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that their approach based on the random sink node is efficient
in terms of overall performance. In 2018, Habib et al. [13]
discussed about the selection of the most efficient route. They
have suggested the complexity during heavy obstacles. They
have developed mobile-sink trajectory approach for the WSN
which is path-restricted. Their approach is efficient in terms
of
network
lifetime.
They
have
used
mixed-integer-linear-program (MILP) model. In 2018,
Sandhu et al. [14] discussed about data-driven techniques.
They have suggested the parameters like packet delivery
ratio, packet drop rate, delay, throughput, and data rate as the
performance parameters. They have proposed a framework
for data rate prediction which is based on past experience. It
has been used for network traversing. Their results support
the approach based on the N-fold cross-validation technique.
In 2018, Muruganantham and El-Ocla [15] discussed about
different routing techniques. They have considered two cases
for the WSN implementation. These are Dijkstra algorithm
and genetic algorithm testing and then testing and
comparison has been performed based on ad hoc on-demand
distance vector routing protocol. Their results show that GA
has better performance. In 2018, Rubel et al. [16] discussed
about the key parameters in WSN like energy efficiency.
They have suggested that the critical and non-critical issues
should be considered separately. They have suggested
clustering for this purpose. They have proposed a scheme
based on clustering for the delay-sensitive applications. In
2018, Singh and Kumar [17] discussed the arrangement of
nodes through clustering and through the relay nodes. They
suggested that the damage nodes may affect this technique.
They have focused on the QOS. The discussion is elaborated
with theoretical and mathematical aspects. In 2018, Zhang
and Fei [18] discussed about the mobile elements. They have
suggested the long data delay as the major problem with this
approach. They have proposed a data collection algorithm
based on mobile elements for this problem. Their results
show the capability in the reduction in the data delay. In
2019, Zhou et al. [19] proposed an anonymous routing
strategy for preserving location privacy. Their approach has
the capability of setting proxy source node. It has been useful
in hiding the location of the real source node. The work of
this source node is to select neighbors randomly. Their
approach is found to be better in terms of traffic consumption
and communication delay reduction. Their approach has also
the capability of source node security improvement. There
are several research works which has been properly tuned the
k-means algorithm with their
parameters like [20−22].
The main objective of this

Abstract: Wireless sensor networks (WSNs) provide an
empirical and explorative ways to handle and collection of the
data in the centralized way. In this paper an efficient variable
distance measure k-means [VDMKM] algorithm for cluster heads
(CHs) selection in WSN has been presented and analyzed. This
approach is divided into two phases. In the first phase data
preprocessing has been performed. In this phase size-based weight
and threshold assignment have been done on the scaling factor of
1-10. In the second phase VDMKM approach has been applied.
The main benefit of this approach is the capability of smaller
distance assignments automatically based on different distance
measures. The distance measures used here are Euclidean,
Pearson coefficient and Manhattan correlation. The complete
cluster correlated delay has been calculated along with the packet
delivery time. Our distance measure based automatic distance
adjustment approach provides better suited distance-based packet
delivery in less time. The results are more prominent in the case of
Euclidean and Manhattan.
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Manhattan correlation.

I. INTRODUCTION
Wireless sensor networks (WSNs) is a heterogeneous
combination of connected sensor. But in terms of energy and
bandwidth the resources are very limited [1]. So, the
drawbacks which can affect the performances are the limited
resources for the communication along with the failure and
redundant message receiving problems for the destination
nodes [1−6]. Different important factors which are associated
with the performances are distance between nodes, the
lifetime of the network, energy efficiency, the attack on the
carrier node and the channel frequency [7−10]. In this paper
an efficient variable distance measure k-means [VDMKM]
algorithm has been presented for the automatic node distance
calculation with the experimentation to show the variability
along with the parametric efficiency consideration.
In 2018, Dahda et al. [11] have been used the combination
of neural network, genetic algorithm and dynamic clustering
for the purpose of improving the energy efficiency. Their
results are proven to be efficient in terms of throughput and
reliability. Their results are also found to be better in terms of
energy, delay and packet loss. In 2018, Sharma and Sharma
[12] have been compared the static and random sink node. It
has been followed by the parameters like packet delivery
ratio, throughput and end to end delay. Their results show
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paper is to reduce the delay time in the communication by
using variable distance measure k-means [VDMKM]
algorithm for cluster head selection in WSN.

for all the other scaling except the first. This processing is
performed in the source node. Then VDMKM algorithm has
been applied in the second phase with different data
measures. The distance measures result automatically
converted to the threshold values and then the results of the
weight segments are automatically arranged according to the
distance measures. So, it is useful in automatic selection
based on the best suited distance measure. The algorithm of
our approach is also shown below to show the approach
working phenomena. Figure 1 shows the flowchart of our
approach.

II. MATERIAL AND METHODS
In this paper an efficient variable distance measure
VDMKM algorithm for cluster head selection in WSN has
been presented and elaborated. First data preprocessing has
been performed. In this step the weight assignments have
been performed which is completely based on the size of the
packet. The scaling has been considered is 1-10. Random
values-based selection and assignments have been performed

Start

Input data (Number of nodes)

Number of clusters

Algorithm parameter (Distance measures)

Distance assignment based on
same variance

Cluster group based on the distance

End

Figure 1 Flowchart for VDMKM

Algorithm: VDMKM algorithm
Step 1: Number of nodes have been initialized.
Step 2: Weight pre-processing has been performed along
with the cluster’s determination.
Step 3: Iterations have been determined by the same variance
along with the random centroid initialization.
Step 4: Distance measure calculation has been performed
with the shorter distance allocation
Case 1: Euclidean distance
𝑛
d=
𝑖=1 (𝑋𝑖 − 𝑌𝑖 )
d is the Euclidean distance, Xi and Yi are the coordinates, n
shows the cases numbers
Case 2: Manhattan distance
d= 𝑛𝑖=1 |𝑋𝑖 − 𝑌𝑖 |
Case 3: Pearson Correlation

Retrieval Number: A3925119119/2019©BEIESP
DOI: 10.35940/ijitee.A3925.119119

𝑋𝑌 −

r=
𝑋2−

( 𝑋)
𝑛

2

𝑋 𝑌
𝑛

𝑌2−

( 𝑌)
𝑛

2

Step 3: The cluster center is iteratively calculated until the
same variance
1
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Step 4: Same variance-based automatic assignment between
the nodes have been performed and the shorter distance has
been picked up.
Step 6: Final selected sets.
III. RESULTS AND DISCUSSION
The results, based on different parameters have been
discussed here. For comparative
study randomly distributed nodes
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between 150-300 have been considered. Figure 2 shows the
time for automatic distribution of packet delivery based on
node assignment in clusters for cycle 1. It clearly shows the
time taken is less in all the clustering phases. Figure 3 shows
the time for automatic distribution of packet delivery based
on node assignment in clusters for cycle 2.
Figure 4 shows the time for automatic distribution of packet
delivery based on node assignment in clusters for cycle 3.
Figure 5 shows the time for automatic distribution of packet
delivery based on node assignment in clusters for cycle 4.
Figure 6 shows the average time for automatic distribution of

packet delivery based on node assignment in clusters. It
clearly shows the delay time has been reduced. Figure 7
shows the delay time reduction. Figure 8 shows the average
delay time reduction. Figure 9 shows the overall comparative
study in packet delivery time. It clearly shows the time taken
in terms our approach is less and the approach shows
significant improvement in all the intervals. The results are
found to be more prominent in the case of Euclidean and
Manhattan in comparison to Pearson coefficient.
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Figure 2 Time for automatic distribution of packet delivery based on node assignment in clusters for cycle 1
250

Time in ms

200
Cluster1

150

Cluster 2

100

Cluster 3
50

Cluster 4

0

Cluster 5
AD
Clusters

Figure 3 Time for automatic distribution of packet delivery based on node assignment in clusters for cycle 2
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Figure 4 Time for automatic distribution of packet delivery based on node assignment in clusters for cycle 3
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Figure 5 Time for automatic distribution of packet delivery based on node assignment in clusters for cycle 4
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Figure 6 Average time for automatic distribution of packet delivery based on node assignment in clusters
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Figure 7 Delay time reduction
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Figure 8 Average delay time reduction
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Figure 9 Overall comparative study in packet delivery time
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IV. CONCLUSIONS
In this paper an efficient VDMKM algorithm for cluster
head selection in WSN has been applied and analyzed. The
pre-processing of our approach proved the weight assignment
in such manner that it can be scaled in a similar pattern.
Euclidean distance, Manhattan distance and Pearson
correlation have been used as the distance measures. The
promising results in case of automatic distribution and delay
time have been achieved. The results in the case of Euclidean
and Manhattan are more prominent. The results in case of
packet delivery time are found to be better in terms of related
work.
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