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Abstract

The sensor coverage problem is a well-known combinatorial optimization problem that
continues to attract the attention of many researchers. The existing game-based algorithms
mainly pursue a feasible solution when solving this problem. This problem is described
as a potential game, and a memory-based greedy learning (MGL) algorithm is proposed,
which can ensure convergence to Nash equilibrium. Compared with existing representative
algorithms, our proposed algorithm performs the best in terms of average coverage, best
value, and standard deviation within within a suitable time. In addition, increasing memory
length helps to generate a better Nash equilibrium.

Keywords: sensor area coverage; potential game; distributed optimization; greedy learning;
memory length

MSC: 68W15

1. Introduction
The sensor area coverage problem is a fundamental optimization problem in wire-

less sensor systems, which has been proven to be NP-hard, with the goal of efficiently
utilizing limited sensors to cover the largest area with minimal cost [1]. This problem
is also a typical engineering application optimization problem, such as military recon-
naissance [2,3], unmanned autonomous intelligent systems [4,5], Internet of Things [6,7],
disaster relief [8,9], etc.

Due to the wide application of sensor area coverage problem, it has attracted the
attention of many researchers who are committed to developing various optimization
approaches for solving this problem. Early well-known approaches include genetic algo-
rithm [10,11], particle swarm algorithm [12,13], simulated annealing algorithm [14,15], ant
colony algorithm [16,17], etc. Those algorithms have long been proven to solve optimization
problems and ensure that at least one feasible solution can be obtained. However, with the
rapid development of science and technology, sensors have been mass-produced, especially
when hundreds or thousands of sensors cooperate to perform this problem, the above
algorithms are not applicable [18]. The reason is that those algorithms are essentially
centralized algorithms, requiring a central manager to make decisions for all sensors [19].
This requirement not only causes a heavy computational burden on the sensor system,
but also results in high communication requirements, and the robustness of the system will
also be poor [20].
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Therefore, how to develop distributed approaches to solve the sensor area coverage
problem is the current research trend, and the most common one currently available is local
search algorithm [21]. This algorithm starts from an initial solution, generates neighboring
solutions through neighborhood actions, determines the quality of neighboring solutions,
and repeats the above process until the termination condition is reached [22]. Although the
local search algorithm is simple and easy to implement, it also has a drawback that it is
prone to getting stuck in local optima, and the quality of the final solution is closely related
to the choice of the initial solution. Note that a local optimal solution is usually not a global
optimal solution and may not even reach an approximate optimal solution [23]. Therefore,
in recent years, researchers have turned their attention to game theory.

Game theory is a theory that studies how individuals make reasonable strategies in
complex interactions [24,25]. By establishing a game model for optimization problems and
designing corresponding game algorithms, an equilibrium solution can be obtained [26].
As a special type of game, potential game has been widely applied. In a potential game,
there exists a potential function, and the individual utility changes caused by changing
strategies can be mapped to this potential function. By optimizing this potential function,
the equilibrium state (i.e., Nash equilibrium) of the game can be achieved [27]. For op-
timization problems that can be modeled as potential games, various game algorithms
have emerged, such as log-linear learning algorithm [28], binary log-linear learning algo-
rithm [29], fictitious play algorithm [30], etc. The above algorithms all have a common
point, that is, at each time step, each player only uses the information from the most recent
past time step (i.e., local information) to make decisions. The goal of those algorithms is
to obtain a feasible solution, but this feasible solution is usually far from the approximate
optimal solution.

For this, for the sensor area coverage problem, we present a potential game model,
where the potential function reflects the global objective, and a player’s utility function is
the wonderful life utility. Then, we propose a random memory algorithm (RMA), in which
each player has a memory length that can store past step strategies, and make decisions
based on local information. Subsequently, we verify that our proposed RMA can converge
to a Nash equilibrium under any memory length. Numerical simulation will further
demonstrate the value of our proposed RMA.

The main contributions of this paper are summarized as follows.
(1) We present a potential game for the sensor area coverage problem, where player’s

utility function is the wonderful life utility.
(2) We proposes a game-based distributed algorithm, i.e., the RMA, which can con-

verge to a Nash equilibrium under any memory length.
(3) Numerical simulations demonstrate the effectiveness and superiority of our pro-

posed RMA by comparing with the existing representative optimization algorithms. In
addition, we found through numerical simulations that increasing the memory length can
achieve better sensor area coverage.

The rest of this paper is organized as follows. Section 2 describes the sensor area
coverage problem and presents a potential game model for this problem. Section 3 presents
our proposed RMA in detail and provides theoretical analysis on its convergence. Section 4
provides numerical simulations to verify the performance of our proposed RMA. Section 5
summarizes this article and provides prospects for future research directions. The main
notations of this article are listed in Abbreviations.
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2. Preliminaries and Game Model
2.1. Sensor Area Coverage Problem

Consider a set of sensors, forming a set V = {1, 2, · · ·, n}, which are randomly de-
ployed to monitor (cover) a area Θ. Each sensor i ∈ V can cover the effective area Θi(ri) of
a circle under a coverage radius ri when it is in working condition. The location of the ith
sensor can be denoted by loci. Without loss of generality, assume that the communication
radius c of all sensors is the same. The set Γi composed of neighbors of sensor i can be
defined as

Γi = {j ∈ V : ∥loci − locj∥ ≤ c}. (1)

Then, the sensor area coverage problem is whether each sensor chooses a coverage
decision that collectively maximizes the global objective function

f (x) =
⋃

i∈V
Θi(ri)− ∑i∈V Ci(ri), (2)

where
⋃

i∈V Θi(ri) is the union of all areas covered by the sensors, Ci(ri) is the cost function
of sensor i under the coverage radius ri, and Ci(ri) is expressed as

Ci(ri) = kSmax(ri), (3)

where Smax(ri) is the maximum area covered by sensor i, k ∈ (0, 1) is the penalty value,
and Smax(ri) is expressed as

Smax(ri) = πr2
i , (4)

2.2. Potential Game

In this subsection, we present the sensor area coverage problem as a game and prove
that this game is a potential game.

Definition 1. The sensor area coverage problem can be defined as a game G = {V, X, F}, where
(i) V = {1, 2, · · ·, n} is the set of all players (sensors);
(ii) X = ∏n

i=1 Xi is the strategy space, Xi is the strategy set of player i, Xi = {r0, r1, · · · rm},
and r0 = 0, rz > 0, z ∈ {1, · · ·, m}.

(iii) F = { f1, f2, · · ·, fn} is the set of utility (i.e., payoff) functions, where fi ∈ F is the utility
function of player i, i ∈ V.

Based the Definition 1, x = (x1, x2, · · ·, xn) is the strategy profile, xi is the strategy of
player i, and x−i = (x1, · · ·, xi−1, xi+1, · · ·, xn). Thus, we have x = (xi, x−i). Then, we will
provide the definition of potential game.

Definition 2 ([31]). Consider a game G = (V, X, F) with individual utility function fi, if there
exists a function φ satisfies

fi(x′i , x−i)− fi(x′′i , x−i) = φ(x′i , x−i)− φ(x′′i , x−i), (5)

then the game G = (V, X, F) is called potential game, and φ is the corresponding potential function.

Considering that when a pair of sensors are covered, once there is coverage overlap,
they are within the communication range of each other. Thus, the communication radius
c = 2rm. The utility function of player i is designed as

fi(xi, x−i)=
[
Θi(xi)\

⋃
j∈Γi

Θj(xj)−Ci(xi)
]
/Smax(rm). (6)
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Theorem 1. A game G = (V, X, F) with individual utility function fi in (6) is potential game,
and the corresponding potential function is expressed as

φ(x) = f (x)/∆. (7)

Proof. By (2), we have

f (xi, x−i) = Θi(xi)\
⋃

j∈Γi
Θj(xj) +

⋃
j∈V\i

Θj(xj)− Ci(xi)− ∑j∈V\i Cj(xj).

Further, for x′i , x′′i ∈ Xi, we have

φ(x′i , x−i)−φ(x′′i , x−i)=

Θi(x′i)\
⋃

j∈Γi

Θj(xj)−Ci(x′i)

/∆ −

Θi(x′′i )\
⋃

j∈Γi

Θj(xj)−Ci(x′′i )

/∆

= fi(x′i , x−i)− fi(x′′i , x−i).

Thus, the game G = (V, X, F) with individual utility function fi in (6) is poten-
tial game, and the corresponding potential function is (7). Then, the proof of Theorem 1
is completed.

Remark 1. The sensor coverage problem is an important application problem in sensor system,
(2) transforms this problem into a combinatorial optimization problem, whose optimal solution is
equivalent to an optimal sensor area coverage solution. In addition, (2) serves as the bridge that
casts this problem into a potential game, which can be solved within a distributed optimization
framework. Note that for any optimization problem that can be modeled as a potential game, there
must exist at least one Nash equilibrium.

3. Distributed Algorithm Designed and Analysis
3.1. Algorithm Design

For an optimization problem that can be modeled as a potential game, it is crucial to
design a suitable distributed algorithm, which requires a reasonable balance between the
solution quality of the algorithm’s convergence and the runtime. For this, we propose a
dynamic fictitious play (DFP) distributed algorithm, in which each player can dynamically
adjust their own strategy in parallel based on local information. The procedure of our
proposed DFP distributed algorithm is described as follows.

Step 1: At each time step t, each player randomly chooses its current strategy for the
next time step or chooses to update its strategy.

Step 2: Each player i involved in updating strategy calculates its utility fi(xt
i , xt

−i) and
best response BRt

i , then records strategy xt
i and BRt

i into a set Λt
i .

Step 3: Each player i involved in updating strategy choose a strategy x̂t
i from the set

Λt
i for the next time step-based dynamic selection rule, i.e., xt+1

i = x̂t
i .

In Step 2, BRt
i is expressed as

BRt
i = argmax

xt
i∈Xi

fi(xt
i , xt

−i). (8)

In Step 3, the dynamic selection rule

x̂t
i =

BRt
i , w.p. δt

i

xt
i , w.p. else

, (9)
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where δt
i is expressed as

δt
i =

e fi(BRt
i ,x

t
−i)

∑xi∈Λt
i
e fi(xi ,xt

−i)
. (10)

Remark 2. (1) There exists multiple distributed algorithm used to solve potential game optimization
problems, such as log-linear learning algorithm [28], binary log-linear learning algorithm [29], etc.
Those algorithms have one point in common, which is that at each time step, only one player has
the opportunity to update its strategy, while the remaining players keep their strategies unchanged.
This sequential update strategy mechanism can cause those algorithms needing a long time to obtain
a satisfactory solution in large-scale systems.

(2) Although there exist algorithms that allow each player to update their strategies at every
time step, such as fictitious play algorithm [30]. In this algorithm, δt

i is set to a fixed value, which
can cause this algorithm to easily fall into inefficient local optimal solution. In contrast, in our
proposed DFP algorithm, δt

i is not limited to a fixed value, but dynamically changes based on
local information.

(3) Our proposed DFP distributed algorithm is simple and easy to understand, and each player
can independently update their strategy based on local information synchronization at each time
step. This algorithm is suitable for multiple application fields. Especially in hostile environments,
multiple drones collaborate in combat, and the sensors on each drone can autonomously monitor the
target, as the sensors consume energy during operation. Therefore, in order to maximize efficiency
and quickly execute monitoring tasks, we hope that each sensor can make independent decisions,
and the DFP algorithm is suitable.

3.2. Convergence Analysis

For an algorithm, its convergence is crucial. Without convergence, the algorithm is
difficult to apply in practice. Thus, in this subsection, we further analysis the convergence
of this algorithm. First, we present the definition of Nash equilibrium.

Definition 3 ([32]). A Nash equilibrium x∗ = (x∗1 , · · ·, x∗n) is such such a strategy profile where
no player can unilaterally change its strategy to increase its utility, i.e.,

fi(x∗i , x−i) ≥ fi(x′i , x−i), (11)

where ∀x′i ∈ Xi.

Theorem 2. Consider a potential game G = (V, X, F) with individual utility function fi in (4),
our proposed DFP distributed algorithm can converge to a Nash equilibrium with probability 1.

Proof. Since the number of sensors is finite and each player i have finite strategy set,
i.e., |Xi| < +∞. Thus, the number of Nash equilibrium is finite, and they form a set
Xne = {xne,1, · · ·, xne,g}, g is the number of all Nash equilibriums, i.e., g < |X|. We will
divide into two steps to prove the convergence of our proposed DFP algorithm. Firstly,
we will prove that this algorithm can ensure that each strategy profile will touch a Nash
equilibrium, and then prove that once touched, it locks onto this Nash equilibrium.

Part I: At each time step t, strategy profile x = (x1, · · ·, xt
n) is not a Nash equilibrium.

Thus, there must exists at least a player i that satisfies xt
i ̸= BRt

i . Then, according to
Step 2 and Step 3 of our proposed DFP algorithm, there exists a positive probability for
player i updating its strategy xt

i to BRt
i , and all its neighbors will keep their strategies,

xt+1
j = xt

j , ∀j ∈ Γi, i.e.,

p(xt
i → BRt

i , xt
j → xt

j) = (1 − δt
i ) ∏

j∈Γi

δt
j > 0. (12)
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Similarly, there exists a positive probability for the strategy profile xt transform into
the strategy profile xt+1, i.e.,

p(xt → xt+1) = ∏
i∈Ct

(1 − δt
i ) ∏

j∈V\Ct

δt
j > 0, (13)

where Ct = {i|xt
i ̸= BRt

i , ∀i ∈ V} is the set of player involved in updating strategies,
and their neighbors keep their strategies.

Further, we have

φ(xt+1)− φ(xt)= ∑
i∈Ct

(
fi(xt+1

i , xt
−i)− fi(xt

i , xt
−i)

)
>0, (14)

where xt+1
−i = xt

−i.
Thus, the value of the potential function φ strictly increases with a positive probability

over time step t. Since the limited number of players, the value of the potential function is
also finite. Thus, there must exist a time step tne such that φ(xt′) = φ(xtne

), where t′ ≥ tne,
and xtne ∈ Xne. This means that our proposed DFP algorithm can ensure that each strategy
profile will touch a Nash equilibrium with a positive probability.

If the probability of an event E occurring with a positive probability at any time step
t, i.e., pt(E) > 0. Then, the event E will eventually occur due to p(E) = 1 − ∏+∞

z=1(1 −
pz(E)) = 1. This means that our proposed DFP algorithm can ensure that each strategy
profile must touch a Nash equilibrium in infinite time.

Part II: At time step t, if strategy profile x = (x1, · · ·, xt
n) is a Nash equilibrium, then

we have xt
i = BRt

i , and x̂t
i = xt

i , ∀i ∈ V. Thus, we have xt+1
i = xt

i . Similarly, we have
xt+τ

i = xt
i , ∀τ ≥ 0. This means that any Nash equilibrium must touch this Nash equilibrium

and lock it in.
Based on the analysis of part I and II, our proposed DFP distributed algorithm

can converge to an Nash equilibrium with probability 1. Then, the proof of Theorem 2
is completed.

Remark 3. (1) Theorem 2 shows that our proposed DFP distributed algorithm can ensure that a
Nash equilibrium can be obtained. A Nash equilibrium can be obtained through other ways. For
example, any non-Nash equilibrium transforms into a Nash equilibrium within a time step.

(2) For common distributed game algorithms used to solve sensor coverage problems, such as
log-linear learning algorithm [28], binary log-linear learning algorithm [29], etc. Although these
algorithms can usually obtain a feasible solution, they theoretically cannot converge. For the
FP algorithm, δt

i is a fixed value, and this algorithm is not affected by the strategy during the
decision-making process.

4. Numerical Simulation
To evaluate the performance of our proposed DFP distributed algorithm, we compared

it numerically with representative algorithms that can be modeled as potential games. Let
us consider such a scenario: in a wireless sensor network composed of sensors from
multiple unmanned aerial vehicles, the main requirement is to allow some sensors to
monitor (i.e., sense) and collect effective information about the target area. Since sensors
consume energy when in working, and the area the monitored area, the more energy is
consumed. Therefore, how the sensor decides (to work or to turn off) to maximize the
global objective value can be regarded as the sensor coverage problem of this paper. For
fairness, each algorithm runs independently 1000 times to calculate the average value
under each setting. All numerical simulations are realized on the MATLAB R2023a and the
same computer with 3.20 GHz CPU and 16.0 G RAM.
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4.1. Simulation Set

In this subsection, the area Θi(ri) can be discretized as a two-dimensional grid repre-
sented by the Cartesian product {0, 1, · · ·, d} × {0, 1, · · ·, d}. The area length d is set from 20 to
200, and the number n of agents is set to 20, 50, 100, 200, respectively. The strategy set Xi of
player is set to {0, 5}, i.e., Xi = {0, 5}, ∀i ∈ V. the communication radius c = 2rm = 10. In
other words, if a sensor i does not work, its sensing radius xi and the communication radius c
are both 0. If a sensor i is working, its sensing radius xi is 5, and the communication radius c
is 10. A visual diagram as shown in Figure 1, where n is 15 and d is 20. In Figure 1, each solid
circle represents a sensor, and the black dots indicate sensors in the turn off state, meaning
its strategy is 0; the orange-red solid dots represent sensors in working state, the orange-red
solid dots represent sensors in 5. We can clearly see that within a given area, active (working)
sensors near the center can cover a complete circle area, while active sensors near the periphery
do not cover a complete circle area. Due to the possible overlap in coverage area between
active sensors, it can be seen from (6) that the benefits brought by each active sensor coverage
are its own unique coverage area, and its cost is only related to the coverage radius. Therefore,
our proposed MGL algorithm allows each active sensor to access the strategies of neighboring
sensors for decision-making, with the expectation of achieving global goal maximization. The
k in (4) is set to 0.2. For each 1000 independent runs of the algorithm, we calculate its the
corresponding average value f̄ , best value fbest, standard deviation δ, and average runtime T̄.
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Figure 1. Schematic diagram of sensor coverage. The coordinates of the fifteen sensors
are (13.43,24.27), (16.63,53.01), (14.91,6.64), (43.73,50.18), (31.02,47.42), (50.31,1.78), (13.98,2.13),
(38.30,9.81), (59.58,46.66), (29.84,28.08), (31.09,35.00), (59.85,23.66), (22.81, 45.58), (29.25,46.00), and
(24.75,17.84), respectively.

4.2. Compared with the Existing Representative Algorithms

Typical representative algorithms that participate in numerical simulation comparisons
include log-linear learning (LLL) algorithm [28], fictitious play (FP) algorithm [30], best
response (BR) algorithm [33], and genetic algorithm (GA) [34]. The simple process of those
algorithms are as follows:
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LLL algorithm: This is a typical distributed algorithm that can be used to solve problems
that can be modeled as potential games. The main idea of this algorithm is that, at each
time step t, a player i is randomly selected to choose a strategy xi from its strategy profile
Xi with the probability pxi for the next time step, and the probability pxi is expressed as

pxi (α) =
eα fi(xi ,xt

−i)

∑x̃i∈Xi
eα fi(x̃i ,xt

−i)
, (15)

where α ≥ 0. When α = 0, player i is randomly selects a strategy from its strategy set Xi for
the next time step. When α shows a tendency towards positive infinity, player i selects the
best response BRt

i for the next time step. Note that regardless of the given task value of α,
the LLL algorithm cannot converge. Therefore, for the LLL algorithm, we will sample at
the 100n time step, and α is set 1000.

FP algorithm: This is a commonly distributed algorithm that can be used to solve
problems that can be modeled as potential games. This algorithm has the characteristics of
simplicity and fast convergence. The main idea of this algorithm is that, at each time step t,
each player i chooses strategy xt

i with probability ω ∈ (0, 1) or selects the best response
BRt

i with probability 1 − ω for the next time step. Since a small ω induce a better solution,
ω is thus set to 0.1. This algorithm can converge to a Nash equilibrium.

BR algorithm: This is also a distributed algorithm that can be used to solve problems
that can be modeled as potential games. The main idea of this algorithm is that, at each
time step t, a player i is randomly selected to choose the best response BRt

i . This algorithm
can converge to a Nash equilibrium.

GA: This is a classic metaheuristic algorithm, a centralized optimization algorithm
that simulates natural selection and genetic mechanisms and belongs to the branch of
evolutionary computation. This algorithm has been applied to various fields, with main
operations including selection, crossover, and mutation. In this section, the fitness function
adopts (2).

The numerical simulation results are shown in Table 1. From this Table, we can see
the following:

(1) When we observe the solution quality, i.e., average value f̄ and standard deviation
σ, our proposed DFP algorithm performs the best result by comparing with other algo-
rithms, followed by the GA, LLL algorithm, BR algorithm and FP algorithm. Specifically,
compared to the FP algorithm, the reason why our proposed DF algorithm performs better
in this regard is that our algorithm has dynamic probability in strategy selection, while in
the FP algorithm, each player tends to choose the best response.

(2) When we further observe the best value fbest, under all experimental settings (that
is n and l), our proposed DFP algorithm can achieve the best values by comparing with
other algorithms. In some cases, other algorithms can also achieve optimal values, such as
in small-scale systems, i.e., n = 20, 50, the GA can also achieve the best values. It is worth
noting that under various settings, we have found through extensive simulation testing
that for a given setting of n/l, our proposed algorithm reaches its optimal value every
1000 runs.

(3) When we observe the average runtime T̄, FP algorithm performs the best result
by comparing with other algorithms, followed by the GA, DFP algorithm, BR algorithm,
and LLL algorithm. The reason why the LLL algorithm performs poorly in terms of
average runtime is that its update strategy mechanism is essentially a serial update strategy
mechanism, and its average running time is related to the system size (i.e., the number
of sensors), while other algorithms are essentially parallel update strategy mechanism.
Note that the average runtime of our proposed DFP algorithm is very close to that of the
FP algorithm.
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Table 1. Comparison results among different algorithms: Average value f̄ /Best value fbest/Standard
deviation σ/Average runtime T̄ (Unit: Seconds).

n/l

Algorithm Comparison

f̄ fbest σ T̄

DFP GA LLL BR FP DFP GA LLL BR FP DFP GA LLL BR FP DFP GA LLL BR FP

20/20 279.7 278.8 278.1 276.9 276.8 282.2 282.2 281.8 281.4 281.4 0.80 0.96 1.35 0.88 0.85 0.006 0.591 0.469 0.010 0.004
20/30 555.2 553.9 553.0 552.7 551.8 558.0 558.0 557.4 557.0 557.0 1.24 1.51 1.88 1.34 1.30 0.004 0.590 0.469 0.009 0.003
20/40 785.2 783.7 782.6 781.6 781.5 789.6 789.6 788.6 788.0 788.0 1.88 2.33 2.70 1.99 1.95 0.003 0.591 0.468 0.009 0.002

50/40 1018.1 1016.9 1016.0 1014.5 1014.4 1023.0 1023.0 1023.0 1022.4 1022.4 1.62 1.90 2.31 1.72 1.68 0.006 1.476 1.171 0.024 0.004
50/60 1824.2 1822.4 1821.1 1819.6 1819.5 1829.2 1829.2 1828.4 1827.6 1827.6 1.88 2.27 2.73 1.98 1.93 0.005 1.477 1.171 0.024 0.003
50/80 2271.5 2269.7 2268.2 2267.0 2266.8 2276.6 2276.6 2276.0 2275.4 2275.4 2.21 2.75 3.15 2.32 2.26 0.004 1.475 1.170 0.023 0.002

100/80 3220.2 3218.8 3217.8 3216.1 3215.9 3226.6 3225.8 3225.8 3225.0 3225.0 1.70 2.18 2.65 1.81 1.75 0.006 2.951 2.341 0.047 0.004
100/100 4008.8 4006.0 4005.4 4003.0 4002.9 4016.6 4015.6 4015.6 4014.8 4014.8 1.94 2.49 3.04 2.06 2.00 0.006 2.950 2.340 0.047 0.004
100/150 5070.2 5069.9 5066.1 5063.9 5063.8 5078.0 5078.0 5077.2 5076.4 5076.4 2.23 2.84 3.40 2.38 2.30 0.005 2.950 2.340 0.047 0.003

200/150 8433.7 8430.4 8428.0 8425.3 8425.2 8441.2 8438.6 8437.0 8436.2 8436.2 2.23 2.78 3.30 2.35 2.29 0.007 5.896 4.678 0.094 0.005
200/200 9850.3 9848.3 9846.8 9844.1 9843.91 9860.2 9859.0 9858.2 9857.4 9857.4 2.52 4.10 3.75 2.62 2.57 0.006 5.896 4.677 0.094 0.004
200/300 11,429.5 11,427.0 11,424.8 11,422.2 11,422.0 11,440.8 11,438.8 11,437.4 11,436.6 11,436.6 2.87 3.51 4.24 2.98 2.92 0.005 5.895 4.675 0.093 0.003

Bold values indicate the best value after comparison.

In sum, our proposed DFP algorithm can obtain a satisfactory solution within a
suitable time.

5. Conclusions and Future Research Directions
This paper investigates the issue of the multi-agent area coverage problem and ad-

dresses it within a distributed framework. We have treated each sensor as a player and use
the game theory approach to solve it. We have established a potential game for this problem
and designed a novel dynamic fictitious play distributed algorithm, which theoretically
demonstrates that this algorithm can ensure obtaining a Nash equilibrium. Simulation
results have shown that compared with typical optimization algorithms, our proposed
algorithm can obtain the best results in terms of average coverage, best value, and standard
deviation in a suitable time.

For future research directions, we will consider the following three aspects: (i) devel-
oping a novel distributed optimization method to achieve the optimal solution of sensor
area coverage problem; (ii) researching a sensor area coverage problem in more complex
environments, such as sensors being able to move, exit, or join; (iii) explore applying the
developed optimization approaches to real-world scenarios.
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Abbreviations
The following abbreviations are used in this manuscript:

Notation Definitions
Θi(ri) the area covered by sensor i under coverage radius ri

Ci(ri) the cost function of sensor i under coverage radius ri

V the set of players (sensors)
n the number of players
F the set of cost functions
X the strategy space
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Xi the strategy set of player i
x the strategy profile (solution)
x∗ the Nash equilibrium
Xne the set of all Nash equilibriums
xi the strategy of player i
x−i the strategy profile of all players expect player i
BRt

i the best response of player i at time step t
ri the coverage radius of player i
c the communication radius of all sensors
fi the utility of player i
fbest the best value in a set of data
φ the potential function
Γi the neighbor set of player i
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