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Abstract. In this work we are presenting the implementation part of
our research which explores two of the main Evolutionary Compu-
tation techniques which are; Genetic Algorithms (GAs) and Particle
Swarm Optimization (PSO) to optimize the energy dissipation in a
dynamic Wireless Sensor Network (WSN). We are evolving a hy-
brid algorithm by applying the GAs in the first phase to divide the
sensor network into K-clusters (K-unknown). The output of the first
phase will be used as an initial population for the particles in the
Swarm which represents the dynamic Sensor Network. GAs proved
to be used effectively in the optimization of static Sensor Networks,
but for dynamic networks, PSO algorithms are more suitable since
the swarms are moving objects by nature. Hence, in this work PSO
algorithms are proposed to keep the optimum distances between the
sensor nodes during the sensors movement.

1 INTRODUCTION

The integration of sensing, signal processing, and data communica-
tion functions allows a WSN to create a powerful platform for pro-
cessing data collected from the environment. The algorithms and
protocols for this kind of network must be able to enable network
operation during its initialization and during both normal and excep-
tion situations. While the traffic bandwidth requirement is not the
main WSN networking issue, the reliability is strongly expected to
be fulfilled [5]. Any WSN is deeply involved in and related to the
monitored environment, and any change occurring to the surround-
ings will significantly influence its performance; nevertheless, the
network must be able to tolerate and ’survive’ any change by im-
plementing proper reactions and adaptation mechanisms sustaining
communications for both sensed data and commands [2]. In this work
we propose to design an algorithm for a large scale mobile sensors
network. This algorithm should provide a robust and energy-efficient
communication mechanism which enables the swarms of sensors to
move while keeping optimum distances between the sensor nodes.

The rest of this paper will be structured into the follwing sections;
Section 2 describes a background ideas and motivation for our work.
In section 3, we are explaining the first phase of our proposed algo-
rithm by using GAs to cluster the Sensors Network into independent
groups. Section 4 shows the second phase of the proposed algorithm
where we use the PSO technique to enable the clusters which are
produced in phase-1 to move as Swarms while keeping the optimum
distances. In section 5 the implementation of the proposed algorithm
is explained by showing some snapshots of the simulation program.

L Gulf College, OMAN, email: mohaned @ gulfcollegeoman.com
2 De Montfort University, UK, email: Ayesh@dmu.ac.uk

Section 6 shows the results discussion as well as comments for the
output graphs are presented here including a critical review. Finally
in section 7 we concluded our work and its objectives with possible
future development and enhancments.

2 BACKGROUND AND MOTIVATION

Wireless Sensor Networks (WSNs) have gained tremendous impor-
tance in recent years because of its potential use in a wide variety of
applications. This, along with the unique characteristics of these net-
works, has spurred a significant amount of research for coming with
network protocols specifically tailored for sensor networks [5]. Wire-
less sensor networks are developing quickly and have been widely
used in both military and civilian applications such as target track-
ing, surveillance, and security management. Since a sensor is a small,
lightweight, un-tethered, battery-powered device, it has limited en-
ergy [3]. Therefore, energy consumption is a critical issue in sen-
sor networks. We are interested in sensor networks in which a large
number of sensors are deployed to achieve a given goal. All data ob-
tained by member sensors must be transmitted to a sink or data col-
lector. The longer the communication distance, the more energy will
be consumed during transmission [13]. Direct transmission networks
are very straightforward to design but can be very power-consuming
due to the long distances from sensors to the sink. Alternative de-
signs that shorten or minimize the communication distances can ex-
tend network lifetimes. The use of clusters for transmitting data to
a base station leverages the advantages of small transmit distances
for most nodes, requiring only a few nodes to transmit far distances
to the base station. Clustering means to partition the network into
a number of independent clusters, each of which has a cluster-head
that collects data from all nodes within its cluster [14]. These cluster-
heads then compress the data and send it directly to the sink. The
output of GA clustering will be assumed to be the initial population
for the Swarms which will represent the dynamic WSN at the later
stage of the proposed algorithm. Deployment of mobile swarms can
enhance the sensor network in many ways. Firstly, the swarm nodes
have much higher hardware capabilities than the sensor nodes. They
can provide detailed information of the intended area (e.g. the hot
spot). Secondly, the wireless radios of the swarm nodes usually have
much longer range and higher channel bandwidth, which can sup-
port high quality and delay sensitive multimedia streams. Thirdly,
the swarms are mobile [4]. They can be easily directed to the hot
spots. A limited number of mobile swarms can easily cover a large
scale sensor network. The sensor network can be deployed to cover
a very large field due to the low cost of sensor nodes.



3 PHASE-1: GA BASED CLUSTERS
INITIALIZATION

Genetic Algorithms are used in phase-1 to generate the optimum
clusters distribution for the sensor nodes before moving. In this stage
the cluster -heads and its relative members are identified. Algorithm
1 illustrates the basic process in GAs.

Initialization: Generate random population of n chromosomes
while the stop condition is not satisfied do

Evaluate the fitness g(x) of each chromosome x in the
population;

while the new population is not complete do

Selection: Select two parent chromosomes from a
population according to their fitness;

Crossover: With a crossover probability, crossover the
parents to form a new offspring (children);

Mutation: With a mutation probability mutate new
offspring;

Accepting: Place new offspring in a new population;

end
Replace: Use new generated population for further runs;

end
Return: the best solution of the current population;

Algorithm 1: Basic Process in Genetic Algorithms

Once cluster-heads are selected, each regular node connects to its
nearest cluster-head. Each node in a network is either a cluster-head
or a "member” of a cluster-head. Each regular node can only belong
to one cluster-head. Each cluster-head collects data from all sensors
within its cluster and each head directly sends the collected data
to the sink. Figure 1 shows an example of clustering. Crossover
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Figure 1. Clustered Sensors Network

and Mutation provide exploration, compared with the exploitation
provided by selection. The effectiveness of GA depends on the
trade-off between exploitation and exploration. [6]

The Crossover and Mutation process used in our system are de-
scribed below:

Crossover: The crossover operation takes place between two
consecutive individuals with probability specified by crossover
rate. These two individuals exchange portions that are separated by
the crossover point. We use in this paper one-point crossover. The
following is an example of crossover:

Indvl: 11100101
Indv2: 10111110
Ll

Crossover point
After crossover, two offspring are created as shown below:

Childl: 11101110
Child2: 10110101

If a regular node becomes a cluster-head after crossover, all
other regular nodes should check if they are nearer to this new
cluster-head. If so, they switch their membership to this new head.
This new head is detached from its previous head. If a cluster-
head becomes a regular node, all of its members must find new
cluster-heads. Every node is either a cluster-head or a member of a
cluster-head in the network.

Mutation: The mutation operator is applied to each bit of an
individual with a probability of mutation rate. When applied, a bit
whose value is 0 is mutated into 1 and vice versa. An example of
mutation is as follows:

Indv:1111110

o
Indv: 1110111

3.1 Chromosome Representation of Distance-Head
Problem

In order to find appropriate cluster-heads is critically important to
minimizing the distance. We use binary representation in which
each bit corresponds to one sensor. A 1" means that corresponding
sensor is a cluster-head; otherwise, it is a regular node. In the
following example:

sl s2 s3 s4 s5s6 s7 s8
1 0 01 0 100

Individual nodes sl, s4 and s6 are cluster-heads. The remain-
ing nodes are regular sensors. The initial population consists of
randomly generated individuals. GA is used to select cluster-heads.
Each regular node uses a deterministic method to find its nearest
cluster-head.

In our proposed algorithm we modified the basic GA in a way that
in case of any cluster-head remain unconnected with any regular
sensor then its state must be changed to be a regular sensor and
should be linked with the nearest cluster-head available in the field.
The proposed algorithm is shown in Algorithm 2.[10]

3.2 Fitness Function: Distance-Number of Heads
Rule

The total transmission distance is the main factor we need to min-
imize. In addition, the number of cluster heads can factor into the
function. Given the same distance, fewer cluster heads result in
greater energy efficiency as cluster heads drain more power than non-
cluster-heads. Thus, each individual is evaluated by the following
combined fitness components:



Initialization: Generate random population of n chromosomes
while the stop condition is not satisfied do

if cluster-head not connected to any sensor-node then
change cluster-head state into regular sensor;

find the nearest cluster-head to be connected with;
end
Evaluate the fitness g(x) of each chromosome x in the
population;
while the new population is not complete do
Selection: Select two parent chromosomes from a
population according to their fitness;
Crossover: With a crossover probability, crossover the
parents to form a new offspring (children);
Mutation: With a mutation probability mutate new
offspring;
Accepting: Place new offspring in a new population;

end
Replace: Use new generated population for further runs;

end
Return: the best solution of the current population;
Algorithm 2: Modified GA Algorithms

Fitness = w x (D — distance;) + (1 — w) * (N — H;)

where D is the total distance of all nodes to the sink, distance;
is the sum of the distances from regular nodes to cluster-heads plus
the sum of the distances from all cluster-heads to the sink; H; is the
number of cluster-heads; N is the total number of nodes; and w is
a predefined weight. Except for distance; and H;, all other param-
eters are fixed values in a given topology. The shorter the distance,
or the lower the number of cluster-heads, the higher the fitness value
of an individual is. Our GA tries to maximize the fitness value to
find a good solution. The value of w is between 0 and 1, and it is
application-dependent. It indicates which factor is more important to
be considered: distance or the cost incurred by cluster-heads. At one
extreme, if w = 1, we optimize the network only based on the com-
munication distance. If w = 0, only the number of cluster heads is
considered.

4 PHASE-2: PSO BASED MOVABLE CLUSTERS

Particle Swarm Optimization was first proposed by [7]. In this
method a set of potential solutions are called particles that are ini-
tialised randomly. Each particle will have a fitness value, which will
be evaluated by the fitness function to be optimised in each genera-
tion. Each particle knows its best position pbest and the best position
so far among the entire group of particles gbest. The particle will
have velocities, which direct the flying of the particle. In each gen-
eration the velocity and the position of the particle will be updated.
The velocity and the position update equations are given below as (1)
and (2) respectively.

vf“ = wvf—l—clrandl *(pbesti—sf)—i—cwandg*(gbest—sf) (1)

A @
The parameters used in equations 1 and 2 are described in Table 1.

In recent times, there has been a number of improvements to the
original PSO [8]. We have explored different versions of PSO where
the extension to the original algorithm is distinct from each other.
Following PSO versions are studied in this paper:

[htbp]

Table 1. The parameters for PSO velocity and position update

Parameter [[ Description |

vf velocity of particle ¢ at iteration k

w inertia weight

vf +1 velocity of particle ¢ at iteration k£ 4 1

cj acceleration coefficients j=1,2

rand; random number between 0 and 1 i=1,2
si? current position of particle 4 at iteration k
pbest; pbest of particle 4

gbest gbest of the group

xf+1 position of the particle 7 at iteration k + 1

4.1 PSO - Time Varying Inertia Weight (TVIW)

PSO-TVIW model is the same basic PSO algorithm with inertia
weight parameter is varying with time from 0.9 to 0.4 and the ac-
celeration coefficient is set to 2. This model is proposed by [12]. The
time varying inertia weight is mathematically represented as follows:

MAXITER — iter)
MAXITER

Where, MAXITER is the maximum iteration allowed, iter is the cur-
rent iteration number and weight is a constant set to 0.9.

w = (weight — 0.4) * ( +04 (3

4.2 PSO-Time Varying Acceleration Coefficients
(TVAC)

PSO-TVAC model proposed by [1]. In this model, the time vary-
ing acceleration coefficients (TVAC) are used in such a way that; c;
varies from 2.5 to 0.5 and the cz varies from 0.5 to 2.5. Here the
cognitive component is reduced and social component is increased
by changing c; and cz. The large cognitive component and the small
social component in the initial stages of the algorithm helps the parti-
cle to wander around the search space. However, the small cognitive
component and large social component at the later stages of the al-
gorithm helps the particle to converge to the global optima. TVAC is
mathematically represented as follows:

) iter .

Cl == (C’lmzn - Olmaﬂf)m + C’lmzn (4)
. iter .

CQ = (szln — CQmafr)m + szln (5)

In Equations 4 and 5 cimin and comin are constants set to 0.5,
amax and camax are also constants set to 2.5. Thus, in this algo-
rithm as the ¢ter progresses, ci varies from 2.5 to 0.5 and ¢z varies
from 0.5 to 2.5.

4.3 Hierarchical Particle Swarm Optimizer with
Time Varying Acceleration Coefficients
(HPSO-TVAC)

In this method the particle behaviour will not be influenced by
the previous velocity term of Equation 1. Due to non-influence
of previous velocity, re-initialisation of velocity is used when the
velocity stagnates in the search space [1]. Therefore, a series of
particle swarm optimisers are automatically generated inside the
main particle swarm optimiser according to the behaviour of the
particle in the search space, until the convergence criteria is met.



The reinitialisation of velocity is set proportional to Vmax. The
pseudocode for reinitialising velocity is as follows:

k+1

. = cirand; * (pbest; — sf) + corands * (gbest — sf)

if (it ==0)
if(randi() < 0.5)
v = rands () x v

v

else
vt = —rands() * v
endif

endif

= sign(vf ) x min(fabs(vF vimas))

ot
where rand;(), i= 1, 2, 3 are separately generated uniformly
distributed random numbers in the range [0,1] and v is the reini-
tialisation velocity. The effect of HPSO along with TVAC (hence,
HPSO-TVAC) on clustering of sensor networks can be observed
through simulations.

4.4 Particle Swarm Optimisation with
Supervisor-Student Model (PSO-SSM)

In this method [16] proposed PSO-SSM to achieve low computa-
tional costs. The algorithm introduces a new parameter called mo-
mentum factor (mc) to update the positions of particles. In this al-
gorithm, they also proposed a different velocity updation mechanism
from the conventional PSO algorithms. Here velocity is updated only
if each particle’s fitness at the current iteration is not better than that
of previous iteration. The velocity serves as a navigator (supervisor)
by getting the right direction, while the position (student) gets a right
step size along the direction. The velocity and the position are modi-
fied using the following equations:

k

vf“ = ¥ +crrand; * (pbest; —sf)—l—czrandg*(gbest—si ) (6)

2F T = (1 — me) x 2F + me x0Tt ™

i

5 IMPLEMENTATION AND
EXPERIMENTATION

5.1 Energy Model for Optimisation

We are studying the impact of the transmission range of sensor nodes
and positioning of the sink in minimising the communication energy
in a sensor network. The important components of each sensor are
the data and control processing unit and the radio for communica-
tion. The microprocessor used in the processing unit should be en-
ergy efficient with less energy consumption. The energy dissipation
in the radio depends on the different characteristics of the radio. The
energy model used in this work is adopted from [14, 11, 15] and
summarised here. The energy dissipation for transmitting b bits to d
distance is shown in Equation 8.

Etz(bv d) = Eelec X b + Eamp X b x d2 (8)

The energy dissipation in a node to receive b bits of data is shown in
Equation 9.
By (b) = Felec X b (9)

Where Ee;c. is the radio energy dissipation and Eqnm,yp is the trans-
mition amplifier energy energy disipation. Energy consumption of a

wireless sensor node transmitting and receiving data from another
node at a distance d can be divided into two main components:
Energy used to transmit, receive and amplify data and energy used
for processing the data, mainly by the microcontroller. Leakage
current can be as large as a few mA for the microcontroller, and the
effect of leakage current can be neglected for higher frequencies and
lower supply voltage. Assuming the leakage current as negligible,
the total energy loss for the sensor system due to the distance Eqq
can be calculated according to Figure 2 using the following equation:

k nj D2
Baa=| D) 5+ (10)

j=1 i=1

For more details about the derivation and proof refer to [11].
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Figure 2. Energy Model for distance based Sensor Network

5.2 Experiments and Simulation

In this section, we explore the use of GAs and PSO to solve the
distance minimization problem for dynamic sensor networks.

Phase-1:

To implement our algorithm, we used Java-Applet as a programming
environment to simulate an experiment with 100 generated random
nodes in a simulated 2-D environment with two different sink
positions located at (0,0) and (100,100). As a tuning parameters for
GAs, we used the parameters given in Table 2.

Table 2. The GA parameters settings

[ Parameter I Value |
Population size 100
Selection type Proportional
Crossover rate 0.7
Crossover type one point
Mutation rate 0.005
Generation size 1000

We explored three case studies. They are:



e case 1: when the sink point is located at (0,0) (i.e. the upper left
corner) and w is set 1.0, Figure 3. This network distribution is suit-
able when the application environment is inhospitable, which will
be not safe to allocate the sink-point (i.e. data collector) within the
field area like some military applications or earthquake observa-
tions, etc.

£ Applet Viewer: GA15.class

EEX
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Applet started.

Figure 3. Clustered network when sink point at (0,0)

e case 2: when the sink point is located at (100,100) and w set to
0.8, Figure 4. This network distribution is more suitable when the
sensor nodes are distributed around a centralized safe area where
the sink-point can receive the data in a wider circular range and
from different directions. For example the Mobile networks.

e case 3: when w is set to 0, Figure 5. This figure describes the sit-
uation when the number of cluster-heads is only considered in the
fitness function. Although this is not realistic in our problem, but
it verifies the effectiveness of our algorithm because, as expected,
the optimal number of heads is 1.

Phase-2:

Refering to Equation (10), we can conclude that by reducing the
distance from a node to the cluster-head and the cluster-head to the
sink we can minimise the energy dissipation in a sensor network.
In our simulation, we cluster the nodes taking into consideration
that each node can transmit or receive data from all the other nodes.
Thus, nodes considered in this network do not have transmission
range constraint. Sensors are clustered using entirely distance based
Equation (10). The fitness function for this method is as follows [9]:

kE nj 2
D?

Fitness = min E E (d?j + TTJ) an
J

j=1 i=1

where, .
ijl(nj =+ k‘) = N.

N is the number of nodes in a network. For our simulations,
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Figure 4. Clustered network when sink point at (100,100)

- Applet Viewer: GA15.class |:||E||Z|

Applet

Applet started.

Figure 5. Clustered network when w=0



we used 100-node networks that are uniformly distributed in a
2-Dimensional problem space [0:100,0:100]. We have studied the
impact of sink location on the fitness value of the PSO algorithms.
In one set of simulations we considered the sink-point to be located
at the center of the network (50,50). In another set of simulations
we considered the sink-point to be located remotely at (50,180).
For both simulations we use the same set of nodes. The maximum
number of generations we were running was 1000. The parameters
used in the simulations are tabulated in Table 3.

Table 3. Initialisation and Parameters Range

[ Parameter [[ Range |
Population size 100
MAXITER 1000
VUmazx 100
Tmazx 100
Vv range 0-100
X range 0-100

6 CRITICAL REVIEW AND RESULTS

Our proposed approach was able to find quickly the optimal solu-
tions. For a 100-node problem, a good solution can be achieved after
around 130 generations, as shown in Figure 6 which is relatively a
small number of generations in such applicatons. The fitness value
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1 50 99 143 197 245 295 344 303 442 491 3540 589
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Figure 6. Fitness values over generations using GAs

is greatly enhanced after 100 generations due to the selection of the
best fitness chromosomes to be used in the next generation. In Fig-
ure 7, number of cluster heads decreases over generations to reach
around 25% from the overall number of nodes in the network. This
verifies the effectiveness of our algorithm because, as expected, the
total distance will be minimized as the number of heads decreases.
Experiments indicate that the scaling window plays an important
role in the quality of the solution found. When a single node is near
to the sink, that node itself becomes a cluster-head and sends data
directly to the sink. Experiments also show that nodes near to the
sink are more likely become cluster-heads than those far away. More

&0
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Humber of heads
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Generation

Figure 7. Number of Cluster heads over generations using GAs

cluster-heads are needed when a sink is close to the center of a net-
work than when it is located at a network corner. This observation
is expected because when the sink is at the center, all regular nodes
are located around the sink. As a result, cluster-heads tend to be dis-
tributed around the sink.

In this work we observed the performance in terms of quality of
the average optimum value for 10 trials to the PSO-SSM and PSO-
TVIW models which are described earlier. We chose these two meth-
ods for the following reasones; the PSO-SSM model is the only
model which has the ability to stop particles from moving beyond
the boundary of the problem space, that is under the influence of mc
parameter in it. The PSO-TVIW model is almost similar to the basic
PSO algorithm with just the inertia weight varying with time from
0.9 to 0.4. From the graph shown in Figure 8 we can conclude that
PS-TVIW convergence is slower as compared to the PSO-SSM al-
gorithm. This was due to constant acceleration co-efficients used in
this model which affects the rate of convergence.

Simulation results show that the proposed approach is an efficient
and effective method for solving this problem with respect to dis-
tance minimization.

7 CONCLUSIONS AND FUTURE WORK

In this paper, we propose the use of GAs to minimize the commu-
nication distance in a sensor network by dividing it into clusters and
the use of PSO to make this network moves as a Swarm keeping
the optimum distances between the sensors while they are moving.
Our proposed approach starts by taking random selecting nodes in a
network to be used as a cluster-heads. The algorithm then starts to
find an appropriate number of cluster-heads and their locations by
adjusting cluster-heads based on fitness function. We also explored
the results of the performance evaluation of four extensions to the
standard Particle Swarm Optimization algorithm in order to reduce
the energy consumption in Wireless Sensor Networks. Communica-
tion distance is an important factor to be reduced in sensor networks.
We have simulated two models; the Supervisor-Student Model (PSO-
SSM) and the time varying Inertia Weight (PSO-TVIW) model. In
the (PSO-SSM) model the new parameter introduced called the mo-
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mentum factor mc to update the position of particles. Also here the
velocity is updated only if each particle’s fitness at the current itera-
tion is not better than that of previous iteration. Hence the computa-
tional costs for this algorithm will be decreased. An important modi-
fication proposed is to use boundary checking for re-initialization of
particle which moves outside the set boundary. We can also conclude
that (PSO-TVIW) convergence is slower as compared to other algo-
rithm. As a future work, our program can be upgraded to cover the
two other models described in this paper, then a comprehensive com-
parison could be done to analyze the behavior of the particles within
each case.

We plan to extend the problem on hand by considering a hierarchical
structure where a cluster-head can have a super cluster-head which
sends data directly to the sink.
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