential game with potential function ¢ : A — R if, for
each i € 7, for each a_; € A_;, and for each g;, d; € A;, we have:

(a;, a_y) — @(d;, a;) = vi(a;, a_;) — vi(d;, a_;) (1)

In this paper, the Coverage Holes problem was formulated as
a potential repeated multiplayer game. In this game, the sensor
nodes represent the players which communicate with each other
to heal the coverage gaps.
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Fig. 2. Agent-environment interface for a joint-action.
3.2. Q-Learning

The Q-learning is a reinforcement learning technique based on
the Markov Decision Processes (MDP), which mainly rely on the it-
erated interaction between the agent and the environment. In the
Q-learning, an agent chooses to execute an action a; at an instant t
from the current state s; which leads to a new state s, and that
provides the reward r; (See Fig. 1). Thus, it consists of learning the
actions to be performed according to the current state thanks to
a previously acquired experience. The policy pi(s) is a plan that
instructs the agent (player) which moves to select every possible
state (position). The player policy is gradually improved due to the
mutual interactions between the learning system and the environ-
ment. However, in practice, most of the reinforcement learning al-
gorithms do not directly work on policies; they rather use the it-
erative approximation of the evaluation function Q(s, a). Thus, the
Q(s, a) value is defined as the estimated future benefits. Once these
values are learned, the optimal strategy is to choose the action
which corresponds to the maximum Q-value.

For the mono-agent system, the utility of a state is calculated
as the maximum Q-value of this state regarding all possible ac-
tions. Nevertheless, for a multi-agent system, the optimality cri-
terion cannot consider only the individual actions of agents since
it depends on the joint actions of other players. Thereby, the ex-
tension of the Q-learning to the multi-agent framework (with N
agents) should take into account other players’ actions in the for-
mulation of function (See Fig. 2).

In fact, Q-learning algorithms behave well with discrete states
and actions. However, in real-world issues, the space is generally
continuous with infinite states and action combinations. Q-learning
cannot be directly applicable to the continuous variables. Space of-
ten needs to be discretized using approximation function such as
gradient descent, linear combinations of features and neural net-
work [46,47].

Fig. 3. Profit of sensor i.

4. Proposed hybrid recovery algorithm

In what follows we will present a novel game to heal Coverage
Holes for mobile WSNs. Our distributed approach allows the sensor
nodes to decide the appropriate topology control actions in an au-
tonomous and decentralized way. The proposed game is performed
using a Q-learning algorithm and is proven to be an exact poten-
tial game. In previous works, we optimized the initial deployment
topology using multi-objective optimization approaches [48-50].

4.1. Coverage problem formulation

Based on the aforementioned issue, the players are the sen-
sor nodes that can communicate simultaneously with each other
to enhance their own coverage zones with minimal power con-
sumption. Moreover, we suppose that all players are rational and
each one seeks to increase his expected utility function according
to its local vision of the network and its own prevision on actions
that may be taken by other players. Reciprocal interactions be-
tween this set of players in order to maximize their payoff function
(utility function) can be modeled as a repeated multi-player game.
Set of actions At each time step t > 0, the set of strategies that
node i € T may choose are the set of its possible actions a; € A;.
As mentioned earlier, an hybrid topology control uses both nodes
reposition and power transmission adjustment. Consequently, each
mobile sensor i € T can choose a combined action of changing
its location p; and its power transmission (the sensing range r;):
a; = (p;» 17), Va; € A; i) Let us suppose that p; = (px;. py,) is the cur-
rent positions of node i in the bi-dimensional space: p; — pg is the
change of its positions, with p; = (pjcl_, pg,i) is the next position of
node i. ii) Let us suppose that 1, 7] € [Riin, Rmax] are respectively
the current and the next time sensing range of node i: r; — 1/ is
the change of the sensing range, with R, and Rmax, are respec-
tively the minimum and maximum sensing ranges of the sensor
node. Utility functions Each node i has a utility or payoff function
v; : A — R, defined as:

vi(a;, a_;) = weP(a;, a_;) — npC(a;) (2)

Where P(a;,a_;) and ((q;) depict respectively the profit and the
cost of the chosen strategy by node i. 14 and p1g are the weights
that balance between the profit and the cost of the game. At each
time t, in a repeated game, players simultaneously select their ac-
tion strategies and receive their utility functions which are speci-
fied by how much benefit should be gained and how much should
be paid? When all the players properly predict the opponent play-
ers strategies and play the best response to their predictions, the
emerging strategy profile is a Nash equilibrium state.

Each node has a Non-Overlapped Sensing Area (NOSA), defined
as the zone covered by only the node in question (See Fig. 3). To
maximize the total coverage area and reduce the coverage gaps,
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the sensor node should reduce overlapped zones with its neighbor-
ing nodes; therefore, maximizing profit function value is regarded
as maximizing the NOSA value.

P(s;, s_;) = Disk)\|_J Disk; (3)
JjeN;

Where N; is the set of neighbor of node i. The cost represents the
energy consumed by the sensor nodes while recovering Coverage
Holes. This cost mainly consists of two types:

-The consumed energy while changing the sensing power de-
noted by Epow

-The consumed energy while exercising a motion to change
its positions denoted by Ejo:. The energy related to changing the
sensing power of node i is specified by:

Epow = Y > (47 Rg/1)?) At) (4)

t =1

The energy related to the node motions is specified by:

n
Emot = ) Y " (motion(i) At) (5)
t =1
Where Rg; is the sensing range, At is the time duration | span.
The total consumed energy Ey is regarded as the sum of energy
consumed taking into account the sensor motion and the sensing
power change:

E[ot = Epow + Emot (6)

Lemmal The specified coverage game £, is an exact potential
game if there is a function ¢ : A — R, such that Va;, d; € A;,Va_; €
A i

w(a;, a_;) — @(d;, a_;) = v(a;, a_;) — v(d;, a_;) (7)
With ¢ defined as follows:
@(a;, a_;) = waPror(a;, a_;) — npCla;, a_y) (8)

Where Py, is the network overall coverage and C the sensor node
energy consumption.

Proof. Let us consider any strategy a:= (a;,a_;) € A,Vie 1. We
select an arbitrary strategy d:= (d;,a_;) from A. The coverage
game £, is defined to be the exact potential game. In order to
prove this, we change the strategy of node i from g; to d; without
changing the others.

We observe that:

w(ai, a_y) —@(G, a_;)
= (KaPot (a;, a_1) —ppC(a, a_i)) — (o Prot (G;, a_i) — npC(d;, a_i))
= Mo (Prot (@5, a_i) — Prot (G;, a_y)) — g (C(a;, a_y) — C(d, a_;))
= Mo (Prot (@5, a_i) — Pror (3, a_;)) — g (C(a;) — C(G;))
Normally, any change in the overlapped covered area of node i
does not have any impact on the overall net coverage since it is
already covered by at least another sensor node (See equation).
Prot (a, a_) — Pror (G;, a_;) = P(a;, a_;) — P(dy, a_y)
So, we have:

w(a;, a_;) — @(d;, a_;)
= o (P(a;, a_;) — P(G;, a_;)) — ng(Cla;) — C(d;))
=v(a;, a_;) — v (b, a)

Therefore, when player i switches from strategy a; to strategy
ddota;, the variation in the potential function ¢ equals to the vari-
ation in the payoff/ utility function. By referring to definition 3, we
can affirm that the proposed coverage game is proven to be an ex-
act potential game. O

Algorithm 1 Distributed Payoff-based Q-learning algorithm.

1: Initialization: At t =1, all sensor nodes maintain their ini-
tial random positions (initial states).Initialize Q(s, a;, a_;) arbi-
trary, NbC(s,a_;) < 0 and n(s) < 0; Vs € S; Va; € A; and Va_;
A_jLet o € [0, 1] be the initial learning rate and ¢ be the initial
exploration rate.

2: Choose action and update state: At each time t > 2, each sen-
sor node iupdates its state respecting the following rules:

i observe the current s: n(s) < n(s) + 1
ii choose the exploration rate &

o Exploration: with probability € return a random action

o Exploitation: otherwise, with probability (1 —¢&) select an
action @; by solving:argmaxg, %Q(& a;, a_;)
&

3: Learning: Observing the opponents’ actions a_;, the reward
R(s,a;) and the next state:Q(s, a;,a_;) < (1 —a)Q(s,a;,a_;) +
a[R(s, a;) + y (s')INBC(s, a_;) < NbC(s,a_;) + 1whererr (s') =
maxq; . 7Nb(;,((ss/}?”')

a;
times the opponent has played action a_; in state s.
4: Repeat: Sensor i executes step 2 and step 3 until the ending

condition is met.

Q(s',a;,a_;)andC(s,a_;) is the number of

4.2. Distributed payoff-based Q-learning algorithm

The payoff function depends not only on the profile of the sen-
sor node actions but also on the actions of its neighbors. Conse-
quently, a distributed learning approach is the most appropriate
solution since it needs only the payoff received from the previous
steps. The players adapt their behaviors to change of other players’
behaviors. In this work, we propose a new distributed payoff-based
Q-learning algorithm to perform the previously formulated cover-
age game. Here, we deal with a multi-players game; therefore, a
multi-agent reinforcement learning concept is used.

The proposed algorithm can be described in pseudo-code 1.

The payoff function switches between exploring and exploit-
ing processes, to find the best action sequence. In fact, the explo-
ration process assists nodes to discover the unknown environment
rapidly, whereas the exploitation one enables them to keep the ef-
fective scenarios. The metric & controls the trade-off between the
exploitation of the system’s previously acquired knowledge and the
exploration of the environment. This work extends the potential
game presented in [36] by improving the distributed payoff based
learning, which only considers the two last most successful actions
of mobile nodes. For the previously considered topology control
scheme, sensor nodes were meant to behave not only in an au-
tonomous and decentralized way but also in a rational way. The
new payoff function based on the Q-learning algorithm takes into
account the node environment interaction and opponents’ behav-
ior, which gives the sensor nodes a more targeted and effective
response while healing the newly-formed Coverage Holes. Besides,
the Q-learning algorithm ensures a good balance between the ac-
quisition of information about new interactions (exploration) and
the choice of actions that seems to lead to viable rewards (ex-
ploitation). Contrary to [36], the temporary strategy is not consid-
ered here. The temporary strategy means that we do not have to
change both sensing power and node positions over iterations; one
of these metrics can be kept. It should also be noted that the pro-
posed approach was proven to be a potential game, which, theo-
retically, can ensure its convergence towards a unique Nash equi-
librium. In the following section, we will describe the extensive
simulations that were performed in order to validate the proposed
algorithm and confirm its efficiency.
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Table 1
Simulation parameters setting.

Variables names Variables values
Wireless Sensor Network Parameters

Ns : Number of sensor Nodes  [50, 250]

Ri: Sensing radius U~[7,15] m

Rc : Communication radius 30 m

A: Area of interest [1, 100] x [1, 100]m,

Algorithm parameters

&: Exploration rate [0, 0.5]
Coverage holes parameters

Number of Damages 4

R}, U ~[10, 20] m

5. Simulations and results

To validate the previously defined mathematical formulations,
we needed to implement our approach and compare the obtained
results with those of the previously proposed approaches. In this
work, performance criteria were specified in terms of the total cov-
erage proportion, energy related to the change of sensing power,
the energy related to node motions, and the total energy con-
sumption. The performance of the proposed approach was tested
on three topology scenarios: the no obstacle scenario, the rectan-
gular obstacle scenario, and the T shaped obstacle scenario. The
power transmission adjustment is not possible in all WSNs appli-
cations. Thus, we considered another simulation scenario that uses
sensor nodes which support only positions adjustment in no obsta-
cle Aol. The obtained results were compared with those reached by
the DSSA algorithm [28] as well as those of [36].

5.1. Simulation parameters

For our simulations, we considered a square region § with a
100 m long edge divided into a predefined number of squares. The
size of each square was equal to 1 m? and its center was the point
to be covered. The simulation trials were performed using Matlab.
Nodes were randomly deployed in the Aol § with a uniform distri-
bution. The transmission range was fixed to 30 m and the sensing
ranges were chosen randomly between 7 m and 15 m (see Table 1).
The network connectivity is assumed to be full if the communi-
cation radius is larger than the double of the sensing radius [51].

As explained above, Q-learning is not appropriate for continuous
space and an approximation function is needed to discretized the
space. In this work, a simple form of discretization was used. In
fact, the agent (node) performs two actions, namely changing the
location and the power transmission. For each algorithm iteration,
the node changes its location by moving one step in the following
directions: left, right, up, or down. The sensor sensing radius takes
on a value in this set: 7, 9, 11, 13 or 15. For the rest of this paper,
the Distributed Hybrid Coverage Hole Recovery Approach proposed
in [36] is abbreviated as (DHCHRA).

& was used to balance the exploration and the exploitation pro-
cesses in the algorithm. Using a value interval given in table helps
the Q-learning algorithm to converge towards an optimal solution
[46,47].

For a reliable comparison, we extended and simulated the two
previously mentioned algorithms. In this paper, we considered the
energy consumed for the movement of the sensor and that of
change of its sensing range so that the sensor was proposed to
raise its sensing range to avoid needlessly prevalent movements,
especially with the frequently arising Coverage Holes. Four dam-
age events with different sizes were generated for each scenario.
The algorithms remained active, after each new emerging Coverage
Hole until an overall coverage of 95% was reached. If this thresh-
old had not been satisfied, algorithms would stop running when
the number of iterations reach 500. The stopping criterion, i.e. the
maximal number of iterations was set to 500 to prevent the col-
lective death of sensor nodes due to the exhaustion of the residual
energy in their batteries.

5.2. Simulation results

In this section, we present and analyze the obtained results. Our
results are compared with those given by DSSA and DHCHRA. All
the algorithms instances were tested on the same initial node dis-
tributions using four different scenarios.

5.2.1. Area of interest without obstacle scenario

In this scenario, a detection area without physical obstacles was
presented and four damaged events were generated. The damage
event time sequences were 1 s, 14 s, 57 s, and 161 s. Fig. 4 shows a
snapshot sample to prove the ability of the proposed game theory-
based Q-learning algorithm to recover Coverage Holes. The color in
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Fig. 8. Overall coverage dealing with random successive Coverage Holes for an Aol with rectangular shape obstacle.
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Fig. 11. Percentage of overall coverage vs. the number of nodes for an Aol with obstacles.

the figure specifies the number of sensors that can cover a zone.
Precisely, the number of sensors in the zone decreases as the color
changes to blue; or it increases as the color changes to red.

The dark blue, however, indicates that a zone is not covered by
any sensor node. Fig. 4b,d,f and h show the new emerging Cover-
age Holes owing to successive destructive events. The behavior of
our potential game dealing with the four Coverage Holes is illus-
trated in Fig. 4c, e, g and j. These figures clearly show the efficiency
of our proposed topology control scheme to heal the network and
maintain the highest coverage threshold, after successive Coverage
Hole events. Sensor nodes adjust both sensing range and position
in order to quickly and accurately heal the coverage gaps.

Fig. 5 shows the average of the required number of iterations
after the appearance of each coverage hole forNS =250 nodes
for the given algorithms. The number of iterations increases with
the appearance of successive events, for the three algorithms.
The stopping criterion (number of iterations equal to ~500) was
reached by DSSA and the DHCHRA after event 2 and event 3, re-
spectively. The proposed approach converged faster compared to
the prior counterparts. Indeed, it succeeded to recover the four
Coverage Holes and reach the aforementioned coverage threshold
(95% of overall coverage area) before reaching the stopping crite-
rion.

Fig. 6 presents the percentage of the overall coverage for
DHCHRA, DSSA, and the proposed algorithm considering the num-
ber of the sensor nodes (50 to 250 nodes) deployed in the Aol. The
overall coverage is evaluated during the occurrence of the consec-
utive four Coverage Holes. As can be seen in this figure, the pro-
posed algorithm outperforms the above-mentioned algorithms in
terms of overall network coverage. We simulated the efficiency of
DSSA, the DHCHRA and the proposed approach in terms of energy
consumption.

Fig. 7 a-c show the consumed energy related to the change of
the sensing power, the consumed energy related to node motions,

and the total consumed energy, respectively. The results prove that
our approach outperforms the two approaches in terms of energy
consumption. As presented above (see Fig. 5), the proposed ap-
proach has a rapid response to the consecutive Coverage Holes
compared to the DSSA and the DHCHRA. These results mean that
sensor nodes take their optimal positions in terms of coverage with
fewer possible movements, which empowers the network to dissi-
pate fewer amounts of energy (see Fig. 7) and, thus, extend the
network survivability.

5.2.2. Area of Interest with obstacles scenario

To bring our simulations closer to reality, two obstacles shapes
were considered in our simulation scenarios: a rectangular shape
and T shape. The obstacles were placed in the center of the Aol.
The sensor nodes can be placed on the border of the obstacles.
The results of those two scenarios will be presented as follows:
Figs. 8 and 9 show a snapshot sample to prove the ability of the
proposed game theory-based Q-learning algorithm to recover Cov-
erage Holes in an area of detection that contains a rectangular and
T shaped obstacle, respectively.

Figs. 8b,d,fh and 9b,d,f,h show the new emerging Coverage
Holes owing to successive destructive events for rectangular ob-
stacle scenario and T shaped obstacle scenario, respectively. The
damage event time sequences were 1 s, 5s, 70 s, and 273 s, and
15,11 s, 169 s, and 312 s for rectangular obstacle scenario and T
shaped obstacle scenario, respectively. Other sub-figures show the
behavior of the approach dealing with the four Coverage Holes in a
detection area with rectangular obstacle shape. The figures present
the capacity of the proposed approach to eliminate Coverage Holes,
even in the presence of obstacles.

Fig. 10 shows the average of the number of iterations required
to recover each coverage hole for the proposed obstacle scenarios.
For the rectangular obstacle scenario, the stopping criterion was
reached by the DSSA and the DHCHRA after event 2. The four Cov-
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Fig. 12. Network consumed energy vs. the number of nodes for an Aol with rectangular shape obstacle.

erage Holes were recovered by our proposed approach, which suc-
ceeded to achieve the coverage threshold (95% of overall coverage
area) before reaching the stopping criterion. For the T shaped ob-
stacle scenario, the stopping criterion was reached by the DSSA
and the DHCHRA after event 1 and event 2, respectively. How-
ever, the proposed approach recovers the four Coverage Holes be-
fore reaching 92% of overall coverage area.

Fig. 11 presents the percentage of the overall coverage for the
DHCHRA, blue the DSSA, and the proposed algorithm varying the
number of the sensor nodes (from 50 to 250 nodes) deployed in
a detection area with obstacles. The overall coverage is evaluated
during the occurrence of the consecutive four Coverage Holes. As
shown in this figure, the proposed algorithm outperforms other
algorithms in terms of the overall network coverage, even in the
presence of the obstacles.

Figs. 12 and 13 present the efficiency of the DSSA, the DHCHRA
and the proposed approach in terms of energy consumption for
detection area with obstacles. Figs. 12a,b,c and 13a,b,c show the
consumed energy related to the change of the sensing power, the
consumed energy related to node motions and the total consumed
energy, respectively. The results prove that our approach performs
better than both of the two approaches in terms of energy con-
sumption.

5.2.3. Topology control scheme without power adjustment

Many WSN applications do not support power transmission ad-
justment. Therefore, in this section, a topology control strategy
without power control tested in an Aol without obstacle is pre-
sented. The action of the nodes is limited to the position adjust-
ment.

Fig. 14 shows the percentage of the total coverage area of the
proposed approach for the different suggested scenarios, namely
an Aol with no obstacle, an Aol with rectangular shape obstacle, an
Aol with T shaped obstacle, and a control topology scheme with no
power adjustment for an Aol without obstacle. The percentage of
the total coverage was evaluated varying the number of the sensor
nodes (from 50 to 250 nodes). This figure proves that the proposed
approach reaches a satisfactory coverage rate with 50, 100, 150,
and 200 nodes for each suggested scenario. Also, it reaches the
coverage threshold (95% of overall coverage area) with 250 nodes,
except for the T shaped obstacle scenario that reaches only 93% of
overall area coverage.

Fig. 15 shows the energy consumption results of our approach
for all the proposed scenarios. For the no obstacle scenario, the
rectangular obstacle scenario, and the T shaped obstacle scenario
the energy consumption value is convergent. However, the energy
consumption of the proposed approach without power adjustment
obviously increased.

5.3. Results and discussions

We have demonstrated, through a wide range of experimen-
tal scenarios, that the proposed Q learning-based approach for
WSN topology control gives better results compared to other ap-
proaches. The advantages of using such an approach can be sum-
marized as follows: Unlike other approaches (studies based on
mathematical models or simulations, assuming fixed experimen-
tal parameters), this solution is adaptable to variations in the state
of the network. Besides, thanks to the robust machine learning al-
gorithm, namely the Q learning, this approach can calibrate itself
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to the newly acquired knowledge. Consequently, Q-learning based
payoff function helps the proposed coverage game to find the Nash
equilibrium and reach the predefined overall coverage threshold
in a detection area without obstacles more rapidly (see Fig. 5).
Even in an environment which contains different shapes of obsta-
cles, our approach succeeds to overcome its counterparts in terms
of overall coverage (see Fig. 11 a and b). In addition, Q-learning
takes into account not only the best previous actions of an agent
(sensor), but also the predicted neighbors’ actions. Such behavior
helps sensors to effectively forecast the best strategy that should
be taken and perform the most accurate and successful decision
that enhances both the overall coverage and energy consumption
while recovering Coverage Holes. Therefore, the topology control
scheme induced by our proposed approach outperforms other ap-
proaches in terms of energy consumption and coverage for an Aol
without obstacles scenario and also for an Aol with obstacles sce-
nario (see Figs. 6 and 7). However, the speed of our approach to
recovers the Coverage Holes while respecting the predefined cov-
erage sill (95% of overall coverage area) decreased in scenarios with
obstacles. This coverage sill could not be reached with more com-
plicated obstacle scenarios (with T shaped obstacle only 92% of
overall coverage area was achieved). In fact, those results can be
explained by the effect of obstacle on the ease of movement for
some nodes, spacially sensor nodes located in the proximity of the
obstacle border (see Figs. 5 and 10).

The coverage rate of the proposed approach with no power ad-
justment is convergent compared to that of the original version.
However, energy consumption rose compared to the original ver-
sion. Indeed, such type of topology control scheme has limited the
actions of the nodes to reposition. Some coverage gaps do not need
the movement of sensors to recover it, a power adjustment of the
hole neighbor’s nodes can solve the problem and cover the zone
with a minimum amount of energy consumption (see Figs. 14 and
15).

6. Conclusion

In the present work, we proposed a new hybrid Coverage Hole
recovery approach for WSNs which relies on both the sensing

power control and node relocation using a game theory based on
Q-learning algorithm. The efficiency of the proposed algorithm was
tested on a network topology and Coverage Hole events via an
elaborated simulation study. The simulation results prove that the
proposed approach outperforms the other Coverage Hole recovery
algorithms in terms of overall coverage and energy consumption.
As part of future works, we are planning to enhance the technical
maturity of the proposed approach by taking into consideration the
approximation functions, such as neural networks. We also think
of applying adequate communication protocols to improve the pro-
posed approach. For better results, we plan to design a payoff func-
tion based on deep Q-learning.
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