
  
Abstract—Unsupervised competitive learning algorithms for 

clustering of sensor nodes  in wireless sensor networks are evaluated 
with a large scale data set in this paper. The Centroid Neural Network 
(CNN) is compared with Fuzzy c-Means (FCM) algorithm in 
determining cluster heads among given sensor nodes. The cluster 
heads are combined with Low Energy Adaptive Clustering Hierarchy 
(LEACH) for minimizing battery (energy) consumption in sensor 
nodes. Initial results show that the CNN can be effectively used for the 
selection of cluster heads and reduces total energy consumption of the 
network.  
 

Keywords—centroid neural network, sensor nodes, cluster head, 
Fuzzy c-Means.  

I.  INTRODUCTION 

HE objective of clustering algorithms is to group of similar 
objects in applications. Various methods have been 
proposed for data clustering [1]-[4].  Among these methods, 

k-means algorithm  and Self Organizing Map (SOM) [4] have 
been most widely used in practice because of their simplicity. 
Fuzzy C-Means (FCM) clustering algorithm has been shown to 
be advantageous over traditional clustering approaches based 
on crisp clustering [2]. Lloyds batch k-means algorithm and 
MacQueens adaptive k-means algorithm are considered as the 
basis for the SOM [4]. Basically, SOM finds a neuron which is 
the closest to a given input data and updates the location of the 
neuron and its neighbors. Parameters for the initial learning 
coefficient and the total number of iterations for a given set of 
data should be determined in advance. However, it is not easy 
to determine a priori the best set of parameters for a given set of 
data. 

The centroid neural network (CNN) is based on the 
observation that synaptic vectors converge to the centroids of 
clusters as learning proceeds in conventional unsupervised 
competitive learning algorithms such as SOM [5]-[7]. The 
centroid can minimize the mean-squared error of the vector 
quantization. One of the advantageous features in CNN 
algorithm is that the CNN does not require any  parameters such 
as the initial learning coefficient and the total number of 
iterations. The CNN calculates its  learning coefficients in each 
representation of datum. The CNN can also reward and punish 
by learning coefficients for winners and losers, respectively. 
CNN  does not require the total number of iteration in advance, 
either 
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various information including remaining battery life and 
transmits collected information to the base station.  WSN 
requires an effective routing protocol. One of the main 
objectives for various routing protocols is minimizing total 
energy consumption at sensor nodes[8]-[12]. LEACH can 
minimize the energy consumption by selecting the cluster 
heads stochastically [10]. However, this stochastic selection of 
cluster heads can be improved by using computational 
intelligence methods [11]-[12]. This paper addresses a 
comparative study on the application of FCM and CNN to 
selecting cluster heads for WSN 
The rest of this paper is organized as follows: Section II 

summarizes FCM, CNN, and LEACH. Section III presents 
experiments and results on several data sets for performance 
evaluation between FCM and CNN. Section IV concludes this 
paper. 

II.   RELATED WORKS 

A. Fuzzy C-Means Algorithm  
The FCM algorithm has been successfully applied to various  

clustering problems. The FCM algorithm attempts to partition a 
finite collection of elements �⃗� = {𝑥1,𝑥2,⋯ , 𝑥𝑁}  into a 
collection of C  fuzzy clusters. Bezdek first generalized the 
fuzzy ISODATA by defining a family of objective functionsJ𝑚 ,
1 < 𝑚 < ∞, and established a convergence theorem for that 
family of objective functions [2]. The objective function for 
FCM  is defined as : 

𝐽𝑚(𝑈, �⃗�) =  ∑ ∑ 𝜇𝑖𝑖𝑚𝑁
𝑖=1

𝐶
𝑖=1 |𝑥𝑖 − �⃗�𝑖|2                       (1)                         

where | · |² denotes Euclidean distance measure, 𝑥𝑖 and �⃗�𝑖 are 
the input data, 𝑘, and cluster prototype, 𝑖, respectively. µ𝑖𝑖 is 
the membership grade of the input data 𝑥𝑖 to the cluster �⃗�𝑖, and 
𝑚 is the weighting exponent, 𝑚 ∈ {1,⋯ ,∞}, while 𝑁  and 𝐶 
are the numbers of input data and clusters, respectively. 

The objective function for FCM is minimized when higher 
membership grades are assigned to objects which are closer to 
their centroid [2]. By applying the Lagrange multiplier to 
minimize the objective function, the center prototypes and 
membership grades can be iteratively updated as follows: 

 

µ𝑖𝑖 = 1

∑ �𝑥��⃗ 𝑘−𝑣��⃗ 𝑖�
2

�𝑥��⃗ 𝑘−𝑣��⃗ 𝑗�
2

𝐶
𝑗=1

                    (2) 

 

�⃗�𝑖 =
∑  𝜇𝑖𝑘

𝑚 �⃗�𝑘𝑁
𝑘=1
∑  𝜇𝑖𝑘

𝑚𝑁
𝑘=1

                           (3) 
 

The FCM finds the optimal values of cluster centers 
iteratively by applying Eq. (2) and Eq. (3) in an alternating 
fashion. 
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B.  Centroid Neural Network 
The Centroid Neural Network (CNN) is an unsupervised 

competitive learning algorithm [5]. It finds the centroids of 
clusters at each presentation of the data vector. The CNN 
introduces the winner neuron and the loser neuron. When a 
datum x is given to the network at the epoch (𝑘), the winner 
neuron at the epoch (𝑘) is defined as the neuron with the 
minimum distance to 𝑥. The loser neuron at the epoch (𝑘) to the 
datum 𝑥 is defined as the neuron that was the winner of x at the 
epoch (𝑘 − 1) but is not the winner of 𝑥 at the epoch (𝑘). The 
CNN updates its weights only when the status of the output 
neuron, (winner, loser, or neutral), has been changed when 
compared to the status from the previous epoch.  

When an input vector 𝑥  is presented to the network at 
iteration 𝑛, the update equations for winner neuron 𝑗 and loser 
neuron 𝑖 in CNN can be summarized as 

 

     w𝑗(𝑛 + 1) = 𝑤𝑗(𝑛) + 1
(𝑁𝑗+1)

[𝑥(𝑛) −𝑤𝑗(𝑛)]      (4) 

     w𝑖(𝑛 + 1) = 𝑤𝑖(𝑛)− 1
(𝑁𝑖−1)

[𝑥(𝑛) −𝑤𝑖(𝑛)]      (5) 
 

where w𝑗(𝑛) and w𝑖(𝑛) are the winner and loser neurons 
with 𝑁𝑖 and 𝑁𝑗 data, respectively.  

The CNN has several advantages over conventional 
clustering algorithms. Unlike SOM, the CNN requires neither a 
predetermined learning gain schedule nor the total number of 
iterations for clustering. It converges to sub-optimal solutions 
while conventional algorithms such as SOM may give unstable 
results depending on the learning gain schedule and the total 
number of iterations. A pseudo code for CNN is given in Fig. 1. 
More detailed description on the CNN can be found in [6]-[8]. 

C. Low-energy adaptive clustering hierarchy 
Low Energy Adaptive Clustering Hierarchy (LEACH) is a 

communication protocol which is combined with clustering and 
routing protocol in wireless sensor network. In order to 
improve the life time of sensor nodes in a WSN, LEACH 
intends to minimizes the total energy consumption. LEACH  
protocol divides nodes into groups and each group has one 
cluster head (CH). CH collects data from its node members and 
propagates the acquired information to the base station. This 
protocol adopts a stochastic process in determining CHs among 
sensor nodes. Note that all the nodes in the cluster are selected 
with the equal probability. After selecting CHs, CHs transmits 

 
 

Fig. 1 A pseudocode of Centroid Neural Network [6] 
 

an information about the CH nodes to other non-CH nodes [10].  
LEACH shows improvements on  minimizing the energy 

consumption of wireless sensor nodes by simply selecting the 
cluster heads stochastically, there is a room for improvement 
because the CH selection process is rather random and it 
ignores physical locations of sensor nodes. We may conclude 
that  the total energy consumption required for CHs and cluster 
members may be larger than an optimal case when the CHs are 
the centers of sensor nodes in a cluster. In order to improve this 
situation, FCM and CNN are applied to cluster selection 
process. By selecting CHs near the center of clusters, the 
energy is optimized locally in each group and thus the energy 
consuming can be decreased in the whole networks rather than 
randomly selecting the clusters as in LEACH. 

III. EXPERIMENTS AND RESULTS 
For experiments, the same setup as in LEACH is used [10]. 

We randomly generate 1,000 sensor nodes that locate at (x, y) in 
a certain node range 0≤x≤200 and 0≤y≤200 and BS locate at 
(100,350). Each data message is 500 bytes over 1 Mb/s of 
bandwidth. The header for each packet is 25 bytes. The cost of 
communication energy when transmitting a message with size 
of l bit through d distance is evaluated as follows: 

 

𝐸𝑇𝑥(𝑙,𝑑) = �
𝑙𝐸𝑒𝑒𝑒𝑒 + 𝑙𝜀𝑓𝑓(𝑑2), 𝑑 < 𝑑0
𝑙𝐸𝑒𝑒𝑒𝑒 + 𝑙𝜀𝑚𝑓(𝑑4), 𝑑 ≥ 𝑑0

     (6) 

 
and for a received message: 
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(b) 

 
(c) 

Fig. 2  Examples of  experiment data and results: (a) location of sensor 
nodes, (b) results of cluster head locations for  FCM, and (c) CNN (red 

dots: current CHs, light blue dots: past CHs, blue dots: never been 
CHs) 

 

    𝐸𝑅𝑥(𝑙) = 𝐸𝑅𝑥−𝑒𝑒𝑒𝑒(𝑒) = 𝑙𝐸𝑒𝑒𝑒𝑒               (7) 
where 𝑑0 is a threshold distance. 𝜀𝑓𝑓 and 𝜀𝑚𝑓  are the amplifier 
energy respect to the free space model or the multipath model. 
Eelec  is the electronics energy. In our experiments, these 
parameters are set as: 𝐸𝑒𝑒𝑒𝑒 = 50 nJ/𝑏𝑖𝑏 , 𝜀𝑚𝑓 = 0.0013 
𝑝𝐽 𝑏𝑖𝑏 𝑚4⁄⁄ , 𝜀𝑓𝑓 = 10 𝑝𝐽 𝑏𝑖𝑏 𝑚2⁄⁄  and 𝑑0= 86.202. The same  
parameter set is also used in [10],[12]. 

Fig. 2 shows the location of sensor nodes and CHs and 
grouping information for FCM and CNN. In Fig. 2, the selected 
CHs are in red dots while light blue dots represent the node that 

 

 
Fig. 3  Comparison  of  the numbers of alive sensors after rounds for 

the protocols based on FCM and CNN. 
 

has been selected as CHs in previous rounds. Blue dots are the 
nodes that never been selected as CHs in previous rounds and 
are the candidates for future CHs. The total distances from the 
chosen CHs to the nodes in their groups in these instances are  
10,770.5  and 9816.2  for FCM and CNN, respectively. This 
clearly shows the difference of energy consumptions required 
for different protocols. Similar results are obtained in different 
sensor node distributions.  

Another important criterion in evaluating different routing 
protocols is the numbers of alive sensors after rounds. In our 
experiments, the number of alive sensors are calculated each 
round and shown in  Fig.3. The results shows that FCM-based 
protocol gives a favorable performance over CNN-based one in 
terms of the first death round while CNN-based protocol gives 
a favorable performance over FCM-based one in terms of the 
half death round.  

Another important criterion in evaluating different routing 
protocols is the computational speed.  In order to evaluate speed 
for selection process of cluster heads in FCM and CNN, the 
CPU times are calculated under the following computing 
environment: 

- CPU: Intel(R) Core(TM) i5-2400, 3.1㎓ CPU, 
- RAM size: 2 GB, OS: Window 7 Enterprise, 64bit. 
Table I summarizes the clustering time required for different 

protocols. Note that LEACH does not require clustering time 
because it selects CHs randomly. On average, FCM requires 
1,200.4 mS  while CNN finds clusters in 579.2  mS. This 
clearly shows that CNN reduces the clustering time about 52% 
when compared to FCM. 

TABLE I 
AVERAGE CPU TIME REQUIRED FOR CLUSTERING (SEC)  

Data  Gaussian 
FCM 
CNN 

  1.200 
0.579 

IV. CONCLUSIONS 
A comparative study on the application of clustering 

algorithms to clustering sensor nodes in wireless sensor 
networks is reported in this paper. The clustering algorithms 
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used in this paper are Fuzzy C-Means algorithm and Centroid 
Neural Network. The protocols based on clustering algorithms 
find clusters of sensor nodes optimally by adopting Fuzzy 
C-Means algorithm and Centroid Neural Network and follow 
the selection method for cluster heads from LEACH algorithm.  
Experiments are performed on example platform used in 
LEACH algorithm in order to evaluate performances of the 
different algorithms. A sensor network map with 1,000 nodes is 
designed for experiments and evaluated the number of nodes 
alive after a period. The results show that the CNN shows very 
compatible performance with FCM. The computing speeds for 
the selection of cluster heads for each round are also evaluated 
for FCM and CNN. The results show that the CNN can save the 
clustering time required for the selection of cluster heads about 
52%. From experiments and results, we can conclude that the 
CNN can be more effective than conventional FCM in terms of 
total energy consumption of the network and system life time 
while the CNN can find its cluster heads 2 times faster than 
FCM. 
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