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Abstract

In wireless Sensor Networks (WSNs), energy optimization and efficient routing are NP-Hard problems. Organizing sensor nodes into small
clusters with a local coordinator for the collection, aggregation, and transmission of data can reduce energy consumption and prolong the
lifetime of WSNs. However, the uniform and balanced clustering of nodes is a challenging task in designing an energy-efficient clustering
and routing protocol. One of the simplest yet efficient clustering algorithms that can be employed in WSNs is the K-means algorithm. The
paper presents a detailed discussion on the implementation of the K-means algorithm, limitations, and solutions that can be adopted to
enhance its performance. The primary objective is to provide a detailed insight into the various approaches employed in WSNs for
addressing the limitations of the K-means algorithm. In addition to it, different metrics for evaluating the clustering efficiency of an
algorithm are discussed in detail. A tabular review of the characteristics of various modified algorithms, which combine K-means and

probabilistic, deterministic, and metaheuristic techniques, is also presented at the end of the work.
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INTRODUCTION

Wireless sensor networks are characterized by a massive
and random deployment of sensor nodes in an area of interest.
The sensor nodes gather the desired information and then
transmit it to the sink or base station. The energy-efficient
transmission of information in WSNs is a challenging task, as
the energy consumption of sensor nodes is directly dependent
upon the communication distance. Also, due to random
deployment, several sensor nodes gather the same
information, and communicating it directly to the base station
can cause increased energy consumption, along with network
congestion and redundancy. Therefore, an energy-efficient
mechanism called clustering is employed that partitions the
network area into small clusters with each having a cluster
head and several member nodes. The member nodes collect
the desired information and forward it to the cluster head.
Usually, the intra-cluster communication distance is small
compared to the direct communication, which results in
reduced energy consumption in member nodes. The cluster
head then processes the data, aggregates it to reduce
redundancy, and transmits it as a single message to the base
station through single-hop or multi-hop communication.
Several algorithms have been proposed for the clustering of
wireless sensor networks, one being the K-means.

K-MEANS CLUSTERING ALGORITHM

The conventional K-means is an unsupervised
iteration-based refinement algorithm that involves the
partitioning of the data into k clusters and assigning each data
point to one of the k clusters based on a distance parameter

from a randomly chosen central point called a centroid in
each cluster [1],[2]. The objective of K-means is to reduce the
intra-cluster distance (usually the square Euclidean Distance)
of different data points from the centroid point for efficient
clustering. The conventional K-means algorithm is based on
several steps, as illustrated below:

Step I: Initialization

Select the value of parameter k (where k < n), based on
which the entire data set of n elements will be partitioned into
k clusters.

Randomly initialize k number of points called centroids.

Step I1: Assignment

Calculate the distance of all the other non-k data points
w.r.t all the k-points or centroids. The distance can be
calculated using formulas like the square Euclidean distance,
Manhattan distance, or cosine distance measure. The
selection of a particular distance formula is subject to the
application. Usually, the square Euclidean distance is used.
The expression for calculating the square Euclidean distance
of a data point from the centroid point (in a 2D XY plane) is

d=[(xz2-%x1)2 + (y2-y02] |l (01)

Where (x1, y1) are the coordinates of one of the centroid
points and (xz, y2) are the coordinates of the data point.

Depending upon the distance, assign each of the data
points to the centroid having the least value of d (or the
nearest centroid point). Every data point is assigned to a
centroid point, even if the distance is the same w.r.t. two
centroid points.

Step I11: Re-initialization
Calculate the mean of all the data points within a particular
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cluster using the expression.
1 M
Ci=~ XNy x, (02)
Where C; (i €K) is the centroid point having N number of
associated data points with it.

Depending upon the value of C; reinitializing the centroid
points, and repeat steps Il and I11 until the €; does not change
or become stable.

The main objective of the k-means algorithm is to
minimize the total within-cluster sum of squares (WCSS) or
the inter-cluster variance. This ensures that all the similar
data points are clustered within a single cluster.

The expression for WCSS for a particular cluster Ci, or
intra-cluster variance, is given by

WCSS(CD) Tajecill (-t (03)

The within-cluster sum of squares (WCSS) for all the
clusters or the total variance is given by

WCSS(Cii1 < i< k) =X Yuieallm)l” (04)

The Lower the value of WCSS, the more compact and
distinct the clusters are. After every iteration, the value of
WCSS decreases until an optimum value of each centroid
point is obtained. This is termed as convergence in the
k-means algorithm. However, it does not always guarantee
convergence to a global optimum.

Issues in the K-means Algorithm

While the K-means algorithm is an excellent technique for
clustering small and simple data sets, its performance
degrades in the case of large and complex data sets. Besides,
the k-means algorithm has the following limitations:

1. The section of the optimum number of clusters, i.e., the

value of K, can significantly affect the results.

2. The initialization of centroid points such that the
intra-cluster variance is minimized can be an NP-hard
problem. The wrong selection of the centroid point can
slow the convergence of the algorithm, and it can also
get trapped in a local optimum. In addition to this, the
final shape of the clusters can also vary with the
selection of different distance formulas.

3. The time complexity of each iteration of the k-means

algorithm is O (K*n*tdist).
Where K = the number of clusters (centroids), n = the
number of data points or objects, and tgist is the time
taken to calculate the distance between a set of data
points. In general terms, the time complexity of
K-means is written as O (n?) [3].

4. The K-means algorithm is too sensitive to outliers. The
presence of outliers can be detrimental to efficient
clustering.

5. The K-means algorithm performs poorly with variable
shape, size, and density of clusters.

Selection of the Optimum Number of Clusters

The K-means algorithm is a simple and efficient clustering
technique, provided an optimum value of K, or the number of
clusters, is predefined or already known. The entire

performance and complexity of the method can vary
depending upon the selection of K. An unfitting value of K
can result in over-simplification or over-complication.
Therefore, several methods have been proposed [4] to find
the optimum value of K.
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Figure 1. Flow chart of K-means Algorithm [5]

1. Elbow method: It is one of the prominent methods to
determine the K-optimum. It is based on a graphical
representation of the WCSS and the value of K.
Initially, the value of K is chosen as 1, and the WCSS is
calculated. After that, the value of k is incremented in
steps, and the corresponding values of WCSS are noted.
A graph between the value of K (X-axis) and the value
of WCSS (Y-axis) is plotted, and by visual inspection,
the point is identified where the reduction of WCSS
starts to slow down, representing the optimum value of
K for that data [Figure 2a]. However, the reliability of
the elbow method decreases as the value of WSCC
reduces smoothly against the increasing value of K,
resulting in ambiguity in the elbow point [Figure 2b].

2. Gap Statistics: It is a statistical method of determining
the optimum number of clusters (K value). It involves a
contrast between the intra-cluster variations of the
actual data set and those of a randomly generated
reference distribution with no obvious clustering
(bootstrapping method). The optimum value of K is
obtained where the two fall farthest apart [Figure 3a]
and the Gap has a maximum value [Figure 3a]. The
expression for determining the gap statistic is

Gap(k) = = XE_, log( Wi — log(Wi (05)
Where W, is the WCSS of the original data & Wy, is

the WCSS of the reference data set.
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3. Silhouette Analysis: It is a method to determine how
well the data or objects are clustered. It involves a
procedure to measure the intra-cluster cohesion or the
similarity of a data point w.r.t. the assigned cluster and
its dissimilarity w.r.t.the other clusters [6]. It is
generally expressed in terms of silhouette score, having
a value that varies between -1 and +1 (Procedure
discussed in a later section). The optimum K value is
obtained w.r.t. the maximum silhouette score in a given
data set.

Clustering score

Clustering score

Clear elbow point No clear elbow point

'
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Number of clsuters Number of clsuters

Figure 2a and 2b. Elbow method
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Figure 3a and 3b. Gap Statistics [Data science Lab]

Cluster Evaluation Metrics

The efficiency of any clustering algorithm can be
measured in terms of various evaluation metrics. These
metrics indicate how efficiently similar objects or data points
are clustered together and how distinct the data points are in
different clusters. The Following are some of the metrics:
1. Inertia: It is a measure to determine the compactness of
clusters. It is also defined as the within-cluster Sum of
the Squares (WCSS) and is given by expression (03).
Usually, a lower value indicates good clustering.

2. Silhouette Score: It is used to measure the intra-cluster
cohesion and inter-cluster separation. The expression
for the Silhouette score for a data point i is

Silhouette Score, S(i) = % (06)

where a(i) is the average intra-cluster distance between
element i (i € C;) and all other data points in the cluster
C

i.
. 1 ..
a(i) = ;Zjea’,#j adi,j) (07)
b(i) is the minimum of the average distances between
element i and its inter-cluster neighbours.

. 1 ..
b() = r};ll?TijECk,,i;tj adi,j) (08)

The Silhouette score ranges from -1 to +1, indicating a
complete mismatch and perfectly matched assignment
within the cluster, as shown in Table 1 [7]. Any value
lying between 0.51 and 0.70 is acceptable.

Table 1. Silhouette score interpretation

Silhouette Score Interpretation
0.71-1.00 Perfectly Clustered
51-0.70 Well Clustered
0.26 — 0.50 Inadequately Clustered
<0.25 No clustering
a=avg A
X avg \

(—s \

— |
' |
/

\\ mmkﬁid/

avg \

Figure 4. Silhouette score [8].

3. Jacard Index: It is a measure to determine how well
separated the clusters are. For two data sets A and B, it
is represented as the ratio of Shared elements
(intersection) to the overall elements (Union). The
Jacard Index can range from 0 to 1, indicating no
overlap and complete overlap of elements.

|AnB|
J(AB) = |AUB]|
ANB
JAB) = [T ] (10)

4. Dice Score: Like the Jacard index, it is a similarity
detection metric. It weighs the similarities more than the
dissimilarities and is calculated as the ratio of the union
to the disjoint union.

2| anB|

(09)

11)

APPROACHES TO K-MEANS CLUSTERING IN
WSNS

The node placement and energy efficiency optimization
problems in WSNs are NP-hard problems [9]. While
clustering can be used to achieve energy optimization goals, a
robust and reliable technique is needed that can efficiently
cluster the sensor nodes with minimum overhead and
redundancy. The K-means algorithm is a simple and efficient
clustering method that can be implemented in WSNs,
provided the limitations discussed above are appropriately
addressed. Although several methods have been discussed
above to address the issues in K-means, a much more reliable
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and robust one is needed in WSNs due to their inherent
constraint of massive and random deployment. The process
of clustering in WSNs can be first divided into two phases,
cluster formation and cluster head selection, and then
individual techniques can be applied for better performance.
The K-means algorithm can be combined with other
Fuzzy-based or meta-heuristic algorithms like Genetic
Algorithm, Particle Swarm Optimization, Ant Lion
Optimization, etc., resulting in a much more efficient and
reliable hybrid algorithm. In this section, a detailed literature
survey of various algorithms proposed to improve and
enhance the performance of K-means in WSNs is mentioned,
and the basis on which the key characteristics of those
algorithms are presented in a tabulated form.

In Novel K-means [10], the K-means algorithm in its
original form is used for cluster formation and selection of
cluster heads. After partitioning the network, the nearest
sensor node to the centroid is chosen as the cluster head. A
single-hop transmission mode is used by cluster heads for
forwarding the data to the base station.

In EBK-means [11], a hybrid protocol based on K-means
and Leach is proposed. Initially, clustering is done by
K-means with the elbow method for optimum selection of K,
and then in each of the K clusters, the LEACH algorithm is
used to elect the CH, and for efficient transmission of data.
The cluster member selects the CH based on the signal
strength and cost of communication. It employs a CSMA
scheduling protocol at the CH level and a TDMA protocol for
intra-cluster communication.

In K-GTBEB [12], a K-means-based clustering and
General Tree-based routing protocol has been proposed. The
value of K optimum is based on a deterministic function that
is a function of the total number of sensor nodes and field
dimensions, alongside the other network parameters.
However, as the K-means, it is based on random initialization
of centroid points. The cluster heads are chosen as the sensor
nodes nearest to the centroid points. Routing is based on a
self-organized tree topology with load distribution among
different branches of the tree managed by another method
called the Analytical Hierarchy Process (AHP).

In MK-means [13], a modified K-means algorithm has
been proposed. The algorithm is based on K-means with
random initialization, and the Cluster head is chosen based on
remaining energy. After selection as cluster head, it randomly
selects two other nodes as cluster heads alongside, for load
sharing during the operational phase. The members are
selected on the basis of Euclidean distance, and the data
forwarding is governed by a threshold in order to reduce
redundant transmission of data. A post-clustering phase is
defined in the event that a major portion of sensor nodes does
not qualify for becoming cluster heads, and is based on direct
transmission of data to the base station.

In EECPK-means [14], a deterministic approach is used
for determining the k-optimum. Initially, the clusters are
formed via the K-means algorithm, and then the cluster heads
are chosen as the nearest ones to the midpoint of each cluster.

An energy threshold is defined for the sensor nodes to
continue to act as cluster heads. The mode of data forwarding
to the base station is decided by another distance threshold. If
the distance to the base station is less than the threshold, then

direct communication is used; otherwise, multi-hop
communication will be used.

Expression for the selection of K, is

Kope = Jgox [Loxc (12)

2m Emp E

Where N is the total number of sensor nodes, M is the
dimension of the square field.

In KPSO [15], a novel clustering algorithm based on
K-means and Particle Swarm Optimization (PSO) is
proposed. The K-means algorithm has been used to divide the
network into a random number of clusters based on Euclidean
distance with random initialization. After clustering, the PSO
is employed to select the best possible cluster heads from
each cluster using a fitness function that aims to maximize
the lifetime of the cluster head.

all CHs Ei for dBS <do
Fitness Function = | ~=*  d}s (13)
E.
z‘ilz”lc'“dTl for dgs=d,
BS

Where E; is the initial energy of CH, dgg is the Euclidean
distance to BS and, d,, is the threshold distance (87m).

In KH-means [16], a modified K-means algorithm based
on the harmonic mean instead of the Euclidean distance is
proposed. The number of clusters is selected randomly, and
even though the centroids are initialized randomly, the
algorithm results in a uniform distribution of cluster heads
due to the assignment of different weights to the member
nodes based on proximity to multiple centroids. The Cluster
heads are elected based on distance from centroid points and
the residual energy. The algorithm also proposes a
mechanism for handling the sensor nodes lying at the
intersection of one or more clusters.

In Hybrid K-means [17] and Improved LEACH [18], a
modified form of K-means is proposed with cluster formation
based on K-means and selection of the cluster heads based on
the LEACH protocol. While [17] has implemented the
LEACH protocol in its original form, in [18] the probability
of a sensor node becoming a cluster head is decided on the
basis of the residual energy.

In Modified EECPK-means [19], modification is done in
the earlier proposed EECPK [14] protocol. The mid-point
algorithm is used in the selection of the K optimum,
initialization, and election of the cluster head. The mid-point
algorithm is used to locate the centroid points along the
length and breadth of the network, and the nearest sensor
nodes are chosen as initial cluster heads. Such a method of
locating centroids is adopted for the uniform distribution of
the cluster heads across the network. After each iteration, the
residual energy of the cluster heads is compared with a
threshold in order to continue as cluster head; the next sensor
node nearest to the centroid will be elected as the cluster

head. The expression for finding the mid-point is
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(R-0)

Mid — point = (14)

Where R is the sensing range of the nodes.

In K-means with SAW &WPM [20], the K-means
algorithm is used for clustering the nodes based on data point
attributes, depending upon node operation and distance from
the centroid point. The election of the cluster head is based on
various decision criteria like, Simple Additive Weight
(SAW) and Weighted Product Method (WPM). The main
aim of the proposed method is to reduce the time complexity
of data aggregation.

In UCRPK-means [21], an unequal clustering algorithm is
proposed based on K-means. The k-optimum is chosen by
equation (15), and then the size of each cluster is adjusted
based on distance from the base station by means of the
expressions (16 and 17)

Expression for the selection of K, is

VN gfs VS
Kope =72% /Srfr.pxdTBs (15)
_ N-Koptxcount
T 1424+ (Kope—1) (16)
Size(i)fori:l:Kopt =count+r(i—1) 17

Where N is the total number of deployed sensor nodes and,
the count is the number of sensor nodes within a particular
distance d, to the base station.

After the initial centroid (, selection, the algorithm tries
to minimize the intra-cluster variation like K-means by the
following expression

J = Ty T8 Tl Cen- i) 12 (18)

The cluster formation is rest similar to that of K-means.
Routing is based on the threshold either, as a single-hop or
multi-hop inter-cluster communication.

In Modified K-means with Ant Loin Optimization [22], a
hybrid clustering algorithm is proposed based on K-means
and Ant Loin Optimization (ALO). The K-means is used for
cluster formation with a Minkowski distance being used
instead of Euclidean. The cluster head is elected by applying
the ALO algorithm.

In Enhanced KEAC [23], a centralized approach is used
for clustering. The K-means algorithm is used for cluster
formation, while the selection of the cluster head is based on
a weighted fitness function (equations 19 and 20),
considering the residual energy, distance of a particular node
to the centroid, and location w.r.t. base station. The nodes
having a fitness value greater than a standard value get
elected as cluster heads.

Whi = €1 % Epi + €3 % Degi

Wista = €1 * Erotar + €2 ¥ AVGD

Where ¢; & c, are the arbitrary constants.

W, is the fitness weight of the node, E,,; is the energy, and
D,.; is the distance between the node and the centroid. Wg.4
is the standard fitness weight, Er,:,; 1S the energy required
for each round, and AvgD,, is the average intra-cluster to
centroid.

In OK-means [24], a clustering algorithm based on
K-means with a uniform distribution of cluster heads is

(19)
(20)

proposed. It is a modified form of K-means with a
deterministic selection of K-optimum, but with random
initialization of the centroids. The K-optimum is obtained by
the following expression.

_ 2NXgfrgXR?2

Kopt_ (nempNj:4Eelec) (21)

After determining the K,,. , the centroid points are
randomly initiated, and the nodes are assigned to each
centroid based on the Euclidean distances. After
convergence of the algorithm, the node closest to the centroid
point with sufficient energy is chosen as the cluster head.

In Improved K-means [25], a modified K-means algorithm
based on multiple fitness functions is proposed for cluster
formation as well as the selection of cluster heads. The
selection of K-optimum and initialization of centroids are
based on fitness functions considering parameters like
communication cost for each round, packet size, and a
threshold for the maximum number of adjacent nodes. The
algorithm has addressed the uneven distribution of cluster
heads by dividing the entire network area (PxP dimensions)
equally among Kope cluster heads. The expression for
calculating the Kopt is

VN

_VN EfSXPZ
KOpt_\/ﬁx <5mpd1235—Eelec> (22)
Avg number of nodes in a cluster

Nopt = Al (23)

Kopt

Where N is the total number of sensor nodes.

The cluster formation is based on the competition radius
and the number of adjacent nodes. After determining the
centroid, the member nodes are added based on the Euler
Formula.

The selection of cluster heads in each cluster is based on a
deterministic function that considers the residual energy of
the node, node centrality, and node degree. All these
parameters are compared with the average values in that
particular cluster. The expression for selecting the cluster
head is

eiVic d(’{vg

E.
Thi = ll :L + AZ
En enVic

(24)

3 d(L,NCEh)

Where Ty,; is the probability of a node to become cluster
head, e;.V,. is the average number of adjacent nodes, and
d,’;vg is the distance of the node from the centroid of that
cluster. In the denominator of the expression, the average
values of the numerator parameters over the cluster.

In Quad clustering-based K-means [26], a quad-clustering
approach is proposed. The K-means algorithm is initially
used to locate the centroid of the entire network for
positioning the base station, and then the network field is
divided into four equal quadrants. Again, the K-means is used
to find the centroid points of each cluster, and then the sensor
node nearest to the centroid is elected as the cluster head.

In GA-based K-means [27], a hybrid clustering and routing
algorithm based on K-means and Genetic Algorithm is
proposed. The cluster formation is based on random
initialization of K clusters obtained by equation (25). The
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selection of the cluster head is based on a multi-objective
fitness function considering residual energy, average
intra-cluster distance of the node, distance to the base station,
and the number of times the node has been previously
selected as a cluster head. The expression for the fitness
function is

N

Kopt = E

Costi = ax*E; +

(25)

B, v
Dl‘St'(l"Bs) ec;

(26)

In KCED [28], a modified K-means algorithm is proposed
to prolong the network lifetime. The process of selection of
K-optimum and initialization is the same as conventional
K-means. The algorithm has proposed a novel method of
cluster head selection based on twin score functions that
consider the residual energy, distance to the centroid (dCC),
and the distance to the base station (dBS). For the sensor
nodes having residual energy greater than the average
residual energy of the cluster, the score values are calculated

by the following expressions.
Eresidual _ dps

Scoregs = 27

BS Einitial Max(dps) 27)
Eresi d

SCOT@CC — Zresidual __ cc (28)
Einitial Max(dcc)

The sensor nodes having the maximum value of Scoregg
and Score.. are elected as the cluster heads within each
cluster. When maximum score values are obtained for
different nodes, the node with the maximum score is selected
as the cluster head. However, if multiple nodes have the same
value of score functions, then the total communication
distance is used for the selection of the appropriate sensor
node.

Total Distance(i) = d; 1o ps + Zyﬁi d;; (29)

The member node having the minimum value of
Total Distance(i) is selected as the final cluster head.

In KOCED [29], the author has addressed the random
selection of the K-optimum in KCED [28]. Despite other
steps and parameters being similar, the simulations have
indicated an improvement in the overall performance of the
algorithm in terms of clustering time as well as the lifetime of
the network.

In DCK-LEACH [30], the K optimum is calculated based
on a canopy pre-clustering technique. It involves the random
selection of a node, calculating the Euclidean distance of all
other nodes w.r.t. the selected node and comparing it with a
threshold. The same process is repeated for all the nodes of
the network. After selection, the K centroid points are
randomly initiated, and members are added based on
Euclidean distance to the centroid points. The algorithm also
proposes a dual selection of cluster heads, the primary cluster

head and the vice cluster head. The primary cluster head is
responsible for intra-cluster communication, while the vice
cluster head forwards the data from the primary cluster head
to the base station. This dual approach is employed to balance
the load among the nodes. The primary and the vice cluster

heads are selected by multiple fitness functions, listed below.
Eres(D)

@ = ST (30)
O =B @
P =afy ()+Bf (D) (32)
o=t <as>
Q) =ufi(D+of3 (1) (34)

The equations (30-32) are used for the selection of the
primary cluster head, and the equations (30, 33, 34) are used
for the selection of the vice cluster head.

In KM-MWOA [31], a modified K-means algorithm has
been proposed. The algorithm is based on K-means with
random initialization, and the Cluster head is chosen based on
the distance to the centroid and the remaining energy. The
members are selected on the basis of Euclidean distance from
the cluster heads. For energy-efficient routing, a modified
form of the Whale optimization algorithm has been proposed.

In Fuzzy-based K-means [9], a hybrid clustering algorithm
based on K-means and fuzzy logic is proposed. The cluster
formation is based on K-means, while multiple fuzzy fitness
functions are used to select the cluster head.

CONCLUSION

The clustering in WSNs by K-means, though an
energy-efficient technique, involves several challenging
tasks. The selection of K-optimum and the proper
initialization of K-centroids can be detrimental to the
algorithm's performance. Various methods have been
identified to address these issues involving deterministic and
meta-heuristics algorithms like PSO, ACO, and GA.
Although they have improved the efficiency of the K-means
clustering, each has its drawbacks. The deterministic
approaches are difficult to implement due to the dynamic and
unreliable nature of the WSNs. Whereas, the meta-heuristic
approaches have the issue of slow convergence leading to
time complexity and can get waded into a local optimal
solution. Although due to the NP-hard nature of these
problems, a global optimal solution can really be a
challenging task, a greedy approach should be adopted for
establishing a trade-off between the complexity and the
performance of the proposed algorithm.

Table 2. Summary of prominent Algorithms

Cluster Formation Cluster Head Selection
Algorithm Year o ) Selection of Routing
Initialization Selection of K | Cluster Method Parameters
Members
Novel K-means |2013 |Random Random K-means Nearest to Euclidean Distance | Single-Hop from CH
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Cluster Formation Cluster Head Selection
Algorithm Year o ) Selection of Routing
Initialization Selection of K |Cluster Method Parameters
Members
[10] centroid and Energy. to BS
Elbow method RSSI and LEACH based with
EBK-means[11] | 2014 | Random at BS K-means LEACH transmission cost. |CSMA at CH level.
Deterministic Centralized. GTBEB
K-GTBEB[12] (2015 [Random (Mathematical |K-means K-means Euclidean Distance |routing with load
Formula) balancing scheme.
K-means based | Nearest to . . A threshold it set and
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