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Abstract: Fuzzy c-means clustering (FCM) has emerged as
one important technique for pattern recognition, image
processing and data analysis. Owing to the huge amount of
data and computational complexity, FCM is difficult to
cluster big sensor data in real time. The paper proposes
three distributed FCM algorithms, namely, distributed FCM
algorithm based on MapReduce (DFCM), distributed online
FCM algorithm based on sampled Affinity Propagation (AP)
clustering (DOFCM) and distributed kernel FCM algorithm
based on MapReduce (DKFCM). The proposed algorithms
use cloud computing technology to improve the efficiency
for clustering big sensor data. Experiments prove the
superiority of the proposed methods through the clustering
accuracy and clustering speed.
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1 Introduction
Recently, wireless sensor networks (WSNs) have increased
its wide attention, particularly with the proliferation in
Micro-Electro-Mechanical Systems (MEMS) technology
which has facilitated the development of smart sensors
(Yick, 2008). WSNs have been widely used in industrial
production, intelligent transportation and target tacking.
With the explosive application of WSNs , sensor data is
being collected and stored at unprecedented rates. For
example, many sensors are deployed to monitor various
objects such as traffic facilities, buildings and lakes, which
produces very huge amount of sensor data (Zhang, 2013).
Sampled data from WSNs for the target tracking can exceed
hundreds of terabytes and be continuously generated. These
examples demonstrate that we have entered the era of big
data which is being generated from many different sources
such as sensors, mobile devices and RFID (Wu, 2014).
Big sensor data analysis and mining plays an
important role in the theory application of WSNs. As a
typical data mining technology, FCM partitions each data
object in different clusters with meaningful membership
whose sum must be 1 (Bezdek, 1973). For a set of n objects
O={o1,o2,...,on}, FCM is defined as a c×n matrix U={uij},
where each value represents the membership of the object oj
towards the i-th cluster. Specifically, FCM is derived using
the following objective function.
M fcn  {U  R cn | uij  [0,1]
(1)
n
c
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Many FCM variants scaled for clustering very large
data have been proposed to improve the performance of the
original FCM algorithm (Havens, 2012). Some algorithms
are based on sampling, which cluster a sample of the data
set and then extend the sample result to the full data set.
Other representative methods, such as single-pass FCM and
online FCM, are based on various incremental styles. Even
though these algorithms are performed well on the
clustering process, they are difficult to cluster big sensor
data in real time due to the huge amount of data and
computational complexity.
In this paper, three different distributed FCM
algorithms combined with cloud computing technology are
designed to improve the efficiency and accuracy of FCM for
clustering big sensor data, which are distributed FCM

algorithm (DFCM) based on MapReduce, distributed online
FCM algorithm based on sampled AP clustering (DOFCM)
and distributed kernel FCM algorithm (DKFCM) based on
MapReduce.
DFCM applies cloud computing technology to the
original FMC algorithm, which aims at improving the speed
of FCM for clustering big sensor data. Meanwhile DFCM
can produce the same partitions with the original FCM
algorithm.
DOFCM is an extension of online FCM in the cloud
computing platform. DOFCM partitions the data set into
some chunks randomly and then clusters each chunk to
produce c local weighted objects in parallel. Finally, the
algorithm clusters these weighted objects by weighted FCM
algorithm for the global clustering centers finally. To speed
up the convergence of clustering every chunk, the paper
uses AP algorithm to cluster a sample to produce the initial
cluster centers for every chunk.
Affinity Propagation (AP) clustering, published in
Science magazine proposed by Frey and Dueck (2007), is
widely used because of its innovation. AP finds the cluster
centers with high quality by passing messages between data
objects, namely iteratively updating a responsibility matrix
R = [r (i, k)] by Eq. (2) and an availability matrix A = [a (i,
k)] by Eq. (3).
r (i, k )  s(i, k ) 
{a(i, k ')  s(i, k ')} (2)

max
k ' k

a (i, k )  min{0, r (k , k ) 
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DKFCM designs a double-stage MapReduce to speed
up the kernel FCM algorithm for clustering big sensor data
by updating the kernel matrix and the distance matrix in
parallel respectively.
The performance of the proposed algorithms is
demonstrated by comparing with existed algorithms on two
real data sets.
We evaluate the proposed algorithms on two real data
sets by comparing their performance with four high quality
existing algorithms namely FCM, spFCM , online FCM and
spKFCM based on two evaluation criteria called adjusted
rand index and execution time. The experimental results
demonstrate that the proposed algorithms can cluster big
sensor data effectively.
The rest of the paper is organized as follows. Section 2
reviews some related research on the improved FCM
algorithms. Section 3 depicts the DFCM algorithm and
section 4 describes the DOFCM algorithm based on
sampled AP clustering algorithm. DKFCM is outlined in
Section 5 and performance evaluation of the proposed
algorithms is illustrated in Section 6. Section 7 concludes
the paper.
2 Related work
Many improved fuzzy clustering algorithms have been
proposed for large-scale data. For example, the generalized
extensible fast FCM (geFFCM) (Hathaway and Bezdek,
2006) clusters a subset sampled from the original data set
and non-iteratively extends the sample result to the full data

set. The resFCM algorithm (Havens, 2012) was presented
by adapting geFFCM into a simple random sampling plus
extension FCM algorithm. Another efficient fuzzy c-means
algorithms scaled for very large data are sing-pass FCM
(spFCM) (Hore, 2007) and online FCM (oFCM) (Hore,
2009), which cluster a data subset based on the available
memory allocation to produce c weighted objects, and then
cluster new objects loaded combined with the c weight
objects obtained by the previous clustering, and then use
weighted FCM algorithm to cluster all the weighted objects
for the global centers.
Some strategies based on kernel (Chitta, 2011; Havens,
2011) are developed to improve the accuracy of FCM for
clustering very large data, which rely on a numerical
approximation that uses sampled rows of the kernel matrix
to estimate the solution to a c-means problem. Although
these algorithms could cluster very large data with a high
clustering accuracy, they could not satisfy the realtime
requirement of big sensor data clustering due to their
complexity.
3 Distributed FCM Algorithm Based on MapReduce
Given a dataset O={o1,o2,...,on}, the original FCM algorithm
partitions O into c fuzzy clusters by minimizing the
following objective function.
c

n

J m (U , V )   uijm || xk  vi ||2

(4)
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Where c is the number of clusters, n the number of data
objects, uik the membership of xk towards the ith cluster, m
the quantity controlling clustering fuzziness, and V the set of
cluster centers. The function Jm is minimized by a famous
alternate iterative algorithm.
FCM is outlined in Algorithm 1.
Algorithm 1: FCM
Input: O, c, m
Output: U, V
Initialize V(0)
while max{||vk,new-vk,old||}>ε
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The steps of the FCM algorithm are as follows:
Step 1: Fix c, m>1 and ε>0 for some positive constant.
Initialize the cluster centers V(0);
Step 2: Update all memberships uik with Eq.(5);
Step 3: Update all cluster centers v with Eq.(6);
Step 4: If ε≤||vk,new-vk,old||2, stop; else repeat step 2.
To improve the efficiency of the original FCM
algorithm for clustering big sensor data, the section designs
distributed FCM algorithm based on MapReduce. From the
steps of FCM, two major operations are to update the
membership uij using Eq.(5) and to update the cluster
centers vi using Eq.(6).
When calculating each element of the kth column in
the membership matrix using the Eq.(5), the algorithm
needs the cluster centers in the v, i.e. v={v1,v2,...,vc}, and the
kth data object. Calculating the elements of each column in

the membership matrix is independent. Therefore, updating
the membership matrix can be completed by the Map
function. To reduce the communication cost, DFCM
partitions the membership matrix into p blocks by columns,
each block with n/p columns, where n is the number of the
data objects and p is the number of the data nodes. Next, the
elements of each block are calculated by a Map function.
In order to update cluster centers in parallel, two
parameters, ξi(t) and λi(t) ,are introduced, where t represents
the serial number of each data node. After calculating the
elements of each block, the Map function in the data node
with the serial number t calculates ξi(t) using the Eq.(7) and
λi(t) using the Eq.(8).
n/ p

i(t )   uikm xk i  1, 2,..., c
k 1
n/ p

i(t )   uikm i  1, 2,..., c

(7)
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The Map function in the data node with the serial
number t is described in Function 1.
Function 1: Map function
map{
while 1≤k≤n/p
while 1≤i≤c
c

uik  [ (
j 1

|| xk  vi || m21 1
) ]
|| xk  v j ||

while 1≤i≤c
n/ p

i(t )   uikm xk
k 1
n/ p

i(t )   uikm

The weighted objects are saved on the disk. Finally,
online FCM clusters the weighted objects of all chunks to
produce the final result.
Even though online FCM could cluster very large data
in one single computer with the limited memory, it is
difficult to be applied directly to a distributed environment.
The paper designs a distributed online FCM algorithm based
on sampled AP clustering (DOFCM) to accelerate online
FCM for clustering big sensor data.
DOFCM first uses AP to cluster a sample to produce
the cluster centers V(0). Next, it partitions the data set into p
chunks randomly and then dispatches every chunk to a
computing node for locally FCM clustering using V(0). After
clustering a chunks, a data set c weighted objects can be
obtained using the Eq.(10). Finally, DOFCM clusters all the
weighted objects for the global cluster centers and updates
the membership matrix using these global cluster centers.
The full description of DOFCM is as follows:
Step 1: Select a subset randomly, which could be
loaded into the memory.
Step 2: Cluster the subset by AP to obtain initial cluster
centers.
Step 3: Partition the data set into p chunks randomly,
where p is the number of computing nodes.
Step 4: Dispatch every chunk and the initial clustering
centers to a computing node to cluster by FCM.
Step 5: Condense the clustering solution of each chunk
into c weighted objects, each of which is calculated by Eq.
(10).
Step 6: Collect all the weighted objects to form an
ensemble with weights.
Step 7: Cluster all the weighted objects by weighted
FCM algorithm to produce the global cluster centers using
the Eq. (11).

k 1

vi

The input of the Reduce function is a <key’, list>,
where key’ is the identifier of the class and list includes all
of value’s with the same key’ obtained from the Map
function. The Reduce function calculates the cluster centers
according to the Eq.(9).
p

p

t 1

t 1

vi   i(t ) /  i(t )

(9)

Where p is the number of the data node and i is the
identifier of the class, which is equal to key’.
4 Distributed online FCM Algorithm Based on Sampled
AP Clustering
Online FCM is an incremental algorithm for clustering very
large data, which loads only a small amount of data at a
time depending on the memory volume. Online FCM
assumes that data is both arriving and processed in chunks
(equal to the buffer size) and clusters every chunk by FCM.
After clustering a chunk, memory is free by condensing the
clustering solution in memory into c weighted objects, each
of which is calculated using the membership matrix as
follows.

wi   j 1 uij , 1  i  c
t




n

}
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Where t is the number of data objects in one chunk.
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n
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Step 8: Update the membership matrix by Eq. (5).
5 Distributed Kernel FCM Algorithm Based on
MapReduce
In order to find clusters with non-spherical shapes such as
annular shape, the kernel FCM algorithm (KFCM) maps
nonlinearly the input data into a high dimensional feature
space (Wu, 2003). For example, a input data Xi, i=1,2,…,n
in the high dimensional feature space is denoted by Φ(Xj),
j=1,2,…,m, where Φ(.) is a nonlinear mapping function. The
Euclidian distance between Φ(Xi) and Φ(Xj) in the feature
space of the kernel K is defined in the Eq. (12).
 ij ||  ( xi )   (vi ) || dist ( ( X i ),  ( X j ))
(12)
 ||  ( X i )   ( X j ) ||2
From the Mercer theorem, this distance can be
calculated using Eq.(13).
 ij   ( X i )   ( X i )  2 ( X i )   ( X j )   ( X j )   ( X j ) (13)
 K ( X i , X i )  2K ( X i , X j )  K ( X j , X j )

KFCM is outlined in Algorithm 2.

Algorithm 2: KPCM
Input: X, c, m
Output: U
Initialize V(0)
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Step 1: Fix c, m>1 and ε>0 for some positive constant.
Initialize the centers V(0);
Step 2: Choose kernel function K and its parameters;
Step 3: Calculate the membership uij using the Eq. (5);
Step 4: Update the kernel matrix K(Xj,Vi’) using the
Eq.(14) and K(Vi’,Vi’) using the Eq.(15);
Step 5: Update the membership uij according to
Eq.(16);
Step 6: If ε≤||vk,new-vk,old||2, stop; else repeat step 4.
Two major operations of KFCM are to update the
kernel matrix K(Xj,Vi’) and to update the membership matrix
U={uij}. To improve the efficiency of KFCM, a distributed
kernel FCM algorithm based on double-stage MapReduce
(DKFCM) is designed in this section.
In the first MapReduce stage, the matrix K(Xj,Vi’) is
updated by the Map function. When calculating each
element of the kth row in the kernel matrix K(Xj,Vi’) using
the Eq.(14), the Map function needs all the values in the
membership matrix U and the elements of the kth column in
the kernel matrix K(Xi,Xj). To reduce the communication
cost, DKFCM partitions the matrix K(Xj,Vi’) into n/p chunks
by rows and partitions the kernel matrix K(Xi,Xj) into n/p
chunks by columns, where p is the number of data nodes.
The elements of each chunk in the matrix K(Xj,Vi’) are
calculated by the Map function in a data node, whose input
includes all the values of the membership matrix U and the
values of the corresponding chunk of the kernel matrix
K(Xi,Xj).
The Map function in the first stage is described in
Function 2.
Function 2: Map function
map{
while 1≤k≤n/p
while 1≤i≤c
K ( X j , Vi ' )   ( X j )   (Vi ' ) 
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}
In the second MapReduce stage, the Map function is
designed to update the membership matrix U, which

requires the calculation of the elements in the distance
matrix d(Xj,Vi’). Therefore, the Map function calculates the
elements of the distance matrix d(Xj,Vi’) using Eq.(13). Note
that the Map function requires the same values when
calculating the elements of the kth row in the distance
matrix d(Xj,Vi’) and calculating the elements of the kth row
in the membership matrix U according to Algorithm 2,
which are the elements of the kth row in the matrix K(Xj,Vi’),
the elements in the diagonal line in the kernel matrix K(Xi,Xj)
and the elements in the diagonal line in the matrix K(Vi’,Vi’).
So, the elements of the kth row in the distance matrix
d(Xj,Vi’) and the elements of the kth row in the membership
matrix U can be calculated in the same data node. To reduce
the communication cost, DKFCM partitions the distance
matrix d(Xj,Vi’) into n/p chunks by rows and partitions the
matrix K(Xj,Vi’) into n/p chunks by rows.
The Map function in the second stage is described in
Function 3.
Function 3: Map function
map{
while 1≤k≤n/p
while 1≤i≤c
d ( X j ,Vi ' )  K ( X j , X j )  2 K ( X i ,Vi ' )  K (Vi ' ,Vi ' )
c
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6 Experiments
The performance of the proposed algorithms is evaluated by
deploying the algorithms to the cloud computing platform.
The experimental setup is described first, followed by the
results and performance analysis.
6.1 Experiment Setup and Data Sets
The experimental environment consists of 20 computers as
cloud computing nodes, each of which has an Intel Core i7
processor with 3.2 GHz speed and 8GB RAM, and a 2TB
hard drive.
We apply the algorithms on two real data sets in the
experiments. The first data set is an extension of ‘Gas
Sensor Array Drift Dataset at Different Concentrations Data
Set’
which is available in UCI Machine Learning
Repository (Vergara, 2012; Rodriguez-Lujan, 2014). This
data set contains 3×109 objects with 129 numerical
attributes, called eGSAD. The second data set consists of
3×109 objects sampled from the smart WSN lab, called
sWSN. Each object has 150 numerical features.
The parameters used for fuzzy clustering were ε=10-3
and m=2. The termination criterion for the vector data
algorithms is max1≤k≤c{||vk,new-vk,old||2}<ε and for the kernel
algorithm it is max1≤k≤c{||uk,new-uk,old||}<ε.
The performance of the proposed algorithms is judged
by three following criteria.
(1) Adjusted Rand Index (ARI): ARI(U,U’) is a biasadjusted formulation of the Rand index (Rand, 1971), which
is a measure of agreement between two crisp partitions of a
set of objects. U represents the ground truth labels for the
objects in the data set and U’ denotes a partition produced

6.2 Experimental Result Analysis of DFCM
To evaluate the efficiency of DFCM, we implement three
algorithms, namely, DFCM, FCM and spFCM, in the cloud
computing platform. The average execution time on the two
data sets with the different number of objects is shown in
Table 1.
Table 1 Average execution time (Hours) on two data sets

1
2
3

Examples
(108)
0.1
0.5
2

4

5

5

10

Num.

FCM

spFCM

DFCM

0.79
3.62
12.49
Memory
limitation
Memory
limitation

0.17
0.98
3.89

0.21
1.07
3.84

7.59

5.96

12.61

10.78

Table 1 shows that FCM takes more time than spFCM
and DFCM. At the number of objects >2×108 , FCM
algorithm can not cluster the dataset any longer due to the
memory limitation of the single computer while spFCM and
DFCM can succeed completely in clustering the data set,
which demonstrates the feasibility of spFCM and DFCM for
clustering big sensor data. When the data set is big, such as
containing more than 2×108 objects, DFCM takes
significantly less time than spFCM, which indicates that
DFCM performs more efficiently than spFCM.

Figure 1 Average execution time of DFCM and spFCM
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result, which is used to demonstrate the efficiency of the
proposed algorithms.
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6.3 Experimental Result Analysis of DOFCM
In this subsection, we first present the average ARI of
DOFCM and online FCM (oFCM) to evaluate the cluster
accuracy of DOFCM. The ARI result is depicted in Table 3.
Table 3 Average ARI on two data sets
data set

ARI(U,oFCMU)

ARI(U,DOFCMU)

eGSAD
sMSN

0.79
0.64

0.86
0.81

From Table 3, the ARI(U, DOFCMU) is greater than
ARI(U, oFCMU), which indicates that the proposed
algorithm is performed better on two experimental data sets.
In other word, DOFCM obtains better partition than the
online FCM algorithm.
Next, we study the average execution time of online
FCM algorithm and DOFCM for clustering big sensor data,
which is described in Fig. 2.
Figure 2 Average execution time of DOFCM and oFCM
18

data set

ARI(U,spFCMU)

ARI(U,DFCMU)

eGSAD
sMSN

0.82
0.76

0.89
0.83

Table 2 presents the average ARI of DFCM and
spFCM. The ARI(U, DFCMU) is greater than ARI(U,
spFCMU), which proves that DFCM produces better
partitions on two experimental data sets.
The average execution time of spFCM and DFCM for
clustering big sensor data is described in Figure 1.
From Figure 1, even though the average execution
time of both DFCM and spFCM increases with the number
of objects increasing. DFCM takes less time than spFCM.
Especially when the data set is very big, the execution time
required by DFCM is significantly less than spFCM, which
demonstrates the better efficiency of DFCM for clustering
big sensor data.
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Table 2 Average ARI on two data sets
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4
2
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3
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9

From Figure 2, with the number of objects increasing,
the average execution time of both online FCM and
DOFCM increases. When the data set is very large, such as
with more than 2×109 objects, DOFCM takes significantly
less time than oFCM, because DOFCM uses the centers
obtained by the sampled AP clustering as the initialization
for reducing iterations. Besides, the distributed technology
is utilized to optimize the proposed algorithm for producing
a significant acceleration. Therefore, DOFCM gets the
better efficiency than oFCM for clustering big sensor data.

6.4 Experimental Result Analysis of DKFCM
The clustering accuracy of DKFCM is judged by comparing
with the spKFCM based on ARI. The average values of ARI
are presented in the Table 4.

lowest, which recommends to utilize DOFCM for the
application with high speed requirement, such as real-time
industrial control.
Fiure 4 Average execution time of algorithms

Table 4 Average ARI on two data sets

80

ARI(U,spKFCMU)

ARI(U,DKFCMU)

eGSAD
sMSN

0.88
0.79

0.96
0.92

According to Table 4, ARI(U,DKFCMU) is higher
than ARI(U,spKFCMU) for two experimental data sets,
which demonstrates that DKFCM can produce more
accurate partitions than spKFCM.
The average execution time of DKFCM and spKFCM
for clustering big sensor data is described in Figure 3.
Figure 3 Average execution time of DKFCM and spKFCM
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7 Conclusion
In this paper, three different distributed fuzzy c-means
algorithms based on cloud computing are proposed for
clustering big sensor data. MapReduce is applied to FCM
and kernel FCM to propose DFCM and DKFCM for the
feasibility and high efficiency of clustering big sensor data.
DOFCM combined with AP clustering is designed to
improve the accuracy for clustering big sensor data.
Experiment demonstrates that the proposed algorithms can
cluster big sensor data effectively.
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From Figure 3, even though the average execution
time of these two algorithms increases as the number of
examples increases, DKFCM spends less time on clustering
than spKFCM. It is worth noting that when the experimental
data set is very huge (containing more than 2×109 objects),
the execution time required by DKFCM is significantly less
than spKFCM, which demonstrates the better efficiency of
DKFCM than spKFCM for clustering big sensor data.
6.5 Performance Comparison of The Proposed Algorithms
Performance of the proposed three algorithms for clustering
big sensor data is compared by ARI and execution time.
The average ARI of the two data sets is presented in
Table 5 and the average execution time is described in
Figure 4.
Table 5 Average ARI on two data sets
data set
eGSAD
sMSN

ARI(U,
DFCMU)
0.89
0.83

ARI(U,
DOFCMU)
0.86
0.81

ARI(U,
DKFCMU)
0.96
0.92

Table 5 shows that the average ARI(U,DKFCM) is
highest, which means that DKFCM produces the best fuzzy
partitions for big sensor data. Besides, the cluster accuracy
of DOFCM is lowest. Thus, DKFCM is suggested to use for
the application which requires high clustering accuracy,
such as medical image partition. As Figure 4 shows, the
execution time of DOFCM for clustering big sensor data is

This work is supported by Project U1301253 of NSFC and
Project 201202032 of Liaoning Provincial Natural Science
Foundation of China.
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