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Optimal Sensor Deployment for Wireless Surveillance Sensor
Networks by a Hybrid Steady-State Genetic Algorithm
Jae-Hyun SEO† , Yong-Hyuk KIM† , Hwang-Bin RYOU† , Nonmembers, Si-Ho CHA†† ,
and Minho JO†††a) , Members

SUMMARY
An important objective of surveillance sensor networks is
to eﬀectively monitor the environment, and detect, localize, and classify
targets of interest. The optimal sensor placement enables us to minimize
manpower and time, to acquire accurate information on target situation and
movement, and to rapidly change tactics in the dynamic field. Most of
previous researches regarding the sensor deployment have been conducted
without considering practical input factors. Thus in this paper, we apply
more real-world input factors such as sensor capabilities, terrain features,
target identification, and direction of target movements to the sensor placement problem. We propose a novel and eﬃcient hybrid steady-state genetic algorithm giving low computational overhead as well as optimal sensor placement for enhancing surveillance capability to monitor and locate
target vehicles. The proposed algorithm introduces new two-dimensional
geographic crossover and mutation. By using a new simulator adopting the
proposed genetic algorithm developed in this paper, we demonstrate successful applications to the wireless real-world surveillance sensor placement problem giving very high detection and classification rates, 97.5%
and 87.4%, respectively.
key words: wireless sensor networks, surveillance sensor deployment, hybrid steady-state genetic algorithm

1.

Introduction

Wireless sensor networks (WSNs) are utilized to monitor
the areas where traditional networks could not be used.
WSNs have been widely implemented in practice such
as disaster intervention, habitat monitoring, microclimate
research, surveillance, emergency search-and-rescue and
medical care, as sensor capability has improved [1], [2].
Currently, surveillance operations require an automated sensor deployment system. Especially, an automated sensor allocation and management system [3] is vital to a ground operation that monitors the movement of targets. We are much
interested in the improvement of sensor capability as well as
optimal sensor placement. The optimal sensor emplacement
enables us to minimize manpower and time, to acquire accurate information on target movement, and to rapidly change
tactics in the dynamic field. Therefore, the optimally fitted
sensor emplacement allows for us to have a good awareness
of targets.
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In general, the position of sensors aﬀects coverage,
communication costs, and resource management of surveillance sensor networks. Thus we are required to place a sensor in the best location. Nevertheless, we randomly deploy
the sensors to monitor and locate the target vehicles. This
random deployment may cause sensors to be centralized or
to be surrounded by terrain features. It will decrease the
probability of detection and classification of target movement. Most of previous literatures regarding the sensor deployment have focused their research on theoretical points
without considering practical input factors. Thus in this paper, we apply more real-world input factors such as sensor
capabilities, terrain features, target identification, and direction of target movements to the wireless surveillance sensor
placement problem.
In addition to the more practical problem-solving contribution of this paper, we propose a novel hybrid steadystate genetic algorithm (GA) to solve the practical sensor
deployment problem with more complex real-world input
factors. The optimal sensor placement is a problem of maximizing coverage and minimizing the number of sensors. It
is a kind of the Minimum Set Cover (MSC) problem. MSC
is an NP-hard problem. We here propose a hybrid steadystate GA to find the high-quality solutions of the wireless
surveillance sensor deployment and apply it to a practical
case study. The proposed genetic algorithm to solve the
real-world sensor deployment introduces 2-dimensional geographic crossovers and mutations, and local optimization
which are unique features. In this paper, the experimental
data was obtained from a real surveillance situation.
The remainder of this paper is organized as follows:
Sect. 2 explains previous studies for the optimal sensor emplacement. Section 3 defines the real-world problem handled in this paper. In Sect. 4, we propose a hybrid steadystate genetic algorithm for the optimal sensor deployment.
Section 5 describes the environments of experiment and analyzes the results of simulation. The paper ends with conclusions in Sect. 6.
2.

Related Work

There have been a number of other studies for the optimal
sensor deployment.
Lamm [4], [5] developed sensor employment rules on
a system engineering framework using statistical tools such
as Response Surface Methodology (RSM) [6]. Lamm used a
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computer simulation to test experimental designs. The computer simulation uses MapInfo Professional and MapBasic
software programs based on the geographic information system. The major steps of the RSM experiment are as follows.
The initial step includes the design for the RSM experiment
before sensor deployment. The next step is to test whether
the experiment model is linear or not. The final step is to
develop initial sensor emplacement rules considering tradeoﬀ with multi-objectives and to refine them as the steps are
iterated. This test requires a lot of time and moreover it is
diﬃcult to conduct elaborate experiments.
Virtual force algorithm (VFA) of Zou et al. [7] employed the repulsive and attractive forces so as to enlarge
the coverage for the target region. In VFA, a cluster-head
gathers the location information of every sensor. Every sensor has a force on it influenced by other sensors, obstacles,
and preferential areas. The experiment of VFA shows that
more sensors should be emplaced around the obstacles than
in the preferential areas. However, the cost of sensor devices
will be drastically increased because more and more sensors
are needed as the target area is expanded. It will be required
how to decrease the number of sensors.
Wang et al. [8] could meet the grid-quorum that a highdensity grid sends advertisements along its row and a lowdensity grid sends requests along its column. They could
achieve better fairness as describing the cascaded movement. A direct long movement could be decomposed into
multiple short movements. The accomplished fairness could
make it possible to relocate sensors evenly. The sensor relocation maximizes coverage and shows higher detection
rates.
Sharp et al. [9] made an experiment on the pursuerevader problem. The problem is that the evader moves randomly in the sensing field and the pursuer tries to capture
the evader by the information from the static wireless sensor
network. The experiment contributed to building the basic
sensor emplacement system significantly.
There were two genetic approaches. Xu et al. [10] proposed in 2006 a genetic algorithm to optimize sensor placement and to minimize the number of sensors. Zhao et al.
showed energy eﬃcient heterogeneous sensor deployment
using a general genetic algorithm in 2007 [11]. The key
operators of the algorithms are order-mapped crossover and
simple inversion mutation. And it is diﬃcult to apply them
to the real-world because of lack of real-world input factor
modeling. They don’t consider the real-world input factors
such as sensor capabilities, terrain features, target identification, and direction of target movements for the sensor
placement problem which are included in our problem solving. Because our proposed hybrid steady-state genetic algorithm uses 2-dimensional geographical crossover and mutation while Xu et al. and Zhao et al.’s genetic algorithms
do not use them, we cannot compare performance results of
both algorithms and ours.

3.

Problem Definition

Sensor capabilities, terrain features, target identification, the
direction of target movements, and more factors are essential to the real-world sensor placement. It is crucial to consider how the input factors will aﬀect the target detection.
Therefore, we introduce the sensor network elements and
performance evaluation function, and denote input variables
in this section.
3.1 Problem Statement
A seismic sensor can detect vibrations caused by the movement of vehicles or human beings. An acoustic sensor can
detect acoustic signatures caused by the movement of vehicles or human beings. FLIR (Forward-Looking Infrared
Radar) is a device that senses infrared radiation. An attrition sensor is used to destroy sensors which belong to the
other party. A wheeled vehicle is a vehicle that moves on
wheels and usually has a container for transporting things
or people such as trucks. A tracked vehicle is a vehicle that
runs on tracks instead of wheels such as trains.
In our experiment, the targets are classified into
wheeled vehicles and tracked vehicles. The terrain features
consist of rivers, trees, hills, towns, and open fields. Seismic, acoustic, FLIR, and attrition sensors are used for our
experiment.
The eﬀective sensor capabilities are obtained from U.S.
Army Research Laboratory (ARL) [12]. Table 1 shows the
probability of the target movements [4].
Sensor capabilities are probability of sensing a target.
Table 2 and Table 3 show the degradation of sensor capabilities which is aﬀected by the terrain features and the Euclidean distance between sensors and obstacles [4]. The
criteria capability 100% is based on an open field. On the
other hand, the town field gives worst capability. A feature
with the more and bigger obstacles such as buildings, water,
hills, and trees will degrade the more sensor capability due
to refraction, reflection, diﬀraction, and interference. In TaTable 1

Table 2

Probability ranges used for target movements.

Degradation of sensor capabilities by terrain features (%).
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Table 3 Degradation of sensor capabilities by natural logarithm
function.

Table 4

Notation of input variables and evaluation function.

ble 2, notice that degradation is significant for the features
like river, trees, hills, and towns.
In Table 3, eﬀective detection rates (Power of Detection, POD) converted by the natural logarithm function, are
provided. C1 and C2 are constant to compute degradation of
sensor capability and D1 (m) and D2 (m) are detection range
of sensors.
3.2 Input Variables and Evaluation Function
Input variables and evaluation function are defined in Table 4. Every target moves passing through a grid cell of area
5 km × 5 km. The direction of target movements in a grid
is defined by a probability given in Table 1 and Formula
(2). The frequency of target movements is chosen at random. Multiple target movements can occur simultaneously

in a grid.
We compute the number of undetected targets by the
function. Then, we calculate the detection rate and the correct classification rate as provided in Formula (7). Detection
means that sensors sense a target successfully. Classification
accounts for the case of classifying a type of target successfully among the detected targets. We consider the dynamic
input variables for our problem, such as target movement direction (p) in Tables 1 and 4 and breakdown of sensors destroyed (detected) by the attrition sensors of the other party
in Formula (2) and (4).
The following are equations describing the evaluation
function to test our sensor employment capability. Formula
(1) sets the detection rate for each cell based on the distance between the center of each cell and sensors. Formula
(2) shows probability ranges used for targets and the coordinates of the moved sensor are given by Formula (3). Formula (4) and Formula (5) present the process of getting the
numbers of detected targets (Cdetect ), correctly classified target vehicles (Cclass ), and our sensors detected by the attrition sensors of the other party (Cattrition ), all of which are to
be parameters of simulation.

POD × R
if 0 ≤ x ≤ D1

(1)
S (x) = 
log (x) × C1 + C2 × R if D1 ≤ x ≤ D2
⎧
⎪
(0, −1) if 0 ≤ p ≤ 0.02
⎪
⎪
⎪
⎪
⎪
(−1,
0) if 0.03 ≤ p ≤ 0.22
⎪
⎪
⎪
⎪
⎪
(1, 0)
if 0.23 ≤ p ≤ 0.42
⎪
⎪
⎨
(0, 0)
if 0.43 ≤ p ≤ 0.5
(x, y) = ⎪
(2)
⎪
⎪
⎪
⎪
(1,
1)
if
0.52
≤
p
≤
0.7
⎪
⎪
⎪
⎪
⎪
(0, 1)
if 0.71 ≤ p ≤ 0.8
⎪
⎪
⎪
⎩ (−1, 1) if 0.81 ≤ p ≤ 1
(a, b) = (α, β) + (x, y)
(3)

1 if r ∈ R, r < e
Hl =
0 otherwise

1 if r ≤ e, Hl = 1
Ik =
0 otherwise

(4)
1 if p ∈ R, p < t, Ik = 0
Fi =
0 otherwise

1 if c ≤ 0.95, Fi = 1
Gj =
0 otherwise
In Formula (4) and Formula (5), i denotes the number
of detected vehicles, j accounts for the number of classified
vehicles, and l and k stand for the number of our sensors detected and destroyed, respectively by the other party. Ik tells
whether or not our sensor is destroyed by the other party’s
attrition sensor. Thus Ik will influence the number of detecting target vehicles, Fi . If the number of instances of Ik
= 1 increases, the number of detecting target vehicles, Fi
decreases (i.e., the case of Fi = 1 occurs less).
Wtgt

Cdetect =

T tgt

Fi +
i=1

Fi
i=1
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Wtgt

Cclass =

T tgt

Gj +
j=1

Gj

Wtgt

Cattrition =

(5)

j=1
T tgt

Ik +
k=1

Ik
k=1

U = Wtgt + T tgt − Cdetect
D=1−

U
Wtgt + T tgt

,C =

(6)
Cclass
Cdetect

(7)

When the target vehicles move passing through the
area, we compute the number of undetected targets by applying Formulas (2), (3), (4), and (5). Finally, we compute
the detection rate and the correct classification rate by Formula (7). Notice that Cattrition is not for equations but only
for monitoring the number of our sensors destroyed by the
other party. The number of our sensors destroyed by attrition sensors is already reflected in Formula (4).
4.

The Proposed Genetic Algorithm

In this section, our hybrid steady-state genetic algorithm is
proposed, and the principal operators to optimize sensor emplacement are illustrated.
4.1 Hybrid Steady-State GA
Genetic algorithms (GAs) were first proposed by Holland
[13]. GAs are a class of probabilistic optimization algorithms and inspired by the biological evolution process.
GAs model the concept of natural selection and genetic inheritance.
Our hybrid steady-state GA is the mixture of the
steady-state GA and the hybrid GA. The generational GAs
replace the whole or a part of solutions with new oﬀspring
per each generation. Meanwhile, the steady-state GA replaces just one solution with a new oﬀspring per each generation. We classify GAs into hybrid or pure ones according
to whether or not local optimization is applied. The hybrid
GA uses local optimization for improvement of oﬀspring
produced by crossover.
Figure 1 shows the flow diagram of our hybrid steadystate GA. The steps of the proposed GA are described in the
following.
1. Step 1 generates population based on a random deployment.
2. Step 2 is the selection of Parent 1 and Parent 2.
3. Step 3 is the process of the crossover which creates an
oﬀspring by the genes’ recombination of Parent 1 and
Parent 2.
4. Step 4 is the process of the mutation that varies each
gene of the oﬀspring by some probability. Then we
make simulation for evaluating the oﬀspring and get
the information of detection rate and classification one.
5. Step 5 is the process of the local optimization. The operator moves each sensor to the best adjacent position

Fig. 1

A flow diagram of the proposed hybrid steady-state GA.

by trying to move the sensor to the eight neighbor cells.
6. Step 6 is the process of the replacement that replaces
with the final oﬀspring a solution of the population.
7. All steps will be iterated until the stop condition is satisfied. The stop condition is set up to the number of
generations.
4.2 Crossovers and Mutations
We apply two diﬀerent crossover operations and two mutation operations in the proposed hybrid steady-state GA.
The two crossover operations are block crossover and table
marriage crossover and the two mutation operations include
swap mutation and attractive/repulsive (AR) mutation.
4.2.1 Block Crossover
Anderson et al. [14] suggested a block uniform crossover on
a two-dimensional matrix chromosome that tessellated the
chromosome into i× j blocks; the gene in the block is copied
from a uniformly selected parent. In this paper, we do not
use a random property because in our preliminary test it did
seldom give any eﬀects on the performance. Figure 2 shows
the block crossover, a modified version of the original block
uniform crossover. Table 5 shows the pseudo-code of this
modified operator.
4.2.2 Stable Marriage Crossover
A stable marriage problem [15] has two finite sets: the set
of men and that of women. It is designed for finding stable
matching which is just a one-to-one mapping between both
sexes. In this paper, we apply the stable marriage problem to
a new crossover operator named stable marriage crossover.
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Table 6

Fig. 2

Table 5

The pseudo-code of the stable marriage crossover.

A block crossover.

The pseudo-code of the block crossover.

Fig. 4

Table 7

Swap mutation.

The pseudo-code of the swap mutation.

For example, a pair (x1 , x2 ) gets ‘0,’ following the gene of
Parent 1, i.e., their oﬀspring will be x1 . Table 6 shows the
pseudo-code of this operator.
4.2.3 Swap Mutation

Fig. 3

Stable marriage crossover.

The operator makes pairs between nearest sensors of Parent
1 and Parent 2. For each pair, the genes are copied from
a randomly selected parent. Figure 3 shows an example of
paring the genes (sensors) of both parents and generating
oﬀsprings. In the first step, the marriages of nearest sensors between Fig. 3(A) and Fig. 3(B) are (x1 , x2 ), (y1 , y2 ),
(z1 , z2 ), and (w1 , w2 ). In the second step, genes are determined. Based on randomly generated binary digit, ‘0’ or
‘1,’ the gene of an oﬀspring is determined: cloning the gene
of Parent 1 if the binary digit is ‘0’and the one of Parent 2
if ‘1.’ Figure 3(C) represents the newly generated oﬀspring.

Swap mutation is the operator that exchanges the gene positions on 2-dimensional chromosome with some probability.
This operator moves each individual sensor to a randomlychosen empty cell with a specified small probability. Figure 4 shows an example of swap mutation under a virtual
situation that every gene position is mutated. Table 7 shows
the pseudo-code of this operator.
4.2.4 Attractive and Repulsive Mutation
In attractive and repulsive (AR) mutation, every sensor is
moved to a new position which is computed by attractive or
repulsive force between each pair of sensors. The procedure
of this mutation is in the following. (1) Calculate distances
between a sensor and the other sensors. (2) α value is calculated by sensor eﬀective range, target region, and distance.
(3) We multiply the distance and α value. Then we divide
it into the number of other sensors and add it to the initial
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Table 8

Fig. 5

Table 9

Notation for AR mutation.

• Population: It is generated by 30 random deployments
of sensors.
• Selection: We use a roulette-wheel-based proportional
selection in which the best individual is selected with
four times higher probability than the worst.
• Block crossover: This operator divides the target area
by 15 columns and 15 rows. Selected parents show a
plaid- shaped rectangle.
• Stable marriage crossover: This operator pairs the nearest sensors from both parents. Then, it recombines the
genes which are randomly chosen from each pair.
• Swap mutation: This operator randomly exchanges a
sensor cell with an empty cell by some probability.
• AR mutation: This operator makes sensors move to the
position, which is computed by attractive and repulsive
forces, to maximize coverage with some probability.
• Local optimization: The operator moves each sensor to
the best adjacent position by trying to move the sensor
to the eight neighbor cells.
• Replacement: If Parent 1 sensor position or Parent 2
sensor position is better than oﬀspring sensor position,
inferior one of Parent 1 and Parent 2 is replaced with
the oﬀspring sensor position. If an oﬀspring sensor position is better than the worst sensor position in the population, the worst one is replaced. If not, the oﬀspring
sensor position is discarded [16].
• Stop condition: The GA stops when the number of generations reaches a fixed value (we set the number to
100.).

An example of AR mutation.

sensor coordinates.
An example of this AR mutation is illustrated below.
The notation for the AR mutation is shown in Table 8. Assume that one scale is 200 meters. The area of the target
region is 5 km × 5 km. Figure 5(A) is an initial sensor deployment. Figure 5(B) is a sensor emplacement after AR
mutation is completed. The example shows that an initial
sensor position (−2, −2) is mutated to (−2.71, −2.58). The
pseudo-code of the AR mutation is given in Table 9.
D = 200, W = 5000, r = 250, N = 3
d1 = D ×

(x − x1 )2 + (y − y1 )2 ,

d2 = D ×

(x − x2 )2 + (y − y2 )2 ,

d3 = D ×

(x − x3 )2 + (y − y3 )2 ,

d1 − r × 2
d2 − r × 2
, α2 =
,
W
W
d3 − r × 2
,
α3 =
W
(x − x1 ) × α1 + (x − x2 ) × α2 (x − x3 ) × α3
+x
Sx =
N
(y − y1 ) × α1 + (y − y2 ) × α2 (y − y3 ) × α3
Sy =
+y
N
∴ (S x , S y ) = (−2.71, −2.58)
α1 =

4.3 Parameters
Simulation is conducted using the proposed hybrid steadystate GA. The parameters used in the GA are as following:
• Encoding: It represents the coordinate of every sensor
using a 2-dimensional real vector.

The pseudo-code of the AR mutation.

5.

Experiments

5.1 Simulation Environments
We tried to use the MapInfo Professional and MapBasic software for our simulation of the sensor deployment.
However since the Map Info simulator showed lower timeperformance, we have developed a new simulator to raise
the eﬃciency of time-performance. Table 10 shows an average error and a standard deviation between the two simulators after we make experiments over 1,000 runs. The test
result verifies the credibility of our simulator.
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Table 10 Comparison of an average error between MapInfo simulator
and our simulator.

Table 11

Fig. 6

Table 12

Table 13

Test results of proposed GA.

Simulation environment.

Direction of target movements.

Fig. 7 Transition of detection rate and classification rate for No.2 in
Table 13.

Setup of experiments (23 =8).

The following scenario is an example to make experiments presented in this paper. Table 11 shows the parameters used in the simulation.
The target vehicles move as in Fig. 6. Probability for
the directions of target movement is shown in Table 1 of
Sect. 3.1. Table 1 shows the probability for each direction
of target movements depending on a random number generated during the simulation. A simulation runs based on the
terrain information. The degradation of sensor capabilities
is defined in Table 2 and Table 3 of Sect. 3.1.
5.2 Experimental Results
We compare eight approaches for the simulation given in
Table 12. The approaches are combinations of crossovers,
mutations, and local optimization. We conduct experiments
on each combination.
The test results of Table 13 show the best results (D:
max detection rate. C: max classification rate), average one
(DA: detection average. DC: classification average), and
running time of each combination.

The column “T” shows the average CPU seconds taken
on a Core2 2.4-GHz personal computer. Because the hybrid
steady-state simulation is conducted before deployment, the
CPU time (T) is NOT of interest unless it is that long like a
NP-hard problem time. In the experiment, the combination
of stable marriage crossover, AR mutation, and local optimization and the combination of block crossover, swap mutation, and local optimization showed the best performance.
Comparison between No. 1–4 and No. 5–8 proves that local
optimization shows the synergy eﬀects around all combinations. In the experiments with No. 2 and No. 3, the results
show that the combination of stable marriage crossover, AR
mutation, and local optimization and the combination of
block crossover, swap mutation, and local optimization have
higher synergy eﬀect than other combinations. Notice that
in Table 13, the max classification rate (C) is only for the
case of the max detection rate (D), while the classification
average (CA) is for the case of all detection trials. Thus it
is possible that the max classification rate is less than the
classification average. For example, we have a total of 10
vehicles. If 10 vehicles (5 classified), 6 vehicles (4 classified), and 4 vehicles (3 classified) are detected, their detection rates (classification rates) are 100% (50%), 60% (66%),
and 40% (75%), respectively. The max classification rate
corresponding to the max detection rate, 100%, is 50% but
the classification average will be 63.6%.
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Table 14

Fig. 8 An initial sensor deployment. (detection rate: 72.5%,
classification rate: 84.6%)

numbers of sensors. In these experiments, we used GAs
with stable marriage crossover, AR mutation, and local optimization. The column “Sensors” in Table 14 shows the
number of seismic sensors and acoustic sensors, respectively. As the number of sensors increases, the detection rate
is higher but execution time is longer. In other words, more
number of sensors gives more accurate information. However the running time is influenced by the local optimization
because more sensors require more local optimization process.
6.

Fig. 9 An optimized sensor deployment. (detection rate: 97.5%,
classification rate: 87.4%)

Figure 7 shows the evolutionary process for No. 2 of
Table 13. In Fig. 7, the y axis indicates the percentage for
detection and classification. The x axis is the number of
generations. POD and POC are the maximum detection rate
and the maximum classification rate, respectively. POD Average and POC Average means the averages of detection rate
and classification rate over population, respectively. POD
shows 97.5% and POC is 87.4%. Averages of POD and
POC over population present 86.6% and 86.9% at the end,
respectively.
Figure 8 visualizes a randomly deployed sensor placement. The detection rate and the classification rate of the initial sensor deployment are 72.5% and 84.6%, respectively.
Figure 9 visualizes an optimal sensor deployment performed
by using the proposed hybrid steady-state GAs. The detection rate and the classification rate are 97.5% and 87.4%,
respectively.
Table 14 shows the experimental results over various

Test results over various numbers of sensors.

Conclusion

In this paper, we propose and apply a new genetic algorithm
to optimize sensor emplacement which is suitable for wireless surveillance sensor networks. Since most of previous
researches have been conducted on the sensor placement
with lack of real-world input factors, we applied real-world
input factors such as sensor capabilities, terrain features, target identification, and direction of target movements for the
surveillance sensor placement problem. We demonstrated
successful applications of the real-world through simulation. We had very good results of simulation giving detection rate of 97.5% and classification rate of 87.4% by the
proposed hybrid steady-state genetic algorithm using stable marriage crossover, attractive and repulsive mutation,
and local optimization. We ultimately could prove that the
proposed hybrid steady-state genetic algorithm works best
for the optimal surveillance sensor placement based on twodimensional genetic operators.
Future work includes the investigation of extended
sensor capabilities, additional environmental elements, and
more detailed grids. In order to achieve better performance,
designing other improved two-dimensional operators will be
promising.
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