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 In wireless sensor networks (WSNs), many sensor devices are spread 

throughout the environment with the goal of collecting data and sending 

them to a base station (BS) for further studies. The issue of their limited 

battery power has aroused the interest of researchers, and several protocols 

were developed to optimize energy use and thus increase the network’s 

lifetime. The present research enhances the well-known low-energy adaptive 

clustering hierarchy (LEACH) protocol with a new artificial intelligence 

(AI) protocol named energy distance K-means LEACH (EDK-LEACH). For 

this purpose, an innovative clustering strategy built on the machine learning 

K-means algorithm is used in WSNs to improve the cluster formation 

process and maximise network stability. By implementing an objective 

function that considers each node’s residual energy and distance from the 

cluster centre when selecting the cluster head (CH) of each cluster, EDK-

LEACH also eliminates the inherent randomness in LEACH during the CH 

election process. The proposed protocol has the advantage of ensuring better 

CH distribution throughout the network surface with a balanced load across 

all network nodes. In comparison with the known LEACH, the simulation 

results demonstrate the efficiency of our approach: the lifetime of the 

network is extended and the energy consumption is reduced. 
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1. INTRODUCTION 

Wireless sensor networks (WSN) have aroused the interest of both academics and industrialists. 

Their applications cover a wide range of industries, including agriculture, healthcare, smart buildings, the 

military and underwater technology [1]-[4]. A WSN is composed of several microelectronic devices called 

nodes which are distributed to collect real-time data. These nodes transmit specific physical parameters they 

sense from their environment to the base station (BS) via direct sensory communication or through other 

sensors. Following data receipt and processing, the BS provides information to the end user to make decision. 

An effective energy management is necessary due to the sensors’ limited energy, the non-rechargeable and 

non-changeable batteries. Furthermore, long-distance data transmission uses more energy than multi-hop 

path transfer. These issues led scientists to focus on clustering as an approach of minimising use of energy 

and increasing network lifetime. By creating clusters and shortening transmission distances, clustering in 

WSN seeks to reduce the energy needed to carry information from the source to the destination. As a result, 

all nodes send straight their data directly to their cluster’s head (CH). After data have been compiled, 

aggregated, and compressed [5]-[7], the CH forwards it to the nearby CH or the BS. 

https://creativecommons.org/licenses/by-sa/4.0/
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The most widely used clustering routing protocol is the well-known low-energy adaptive clustering 

hierarchy (LEACH), which selects cluster-heads randomly. Due to random selection, a low-energy node may 

be chosen to become CH. This node will rapidly consume its energy and dies, causing wholes region where 

nodes are unavailable and accelerating the "death" of the network in its entirety. Another disadvantage of 

LEACH is that it forms clusters based only on the distances between nodes and CHs, without considering 

other significant factors such as the optimal number of clusters or the manner they are distributed over the 

network. As a result, clusters differ in size, leading to unbalanced energy consumption. Consequently, two 

basic issues with the LEACH algorithm have been identified: ineffective CH selection and unoptimized 

clustering. 

With the developments in artificial intelligence, the K-means is one of the unsupervised machine 

learning techniques that has been recently developed. It is employed in hierarchical routing protocols to more 

effectively segment the network into a given number of homogeneous clusters. This allows the energy 

consumption of the network’s nodes and CHs to be divided evenly and substantially decreased. In this work, 

to enhance clustering strategies’ performance, a new protocol called energy distance K-means LEACH 

(EDK-LEACH) that combines both the LEACH protocol and machine learning K-means algorithm is 

presented. Before to the CHs being elected, the area is divided into clusters using the K-means algorithm. 

The energy efficient objective function is then utilised to determine the CHs taking into account both the 

nodes’ remaining energy and distance from the centroid. This paper contributions are listed as follows: 

− Initially, our protocol separates the network into K given clusters by applying the machine learning  

K-means algorithm. 

− Next, the CH of each cluster is designed using an objective function that considers both the residual 

energy and the distance of each node from the cluster centre. 

− Finally, we validate the effectiveness of the proposed protocol by comparing its simulations results with 

those known in the literature. 

The rest of this work is organised as follows: section 2 provided an overview of various relevant 

existing works. Section 3 offers a thorough description of the proposed EDK-LEACH method. To confirm 

the effectiveness of our approach, section 4 contains the simulation parameters, displays and analyses the 

simulation results for various situations through comparison evaluation. Conclusions of the research study are 

finally outlined in section 5. 

 

 

2. RELATED WORKS 

In WSNs, clustering is a very commonly employed topology management technique. It groups 

sensors to reduce transmission distance and improve network performance. Furthermore, it conserves 

bandwidth when communicating within clusters and reduces redundant message transfers between network 

nodes, specially in dense areas [8]. Several studies have focused on the geometric shape of clusters: circle or 

square of equal size [9]-[12], sector clustering [13]. Circular pathways are used to partition the network area 

into clusters, extending the life of WSN beyond that of traditional LEACH [12], [14], [15]. In some other 

works [10], [16], [17], the routing algorithm divides the network into regular hexagons where the nodes angle 

ratio, distance to the hexagon center and throughput optimization threshold function are considered in the CH 

selection phase. Considering a non-uniform partition, the authors in [18] suggested an energy-efficient 

adaptive double CH routing algorithm for WSNs, where, the network is partitioned, into several uneven 

sections, according to the remoteness of each sensor node to the BS. The study conducted in [19], has 

examined the efficiency of two cluster-based routing protocols: LEACH and energy-aware multi-hop multi-

path hierarchical (EAMMH) routing techniques for homogeneous networks. The authors showed that 

EAMMH performs better in larger networks with a high node count, while LEACH performs better in 

smaller networks with fewer nodes. Panchal and Singh [20], authors have introduced an energy efficient 

hybrid clustering and hierarchical routing approach (EEHCHR) to deal with WSN problems. First, an 

adaptive hybrid clustering is applied for reducing node energy consumption. Next, energy-efficient fitness 

functions are used to select each CH, at last, hierarchical packet routing is suggested to preserve network 

energy. A new energy-aware density-based clustering and routing protocol (EA-DB-CRP) for collecting data 

in WSN is proposed in [21]. Its main goal is to eliminate setup overhead, minimize long-distance 

communications, and uniformly distribute power among sensor nodes. More precisely, the authors have 

presented a network model with empirical expressions for describing the most effective way to divide, into 

equal-size layers and sub-layers, the network area. In fact, the CH position is rotated in each sub-layer using 

a round robin algorithm. In order to ensure that each cluster contain the right number of nodes, they introduce 

the network density. They limit the cluster density by turning off nearby sensor nodes, and they use an 

effective merge algorithm to keep the number of cluster members from falling below a predefined threshold. 

Several studies explore the routing protocols in cluster-based WSNs with the goal of enhancing LEACH’s 



Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

EDK-LEACH: improving LEACH protocol-based machine learning … (Taous Lechani) 

1253 

performance [11], [22]. These approaches have been based on fuzzy logic [11], [23], [24], genetic algorithms [25] 

or the social behavior of fish, birds, or ants when they move in a group searching for food. Among these 

algorithms are the particle swarm optimization (PSO) and ant colony optimization algorithm (ACO) [7], 

[26]-[31]. Liang et al. [28], the authors incorporated an Ant Colony method employing a CH close to the BS 

for receiving and sending data from a faraway CH so as to optimize the multi-hop routing protocol based on 

LEACH. In comparison to the LEACH protocol, this method can significantly increase the WSNs’ lifespan 

and improve the energy efficiency by using a limited amount of energy. Five descriptors are used in the 

proposed model to evaluate each node’s probability of becoming a CH wich are: location suitability, residual 

energy, density, compacting, and distance from the BS. To achieve all these goals, they use the fuzzy logic 

paradigm [32]. Kongsorot et al. [33] has focused on enhancing a fuzzy-based clustering protocol and has 

improved shuffled frog leaping algorithm (ISFLA), the objective was to preserve the lifetime of the network. 

The optimal CHs were chosen according to the energy threshold and an optimised fuzzy inference system 

(FIS), taking into account the separation between nearby CHs. Cluster creation and next-hop nodes (NHs) 

selection are also carried out. The testing outcomes showed that the proposed approach increases the number 

of data packets transferred to the BS and network stability. Panchal and Singh [34], the authors based their 

study on the fuzzy C-means (FCM) technique, the relative Euclidean distances of the nodes from the BS and 

cluster centroid, and the residual energy of the nodes, and have proposed an energy aware distance-based CH 

selection and routing (EADCR) protocol to increase the lifetime of the WSN. They also presented a novel 

clustering strategy in which an objective function that allows to select CHs. A relay node that will enable 

data transfer along the shortest path is then selected using a fuzzy system [11]. Artificial Intelligence includes 

machine learning among its subfields. Machine learning is essentially described as a machine’s ability to 

simulate human behavior with a focus on pattern interpretation and analysis. Most machine learning 

algorithms belong to the following three categories: reinforcement learning, supervised learning, or 

unsupervised learning [35]. Recently, the application of machine learning methods in WSNs has been 

investigated to enhance performance network without requiring reprogramming. Consequently, many 

protocols have emerged [36]-[39] where K-means unsupervised machine learning was often implemented 

[40], [41]. Zhu et al. [42], an improved soft K-means (IS-K-means) clustering algorithm was introduced in 

order to increase network lifetime and balance energy consumption over all nodes in WSNs. This approach 

reassigns member nodes depending on their membership probability at the cluster boundary for maintaining a 

balance in the number of nodes per cluster. Extensive simulation results under several network circumstances 

demonstrated the good performance of the algorithm for small-scale WSNs. As a result, it can be efficiently 

employed in industrial control, smart agriculture, and health monitoring. 

We have presented in this section several research works where different and varied improvements 

have been provided to the LEACH protocol using several approaches. Indeed, the use of machine learning 

algorithms within the LEACH protocol is one of the most effective. In this work, based on LEACH, we 

examine and propose an enhancement over unsupervised machine learning techniques of WSNs performances. 
 
 

3. METHOD 

Unsupervised machine learning, as used in computer science and artificial intelligence, describes 

machine learning scenarios in which the data are not labeled. Among the issues discussed is clustering, which 

seeks to identify a pattern in an unlabeled data collection. However, clustering is considered as the most 

popular unsupervised learning algorithm, which divides unlabeled data points, using an iterative process, into 

distinct, non-overlapping groups. It splits the area into K predetermined clusters with the goal of maximizing 

the intercluster distance and minimizing the distances between the nodes in the cluster and the cluster 

centroid. We highlight that the number of predefined clusters that need to be formed during the process is 

determined in this case by K. In the LEACH protocol, CHs are chosen regardless of the remaining energy in 

the sensors; it can happen that a node is selected if it is unable to gather and transmit data received from other 

cluster members to the sink [19]. Then based on Voronoi algorithm, clusters are formed. To remedy these 

disadvantages, the proposed EDK-LEACH algorithm starts by generating the clusters, and then chooses the 

CHs. In each of the K clusters of the WSN, the selection of the CH is based on two criteria: the remaining 

energy of the node and the distance separating the node and the cluster’s centroids. As a result, this will allow 

the energy consumption balance among the network’s sensors to be enhanced and the network’s lifespan to 

be extended. The basic idea of our proposed method can be summarized in three steps. First of all, clustering 

is carried out using the K-means clustering algorithm. In a second step, CH selection is addressed. The 

nodes’ remaining energy and their distances to the clusters center are taken into consideration at this stage. 

The EDK-LEACH introduces a new metric by designating the sensor node with highest score is designated 

as the CH rather than the nearest node to the centroid, EDK-LEACH. Finally, data transmissions from nodes 

to the CHs inside the clusters and from CHs to the BS, compose the last step. 
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3.1.  Cluster generation phase 

This stage begins with applying K-means algorithm which is a simple technique used for splitting a 

certain data set into K predefined clusters [23], [42]. The fundamental concept is to define aleatory  

K centroids, as far as possible away from each other then associate each node of the WSN to the closest 

centroid. When every node is mapped to a cluster, the first stage and the initial grouping are finished.  

The next step consists of computing K new centroids, obtained from the previous step, and considered as the 

barycenters of the clusters. Once K new centroids are established, a new stage consisting of an association 

between the WSN’s node set and allows the nearest new centroid needs to be performed. Finally, this loop is 

continuously executed until all K centroids converge gradually to a fixed position. 

Let assume that the WSN is composed of N sensors namely S = {S1, S2, …, SN}. The outputs of this 

phase are K clusters {C1, C2, C3, ..., CK} with K centroids {U1, U2, U3, ..., UK} respectively. Ni is the number 

of nodes in the Ci cluster, such as: ∑ 𝑁𝑖
𝐾
𝑖=1 = N 

The sum of squares of the Euclidean distances from each sensor node in cluster Ck to the center Uk 

of the cluster is computed using in (1). 
 

𝐽(𝐶𝑘) = ∑ ‖𝑆𝑖 − 𝑈𝑘‖2
𝑆𝑖 ∈𝐶𝑘

  (1) 
 

The distance square is calculated as (2): 
 

𝐽(𝐶𝑘) = ∑ ‖𝑆𝑖 − 𝑈𝑘‖2
𝑆𝑖 ∈𝐶𝑘

= ∑ [(𝑆𝑥𝑖 − 𝑈𝑥𝑘)2 + (𝑆𝑦𝑖 − 𝑈𝑦𝑘)2
𝑆𝑖 ∈ 𝐶𝑘

] (2) 
 

where (𝑆𝑥𝑖 ,  𝑆𝑦𝑖) and (𝑈𝑥𝑘 , 𝑈𝑦𝑘) are respectively the coordinates of the node Si and the centroid Uk. 

The K-means’s purpose consists to reduce the total Euclidean distance between the cluster’s 

centroid and each of its members [25]. In other words, the objective function that this method aims to 

optimise is the squared error function given as (3). 
 

𝐽(𝐶) = ∑  ∑ ‖𝑆𝑖 − 𝑈𝑘‖2
𝑆𝑖 ∈𝐶𝑘

𝐾
𝑘=1 = ∑  ∑ [(𝑆𝑥𝑖 − 𝑈𝑥𝑘)2 + (𝑆𝑦𝑖 − 𝑈𝑦𝑘)2]𝑆𝑖 ∈ 𝐶𝑘

 𝐾
𝑘=1  (3) 

 

3.2.  Cluster heads designation phase 

The generation of homogeneous and balanced clusters is the key advantage of WSN clustering 

based on K-means. In fact, in LEACH, the node’s position either the remaining energy are not considered 

when the CH is chose. A no-coverage area can then occur by selecting a low-energy node as the CH, which 

reduces the network’s stability phase. For this reason, the overall energy efficiency of the network could 

decline. To address these issues, when the CH is chosen, our suggested protocol is designed in such a way 

that node’s residual energy and its distance to the cluster’s center are both considered. 

We assign a score to each node Si in the cluster Ck defined by the following (4). 
 

𝑆𝑐𝑜𝑟𝑒(𝑆𝑖) = 𝛼. 𝐸𝑟𝑒𝑠(𝑆𝑖) + (1 − 𝛼)
1

𝑑𝑡𝑜𝑐𝑐(𝑆𝑖)
 (4) 

 

Where 𝐸𝑟𝑒𝑠(𝑆𝑖) symbolizes the residual energy of the node 𝑆𝑖 and 𝑑𝑡𝑜𝑐𝑐(𝑆𝑖) represents the distance between 

the node and the cluster’s center. The node with the greatest score is designed to be CH of the cluster Ck. 

Due to the equal starting energy, the nearest node to the centre is chosen as the CH for the first round. The 

parameter  between 0 and 1 used to provide high importance and to prioritize the residual energy or the 

node’s distance to the cluster center (in this paper =0.5). 

A node that is selected to be the CH must keep this position for as long as its residual energy 

exceeds the dynamic threshold, which is established by the cluster’s average node energy. This condition is 

required to prevent the premature death of the CH, which would cause the network section to be 

disconnected. The CHis replaced by a new node, which is selected according to the scores produced by the 

objective function provided by (4) once its residual energy decreases below the dynamic threshold. Thus, 

with enough energy remaining in the network allowing continuous monitoring and reporting, even after each 

node’s energy level drops below the initial threshold, the dynamic threshold ensures that CHs could be 

selected. As a result, this stage of our proposed algorithm makes the network far more resilient than it would 

be with traditional methods. The ideal number of clusters Kopts is initially 5% of all nodes [43] and is adjusted 

when nodes run out of energy. 

 

3.3.  Data transfer phase 

This phase begins after the cluster generation and CHs designation phases. The time division 

multiple access (TDMA) technique will be applied by the CHs sensors [6], [25] to assign a specific time slot 

for data transmission to every member node within their clusters to prevent collisions. This implies that 
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within a given time frame, the member nodes will transmit their packets respectively to its CHs. Indeed, 

when the sensor nodes are not transmitting or receiving during sleep mode, they can turn off their radios and 

activate them within the allotted time slots. Consequently, the TDMA technique can reduce nodes’ energy 

loss, therefore prolonging their lifetime. Data gets received by the CH from its member nodes, which then 

aggregates, eliminates redundancy, and transmits the data to the BS. Table 1 presents a comparison between 

LEACH and the suggested EDK-LEACH. The EDK-LEACH protocol’s organisational structure is shown in 

Figure 1. 

 

 

Table 1. Comparison between the proposed EDK-LEACH and LEACH 
LEACH EDK-LEACH 

Uses Voronoi diagram and a probability law. Uses K-means and fitness function 

Cluster heads selected before the cluster’s 
formation. 

Cluster heads designed after the 
cluster’s formation 

Residual energy of the nodes not considered 

while selecting CHs. 

Residual energy of the nodes 

considered while selecting CHs. 
The clusters’s number differs from the ideal 

number since CHs are selected at random. 

The clusters’s number is set at 

optimal value. 

Number of nodes inside different clusters 
varies significantly. 

There is a uniform number of nodes 
within each cluster. 

Disparities in the CHs’ distribution over the 

network’s area. 

An even dispersion of CHs 

throughout the network’s domain. 

 

 

 
 

Figure 1. The EDK-LEACH protocol’s operational program 
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4. RESULTS AND DISCUSSION 

4.1.  Assumption and simulation parameters  

To make simulating these two protocols simpler, the following assumptions are made: 

− The fixed location of the BS is known for all nodes. 

− After deployment, sensor node locations are known and fixed. 

− Nodes have to always forward the information. 

− The BS memory, the processing capacity, and the power are all unlimited. 

The first order radio model [6] is the energy model used in this work, and Table 2 lists the simulation 

settings. 
 

 

Table 2. Network parameters for simulation 
Parameter Description Value 

N Number of nodes 100 

M×M Network size 100×100 (m2) 

E0 Initial energy of nodes 2 J 
P Percentage of cluster heads  5% 

ETX Energy to transmit one bit 0.5 nJ/bit 

ERX Energy to receive one bit 0.5 nJ/bit 
EAG Aggregation energy 5 nJ 

amp Amplification factor for free space model 10 pJ/bit/m2 

two_ray Amplification factor for free multi-path model 0.0013 pJ/bit/m4 

d0 Crossover distance 87 m 

k Packet size 500 bytes 

 Weighting coefficient to elect CHs 0.5 

 
 

4.2.  Simulation results and analysis 

In this section, we present computational results of our approach. The experimentations have been 

carried using MATLAB R (2018 a) to validate the effectiveness of the suggested EDK-LEACH algorithm for 

minimizing node power consumption, as well as extending network lifetime. Therefore, to demonstrate the 

relevance of the suggested protocol for WSNs, the simulation results were compared with the LEACH 

protocol results based on two important metrics: the number of alive nodes and the quantity of energy 

remaining in the network after each round. Primarily, 100 sensor nodes are randomly deployed to cover a 100 

x 100 m2 square area. Depending on the location of the BS, our algorithm has been tested in two distinct 

scenarios. In scenario 1, the BS is located in the center of the field at coordinates (50, 50), while in scenario 

2, it is outside the sensing area at coordinates (50, 175). The graphs were generated by taking the average of 

10 runs of each simulation. 

The clustering of 100 randomly distributed sensor nodes within the area of interest is shown in 

Figure 2. Cluster generation using the Voronoi diagram and the K-means algorithm is depicted in Figures 

2(a) and 2(b), respectively. As illustrated in Figure 2(a), with the LEACH protocol, there are more clusters 

than the optimal value, and the node distribution inside clusters is not regular. Figure 2(b) shows that with 

EDK-LEACH, the clusters’ number is fixed at the ideal value and the CHs are evenly distributed around the 

BS. The protocol’s energy efficiency is largely dependent on the CHs’ number. A lower number of CHs 

means that the data transmission length from sensor nodes to the CH will be excessively long, resulting in 

increased energy consumption. Additionally, the CH will consume more power due to the excessive amount 

of data it receives and transmits. However, a large number of CHs will clearly increase both the overall 

network load and the energy consumption of each network cycle, but will decrease the efficiency of network 

data fusion, and will shorten the network lifetime. For these reasons, we applied the K-means algorithm and 

set the number of clusters to its optimal number. By eradicating the randomness of CH number and adjusting 

the ideal number of clusters with node death in WSNs, the network energy consumption will be reduced. 
 
 

  
(a) (b) 

 

Figure 2. Clustering using (a) voronoi diagram and (b) K-means algorithm 
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4.2.1. Alive nodes for rounds of each scenario 

Figure 3 illustrates how the number of alive nodes declines with iterations. Figures 3(a) and 3(b) 

show the network lifetimes when the BS situated in the center of the surface and outside the area 

respectively. The two figures show that the EDK-LEACH approach outperformed the LEACH technique in 

terms of energy performance. Furthermore, considering these two different scenarios, the network lifetime 

has been analyzed in terms of first node dead (FND) and last node dead (LND). In scenario 1, Figure 3(a) 

shows that the first node died in EDK-LEACH is at 4285 versus 1983 rounds in LEACH. The last node died 

in the proposed protocol at more than 8000 rounds, in LEACH at 6851 rounds although. The stability period 

is extended and the results confirmed that EDK-LEACH protocol outperforms LEACH protocol by 116% in 

scenario 1 and 177% in scenario 2. It is clear that when the BS is located outside the network area, nodes 

deplete more energy because of the great transmission distances. Table 3 displays the statistics for each alive 

node vs. round scenario. Considering the simulation results and Table 3, it can be asserted that the  

EDK-LEACH protocol outperforms LEACH protocol.  

 

 

  
(a) (b) 

 

Figure 3. Alive nodes vs. iterations (a) BS (50,50) and (b) BS (50,175) 

 

 

Table 3. Comparison of network lifetime protocols 
BS position % Dead nodes LEACH EDK-LEACH EDK-LEACH rate 

(50; 50) 

1 (FND) 1983 4285 116% 

50 (HND) 3398 4771 40% 
100 (LND) 5913 8010 35% 

(50; 175) 

1 (FND) 208 577 177% 

50 (HND) 1663 3439 107% 
100 (LND) 3791 5497 45% 

 

 

4.2.2. Energy consumed vs. rounds 

The residual energy evaluation for the two protocols is shown in Figure 4. Figures 4(a) and 4(b), 

demonstrates the effectiveness performance of EDK-LEACH protocol comparing to the LEACH protocol.  

In EDK-LEACH, the energy decreases gradually, whereas in LEACH, it lowers abruptly. When the BS is 

located in the center of the studied area, Figure 4(a) shows that 860 rounds in LEACH and 1141 rounds in 

EDK-LEACH use 25% of the energy. In other words, LEACH used 0.058 J every round while EDK-LEACH 

used 0.043 J. In Figure 4(b), where the BS is located at the coordinates (50,175), the total amount of energy 

is utilized in 3791 rounds in LEACH and 5497 rounds in EDK-LEACH. Thus, for LEACH, each round uses 

0.052 J of energy, while with EDK-LEACH, each round uses 0.036 J of energy. We can observe that  

EDK-LEACH improves the total residual energy consumption by 35% and 45% compared to LEACH when 

the BS is at (50,50) and (50,175), respectively. Table 4 provides the percentages of energy used vs. rounds 

for the two protocols at different BS locations. In terms of energy consumption, the simulation results and 

data in Table 4 show that the suggested approach performs better than LEACH. 

Figure 5 summarizes the results of this research work to known results of the literature in histogram 

graphs. We can see, our suggested protocol outperforms LEACH protocol in terms of death nodes in  

Figure 5(a) and energy consumption in Figure 5(b). These results can be explained by better clustering and 

the optimal choice of CHs. 
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(a) (b) 

 

Figure 4. Residual energy vs. iterations (a) BS (50,50) and (b) BS (50,175) 
 

 

  
(a) (b) 

 

Figure 5. Comparative results of EDK-LEACH and LEACH protocols (a) death nodes and  

(b) energy consumption 
 

 

Table 4. Comparison of network energy consumption of protocols 
BS position Energy consumption (%) LEACH EDK-LEACH EDK-LEACH rate 

(50; 50) 

25% 860 1141 33% 
50% 1677 2297 37% 

75% 2581 3586 39% 

100% 5913 8010 35% 

(50; 175) 

25% 378 385 2% 

50% 739 834 13% 

75% 1273 1832 44% 
100% 3791 5497 45% 

 

 

5. CONCLUSION 

In this research, an EDK-LEACH protocol is proposed. It is a K-means unsupervised machine 

learning based technique. LEACH, is a known protocol where clusters are constructed after CH selection 

using a probabilistic algorithm. However, our proposed EDK-LEACH clustering approach uses the K-means 

algorithm to create clusters and then, an objective function is used to design the CHs. The K-means 

clustering algorithm forms homogenous clusters with a uniform distribution of CHs over the network area, 

and determine the optimum number of clusters. Moreover, the number of clusters is adjusted as the nodes 

deplete their energy and the objective function considers two different parameters: the sensor’s energy level 

and its distance from the cluster center. Consequently, by carrying out these processes, the load can be evenly 

distributed throughout all of the network’s sensors. The experimentation results of our protocol were 

compared with the known results of LEACH, and showed on one side that the network lifetime has increased 

by more than 177% when the BS is in the center of the network and, by 116% when the BS is outside the 

network in other side. Machine learning applications to WSN are still an emerging field of study. Open issues 

can be considered as news research areas. As an extension of this current work, future research could 

investigate real-time implementation and integrate more machine learning-based algorithms for developing 

more energy efficient protocols. 
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