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Abstract: In this paper, a binary coded genetic algorithm is 
proposed to improve the lifetime of Wireless Sensor 
Networks (WSN). The proposed method selects the Cluster 
Heads (CHs) in each round that minimizes the energy 
consumption. The proposed method can be considered as a 
replacement for other conventional cluster based 
approaches like Low-Energy Adaptive Clustering Hierarchy 
(LEACH). The proposed clustering algorithm is simulated 
and tested using MATLAB for network architecture consist 
of 50 nodes that are distributed in the 100 square meters 
area. From the results it is observed that the proposed 
Energy Efficient Clustering Algorithm (GA-EECA) 
outperforms the conventional LEACH. The simulation 
results were very promising in terms of sensor node life 
time. 
 
Key words: wireless sensor networks, LEACH, Binary 
coded Genetic Algorithm. 
 

1. Introduction  

Wireless Sensor Network is used in many 

applications such as target tracking [2], habitat 

monitoring [3], and also in military applications such 

as surveillance and security [4]. A typical WSN will 

contain a number of sensor nodes that are smaller in 

size. These sensor nodes consist of transducers, data 

processing units and data transmission units. These 

sensor nodes are provided with built in battery for their 

energy requirement [1]. The replacement of these small 

batteries is very difficult and expensive and power 

saving is considered to a major issue [12].  One of the 

major factors that contribute for more energy 

consumption is data transmission from the sensor node 

to Base station [5]. Hence the design of WSN should 

limit the number of data transmissions of any sensor 

node in order to increase the life time of sensor node. 

To reduce the number of data transmissions, cluster-

based protocols were proposed [6]. The cluster based 

approach divides the entire WSN network into a 

number of clusters. Each cluster group has a special 

sensor node called “cluster-head” (CH) that acts as a 

leader for that cluster members and aggregates the data 

from all member nodes within its cluster group. Then 

the CHs aggregate the collected data to transmit to the 

Base Station (BS). This approach greatly reduces the 

energy consumption of nodes and also increases 

lifetime of the network. The selection of cluster head is 

done based on some probability. The probability based 

approach may not yield good network clusters because 

the cluster having very low residual energy may also 

get high probability of being selected as Cluster Head 

[7]. In this paper, we address the problem of finding 

optimal CHs for WSN consist of 50 sensor nodes. The 

optimal solution that increases the life-time of the 

sensor node. Genetic Algorithm (GA) is one of the 

most commonly used population based optimization 

technique that can be applied to solve this problem. 

 

2. Related work 

Wireless Sensor Networks are classified into three 

categories based on the routing protocol such as One-

hop model, Multi-hop model and Cluster-based 

Hierarchical Model [8]. Clustering approaches can be 

implemented using LEACH (Low-Energy Adaptive 

Clustering Hierarchy) protocol, which is a distributed 

Heuristic approach in which the clusters are used for 

the purpose of routing [9]. The entire wireless sensor 

network is divided into many clusters of sensor nodes. 

Any sensor node can act as cluster head and the 

selection of cluster head depends upon the probability 

[10]. The numbers of CHs are fixed to 5% of the 

number of sensor nodes. The LEACH has two stages 

during each round. First stage is the “Advertisement 

Phase” during which the random clusters are formed 

and CHs are elected. The node is selected as a CH if 

the energy of the node is above Zero and also the based 

on the value of probability.  The second stage is 

“Steady state Phase”, in which the members of the 

cluster transmit the entire data to their respective CHs 

based on a Time Division Multiple Access (TDMA) 

schedule. Then the CHs aggregate all the data and 

sends the data to the BS [11]. In a WSN, a round is 
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said to be completed if all CHs send its aggregated data 

to BS. After a completion of round, the cycle again 

starts with set-up (advertisement) phase and new 

clusters are created with new CHs. By this way, the 

workload of the cluster head is rotated dynamically. As 

the selection of cluster head does not rely on the power 

availability in the node, a node with low energy may be 

selected as a CH, this may cause that particular node to 

die quickly [12]. 

2.1 Overview of genetic algorithm 

Genetic algorithm is a population based 

optimization approach derived from Darwin’s natural 

selection principle based on the survival of the fittest 

[13]. This algorithm found its applications in many 

engineering field to solve optimization problems [14]-

[18]. The Variants of these algorithms are also applied 

in optimization of complex optimization problems. The 

operation of the GA is given in Fig 1. The algorithm 

starts with random initialized population or user 

supplied population and applies the reproduction 

operators such as crossover, mutation and elitism on 

selected individual from the initial generation 

population to produce next generation population. The 

reproduction operators are again applied on the new 

population to carry out generation cycle. The 

generation cycle is repeated till the set number of 

generations [19]. The genetic operators are discussed in 

the following section.  

 
Fig.1. Genetic algorithm flow chart 

2.1.1 Fitness Function 

 The mathematical representation of the 
minimization problem is called as fitness function. 
Every chromosome will be evaluated its fitness value 
by supplying that chromosome to the fitness function 
and this result is called as fitness value. The fitness 
value decides that weather the chromosome will 
survive for next generation or to be dropped out for the 
next generation.  

 

2.1 .2 Selection 

A population consists of chromosomes that 

represent complete clusters of sensor nodes and cluster 

heads (possible solution) to a defined problem. Each 

chromosome consists of a sequence of zeros and ones. 

A randomly initialized chromosome of genome length 

50. If the chromosome is 1 then the sensor node is 

assigned as cluster head and if 0 then the sensor node is 

not assigned as cluster head.  

 

2.1.3 Crossover 

In crossover, two parent chromosomes recombine at 

the crossover site to generate the “crossover offspring”. 

In this paper, we have used two-point cross over 

method. The selected bits of binary chromosomes are 

exchanged at random crossover sites to produce better 

offspring [20]. 

 

2.1.4 Mutation 

During the generation cycle, there is a chance for 

errors while coping the chromosomes form current 

generation to the next generation. This random error 

introduces new sequence of genes and that causes 

genetic variability. The per-bit based mutation method 

is used to generate new mutation off spring. Unlike 

crossover rate, the mutation rate is set for very low 

value to avoid more random search [21].  

 

2.1.5 Elitism 

The chromosome that has more fitness is passed to 

the next generation and it is called as elitism. The 

chromosome which is transferred to the next generation 

is known as elite kits. The elite count is kept very 

minimum value such as 2. Increasing elite count value 

will make the GA to converge in local minimum [25]. 

 

3. System Model 

3.1 Energy model 

    The network and node model used in this paper 
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are discussed in this section. Based on the distance 

between the transmitter and receiver, the free space and 

multi path models are selected. A threshold value d0 is 

asserted to some value and if the distance is less than 

threshold d0, then the designed model selects free space 

(fsp) model, otherwise the multipath (mulp) model is 

selected. Let  Eelect be the energy required for the circuit 

in the sensor node, εfsp be the energy requirement of the 

amplifier in the free space  and εmulp be the energy 

required by the amplifier circuits in multi path. Then 

the energy (ETrans) required by the node to transmit an l-

bit message over a distance (d) is given as follows:  
 

ETrans(l, d) =lEelect+ lεfspd2                 for d< d0  

ETrans(l, d) =lEelect+ lεmulpd4      for d≥ d0  

 

The energy required by the radio (sensor node) to 

receive an l-bit message is given by following 

equation and this model is same as discussed in [22]. 
 

ER(l) = lEelect 

 

The energy required by the circuit Eelect depends on 

many factors such as digital coding, modulation, 

filtering the signals, and spreading of the signal, 

whereas the amplifier energy, εfspd2/εmulpd4, depends on 

the distance between the transmitter and the receiver 

and also on the bit error rate tolerance. This is a 

simplified model and does not include complete radio 

wave propagation model. The modelling of the radio 

wave propagation is very difficult and it is finding a 

great attention among researchers [26]. 

3.2 Network model 

We assume randomly deployed sensor nodes. After 

deployment, they become stationary as shown in Fig 2. 

These sensor nodes are assigned with a few gateways 

(5% of number of nodes).  The hardware configuration 

of these gateways are same as other sensor nodes. If a 

sensor node is within the range for any gate way, then 

the sensor node is assigned to that gateway. In 

LEACH, the data acquisition is divided into several 

rounds. In each round, all sensor nodes collect local 

data and sends to respective CH. The CHs perform data 

aggregation to discard the redundant and uncorrelated 

data and send the aggregated data to the base station. 

Between two adjacent rounds, all nodes turn off their 

radios to save energy. A wireless link is established 

between two nodes only if they are within the 

communication range of each other. All 

communications are carried out over wireless link. The 

Current implementation deals with the Cluster-based 

Hierarchical Model as shown in Fig 3. 
  

 
 

Fig.2. Node locations in 100 square meter area 

 
 

Fig.3. Cluster-based Hierarchical Model 
 

In Fig.3, the cluster heads (CH1 to CH7) aggregates 

the data from its respective sensor nodes and sends the 

data to the Base station as on hop model. 

4. Proposed Work 

The WSN model discussed in previous section is 

implemented with Genetic Algorithm based Clustering 

Approach. The development of Pseudo code for the 

implementation of GA based Energy Efficient 

Clustering(GA-EEC) is given in this section. The 

binary chromosome of 0’s and 1’s represents the sensor 

nodes in WSN. A node is assigned with 1 if the node is 

selected as a cluster head. The sensor nodes that are not 

assigned as a cluster head is assigned with 0. The 

proposed algorithm has two phases of implementation. 

The first phase sets up the configurations for GA-EEC, 

where the details of configuration are listed in the 

Table 1. and the second phase is cluster head 

optimization.  
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Table 1(Parameters for network configuration) 
 

Parameter Value 

Number of nodes 50 

Width of the yard(meters) 100 

Length of the yard(meters) 100 

Type of yard Rectangle 

Base station location(x,y) in 

meters 
(50,175) 

Initial energy of node in watts 0.5 

Energy required for transferring 

1 bit to Base station 
5.00e-8 

Energy required for receiving 1 

bit from sensor node in watts 
5.00e-8 

Energy for free Space 1.00e-11 

Energy for multi Path 1.30e-15 

Energy required for data 

aggregation (cluster heads) 
5.00e-09 

Packet Length 6400 

  
 

4.1 pseudo code 

 
Step 1: 
/*Phase 1: Network configuration*/ 
Initialize the network parameters to the values given in 
the table 1 
/* GA Initialization*/ 
Initialize the GA parameters as in Table 2. 
Step 2: 
For all rounds repeat the steps from 3 to 6 
For all generations do the steps from 3 to 5 
Step 3: 
Represent network as array of bits  
/*Assign the sensor nodes with 1 for CH*/ 
/*Assign the sensor node with 0 for Non-CH*/ 
Chromosome        array; 
Step 4: 
Evaluate the chromosome to calculate fitness 
/*fitness =energy dissipation if the node is selected as 
CH*/  
Step 5: 
Select the parents based on the fitness 
/*Apply reproduction operators*/ 
Crossover the selected parents 
Mutate the parents  
Copy elite kits 
New population=[crossover kit+elite kits+mutataion 
kits] 
Goto step 3 with new population for all generation 
and return the optimized cluster Heads 
Step 6: Set up new cluster model for next round and 
goto step 2 
 

Table 2 (GA parameters) 
 

Parameter Value 

Population size 20 

Chromosome length 50 

Crossover rate 0.8 

Elite count 2 

Number of generation 20 

Crossover type Two point  

Selection method Rank selection 
  

The crossover rate 0.8 refers that 80% of new 

population is made up of crossover kids and 2% of new 

population is made up of elite kids and remaining 18% 

of new population will be produced based on Mutation. 
 

5. Results and discussions 

The proposed node and network architecture was 

simulated for 100 rounds to test the energy 

optimization efficiency of the proposed GA-EEC. The 

total energy of the WSN with respect to round is 

presented in the Table No.3. The results show that 

proposed GA-EEC optimizes the selection of node as 

cluster head and prevents the total energy to drain out 

quickly. The sensor nodes were provided with the 0.5 

watts of power and the energy is utilized by the sensor 

node in each round. The total energy of the network is 

25 Watts and the GA-EEC effectively monitors the 

total energy and creates energy efficient clusters. 
 
Table 3 (LEACH and GA-EEC Total energy of 
WSN)  
 

Round Leach GA-EEC 

1 24.960 24.985 

10 24.322 24.902 

20 23.773 24.814 

30 23.149 24.679 

40 22.508 24.561 

50 21.862 24.463 

80 19.906 24.113 

100 18.667 23.899 
 

The Fig 4 depicts the cluster heads selected by GA. 

The number of Cluster Head is three during the first 

round of the network. The Fig 5 shows that the total 

energy spent on each round and clearly indicates the 

proposed GA-EEC utilizes the minimum energy to 

complete each round.  
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Fig.4. GA based Energy Efficient Clustering 

 
Fig.5. Sum of energy in WSN. 

 
 

Fig.6. Number of dead node per round. 
 
Table 4 (Statistical analysis of Number of dead node 
Versus Number of rounds). 

Parameters Leach GA-EEC 

Minimum value 0 0 

Maximum value 48 15 

mean 45.029 8.608 

median 45 9 

Standard deviation 2.5633 5.195 

 
Fig.7. Statistical analysis. 

 

In GA-EEC the number of dead nodes per round 

was considerably reduced and the standard deviation 

for number of dead node versus round is 5.195 as 

shown in the Fig 7. This is more than the value of 

standard deviation of LEACH. This is because the 

number of dead nodes were not scattered to other 

values from the round number 41 to 1198 as indicated 

in Fig 6. The number of dead nodes after completing 

1378 round was 48 in leach based clustering, whereas 

in proposed GA-EEC the number of dead nodes was 

only 15. Hence by using GA-EEC we can extend the 

life is sensor node greatly. 
 

6. Conclusion and future work 

The proposed Genetic algorithm based cluster head 

selection approach was simulated in MATLAB. The 

results were very encouraging and the number of dead 

nodes against the round was well reduced. The 

proposed algorithm is aware of the residual energy in 

the sensor node and manage the workload of sensor 

node effectively to prevent the node from dead. In 

future the cluster head optimization can be 

implemented with other optimization approaches. 
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