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Abstract

Introduction

In recent years, WSN has become a hot new field in the field of 
computer science and technology and has broad application pros-
pects. It makes it possible to develop sensor nodes with low cost, 
low power consumption and lightweight processors. WSN consists 
of small sensor nodes that can detect different phenomena along 
with computing devices that allow the processing of data collected 
from sensors, and the ability to communicate with other nodes. 
Sensor nodes can organize themselves to form a network, commu-
nicate with each other using their wireless interfaces, and trans-
mit to the destination in a multi-hop manner. In a large-scale WSN, 
hundreds or thousands of sensor nodes are randomly scattered in 
the detection field [1,2].

Data-gathering is a technique that consists of gathering the 
sensed data from the nodes and routing or forwarding the sensed 
data. Data-gathering is an important topic in WSNs due to the en-

ergy limitation of nodes [11]. Several protocols have been proposed 
for data collection/gathering or communication among WSNs [3-
6]. Examples of non-hierarchical protocols include Flooding and 
Gossiping [8], Directed Diffusion [9], SPIN [10], and etc., and hier-
archical/cluster-based protocols include LEACH [3], PEGASIS [5], 
HG MR [6], IB-LEACH [7] and etc. 

A cluster-based (or hierarchical) data collection algorithm con-
sists of a series of rounds. There are two main stages, namely (1) 
grouping and (2) data transmission stages on each round. In stage 
(1), the entire sensor network will be divided into different groups. 
Each group consists of a group head and several sensor nodes. Gen-
erally, there are two steps in stage (1): the group leader election 
step and the formation step. After organizing all the groups, the 
group head will collect data from the sensor nodes in the group 
and then send the information directly to the base station (BS) in 
stage (2) [11]. 

Wireless sensor nodes (WSNs) can perform some processing, collect sensor information, and communicate with other nodes to 
form a WSN. Power saving operation is an important issue for WSN design to extend the life of the network. Clustering is one of the 
most widely used methods to improve energy efficiency. In this article, we consider clustered WSN with a mobile base station (BS). 
Once the nodes are grouped and the head node of the group selected, the optimal position of the BS is determined based on the ge-
netic algorithm (GA) relative to the head nodes. Compared with other results, the results of our simulation show that the proposed 
GA-based algorithm has more advantages in energy saving.
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We notice that the BS position affects the performance during 
the data transmission phase. As a result, this paper focuses on de-
signing an efficient algorithm for determining the best position of 
the BS position. At the start of each round, WSN is clustered and 
heads are elected. Then all CHs send their information to BS. The 
new position for BS’s is determined using a GA algorithm that mini-
mizes the energy cost (cost of transmitting information to BS). BS 
moves to the new position after inspecting the received informa-
tion of all CHs. Our algorithm compared with other algorithms. 
Simulation results show that the proposed algorithm gives the net-
work long life compared to other algorithms. 

The remaining of the paper is divided as follows: Related work 
discussed in Section 2. Our Section 3 covered problem formula-
tion. In Section 4, the brief definition for genetic algorithm. Our 
proposed method introduced In Section 5. In Section 6, simulation 
results are presented. We concluded our work In Section 7.

Related Work and Methodology

Due to its potential use in various applications, such as health-
care monitoring systems, wildfire, and border surveillance applica-
tions [12], WSN has attracted great attention in recent years. 

Recently, many researchers have focused on saving the avail-
able energy of the sensor nodes to extend the lifespan of the WSN. 
However, the resource-limited nature of sensor nodes and network 
self-organization, generally coupled with unattended deployment, 
poses unconventional challenges and encourages the need for reli-
able WSN design and management of specialty technologies [13].

Many methods have been developed to efficiently use the en-
ergy of nodes in the field of sensors. One of those techniques is to 
place the BS in the best position. The location of BS can affect net-
work performance. For example, routing data to a BS away from 
the source sensor generally involves many relay nodes, increas-
ing overall delay and power consumption, and running the risk of 
packet loss due to link errors. Therefore, careful selection of the BS 
location can affect several performance indicators, such as power 
consumption, latency, and throughput [13].

In [14], the author found the best BS location through geometric 
methods and provided an algorithm that can solve the best location 
problem. In [15], a method has been proposed and tested based 
on particle swarm optimization (PSO) to establish communica-
tion between a node and BS through an application node through 

a query-based WSN model to find the receiver node’s Best loca-
tion. The work in [16] proposed a mobile BS-based routing proto-
col (MSRP) to extend the network lifetime in the network WSN. In 
MSRP, the mobile sink moves into the merged WSN to collect the 
detected data from the CH near it. During data collection, the mo-
bile BS also tracks the remaining energy of all CHs. In order to bal-
ance the power consumption on the entire network and improve 
the network lifetime, the mobile BS based on the remaining energy 
from the CH is moved to the higher energy CH. When moving, the 
mobile BS not only collects data from the CH but also collects data 
from other neighboring nodes.

In [17], the author proposed a WSN data collection scheme with 
mobile BS. In this method, they assigned three key tasks in the 
data collection cycle. These tasks are three independent stages of 
moving the BS, collecting data, and notifying the sensor of the BS 
location. Under the plan, they proposed an autonomous mobility 
strategy (called HUMS) to use BS mobility to balance power con-
sumption between sensor nodes and extend the life of the network. 
The proposed HUMS strategy can make the mobile BS act like an 
energy mower and try to reduce the energy of the lawn in the net-
work to a flat level, thus achieving a balance of energy consumption 
in the network. HUMS cause the BS to actively move to the node 
with the highest remaining power to balance power consumption 
among all sensor nodes in the network. In [18], the author pro-
posed a dynamic centroid BS positioning method (called CDSL) to 
reduce the power consumption of clustered WSN on mobile devic-
es. They considered the concept of mobile BS in CDSL based on a 
centroid algorithm to move it to the closest position among all CHs 
in each round.

Literature [19] proposed a local maximum residual energy 
movement scheme (LMREM). In LMREM, BS will periodically move 
to the new position with the highest stay value. Metrics such as the 
average remaining energy and the number of neighbors are used 
to calculate the BS permanent value. The work in [20] proposed a 
method to find the best position of the BS based on the convex hull. 
The proposed method in [20] establishes a convex hull for the clus-
ter head and guides the BS towards it. This reduces the distance 
required to send data from the group head to the BS and increases 
the power consumption of the group head. In [21], the best location 
of the BS is determined in a distributed manner. At the beginning 
of each round, group and select the leader (CH). Then, all CHs send 
status packets through the network, in which they propose the 
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maximum distance they can support for data communication with 
the BS. The distance is calculated based on the remaining power 
and the service life of the node. The best point of the new BS loca-
tion is the data communication that is valid for all CHs. A specific 
node makes a final decision after verifying the energy efficiency of 
all CHs in the network for data communication with the BS, and 
then the BS moves to the node location. Authors in work [22] pro-
posed a scheme that specifies the path of the receiver to collect all 
data from CH within a time span of data reporting time while us-
ing the mathematical model MILP (Mixed Integer Linear Program-
ming) to maximize the life of the network.

Problem statement

As mentioned above, sensors have limited power and limited 
computing resources. Therefore, sensor power must be managed 
wisely to maximize network life. The cluster routing protocol in 
sensor networks has many advantages, such as greater scalability, 
less load, less power consumption, and stronger robustness [7]. 
The grouping of sensor nodes in a sensor network has two main 
stages. The first is to select a cluster head node. The second is to 
form a group. Therefore, it is important to consider power con-
sumption metrics in the process of selecting cluster heads. 

If we use the same power parameters and radio model as dis-
cussed in [3], the power consumption is mainly divided into two 
parts: message reception and transmission. Transmission power 
consumption requires additional power to amplify the signal ac-
cording to the distance to the destination. 

Therefore, to transmit a -bit message a distance , the consumed 
radio power will be,

                                                                  ---- (1)

And to receive this message, the radio expends will be

              ------- (2)               

Where d is the distance between sender and receiver, , the 
threshold distance d0=√(∈fs/∈mp ),ERx (l)  is the cost of receiving and 
l-bit message for a distance d, ETx (l,d)  is the cost of transmitting an 
l-bit message for a distance d, Eelec  is the electronics energy that de-
pends on the circuit itself, ϵmp  is the energy consumed by the trans-
mitter amplifier if d>d0 otherwise the energy consumed is  and the 
energy for data aggregation is EDA.

Assume that  nodes are uniformly distributed and  clusters in 
the WSN. Therefore, there will be  nodes on an average per cluster. 
There will be one CH and  (n/k-1) members.

Energy consumed by Cluster Head (CH) includes energy con-
sumed for receiving data from all the cluster member nodes, aggre-
gation of data, and sending data to the BS. Consequently, the total 
consumed energy by the CH can be calculated as follows [3]: 

                                                                    ------ (3)

As indicated in equations 1 and 3 the distance between sender 
and receiver can affect the node lifetime. As a result, we aim to find 
an approach by which we can reduce the value of this distance. We 
attempt to take the advantage of base station mobility concept and 
save the CH’s power. The position of a BS can greatly affect prolong-
ing the lifetime of the network. Since the power consumption is 
a function of the distance between the CH’s and the Base Station 
(BS).

From the energy consumption model in equation 1, there are 
two cases depending on the distance between the cluster head 
node and the BS. Some CHs may be near (when d <d0) or far (when 
d≥d_0) from the BS if we have u number of CH nodes nearer to BS 
and v number of CH nodes are farther from BS, then the total en-
ergy consumption for cluster i (which is near from the BS) and j 
(which is far from the BS)

                                                                      ------------- (4)

 

Then, the total energy consumption for m ( m= u+v) cluster 
heads in the network, 

                                                                          ------ (5)

Where 

Since E is small in equation (5); we can ignore it and use the 
remaining terms. Therefore, we need to find best location for the 
Bs, which minimize 

                                                                   ---------- (6)

I.e. our objective is to minimize 
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Genetic algorithm background

A genetic algorithm (GA) is a random-based evolutionary algo-
rithm based on the principles of natural selection and recombina-
tion. They try to find the best solution by manipulating possible 
solutions. Evaluate the population and choose the best solution for 
reproduction and mating to form the next generation. In several 
generations, good traits dominate the entire population, thereby 
improving the quality of the solution [24]. Chromosomes are ab-
stract representations of candidate solutions. The fitness function 
is used to quantify the applicability of the solution, which is closely 
related to the goal of the optimization algorithm or process. The 
fitness level is used to evaluate the candidate solution, that is, the 
generated value characterizes the performance of the candidate so-
lution [25]. The GA includes population initialization, fitness evalu-
ation, population regeneration that consists of selection, crossover, 
and mutation, replacement with the new offspring, and stopping 
criteria [26]. The flow chart of GA is given in figure 1.

will be aware of new CH locations to move into the nearest best 
location between them. The basic idea of our algorithm, the BS 
needs information about the new CH node locations. The cluster-
ing algorithm used to determine the CH nodes. Then the GA is used 
to determine the best position of the BS that minimizes the energy. 
The algorithm repeats in each round until the first node dies. The 
steps of this algorithm as follows.

Distribute the n node randomly.

Clustering the nodes.

Find the clusters head locations x, y called (CHi(x, y)) and i= 1, 
2...., m. such that m number of CH.

Minimize BS search area that bounded by CHi(xmin), CHi(xmax), 
CHi(ymin), CHi(ymax).

Generate initial population. the chromosome contains two 
genes generated randomly. first gen for BS(x) such that CHi(xmin)< 
BS(x) < CHi(xmax).Second gen for BS(y) such that CHi(ymin)< BS(y) < 
CHi(ymax).

Figure 1: Flow-chart of a genetic algorithm [30].

Proposed algorithm

In this section, we outline our proposed algorithm for determin-
ing the best new location for BS. Figure 2 shows the flow chart of 
our approach.

Our algorithm aims to reduce the total consumed energy by 
sensor nodes especially cluster head nodes which are more sensi-
tive to energy drain for their role in the network. The mobile BS 

Figure a

Evaluate each chromosome by the fitness function. In this algo-
rithm we use fitness function that minimize EtoBS. 

Arrange the chromosomes based on the fitness function form 
the best to the worst.

Use the elitism method to select 10% of the population to stay 
in the next generation.

On the rest of population (90%).
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Repeat step 6 to step 9 until maximum number of generations.

d3M=106.066 from points P1, P2, and P3 respectively. Thus, the con-
sumed energy for the three nodes with BS at point M is

EtoBS (M)=1.6453×107 Per node

The BS location L using Lin’s weighted method in [28] is given 
by xL = 0, yL = 150 this point will have d1L =150, d2L =0, d3L =150 from 
points P1, P2, and P3 respectively. Thus the consumed energy for 
the three nodes with BS at point L is

 EtoBS (L)=4.38×107 Per node

The BS location C using Centroid in [28] is given by xL=50, 
yL=150  this point will have d1L=150, d2L=0, d3L=150,  from points 
P1, P2 and P3 respectively. Thus the consumed energy for the three 
nodes with BS at point L is

EtoBS L=4.38×107 Per node

Now we calculate the BS location G using our proposed GA, the 
proposed BS location is given by xG =61, yG =87 this point will have 
d1G = 87.681241, d2G = 107.647573, d3G = 107.647573 from points 
P1, P2, and P3 respectively. Thus, the consumed energy for the 
three nodes with BS at point G is

 EtoBS (G)=1.42004×107 Per node

Comparison of existing algorithms with our GA based algorithm 
is shown in table 1.

Figure b

Figure 2: Flow diagram of overall operations in our proposed 
algorithm.

Example scenario 

In this section, a simple example is provided that inspired by 
[27]. Let us consider 3 points in a 150 x 150 area, at P1(0,150), 
P2(0,0) and P3 (150,150). We consider the parameters are given 
in table 2. The BS location Q using weight average in [27] is giv-
en by  xQ=57.35, yQ=92.65 this point will have d1Q=81.1051, d2Q 

=108.9635, d3Q =108.9635 from points P1, P2, and P3 respectively. 
Thus, the consumed energy (using equation 6 ) for the three nodes 
with BS at point Q, is

 
Per node 

The BS location M using minimum enclosing circle in [29] is giv-
en by xM=75, yM=75 this point will have d1M =106.066, d2M =106.066, 

Algorithm Consumed Energy Per Node
Weighted position [28]

Minimum enclosing circle[29]
Centeroid [18]

Weighted position by Rajiv [27]
Proposed based GA

Table 1: Algorithms comparisons.

Simulation Results and Discussion

A simulator using C# and Genetic Algorithm Framework (GAF) 
[23] has been implemented to evaluate the performance of our 
proposed algorithm. In our simulation, 100 sensor nodes are ran-
domly displayed in a 200 mx 200 m area on a two-dimensional 
plane, and they are evenly distributed. In our experiment, the se-
lection and clustering of CH are carried out on the basis of LEACH 
[3]. In order to measure the power consumption of sensor nodes, 
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we use the same power parameters and radio model as discussed 
in [3], where 0.05 nodes are guide nodes, as described in Section 3 
earlier. The simulated model parameters are given in table 2. 

algorithm is the best average and standard deviation of rounds un-
til the first node dies. 

That means, our proposed algorithm that uses GA with mini-
mum distance between BS and CHs makes the network lives more 
than others algorithms.

Parameter Value
Network Size 200 x 200

Number of Nodes 100
Initial Energy 2 unit

Data Packet size 4000bits

Table 2: Simulation parameters.

The performance of our method is mainly evaluated based on 
the following metrics:

•	 Average Energy Consumption: This is the average power 
consumed by all nodes in sending, receiving and forwarding 
operations before the death of the first node.

•	 Network lifetime: It is the time interval from the start of op-
eration (of the sensor network) until the death of the first alive 
node.

•	 Fitness function: we use the minimum distance between BS 
and all CH, . 

GA parameters

Population size 50 chromosomes, selection percentage equal 
10% of chromosomes to stay in the next generation, one-point 
crossover, and mutation percentage equal 5% of chromosomes.

This simulation compares the following algorithms: CDSL, LM-
REM, MSRP, Optimal Location method, static BS at the center, and 
proposed GA based on 100 runs. in GA algorithms we use 20 differ-
ent network topologies in each topology run five times, each run 
contains 300 generations.

The result as shown in figure 3-5 takes the average and stan-
dard deviation of a number of rounds until the first node dies in the 
100 runs. From the results, we found that the proposed GA-based 

Figure 3: Average consumed energy for proposed GA based 
method and other methods.

Figure 4: Average number of rounds until first node die for pro-
posed GA based method and other methods.

Figure 5: Average standard deviation for proposed GA based 
method and other methods.
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Conclusion

In this paper, we have proposed an algorithm use LEACH to clus-
ter the WSN to find the CH for each cluster. Then, GA used to find 
the best location for the BS that collects information from CHs. Our 
proposed algorithm compared with CDSL, LMREM, MSRP, Optimal 
Location, and static BS at center algorithms. From the experimen-
tal results, the proposed algorithm with a fitness function that 
finds the minimum distance between BS and CHs gives long lives 
for the WSN.
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