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Abstract— In this paper, the evaluation of 
optimal cluster head placement for sensor 
network using Lloyd’s k-means technique is 
presented.  The essence is to visualize the 
variation in the optimal cluster head placement 
when the Lloyd’s K-Means clustering (LKMC) 
algorithm is implemented repeatedly for the same 
set of dataset points. A case study dataset 
consisting of 2500 data points (sensor nodes 
location coordinates) randomly distributed in an 
area of 900 m by 900 m is clustered into 5 clusters 
using the K-Means clustering (LKMC) algorithm. 
The clustering was repeated 4 times and each of 
the results were captured and the mean Euclidian 
distance of data points in all the clusters in the 
network is determined for each implementation. 
The results show that the Average Euclidian 
Distance per implementation varied from 874.1 m 
to 900 m which has the range of 25.9 m.  There is 
about 2.8 % difference between the minimum 
averages Euclidian Distance among the different 
implementations of the LKMC algorithm on the 
same dataset. Hence, when using the LKMC 
algorithm, it is recommended that the algorithm 
be applied several times and the implementation 
with the minimum Average Euclidian Distance can 
be adopted. 
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1. INTRODUCTION 
Over the years, clustering has been used as a 

means of optimizing the spatial placement of cluster head in 
clustered network of nodes [1,2,3]. The cluster head 
placement is normally determined using clustering 
algorithm [3,4,5]. Such algorithms use one or more 
approaches to determine the spatial location of the cluster 
head which will minimize the specified distance metric 
used in the algorithm [6,7,9]. By doing so, it is expected 
that the mean of the distance of each of the nodes in a given 
cluster is minimal. 

Several clustering algorithms have been 
developed. Among them is the Lloyd’s k-means technique 
which usually employ Euclidian distance for its operation 
[10,11,12]. The Lloyd’s k-means requires the number of 
clusters, k to be specified and it will iteratively assigned 
and re-assign cluster heads among the nodes until the 
optimal k cluster heads are determined based on the  
Euclidian distance  [13,14].  In practice, repeated execution 
of the Lloyd’s k-means algorithm may result is a different 
set of cluster heads and hence different mean Euclidian 
distance per cluster. As such, in this paper, repeated 
execution and comparative evaluation of the resultant 
cluster heads placements for a given dataset is conducted. 
The essence of the study is to provide requisite idea that can 
help in the application of the Lloyd’s k-means technique for 
optimal cluster head placement for sensor network. In this 
case, repeated implementation of the Lloyd’s k-means 
algorithm may be required and the optimal solution is 
selected from the various results obtained from the different 
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Table 3 The centroid (cluster head placement) obtained in the four different implementations of the LKMC algorithm 

 

The centroid 
obtained in the 

first 
implementation 
of the LKMC 

algorithm 

The centroid obtained 
in the second 

implementation of the 
LKMC algorithm 

The centroid obtained 
in the third 

implementation of the 
LKMC algorithm 

The centroid obtained in 
the fourth implementation 
of the LKMC algorithm 

Cluster 
K 

𝐶𝑥  𝐶𝑦  𝐶𝑥  𝐶𝑦  𝐶𝑥  𝐶𝑦  𝐶𝑥  𝐶𝑦 

0  695.2  665.0  690.4  676.3  692.9  666.0  689.2  675.3 

1  241.5  132.1  162.8  210.1  241.5  132.1  154.9  215.7 

2  690.5  215.5  742.3  207.3  690.4  215.9  741.2  212.0 

3  232.7  438.9  450.3  263.0  232.8  438.6  440.1  248.6 

4  260.7  749.5  232.2  677.1  256.8  749.6  232.8  676.8 

 
The  results  of  the  centroid  (cluster  head  placement) 
obtained  in  the  four  different  implementation  of  the 
LKMC algorithm are shown in table 1 while the scatter 
plot of  the  centroid  (cluster head placement) obtained  in 
the four different implementation of the LKMC algorithm 
is given in Figure 6. It is shown in the results in Table 3 and 
Figure 6 that each of the implementations has set of cluster 
head placements different from the ones obtained in the 
other implementations. The implication of the variation in 
the cluster head placements is that the mean Euclidian 
distance will differ in each implementation. This is captured 

in the results presented in Table 4, Figure 7 and Figure 8. 
The results in Table 4 , Figure 7 and Figure 8 show that the 
Average Euclidian Distance, 𝑑ீ (m) per implementation 
varied from 874.1  m to 900 m which has the range of 25.9 
m.  There is about 2.8 % difference between the minimum 
averages Euclidian Distance among the different 
implementations of the LKMC algorithm on the same 
dataset. Hence, when using the LKMC algorithm, it is 
recommended that the algorithm be applied several times 
and the implementation with the minimum Average 
Euclidian Distance, 𝑑ீ (m) can be adopted. 

 
Figure 6 The scatter plot of the centroid (cluster head placement) obtained in the four different implementation of the LKMC 

algorithm 
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Figure 8 The Normalized Average Euclidian Distance, (%)  Per Implementation 

 
4. CONCLUSION 
The Lloyd’s K-Means clustering (LKMC) technique for 
optimal cluster head placement in a sensor network is 
presented. The LKMC algorithm is implemented on one 
dataset for four different times. The essence of the repeated 
implementation is to visualize the variation in the optimal 
cluster head placement from one implementation to the 
other. The Euclidian distance of each of the sensor node in 
each cluster is first computed, then the average Euclidian 
distance per cluster is computer and finally the average 
Euclidian distance for all the clusters in each 
implementation is computed. The results show that there is 
up to 2.8 % difference in the average Euclidian Distance 
among the different implementations of the LKMC 
algorithm on the same dataset. Therefore, in practice, the 
LKMC algorithm need to be repeatedly implemented and 
then the one that gives the minimum average Euclidian 
Distance is adopted. 
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