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Abstract: In the present times of big data, large volumes of broad
variety data are generated at high velocities every day. These big
data contain unknown valuable information. To mine and extract
knowledge from these big data, fast and scalable big data analytics
are required. Clustering is a remarkable data mining technique.
K-means clustering for data mining is of great interest because of
its simplicity. However, there are certain limitations in K-means
for analyzing big data which leave scope for successive
improvements. Distributed processing frameworks and algorithms
are helpful to obtain performance and scalability needs of
analyzing big datasets. This research work designs a parallel
K-means clustering algorithm by improving standard K-means in
MapReduce paradigm. The proposed work presents a method to
find initial seeds of clusters instead of randomly selecting them
which is a major drawback in standard K-means for clustering big
data. The research minimizes MapReduce iteration dependence
also. Moreover, the presented algorithm takes into consideration
between cluster separation and within cluster compactness to
achieve accurate clustering. Cloud computing is applied in which
Amazon Elastic MapReduce 5.x is used. It distributes the job of
clustering among various nodes in parallel using low cost
machines. The proposed work is simulated on some real datasets
from UC Irvine Machine Learning Repository. The results
confirm that the research work helps achieve higher performance

and outperforms classical K-means while clustering large
datasets.
Index Terms: Atrtificial Intelligence, Big Data, Cloud

Computing, K-means, MapReduce

I. INTRODUCTION

The approach of big data is challenging and time consuming
job. It needs enormous computational space to assure
successful data processing and analysis. Cloud computing, a
robust technology, implements complex computing in
massive scale. It eradicates the requirement to maintain
costly computing hardware, dedicated space requirement and
related software. The phrase ‘Big Data’ characterizes new
techniques to capture, store, distribute and analyze gigabytes
or larger sized datasets with high velocity and divergent
structures. To analyze these large amounts of data,
inexpensively and efficiently, parallelism technique is used.
With the development of cloud based Big Data services, data
analytics has become feasible for organizations of all sizes.
Clustering is a powerful, frequently used big data analytics
and prediction technique. The method finds meaningful
groups of entities and differentiates clusters formed for a
dataset [1]. The capability to automatically group similar
items enables analysts to discover hidden similarities and
essential concepts while combining a large amount of data
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into a few groups [2]. This allows users to envision a large
amount of data. Standard K-means clustering performs well
when applied to small datasets. K-means algorithm is most
widely used clustering technique to find homogenous objects
on the basis of distance vectors suited to small datasets.
Pre-specifying the number of clusters is the primary
requirement to apply K-means. It is a trial-and-error [3]
process to find the exact number of clusters for a given
dataset. Moreover, initial centers are selected randomly.
These steps of conventional K-means algorithm makes
cluster analysis of big datasets critical. Hence, it is a need of
the time to enhance K-means algorithm to suit large datasets.
With the development of cloud computing, MapReduce
paradigm evolved as a competent technique for generating
distributed  large-scale data processing applications.
MapReduce [4] is a coding based model developed by
Google for processing multidimensional big datasets. A user
can conveniently use MapReduce model for solving
area-specific problems. Currently, MapReduce is widely
applied by several large organizations. Nevertheless, coding
map-reduce functions is very difficult to solve real world
problems as the framework is rigid.

Il. LITERATURE REVIEW

Researchers turned to clustering big data as data volume is
continuously rising these days and it is need of the time to
extract valuable insights from big data. Researchers have
been endeavoring to improve further and further big data
analytics. Many algorithms have been proposed in this
direction. The presented work reviews some of these works
which are most widely known.

Researchers in [5] worked on multidimensional large dataset
to discuss issues while clustering large datasets with
MapReduce. They proposed a parallel clustering method
through Hadoop MapReduce framework which focused on a
key factor of reducing 1/O and network costs. Faster
execution and scaling were two crucial points to deal with.
The drawback of this method is that it is a hard-clustering
process. For the datasets having many overlapping clusters, it
may not be the best solution.

Deriving from the behavior of birds in a flock, one of the
solutions has been found. In the recent past, the graphics
processing unit (GPU) gained attraction. It is able to solve
very quickly problems of parallelism. Researchers in [6]
applied this concept using CUDA platform from NVIDIA
GPU. Weakness of this work lies in its complexity O(n). The
results generated are not within reasonable period of time.
The research work is carried out using single GPU.
Parallelism becomes essential to process the dataset that may
not be contained in a single disk.

Similarly, Andrade et al. in
[7] used DBSCAN
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algorithm on GPU to gain high performance. However, the
method is based on calculating a proximity radius between
objects. For those objects which are beyond the proximity
radius, this method may not be applicable. In 2013, Xiao Cai
and co-authors [8] concisely reflected on collection of data
from various sources, each source representing a different
aspect of the data. Since each source has its own individual
aspect, therefore, clustering of big data here becomes
difficult. They presented a novel method to combine
composite representation of large scale data which specifies
no fix criteria. The method may not be categorized to produce
optimized results.

Furthermore, researchers in [9] presented an algorithm to
improve K-means clustering by obtaining initial centroids.
First, the algorithm calculates mean of the dataset. Then,
distance between data points is calculated until d reaches to
mean. These two data points will be the candidate for initial
centroids. This process is cumbersome for clustering big data
and makes it comparatively more iterative than reasonable.
Kodinariyal and Makwana reviewed K-means clustering on
determining number of clusters [10].

Authors in Cui et al. [11] mentioned MapReduce to be
unstable due to iterations which involve restarting jobs again
and again. They proposed a new model of processing big data
using K-means algorithm devoid of iterations. The merging
technique proposed by them does not seem to be appropriate
and therefore clustering quality may not be as required in big
data clustering.

Researchers in [12] worked on clustering text documents for
similarity check. Deliberating that output is fully dependent
on input of number of clusters, they affirmed keyword as
input. They created subset of documents for achieving
desired results. Divide and Conquer strategy applied in this
research is in itself a major drawback.

Tsai with co-researchers in [13] write that one of the main
reasons of failure in clustering large datasets by traditional
clustering methods is that most of them are designed for
centralized systems. In their paper they proposed to solve this
problem by an algorithm which they termed as MapReduce
Black Hole (MRBH) which accelerated clustering. The
weakness is that they applied random generation and
initialization of stars.

Problem of initial cluster centers in K-means algorithm was
tried to be solved by researchers in Wu et al. [14] by sampling
the large dataset and used convex hull and opposite Chung
points. They applied MapReduce framework for parallel
execution of the algorithm. The limitation of this work lies in
the fact that the Chung points find only two initial cluster
centers.

Authors of [15] compared K-means and K-mediods. They
applied nearly ten thousand transactions of KEEL dataset
repository. Results described that K-medoids is better than
K-means in terms of execution time, noise minimization and
choosing initial center.

Further, researchers studied K-means, Fuzzy C-Means
(FCM), hierarchical clustering algorithm like Balanced
Iterative Reducing and Clustering using Hierarchies
(BIRCH) and grid based clustering algorithm Clustering In
QUEst (CLIQUE) which are the prevailing effective
algorithms. Ajin and Lekshmy [16] compared them in
context of big data. A new Inter and Intra K-means Clustering
(KM-I12C) algorithm was developed in [17] by changing
clustering distance metric that used parallelization tools
through Hadoop. However, the method selects initial centers
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randomly from the dataset which is a major limitation in
clustering big data as it results in generating less optimized
clusters.

Rehioui et al. [18] in their research presented a new version
of DENCLUE called DENCLUE-IM which avoids
complexities of other DENCLUE algorithms for speedy
calculation of big data. They compared the proposed
approach  with DENCLUE, DENCLUE-SA and
DENCLUE-GA. However, for execution in multiprocessor
environment, partitioning of dataset may find a difficult
proposition. Moreover, fixed number of clusters can make it
difficult to predict the value of K.

A concept of big data in form of streams and how to process
them was presented by Giacomo Aletti and the co-author in
their research in [19]. Datasets having components of
characteristics which find correlation were considered. They
used Mahalanobis distances for assignment of data to clusters
estimating total number of clusters. The proposed method can
be applied only in the cases where data points are low
dimensional.

Researchers in [20] worked on clusters where boundaries

are not firm with certainty. There are lower and upper
approximations. The algorithm proposed by them was based
on weighted distance measure with Gaussian function for
computing the new center for each cluster. The main
drawback of the presented algorithm is that it is highly
complex in nature consuming more computing time than the
other algorithms.
Vijay et al. [21] presented an algorithm which they termed as
Variance Based Moving K-means (VBKM). They applied a
new distance metric. Moreover, the research work used a
different approach for moving data points between clusters to
minimize within cluster distance. The researchers have not
taken into account selection of initial centers of clusters and
as such the results may remain lacking in achieving
optimized output.

I1l. EXPLORING STANDARD K-MEANS ALGORITHM

K-means segregates the data set into K parts where K denotes
a positive integer number and stands as a user input to the
algorithm. Each cluster has a centroid. The algorithm checks
the positions of these centroids as the algorithm iterates.
Random values are put to initialize the centroids before the
first iteration. The algorithm stops as soon as centroids
locations become static during iteration [22]. This
well-known algorithm performs two steps per iteration:-
This well-known algorithm performs two steps per iteration:-
1. Allocate each object x; to a closest cluster centroid c;. This
allocation is obtained by Euclidean measure between the
object and the cluster's centroid (obtained at a previous
iteration).

2. Update the centroids of the clusters based on new clusters
members.

The above two steps continue to a finite number of
repetitions, until there is no modification or alteration of the
cluster centers. Suppose {Xi,...,.X,} are the given
observations of a multidimensional huge dataset D with d
dimensions [23]. The objective is to determine a set of K or
cluster centroids C = {cy,....,cx} that minimizes the within
cluster distortion given in
equation 1:
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W(C) = X4 llxi — cll? @)

The above equation defines a cluster assignment rule as
f(x) = arg mingeq; i llx — agll® @)

The problem of choosing K, the number of clusters and
cluster centers, can be considered to be a model
determination problem [24].
Algorithm: Standard K-means
Input: Dataset D={xy,....,x,} and

K (number of clusters to be generated)

Step 1: Select centers C randomly from D

Step 2: If u > iter then /* loop repeats until convergence

Step 3: for each x; compute distance from all centers C;
diSt(Xi, C,)

Step 4: Assign x; to closest C; (min(dist(x;, Cj))

Step 5: Calculate new centroid

¢
1 Z

L Cl 1
i=1

Step 6: end for

Step 7: End if

Step 8: Exit

This is a standard procedure of clustering datasets using

K-means algorithm. But the algorithm is vulnerable to certain

problems [25][26]:

1. The method to initialize the centroids is not specified.
Randomly choosing K of the samples is prevalent.

2. Quality of clustering depends on the initial values for the
centroids and it happens that suboptimal partitions are
found number of times. Trying a number of different
starting points is only a solution which is used mostly.

3. Value of K affects results.

4.The standard algorithm is simple but it has high time
complexity when the datasets are large multidimensional.
Under this circumstance the memory of a single machine
could not be sufficient.

IV. K-MEANS CLUSTERING VIA MAPREDUCE

Conventional data warehouse fails to handle unstructured and
semi-structured data since they are based on relational data
model. Moreover, data warehouses are incapable of
processing sets of big data that are regularly updated or may
be continually, as in the case of real-time data such as
weather data. That is why many organizations that collect
process and analyze big data turn to NoSQL databases as
well as Hadoop.

Hadoop, an open source framework addresses two main
issues of big data which includes storage and processing
using distributed concepts with commaodity hardware. This
framework literally carries large amount of data and when
demand arises, performs data analysis [27].

Hadoop contains two core components. These are Hadoop
Distributed File System (HDFS) and MapReduce. HDFS is
specially designed file system for storing huge datasets with
clusters of commodity hardware and streaming access
patterns. MapReduce processes data in distributed
environment. MapReduce can be programmed in various
languages such as Java, Python and Ruby.
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Traditional K-means algorithm works
paradigm in the following way:
Algorithm 2: K-meanSyapreduce
Input: Dataset D ={x,....,x,} and

K (number of clusters to be generated)
Output: Final set of clusters

in  MapReduce

i=0
foralld € D do
initial_centroid = select(K,d)
input data file from directory
write initial centroid to a file
previous_centroid = initial_centroid
while condition true do
set mapper to map class define
set reducer to reduce class define
end while
new_ cluster_ centroid = read centroid values to a file
if update((new_cluster, old_cluster) > 0)
previous_centroid = new_centroid
else
update new_centroid to result
1++
repeat until convergence
result = read centroid values to a file
V. PROPOSED WORK
The proposed work modifies map phase and reduce phase of
standard K-means MapReduce algorithm. It consists of two
algorithms, illustrated as Algorithm 3 and Algorithm 4.
Unlike standard K-means and its varied versions which
specify that the algorithm creates K clusters, the proposed
work improves the algorithm by taking extra cluster centers
by applying equation 3:
K = k*e, 3)
where e >1 is extra center factor.
For one cluster, the algorithm takes an observation randomly
from the training dataset and the point corresponding to this
observation is the first initial seed. To find the center for next
cluster, select an observation from the training dataset which
is at maximum distance from the first cluster center using
equation 4 as given below

D(x)?
Yxep D(x)? (4)
This step is repeated to find the third cluster center. Proposed
algorithm repeats this step until we have K cluster centers.
Currently, several versions of K-means algorithm are
available to cluster datasets. Though, they are lacking in
estimating cluster similarity of large datasets for creating
well defined clusters. A K-means algorithm will give
globally optimized results with high levels of within cluster
similarity and low levels of between cluster similarities. The
proposed work splits datasets into definite clusters based on
between cluster and within cluster similarities. Final clusters
generated after execution of the experiment will be well
separated if the between,s.er metric value will be maximized
and each cluster produced will be tight if the withingyse
distance measure will be minimized. This is achieved by the
research work through two new distance measures-
between user aNd Withingyser
used in Map phase. The
betweengyster metric
calculates the average
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separation of clusters which is given by equation 5:

ne llosll

=1 o)l ()
where n. is the number of clusters, v; is centroid of the it
cluster and ¢ is variance.

The withing,er metric calculates similarity measure between
the data in a cluster. It is defined by finding density which is
given by equation 6 as follows:

between jyster = — Z

density (mj;)

withingyster = 0 (nc—l)

21 1 Zl_ { density(vj),density(vj)} (6)
Here m;; = midpoint of the dlstance between v; and v; cluster
centroids.

As given in [23] the density function is defined by the
number of points in a hyper-sphere whose radius is equal to
the average standard deviation of clusters. Precisely the
average standard deviation of clusters derived is as referred
below:

stndev = =3 [|o(v))| (7)

Algorithm 3: Proposed Work Map Phase

Input: D: dataset having n number of dimensions in each
mapper
k: k clusters
Output: output vector <key, value>
Determine number of initial seeds from equation (3)
Find C, ., initial cluster centers obtained from equation (4)
vector_new : New Centroid Vector
value =0
vector_new =0
while alld € D
while all C; € C do
cc=:@ [*cc denotes center nearest to the data point
between_cluster = MAX_VALUE
within_cluster = MAX_VALUE
while all d; € D do
[(di) =: euc (d;, dj) /*euc is Euclidean distance between
data points
i=0 I* i represents number of iterations
c=:0
while all x; € X do
minDist =: DistanceMeasurer(d;, ¢;)
if (curr_centr = 0 or 1(d;) < minDist) then
update intra_cluster using equation (5)
else
update inter_cluster using equation (6)
cc++
i++
generate output vector <key, value> with each data point and
the centroid of its cluster
repeat until convergence

Algorithm 4: Proposed Work Reduce Phase

Input: (key, value): where key is centroid and value is data
point assigned to the centroid
O,: Output vector from mappers
Output: vector_new : Averaging_Vector (AV)

vector_new =0

AV = null

while each x € O, do
centroid = x.key
data point = x.value
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AV = data point

while each ¢; € M do
Sum_vector = null
Num_vector = null

while each 0; € O do
Sum_vectors += vector

Num_vector ++

AV = sum_vector/num_vector

Outputvector = AV

Return AV

VI. EXPERIMENTAL DESIGN

A. Machines

The research work is simulated on Amazon Elastic
MapReduce 5.x using Amazon Web Service (AWS) Elastic
Compute Cloud (EC2) resources having 8 (2.5 GHz Intel
Xeon E5-2670v2) CPUs. Apache Hadoop 2.7.3 version is
used on Ubuntu Server, 64 bit operating system with high 1/0
performance. Hadoop streaming utility is applied to write
mapper and reducer executable in Python. Dataset is stored in
Amazon S3. Table 1 gives information about the machines
used in the experiment. Instance is a virtual server in Amazon
EC2 executing applications on AWS framework. Two types
of nodes are used in EMR cluster of EC2 instances: master
node and core node. Master node controls the entire cluster
and wusually runs master components of distributed
applications. Core node handles data storage and runs parallel
computation tasks on data which is needed by the installed
application.

Table 1: Hardware Configuration

Node Instance | Memory | Storage | No. of
Type Instance

Master: Master | m3.xlarge | 15GB 80 GB 1

Instance Group

Core: Core m3.xlarge | 15 GB 80 GB 2

Instance Group

(1-2)

Core: Core m3.xlarge | 15 GB 80 GB 2

Instance Group

(3-4)

B. Datasets

The research work used real datasets to test the performance
of the presented model. These datasets are Daily and Sports

Activities dataset and Newsgroup dataset collected from UCI
Machine Learning Repository.

Daily and Sports Activities Dataset is collected by providing
sensors to monitor motion of sports activities at the rate 19
per day involving 8 persons in their own individual styles for
5 minutes. There are 9120 records in the dataset with 5625
number of attributes. The dataset has the typicality that it is
time-series multivariate dataset. Data values are real as
recorded by the collectors [28]. Fig. 1 presents a subset of the
datasets which is input to the proposed system.

Newsgroup dataset: The dataset stores news from different
sections such as sports, entertainment, religion and politics. It
has 20 directories which consist of news from specific
category. Some of the newsgroups are very closely related to
each other while others are highly unrelated. The dataset is a
collection of large amounts of unstructured text data [29].
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After preprocessing, these raw datasets are transformed into
understandable format. The datasets vary in size extending
from 192 MB to 1035 MB viz 326 MB, 510 MB, 685 MB and
840 MB. The datasets are sparse and variation in dataset sizes
benefits to evaluate performance gain of the proposed
algorithm effectively. Fig. 1 presents a subset of the datasets
which is input to the proposed system.

V21 v22 v23 v24 V25 V26 v27 v28 v29 v3o

38627 | -0.005155  -0.008437

-0.64769 034136 0073549 -35160 9.0513  -0.93283
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-0.64847 0. 07 | -35459 90661 | -0.91094

s 084245 O -3.5385  S.0862
-0.64857 0. -3.5235  9.0862

-0.64562 | 0342 967 -3.5310  9.0587

-0.64546 0342 -35535 90812 -0.94112

-0.64794 0342 -35311 90663  -0.95366

-0.64707 0. 9 -35310 9.0587  -0.82564

-35459 90661 | -0.91094

v
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-35312 90813  -0.95368

Fig. 1 Input dataset to the proposed system

VII. RESULTS AND DISCUSSION

A. Performance

The authors of the manuscript analyzed execution times from
all the experiments in order to find the performance of
proposed model of K-means and compared with standard
K-means MapReduce algorithm.

Table 2 shows execution times of the two comparing
algorithms for K= 10 clusters with dataset size ranging from

192 MB to 1035 MB.
Table 2: Execution Time in seconds

Dataset K-means Proposed Work | % of Reduction
MapReduce in Execution
Time
192 79 49 38
326 91 56 39
510 95 59 38
685 110 67 40
840 122 70 43
1035 147 88 40
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Figure 2: Comparing execution times with dataset size

Figure 2 represents dataset sizes in mega bytes along x-axis
and execution time of the algorithms in seconds along y-axis.
The green curve in the graph represents execution time of
K-means MapReduce algorithm which varies between 79
seconds to 147 seconds. The blue curve in the graph
represents execution time of our proposed work which varies
between 49 seconds to 88 seconds.

Evidently proposed algorithm reduces remarkably the time of
execution compared to other algorithms. Here, smallest size
dataset is 192 MB and the largest size dataset is 1035 MB.
The average reduction in execution time of these datasets by
proposed algorithm is 39.6% as compared to K-means
MapReduce algorithm. Proposed algorithm outperforms the
other algorithms. It is prominently more advantageous to
apply in cluster analysis of big datasets.

Number of Clusters=10

120
., 100 =192
k]

|
§ 60 510
= =685
£ 40
e m 840
20 m1035

2 4
Number of Cores

Figure 3: Comparing execution time with 10 clusters by Proposed Work

The outcome of the number of core machines on the
clustering algorithms is also studied in the research work.
Fig. 3 and Fig. 4 show the execution times of 10 clusters for
cluster analysis by proposed work and K-means MapReduce
when operated on 2 and 4 numbers of cores. These results
exhibit that the level of scalability also has appreciable
impact on the process of clustering. With increase in the
number of parallel processing, there is significant reduction
in execution time by the algorithms.

Fig. 2 illustrates the execution times of 10 clusters for the
datasets compared with proposed work and K-means
MapReduce algorithm. K-means MapReduce uses Euclidean
metric to check similarity. Our proposed algorithm uses
between_cluster and within_cluster distance measures to
generate better quality big data clusters with higher within
cluster similarity and lower between cluster similarities.

Comparing Clustering Techniques
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Figure 4: Comparing execution time with 10 clusters by Standard
K-means MapReduce
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B. Cluster Validity

Cluster validity is a term widely referred when assessment of
the results of a clustering algorithm is performed. For
measuring “goodness” of a clustering result, there are several
validity indices which are applied. The Davies-Bouldin index
is one of the popular validity indices. The index is determined
by equation 8 as:

DB; =~

p 1S5 (8)

Si+S; . .
Here S;; = max; ;- g —;..] L#F]
13}

Here K = number of cluster, S; = similarity measure of
clusters,

dij = distance between two centroids, and s; = dispersion
measure of a cluster.

Lower DB; represents high separation between clusters and
high similarity within clusters.

Table 3: DB; for distinct K

K DB; of DB of K-means
Proposed MapReduce
Work

5 0.145538 0.211037

6 0.179694 0.235912

7 0.229571 0.254349

8 0.205063 0.276085

9 0.213975 0.286954

10 0.216669 0.286751

Table 3 shows values of DB; for proposed work and K-means
MapReduce algorithms for varied number of clusters ranging
from K=5 to K=10 for various dataset sizes. It is observed
that the work under reference has lower values of DB;
compared to the other two algorithms exhibiting distinctly
good quality clusters generation. Fig. 5 is showing outputs
produced when the proposed algorithm is executed.

Cluster means:

vl V2 v3 vd
1 8.130750 1.049900 5.365850 0.036258500 0.0908245(
2 7.967038 1.131938 5.594707 0.001321483 0.0111055¢
3 7.B42127 1.098707 5.816820 -0.003050667 0.0002578¢
4 B8.133337 1.028416 5.376153 0.001521895 0.0237660C
5 7.B69086 1.087436 5.747630 0.010116071 0.0191490C
6 B.108045 1.029771 5.4532100 0.0035317100 0.0347280C
7 7.946200 1.079981 5.630300 O0.008194438 0.0593150C
& 7.801786 1.122286 5.896671 0.006031714 0.0057260(
9 7.741800 1.175800 6.143850 0.028858000 0.0698370C
10 7.930000 1.140500 5.316%00 0,035132000 0.2147600C
V10 Vil viz W13 v
. 7231100 617500 7.964000 .01917850 0.002270:
.G314893 801366 7.868024 .01237103 -0.001726¢

. 6636333
. 7185416
. 6901357

£AnEISA

N W e
Jooco0o0
RV RV RV TRV

7 0

7 0
707400 7.938100 0.01425053 0.003083C
645547 7.968347 0.01016984 -0.002142:
714464 7.910493 0.01537571 -0.001518C

- n

sE300C nEnn & A13473A75 A AN A3

Figure 5: Outputs of the proposed work

VIII. CONCLUSION

Big Dataset cluster analysis is a complicated task due to new
challenges that are raised with big data. Hadoop MapReduce
technique is being prominently applied these days to cluster
big data using standard K-means in distributed environment.
However, traditional K-means MapReduce algorithm suffers
from some limitations. This research work proposes
improvements in MapReduce K-means algorithm to
overcome the limitations in clustering big data. The presented
work includes two algorithms. First algorithm modifies Map
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phase. It inputs a large value of initial centroids, computes
location of initial seeds and applies betweensr and
withing,ser distance measures to produce quality clusters.
Second algorithm reforms Reduce phase by aggregating
these centroids and generates final set of clusters. The authors
verified the performance of the model on certain real
datasets. The results confirm that the proposed work is a
comparatively powerful tool for clustering big datasets
proving that it outperforms existing K-means MapReduce
algorithm.
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