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Abstract- Sensor networks, which consist of sensor nodes
each capable of sensing environment and transmitting data,
have lots of applications in battleﬁeld surveillance,
environmental monitoring, industrial diagnostics, etc.
Coverage which is one of the most important performance
metrics for sensor networks reﬂects how well a sensor ﬁeld is
monitored. In this paper, we introduce the maximum
coverage deployment problem in wireless sensor networks.
Random deployment is the simplest way to deploy sensor
nodes but may cause unbalanced deployment and therefore,
we need a more intelligent way for sensor deployment.
Normalization plays a role of reducing the search space to
another one of less size. Based on this property, we propose an
efficient genetic algorithm using a novel normalization
method. The proposed genetic algorithms could be further
improved by combining with a well-designed local search. The
performance of the proposed genetic algorithm is shown by a
comparative experimental study. When compared with
random deployment and existing methods, our genetic
algorithm was not only about twice faster, but also showed
significant performance improvement in quality.
Keywords-- Coverage,
Algorithm, Normalization.
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I. INTRODUCTION
A Wireless Sensor Network (WSN) can be composed of
homogeneous or heterogeneous sensors [1], which possess
the same or different communication and computation
capabilities, respectively. Although some works consider
heterogeneous sensors, many existing works investigate
node placement in the context of homogeneous WSNs.
Less complexity and a better manageability are the most
beneficial effects of homogeneity. Therefore, we consider
homogeneous nodes in WSNs. These nodes can be
deployed over a network in random or deterministic
fashion.

While the random node deployment is preferable in
many applications, if possible, other deployments should be
investigated since an inappropriate node deployment can
increase the complexity of other problems in WSNs.
Research in the field of mobile wireless sensor networks is
motivated by the need to monitor hostile environments
such as wild fires, disaster areas, toxic regions or
battlefields, where static sensor deployment cannot be
performed manually. In these working settings, sensors
may be dropped from an aircraft or sent from a safe
location. Mobile sensors can dynamically adjust their
position to improve the coverage [12] with respect to their
initial deployment.
Although the price of sensors gradually decreases as the
sensor technology evolves, cost considerations still make it
necessary to cover a wide range of a target area with a
minimum number of sensors, which can be accomplished
by efficient deployment of the sensors. For a small number
of sensors, manually placing them after considering their
sensing range can be effective. But as most sensor network
applications deal with a large number of sensors.
Random deployment is the simplest way to deploy
sensor nodes but may cause unbalanced deployment and
therefore, we need a more intelligent way for sensor
deployment. Covering as broad an area as possible is still
necessary and achievable using sensor networks. In real
world, it frequently appears that the sensor field is too large
to fully cover with a limited number of sensors. This
problem cannot be solved by deterministic methods such as
the circle packing algorithm because the sensing range may
not be equal. We define the problem formally and propose
an efficient genetic algorithm for solving the problem.
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A Monte Carlo method is adopted to design an efficient
evaluation function, and its computation time is decreased
without loss of solution quality using a method that starts
from a small number of random samples and gradually
increases the number for subsequent generations. A well
designed Local search helps to get the optimized result.
In this paper, we formally defined the maximum
coverage sensor deployment problem (MCSDP), which
frequently aroused in real-world applications. We analyzed
the properties of the problem space and tried to find good
sensor deployments using Monte Carlo and novel genetic
algorithms.
II. RELATED W ORK
A. Assumptions
Sensors have size, weight, and cost restrictions, which
impact resource availability. They have limited battery
resources and limited processing and communication
capabilities. As replacing the battery is not feasible in many
applications, low power consumption is a critical factor to
be considered, not only in the hardware and architectural
design, but also in the design of algorithms and network
protocols at all layers of the network architecture.
Therefore maximizing the network lifetime is an important
network design objective. Using a minimum number of
sensors is another clear objective, especially in a
deterministic node deployment approach.
Sensor coverage models measure the sensing capability
and quality by capturing the geometric relation between a
point and sensors. Among them, the Boolean disk coverage
model might be the most widely used sensor coverage
model in the literature. The coverage function [13] of the
model is given by
( (

))

∫

(

)

Where d(s, x) is the Euclidean distance between a sensor
s and a point x, and the constant rs is called sensing range.
Indeed this function defines a disk centered at the sensor
with the radius of the sensing range. This model is an
omnidirectional coverage model. All points within such a
disk have a coverage measure of 1, and are said to be
covered by this sensor. All points outside such a disk have
a coverage measure of 0, and are said not covered by this
sensor.

The sensing range rs is used to characterize the sensing
capability of a sensor. In general, different sensor types are
assumed to have different sensing ranges.
According to the subject to be covered, coverage in
sensor networks can be classified into three types: area
coverage, barrier coverage, and target coverage. In this
paper, we adopt the Boolean disk coverage model and deal
with area coverage problem, which equally treats every
point in the sensor field. In this paper, as a new trial, we
focus on the problem of maximizing the covered area of the
sensor field with a given number of sensors.
This
problem can not only be directly used to solve previous
area coverage problem that minimizes the number of
sensors to cover the whole sensor field by adjusting the
number of sensors in a binary search manner, but can also
be transformed into other types of coverage problems, e.g.,
barrier coverage problem in, which constructs a barrier that
maximizes the coverage of vehicle paths across the sensor
field with a given number of sensors. Although we assume
a specific coverage problem, the proposed methodology is
easily applicable to other types of coverage problems by
just changing the evaluation function.
The coverage algorithms proposed are either centralized
or distributed. In distributed algorithms, the decision
process is decentralized. By distributed and localized
algorithms, we refer to a distributed decision process at
each node that makes use of only neighborhood
information, within a constant number of hops. Because the
WASN has a dynamic topology and needs to accommodate
a large number of sensors, the algorithms and protocols
designed should be distributed and localized, in order to
better accommodate a scalable architecture.
B. Problem Formulation
We define the maximum coverage sensor deployment
problem (MCSDP) in the following way. There are k types
of static sensors, and each type of sensors can cover a given
area with an arbitrary fixed radius
r1, r2. . . rk. The
total number of sensors is n , and assuming that there is at
least one sensor for each type of sensors, sensors for type i
are numbered from ni to ni+1 − 1 with n1 = 1 and nk+1 = n
+ 1. That is, for
k + 1 numbers n1(= 1) < n2 < · · · <
nk+1(= n + 1), there are ni+1 − ni sensors for sensor type i,
where
i = 1, 2, . . . , k.
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The objective of the problem is to find locations (x1,
y1), (x2, y2), . . . , (xn, yn) for all n sensors that produce the
maximum coverage for a given domain A. Consider a
circle Cr(x, y) for which the center is (x, y) and the radius
is r, i.e., Cr(x, y) := {(v,w) ∈ R2 : (v − x)2 + (w − y)2 ≤
r2}, the problem can be formalized as follows:
Maximize area (⋃

⋃

(

)

))

C. Test Data Set
We assume that the domain A to be covered with sensors
is a square region in 2-D Euclidean space, [0, 100]×[0,
100]. We used 3 types of sensors for which the detection
radius for each sensor type is r1, r2, and r3, respectively.
The values of radii are determined by the criteria that r1 =
0.8×r2 and r2 = 0.8 × r3. The number of sensors for each
type is determined to match the given tightness ratio α, i.e.,
to make the total of each sensor’s detection area be a
product of α and the area of given domain A. In this
manner, 15 test instances given in Table I were generated.
The total number n of sensors varies from 17 of instance
S1-0.7 to 130 of instance S5-0.9. Main parameters in our
test data generation are modeled from literature including
real-world sensor information. Lamm [28], Srour [40], and
Seo et al. [37] dealt with 3 types of sensors named acoustic
sensor, seismic sensor, and forwardlooking infrared radar
(FLIR), which are used in battlefield surveillance of the
U.S. Army. The detection radius of seismic sensor is about
0.8 times that of acoustic sensor. Similarly, the detection
radius of FLIR is about 0.8 times that of seismic sensor.
For the tightness ratio α, we referred to the work of Zou
and Chakrabarty [56], [57]. They used just one type of
sensors and determined the number of sensors with the
tightness ratio 0.7. We extended their test data with more
sensor types (3 types) and more various tightness ratios
(0.8 and 0.9) including 0.7 because the price of sensors is
expected to be lowered as the technology for
manufacturing sensors advances. Given a budget, we will
be able to use more sensors to cover a given domain. So
additionally we considered larger tightness ratios (0.8 and
0.9) than 0.7 for an extended study.

III. P ROPOSED SYSTEM
A. Genetic Framework
Genetic algorithm [14] is a computational model that
simulates the process of genetic selection and natural
elimination in biological evolution. It has been widely used
to solve the combinatorial and non-linear optimization
problems with complex constraints or non-differentiable
objective functions. The computation of genetic algorithm
is an iterative process towards achieving the global
optimality. During the iterations, candidate solutions are
retained and ranked according to their quality. A fitness
value is used to screen out unqualified solutions. Genetic
operations of crossover, mutation, translocation, inversion,
addition and deletion are then performed on those qualified
solutions to create new candidate solutions of the next
generation. The above process is carried out repeatedly
until certain stopping or convergence condition is met for
simplicity, a maximum number of iterations can be chosen
to be the stopping condition. The variation difference of the
fitness values between two adjacent generations may also
serve as a good indication for convergence. To utilize the
genetic algorithm method, various parts of the SDP must be
mapped to the components of the genetic algorithm as will
be shown in this section.
We describe the genetic framework [13] we use for our
study. Let N be the population size. A collection of N/2
pairs is randomly composed, and crossover and mutation
are applied to each pair, generating N/2 offspring. Parents
and newly generated offspring’s are ranked, and the best N
individuals among them are selected for the population in
the next generation. In all our experiments, a population
size of 50 was used (N = 50). Our GAs terminate after
1,000 generations. As crossover and mutation operators,
BLX-α and Gaussian mutation (described below) are used,
respectively.
• BLX-α: Offspring z = (z1, z2. . . z2n) is generated from
parents x = (x1, x2, . . . , x2n) and y = (y1, y2, . . . , y2n),
where zi is uniformly randomly chosen from the interval
[min{xi, yi} − αI, max{xi, yi} + αI], where I = |xi − yi|.
Since the value 0.5 for α is widely used, we also used the
same value in our GAs.
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• Gaussian mutation: The i-th gene xi of an individual is
mutated by N (0, σi) with mutation rate pm, where N(0, σi)
is an independent random Gaussian number with the mean
of zero and the standard deviation of σi. In our GAs, σi is
fixed to 50 - a half of width of a given domain A = [0, 100]
× [0, 100] -and pm is fixed to 0.1/n, where n is the total
number of sensors.
B. Evaluation
The evaluation function of the MCSDP corresponds to
calculating the total area covered with emplaced sensors.
That is, the evaluation value is the area of union of circles
centered around each sensor’s location, and the radius is
each sensor’s detection range. Thus, we practically
evaluated a given deployment by a Monte Carlo simulation
method. Monte Carlo methods perform repeated random
sampling to compute results. Let X be a covered area
Maximize area (⋃

(

⋃
(

AREA (X) =∫

)

))

)

C. Normalization
To verify that the normalization [23] method actually
works on the MCSDP, we performed experiments with
three rearrangement strategies. Assume that one parent x is
((p1, q1), (p2, q2)… (p n, q n)) And the other parent y is
((r1, s1), (r2, s2). . . (r n, s n)).
• RAND: Without rearrangement, the original arrangement
of the second parent is chosen before recombination.
• MINDIST: We rearrange the genes of the second pare nt
to minimize the distance sum, i.e., the value of
∑

((

)(

))

If we adopt the Euclidean distance as a distance for 2-D
coordinates, the value becomes
∑ (

)

(

)

• MAXDIST: We rearrange the genes of the second parent
to maximize the distance sum, i.e., the value of

∑

((

)(

))

Here, MINDIST method is the closest to the meaning of
normalization since both parents can be said to be similar
to each other if the distance between them is small.
Moreover, the minimum distance sum in the MINDIST
method becomes a metric on the phenotype space G/ ∼ by
the following proposition.
Normalization Steps:
1. N solutions are randomly generated. (N is100.)
2. N/2 pairs of solutions are produced.
3. Rearrangement is applied to the second parents by the
three aforementioned methods.
4. Crossover operator (BLX-0.5) is applied to each pair the
first parent and the rearranged second parent.
5. The average and the standard deviation of the coverage
of N/2 offspring are calculated.
MINDIST method is superior to the others as we
expected, and we can expect good performance of GAs
when using the MINDIST method as normalization
IV. EXPERIMENT
We conducted experiments on 15 instances presented in
Table I (see Section II-C) to verify the performance of the
proposed GAs. Tables IV and V show the results. Thirty
trials were performed for each method and the results were
averaged over the trials. “Time” is the average CPU
seconds that were taken to perform 30 trials on an Intel
Xeon CPU 2.4 GHz. In the table, PGA means a pure
genetic algorithm without the proposed normalization and
speed-up techniques. Monte Carlo method was used with a
fixed number of random samples (100,000) to evaluate the
solutions. To verify the effectiveness of the GA, we
compared the results with a multistart method using
randomly-deployed solutions [44]. As a single run, we
repeatedly sampled a number of randomly-deployed
solutions in the given domain A = [0, 100]× [0, 100] for an
amount of time similar to the GA, and chose the best one.
RANDOM in the table is the result. When we compare the
results of RANDOM and PGA, PGA showed significantly
better performance than RANDOM (see the results of onetailed t-tests in PGA). It can be seen that GAs performed
well on the MCSDP.
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GA using Monte Carlo evaluation with an increasing
number of random samples (called MGA) mentioned in
Section III-B was also tested. In MGA, the initial number
of random samples is 10,000 and increased by 10,000 per
100 generations. MGA was about two times faster than
PGA, so the computational cost could be largely reduced
using such a method. MGA uses the same framework as
PGA except its evaluation time was reduced with the
proposed speed-up technique.

Based on these results, we can conclude that MCSDP is
efficiently solved by GAs, and the performance can be
improved by the proposed normalization method, speed-up
technique, and hybridization with local search.
Table I
Test Instances
Instance
S1-0.7
S2-0.7
S3-0.7
S4-0.7
S5-0.7
S1-0.8
S2-0.8
S3-0.8
S4-0.8
S5-0.8
S1-0.9
S2-0.9
S3-0.9
S4-0.9
S5-0.9

r1

14.00
12.00
10.00
8.00
6.00
14.00
12.00
10.00
8.00
6.00
14.00
12.00
10.00
8.00
6.00

n1

r2

5
6
8
12
22
5
6
9
14
25
6
7
11
16
28

11.20
9.60
8.00
6.40
4.80
11.20
9.60
8.00
6.40
4.80
11.20
9.60
8.00
6.40
4.80

n

2

r3

5
8
12
18
32
6
9
13
20
36
7
11
14
23
41

8.96
7.68
6.40
5.12
3.84
8.96
7.68
6.40
5.12
3.84
8.96
7.68
6.40
5.12
3.84

n3

7
10
16
27
47
10
14
19
29
55
10
14
21
34
61

n

α

17
24
36
57
101
21
29
41
63
116
23
32
46
73
130

0.68
0.69
0.70
0.70
0.70
0.80
0.79
0.79
0.78
0.80
0.90
0.89
0.90
0.90
0.90

V. CONCLUSION

Fig. 1. Sensor deployment of instance S1-0.7 found by various
methods.(a) RANDOM (Coverage: 5980.55). (b) PGA (Coverage:
6802.99). (c) MGA (Coverage: 6806.75). (d) OPTGA (Coverage:
6810.67). (e) Multi-start VFA. (Coverage: 6512.01). (f) OPTHGA
(Coverage: 6814.65).

Best solutions found by RANDOM, PGA, MGA,
OPTGA, VFA, and OPTHGA for the smallest instance S10.7, and Fig. 5 visualizes the best solutions for the largest
instance S5-0.9. In both figures, we can see that the
solution found by OPTHGA is the best and the solution
found by RANDOM is the worst among the six methods.

Maximum coverage sensor deployment problem
(MCSDP), which frequently aroused in real-world
applications. We analyzed the properties of the problem
space and tried to find good sensor deployments using
novel genetic algorithms. According to our analysis, the
relation between the genotype space and the phenotype
space of the MCSDP can be viewed in terms of quotient
space. Considering this property, we devised a novel
normalization method for the problem that could improve
the performance of genetic algorithms. The effectiveness of
the proposed normalization method and genetic algorithms
were shown by extensive experiments and it can be
concluded from these results that the MCSDP is efficiently
solved by genetic algorithms with performance improved
by our normalization method. The evaluation of sensor
deployment was implemented using a Monte Carlo method
that reduced time cost by a speed-up technique that started
with a small number of random samples that increased with
subsequent generations. Moreover the performance could
be improved even further with mimetic algorithms
combined with a well-designed local search.
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We applied our genetic algorithms to a sensor
deployment problem with static sensors, but it is expected
that the proposed methodology will also show good
performance with mobile sensors. Further exploration with
mobile sensors is left for future study.
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