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Abstract

Mining of massive data sets is the need of the hour in present computer science
industry. The exponential growth in the number of users on internet and volume of
available data force research to think about efficient approach to store data and
analyze useful patterns out of it. Extracting useful information out of massive data
and process them in less span of time has become crucial part of Data mining. There
are many approach exist to cluster data objects based on similarity. CURE (Clustering
Using Representatives) is very useful hierarchical algorithm which has ability to
identify cluster of arbitrary shape and able to identify outliers. However traditional
CURE algorithm is based on processing in single machine hence can’t cluster large
amount of data in efficient way.

In this thesis, CURE algorithm is proposed along with Distributed Environment
using Hadoop. To process huge amount of data and to extract useful patterns out of
it, distributed environment is the efficient solution so clustering of data objects is
performed with the help of Mapreduce Programming model. One of the other
advantage of CURE algorithm is to detect outlier points and removed it from further
clustering process and improve quality of clusters. The major focus of this thesis has
been exploring new approach to cluster data objects using CURE clustering algorithm
with the help of Hadoop distributed environment and explore effect of different

parameters in outlier detection.
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Chapter 1: Introduction

With the unpredictable development in internet technology and corporate sector, it is
required to store an enormous amount of data in some advanced storage Technology
and find some useful patterns out of it. Rapid development has occurred in different
fields of human endeavor, starting from day-to-day (such as corporate transaction
data, government statistics, credit card data, and commodity data) to the more exotic
(such as molecular databases, astronomical images, geometric data and medical
records). More interesting part is the possibility to extract useful information by using

different concepts of data mining.
1.1 Data Mining

1.1.1 Introduction to Data Mining

To facilitate patterns among data, different types of data mining methods like
classification, clustering, association, regression and pattern matching can be
applied[1]. Data mining is an automated method of mining precious information and
extracting information from large data repositories. It involves the process of
analyzing data and finds some valuable information[2]. Different summaries and
relations extracted through data mining are known as models or patterns like clusters,
graphs linear, equations and time series. Data mining generally related to already
collected data. Whatever data sets used in data mining are often large. Small datasets
can be processed by using classical exploratory analysis but, it will create problems
if it is large. There are many techniques exist to analyze useful information out of
huge amount of data depending on the different requirement for the business problem
that we are trying to solve.

Supervised and unsupervised learning are two main category of Data mining
Techniques. In the first type of technique, the model is built before actual analysis is
conducted using training data, then algorithms are applied on raw data to estimate
patterns or parameters of the model. Classification, Association Rule, Neural
Networks etc. are some examples of supervised learning. In second, model or
hypothesis is not created before analysis. Algorithm is applied directly on the dataset
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and result are obtained to create the model. Clustering of data points is one of the
examples of unsupervised learning.

Data mining can also be described as knowledge discovery from data (KDD) as it
deals with how to derive knowledge out of raw data[3].

1.1.2 Data Mining Process (Knowledge discovery process)

Steps of Knowledge Discovery Process as shown in Figure 1.1 are explained below:
1. Data cleaning:

It is an initial step to clean the row data. Smoothing noisy data, filling missing values
and removing outliers are some of the operation that are performed in this step. If
data is not consistent then it may cause a problem for mining procedure and the final
results may be unreliable. Therefore, it is good to perform some of the data cleaning
methods such as neglect the tuple, use global variables, manually fill value which are
missing, use probable value, binning, regression and outlier analysis.

2. Data integration:

If data is coming from multiple sources for analysis purpose then multiple files, data
sets or different types of databases need to be integrated. If redundant datasets exist
then it may cause confusion in knowledge discovery process. So prior to mining
process, proper integration of all relevant data is required to reduce redundancies and
inconsistencies.

3. Data selection:

Sometimes it may not require an entire database for analysis purpose. instead, only
some part of the database is sufficient to derive a result set by mining process, in that
case, it is more reliable to reduce database size by selecting only important features.
Data selection techniques can be used to obtain selected representation which is small
in volume, yet data integrity is maintained. Different data mining techniques are
dimensionality reduction, data compression and Numerosity reduction.

4. Data transformation

In this step, datasets are transformed into the forms which are suitable for mining
process and outcomes are easier to understand. Different techniques for data
transformation are Smoothing, aggregation.

2



5. Data mining:

This is a most critical step in the entire operation . Different types of data mining
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6. Pattern evaluation:

Once the data is explored, identified and refined by applying data mining
techniques next step is to identify interesting patterns. There are numbers of different
types of patterns exist but an only small fraction of patterns are useful for given
purpose.

7. Knowledge presentation

The final outcome of data mining process should be easy to understand and capable

of representing useful patterns in the more specific way. For this different

visualization and knowledge representation techniques are used.

1.1.3 Data Mining Techniques:

Classification:
Classification is one type of supervised learning technique. It divides the data samples
into predefined groups also known as target classes. For each data point target class
is predicted. For example, depending upon disease patterns a person can be classified
as “low-risk” or “high-risk” patient. These classes should be defined based on
attribute values. Classes are generally classified according to characteristics of the
data that is known[4]. Training algorithms use these to determine the parameters for
proper discrimination. Binary and multi-level are the two classification methods. In
first, only two classes may be considered for example “high” or “low” risk patient. In
second, more than two classes such as “low”, “medium” and “high” risk patient are
considered. It has two types of datasets: Training datasets and testing datasets.
Classifier algorithm is trained using training data sets and correctness of this
algorithm is tested using the second dataset.
This section describes some of the classification techniques such as decision tree, K-
Nearest Neighbor (K-NN), Bayesian Classification, Neural Networks.
1. Decision Tree:
It is one type of flow chart in which every non-leaf node work as a decision
maker on an attribute and each branch represents the result of decision and

every leaf node represents a class. The node at top most position of the tree is
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called root node.it can be easily converted to classification tree[5]. Decision
tree induction algorithms are very useful for classification in various fields,
such as Education, Manufacturing, Medicine[25], Financial analysis and
geographical analysis. Using Decision Tree, best alternatives can be selected
and while traversing from root to leaf, unique class separation can be
achieved. There are many data mining algorithms such as ID3, NB tree, J48,
C4.5 and REP tree.
2. Neural Network:

It lies somewhere between the approximation algorithm and the artificial
intelligence. It uses gradient descent method. It is basically biological nervous
system with processing elements are known as neurons and useful to solve a
specific problem. It is composed of nodes which are connected. Connections
are weighed and training is performed by adjustment of these weights.
Different types of rules are obtained from the trained neural network which is
quite useful to improve interoperability of the learned network[6]. In Neural
networks multiclass, multilayer feed forward technique is used in which they
are taken in output layer instead of using one neuron. Decision tree and neural

network representations are shown in Figure 1.2 and 1.3.

University F3 '\ F6 ) Class A

()
Ve s
-

Results

Class C

F5 ». F8

Figure 1.2 Neural Network



University

Private
Government

Results

Good Average
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3. Bayesian Classification
It is statistical classifier which can be used to predict class membership
probabilities that are about tuple is belongs to given class or not. Bayes
theorem is useful for Bayesian Belief Networks (BBN) and Naive Bayesian
Classification. In Naive Bayes Classifier assumes that all attributes are
independent of each other. Bayes theorem concentrates discrete probability,
posterior and prior distributions of data items.
Data tuple X is considered as ‘evidence’ and ‘H’ is hypothesis about X belongs to
class C. P(H/X) is the probability that the H holds given the evidence or observe data
tuple X. P(H/X)is the posterior probability of H conditioned on X. Suppose H is a
hypothesis about the university gets A grade. Then P(H/X) is the probability that
University X will get A grade. In contrast, P(H) is the prior probability of H. For
example, the probability that given University will get A grade. The posterior
probability P(H/X) is based on comparison of prior probability P(H) , and it is
independent of X. Same way , P(X/H) is the probability of X conditioned on H.
P(X), P(X/H) and P(H) may be estimated from given data. This theorem provides a
useful way of calculating P (H/X) from P(X), P(X/H) and P(H). Bayes theorem is as
follows:
X
P () =" ®
Various data structures used to represent it. Further, it discusses the benefits

and applications of skip graphs.



Regression
It is used to explore different functions that can make relation among variables.
Training dataset is used to construct a mathematical model. Statistically, two
variables are used which are dependent and an independent variable represented using
‘Y’ and ‘X°.
Regression method investigates the correlation between variables. Based on
independent variables there are two types of regression: Linear and Non-linear. First,
identifies the relation of dependent and one or more than one independent variables
by using some linear function. Another type is non-linear regression which can accept
categorical data. Binomial and multinomial regression are two types of logistic
regression. First one predicts the output for a dependent variable when only two types
of output are possible such as the person is either dead or alive. Another one is useful
when more than two outcomes are there.
Association
Association is the discovery of patterns among objects in the database. It is also
capable of discovering the association among sales in a transaction database. This
type of analysis helps business to make future decisions and maintain supply chain
scenarios such as cross marketing, customer behavior analysis and production
capabilities. Algorithms of association need to be capable of generating rules with a
confidence value, not more than one.
Types of association Rule:

e Multilevel

e Multidimensional

e Quantitative.

Clustering

Clustering is unsupervised learning technique in which data items are distributed into
groups in such a way that similar data points lie together in one cluster[8]. These
groups are not predefined so do not have any attribute with them. It distributes data

points in such a way that it maximized the intra-cluster similarity and minimized the



inter-cluster similarity. Clustering of the data is a crucial problem in the various fields

of computer science like machine learning, artificial intelligence, neural network and

bioinformatics and is used it for data analysis. Base on different methodology it can

be classified into the partition, density based, grid based and hierarchical[7].

1.2 Clustering

1.2.1 Stages of Clustering:

Steps of Clustering are shown in Figure 1.4.

1. Feature Selection:

Basically, data samples are in collective form. To apply some clustering algorithm

on them, a person has to choose specific parameter or features which can be

processed further[9]. Feature selection chooses different types of features from a

set of data points. Some sort of transformation is also performed to generate useful

features from original row data. Strategically selection can reduce load on firther

process and make the designing process easier. Unique features are those which

are easy to extract and interpret and immune to noise.

Data Samples

-

Knowledge
Figure 1.4 Stages of Clustering procedure

Feature
Selection or
Extraction

Clustering

Algorithm Design

or Selection

Results
Interpretation

Clustering algorithm design or selection:

Clusters

Clusters
Validation

Here, the making of a function and the selection of related proximity measure are

done. Depends on whether patterns resemble or not they are grouped. Here

proximity measure make changes in quality of the resultant cluster because all

algorithms are connected with proximity measure. Once proximity measure is
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taken, clustering criteria make this problem as an optimization problem. Many
algorithms are there but no any specific algorithm can solve because no algorithms
are universal for all type of problems. It is very tough to design a unified way for
all types of problems. Therefore, careful investigation of characteristics of the
problem results into good results.

Cluster validation:

All clustering algorithms perform different processes and different approach gives
different cluster and even if parameter identification or presentation order also
matter. Therefore, the effective evaluation also important to ensure users about the
quality of clustering by using given algorithms. During the evaluation process,
different types of question are raised about clustering methodology. There are
three types of testing: relative indices, external indices and internal indices.
Relative place the importance on a comparison of structures, to decide about
relative models, which one describe best characteristics of the object. External
indices are related with pre-defined structures, which reflects prior information
and are used as a validation standard for clustering solutions. Internal indices test
based on internally only and are not dependent on external parameters.

Result interpretation:

The main goal of clustering of given dataset is to cluster them and provide the
user with patterns or analysis report from original data so that it can be useful for
them to make a business decision and interpret data. Experts in their respective

field analyzeO result with case studies for a guarantee of reliability of knowledge.

1.2.2 Clustering Algorithm Techniques:

Partitioned Clustering:

In partitioning , the dataset are partitioned into predefined number let’s say ‘k’

clusters. This clustering can be based on any number of parameters. In partitioned

clustering, we have to define a number of the clusters before clustering process.

Partitioning method is of two: K-Means and K-Medoid. K-means method is one of

the widely preferred approaches in which data points are clustered into k clusters such

that in one cluster all data points have high similarity compared to another cluster. In
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K-Medoid approach,1 k centroids are selected randomly and data points are assign to
these on the nearest basis. During each iteration, on clustering mean is computed and
data points are assigned to each newly created cluster. Clustering is done such that
there is a high similarity in the cluster and high dissimilarity with another cluster. K-
Means is used as beginning the process in many of the clustering problems. K-
Medoid uses medoid instead of means in K-means for clustering. In K-medoid
approach, initially arbitrary medoids are selected and data points are grouped into
cluster depends on more similarity (lesser distance). The time complexity of
partitioning algorithm is O(pcl), where p is the patterns, c is the number of clusters
and | is number of iteration. Space complexity is O(c+p).

A major drawback is that this method does not suitable for data points which are
closer to another cluster’s center than to its own cluster’s center for example when

there is variation in the size of the cluster or shapes are convex.

Hierarchical Clustering:
It make grouping of the objects to make tree like structure. It is a continuous process
of making groups of subsets of data points, with the condition that any two clusters
are either disjoint from each other or nested. This method combines data points into
clusters, then those clusters into big clusters, and thus create a hierarchy, which looks
like tree structure called a dendrogram, in which root represent one cluster containing
all data points and leaves represent individual observation.
The density of data set determines the relevant clusters. However once we performed
the merging or splitting process, it will be very tough to reverse. Due to this, every
decision needs to be created carefully because mistakes that are made during any
stage are not possible to identify in the latter stage.
Basically, Hierarchical clustering algorithms is divided into two main types:
I.  Agglomerative:

This is a bottom-up approach to cluster, in which all the data objects are

singleton cluster at initial stage and it continues to merging all clusters

based on similarity until they are combined into a single cluster. The output

is represented by Tree graph. Then this one cluster is split gradually until
10



a number of clusters reached to the pre-defined number. Thus, it consist
two steps: first is to determine exact number of clusters. Other is to split
the selected cluster into new clusters.
ii.  Divisive:

In this approach, as the name suggests, all data points are taken as a single
cluster and then they are divided based on some dissimilarity metrics until
required number of clusters is found, this is called as a top-down approach.
Hierarchical clustering suffers from the one drawback that once split or
more step is performed it can never be undone. It is also advantageous from
the point of view that, only small computation costs are the only thing to
taken into consideration and not worry about combined number of options.
One way to improve the quality is to use hierarchical clustering with other
clustering methods for multi-phase clustering.

Density-based Clustering:

It is connected dense component that continues to grow cluster until the density of

the neighborhood becomes more than the threshold. Density based algorithms can

discover not only cluster with spherical shape but also arbitrary shapes and also

provide protection from outliers and noises. Data objects are divided depending on

the connectivity, their region or boundary. In DBSCAN, one of the Density-based

clustering algorithms, data points are either classified as a member of any cluster or

as noise.

Data points are categorized as boundary points, core points or noise points.

e Core points: Points that exist inside the cluster are classified as core points.
It is taken as a core point if the number of neighborhood points exceeds the
threshold value.

e Border points: All those points that are not core and are located in the
neighborhood of core are border points. During clustering process, a stage
at which border points becomes core points for the newly generated cluster
needs to be taken care.

e Noise Points: All those points which are neither border points nor core
points.

11



DBSCAN, DENCLUE, OPTICS, DBCLASD, CHRONICLE and STDBSCAN are
some of the Density-based algorithms that use to find outliers and perform clustering
to generate clusters of different shapes.

Grid based clustering

Grid based clustering quantize the object space into a finite number of cells like
structures which forms a grid structure. All clustering functions are performed on
quantized space.. It can also be used along with other clustering algorithms STING
(Statistical Information Grid) identifies statistical information lies in the grid cells.
CLIQUE (An Apriori-like Subspace Clustering Method) combines density-based and
grid-based for grouping in high-dimensional space.

1.3 Tools/Platforms/Languages used

A lot of computational problems can be solved by using a technique called Distributed
Computing in which work is shared over interconnected nodes[33]. There are a
number of frameworks are available for Distributed Computing out of which apache
Hadoop[3] is one open source framework which is mainly used nowadays for the
massive amount of data. Basically, Hadoop consists of distributed file system called
HDFS and MapReduce. HDFS is storage component which is optimized to work fast
& give high throughput [4]. Map and Reducer Programming paradigm fragment data

on independently distributed node to be processed.

1.3.1 Hadoop Cluster Components

Hadoop cluster consists of components as follow:

JobTracker- It is a Master node which controls entire processing of Hadoop which
includes scheduling the jobs, control submission, work assignment to the cluster
components in Hadoop setup.

NameNode- Controller node for the file system of Hadoop called HDFS, it keeps
information about which nodes consist which data along with given block is

replicated at which nodes in the cluster.
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TaskTracker- These all nodes are slave nodes and this are nodes where actual
processing is done. Tasktracker controls spawning of Java virtual machines for each
Map/Reduce.

DataNode: These nodes which actually act as HDFS and store data. Datanodes are

also Task tracker. It exists on all slave machines.

Metadata (Name, replicas,...):
/home/foo/data, 3, ...

Metadata ops

g -
S
Block ops ™
Datanodes ~ Datanodes
______ o ol
e &=
Replication -
-
-~
-~

Figurel.5 Working of HDFS

1.3.2 The Hadoop Distributed File System (HDFS)

It is a File system which was originally created as Google File System (GFS). In
HDFS, instead of storing data in a single entity, data or files are stored in HDFS are
in the form of blocks which are 128 MB in size. The main advantage of HDFS is that
each lock is replicated three times and each copy is stored on the different machine.
This provides the advantage of file redundancy means if any machine fail than there
will no impact on Hadoop functionality and data can be available from other

replicated blocks.

1.3.3 Map/Reduce Programming Model

Map/Reduce is programming model based on Google’s system used in 2004.
Basically, Map/Reduce consist of two phases: (1) A Mapper and (2) A Reducer.
MapReduce is an important part of Hadoop framework for computing a large amount
of data in less span of time[14]. All the inputs are given to Mapper in (key, value)
pairs, Mapper perform some sort of user-defined processing on this data and the

13



output of it is intermediate result set which is again in (key, value) pairs. All the
Mappers perform this action in parallel on different machines and intermediate result
set generated from all are combined according to keys and all values associated with
same key[16] are sent to same reducer[15]. Reducer performs final processing and

gives results in the final output in the form of key/value pairs.

Keys with all

- their values
Key—value -

pairs (k. [v.w....])
Input » (k.v)
chunks \

Combined
output

/

Map Group
tasks by keys

Reduce
tasks

Figure 1.6 Map Reduce Workflow

Workflow of Map/Reduce is shown in Figure 1.6 Hierarchical Clustering of a large
amount of data is a very crucial task and impossible to be done by single machine [5].
MapReduce provides great efficiency and flexibility to cluster data on distributed
environment. Designing complex algorithms over Hadoop framework for
unpredictable data is a challenging task in data mining[6]. The hierarchical algorithm
considers each data set as a self-made cluster and after that iteratively these clusters
are merged depends on some common features or patterns to form tree-shaped
structure. One of the good characteristics of the hierarchical algorithm is each and

every data points are disjoint in every cluster.
1.4 Structure of the Thesis

The rest of the thesis is organized in the following order:

® Chapter 2 Literature Review - It surveys the information about all the
research work done Hierarchical Algorithm Field and describe the different

hierarchical clustering algorithms
14



Chapter 3 Problem Statement - It discusses the research gaps exist in
current algorithm and the resulting problem statement. Further, the objectives
of the problem statement and the methodology used to solve it have been

discussed.

Chapter 4 Design of Parallel CURE algorithm - In the first few pages,
Implementation of BIRCH, CURE, CHAMELEON in Java has been
discussed along with result set and after that Proposed CURE algorithm in

Hadoop environment has been explained.

Chapter 5 Implementation Details - In this chapter
Implementation environment along with Hadoop setup has been explained
and then Results of the different dataset and its analysis has been described
with screenshots.

Chapter 6 Conclusion and Future Scope - This chapter
conclude whatever work is done in Thesis, its Contribution and future scope

of this work.

Finally, references and list of publications have been appended.
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Chapter 2 Literature Review

In data mining ,There are a lot of work has been done in the field of classification,
regression analysis, time series analysis, anomaly detection, document analysis, text
mining, predictive modeling, and semantic analysis. To understand the correlativity
among the complex & huge amount of data, there are many clustering algorithms are

developed and optimized by many data researchers as shown in Figure 2.1.

Clustering Algorithm

[ { [ \

Partitioning-Based Density-Based Hierarchical-Based Grid-Based
1. K-means
2. K-medoids 1.DBSCAN 1. BIRCH 1. Wave-Cluster
3. K-modes 2. OPTICS 2. CURE 2. STING
4. PAM 3.DBCLASD 3.ROCK 3. CLIQUE
5. CLARANS 4.DENCLUE 4. Chameleon 4. OptiGrid
6. CLARA

Figure 2.1 Classification of Clustering Algorithm

Out of all types of the clustering algorithm, most of Hierarchical algorithms are
developed and optimized by different researchers as shown in the figure. All
algorithms primarily differ from the point of view of how they update similarity
between existing clusters. Some well-known algorithms are BIRCH[8], CURE[11],
ROCK][40], CHAMELEONJ[10] etc. in all these algorithms different parameters are
identified to improve the quality of resultant clusters and reduce outliers. This all
hierarchical algorithms are discussed in this chapter.

Table 2.1 Work done in the field of Hierarchical Algorithms

Author Work done in the field Hierarchical
Algorithms
Zhao and Karypis [20] Work done to explore document type data
Salvador and Chan [21] Methods to Determine clusters in hierarchical
algorithms.
Laan and Pollard. [22] A new hybrid hierarchical clustering algorithm
with the bootstrap and visualization
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Mingoti and Lima [26]

Comparison of SOM neural network.

Shepitsen et al. [27]

Ways to Recommend in tag system in social media
systems.

Koga et al. [28]

How to use Locality-Sensitive Hashing concept in
Hierarchical algorithms

Abbas. [29] Comparative analysis of different Data Clustering
Algorithms

Jain [20] Data clustering concepts

Murthy et al. [31] Content based image retrieval

Horng, M. Su, Y. Chen, | Studied interuption recognize system using

T.Kao [23] support vector machines

Kou and Lou [32]

Effect of parameters in large scale search engine
data and web page.

A.K.,S.Balakrishnan, M Xu,
A. Singh [43]

Studied different active algorithms.

Langfelder and Horvath [34]

Using of R functions in hierarchical algorithm.

Malitsky et al. [24]

Work done in the field of cost-sensitive clustering
of data points

Meila and Heckerman, [36]

Initialization methods and

algorithms are compared

some clustering

Millner (2013) [37]

Fast cluster is done along with R and Python.

Balcan et al. (2014) [38]

Robust hierarchical clustering

Szilagyi and Szilagyi [39]

Clustering algorithms are studied for protein
sequence data.

2.1 BIRCH Clustering Algorithm (Balanced Iterative Reducing and

Clustering Using Hierarchies):

BIRCH is integrated agglomerative hierarchical clustering method basically designed

for clustering numerical data by using along with other clustering algorithms. When

there is only limited main memory available and wants to achieve a linear 1/0 time

with only one database scan. In Birch cluster hierarchy is represented by clustering

features for summarizing a cluster, and CF-tree (clustering feature tree).
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A Clustering feature consist three parameters which affect clusters of given data

points. It defined as

CF=(n, LS, SS) )
Here n is a number of data points, LS is the linear sum of points and SS is the square
sum of data points. A clustering Feature is one type of summary of given cluster. Using

it, we can derive many parameters like,

_Yhixi _LS

n n

Xo

3)

n [ — 2 _ 2
R:\/lel(xl x0)2 _ \/nSS 2LS2+nLS (@)

n n2

_|EE B (xi-x0)2 _ [2nss—2Ls?
D= \/ n(n-1) B n(n-1) (5)

R is average distance from the centroid to member object, D is the average pairwise

distance within the cluster. For given two cluster C1 and C2, If they are merged then
resultant cluster’s clustering feature is CFresut= CF1 +CF2= (n1 +n2, LS1+LS», SS1+
SS»)

CF tree is a height-balanced tree that contains clustering features. Non-leaf node has
descendants and all non-leaf node store sums of CFs of their children, there are two
parameters in CF tree: threshold T and branching factor B. Here B specifies a
maximum number of children per non-leaf node. The maximum diameter of subcluster
at leaf nodes are specified by threshold parameter.

BIRCH use multiphase clustering. The first scan of data items is for basic and good
clustering after that one or more additional scans can be used for quality improvement.
While clustering an object is inserted to the closest sub-cluster. Here leaf node
represents a cluster made by merging all sub-clusters. All the data points in a leaf node
have to satisfy the threshold requirements compared the threshold value T, that is, the
diameter of the sub-cluster must be less than T. If the diameter is larger than T, leaf node

and other nodes are split. So the size of CF tree can be modified by changing T.
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Phases of BIRCH clustering:

In Phase 1 dataset is scanned and initial CF tree is built using available memory.CF
tree reflects the clustering information as fine as possible. When data points are
grouped, crowded data points are considered as good sub-clusters. And sparse data
points are removed by considering outliers.

Phase 2 is optional as shown in Figure2.2. Whatever we obtain as the outcome of
Phase 1 is CF tree having a larger size but in phase 3, global clustering applied on
clusters having different size and lack and some extend if the output of phase 1 is
given as input to global clustering. In phase 2 it scans all initial CF tree to build smaller
CF tree and remove outliers.

In Phase 3 global clustering is applied to all CF trees & we obtain different cluster
that represents data points located in grouping manner. However there are some

inaccuracies might exist.

Data l |

Phasel: Load into memory by building a CF tree

Initial CF tree l I

Phase 2 (Optional) : Condense into desirable range

by building a smaller CF tree

—
smaller CF tree l I

Phase 3: Glohal Clustering
Good Clusters * —

Phase 4: (optional and off line) : Cluster Refining
Better Clusters +

Figure 2.2 Overview of BIRCH Algorithm
Phase 4 is optional and the main purpose of it is to correct those inaccuracies. It uses

centroids produced in the third phase and perform redistribution of data items to

form new clusters.
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The time complexity of BIRCH algorithm is O(n). Where n is a number of data
points in given dataset. So it shows linear scalability of the algorithm with data
points. If clusters are non-spherical shape[19], it can’t perform well.
2.2 CURE Clustering Algorithm (Clustering Using REpresentatives)
In Hierarchical algorithm, There are two approaches for representing clusters, One is,
centroid or medoid based approach in which centroid or medoid represent the center
of the cluster and similarity between clusters are decided based on that. But it can’t
identify clusters of non-spherical shape. Other is using multiples scattered points to
represent cluster which enables it to identify clusters of arbitrary shape and any
sizes[12]. However, it is much sensitive to noises, outliers.
To overcome the above drawbacks and to use good facts of both these methods,
researchers have proposed CURE (Clustering Using REpresentative points)
algorithm. In Cure, Each Cluster is represented by fixed number of well-scattered
points called representative points from given cluster[13]. Shrinking these points by
the fraction of Shrinking Factor towards the center of the cluster enable them to be
free from outliers. Due to this, not only it’s possible to determine a cluster of arbitrary
shape but the effect of outliers and noise can also be reduced at max level. Data points
having maximum influence on given density in the class are selected as representative
points so that they can reflect all data sets presence without loss of effectiveness. To
improve the outcome of CURE algorithm, there are two main methods are used:
random sampling and then segmentation.
CURE clustering algorithm differs from BIRCH algorithm in two ways. First, Unlike
BIRCH algorithm, CURE algorithm does not use pre-clustering of all data items. To
minimize the number of data points to represent a cluster, random sampling is done,
which minimize the size of data set in an effective way. Although sampling takes only
some data points out of entire data set, it will not impact on the efficiency of clustering.
CURE use Chernoff bounds for calculating minimum sample size.
Second, for speed up entire sample data set is partitioned into a predefined number of
partitions. For a given partition, after applying partial clustering number of sub-
clusters is generated depends on representative points. Then due to multiple
representative points, outliers are easy to identify. At the final stage, Global clustering
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is applied on sub-cluster in which sub-clusters merge with each other by clustering

procedure to build pre-defined number of clusters. K-d tree and heaps are used in

CURE. For each cluster, information about a number of points, the mean of points ,

representative points and other information are stored as a unique entry in the heap.
Steps of CURE algorithm
Steps of CURE algorithm as shown in Figure.2.3 are:

1. Scan the entire database of size N data points and select a random sample that
can fit in main memory.

2. Partition the given dataset into p partitions that will result in each partition of
size n/p.

3. Apply partial partitioning on each partition and generate sub-clusters by
clustering procedure. Here distance between clusters is represented by
distance between pair of representative points belongs to their respective sub-
clusters.

4. Eliminate Outliers. Due to shrinking representative points by shrinking factor
a it is easy to identify outliers.

5. Apply Global Clustering on all the subclusters & Merge them till predefined
number of cluster is constructed. Now all clusters and outliers are labeled to
identify its shape.

:> Draw Random Partition Sample Partially Cluster

Sample Partition

Data J

<:\ ( Label Data on Cluster Partial <: Eliminate

Quiput

Disk Cluster Outliers

Figure 2.3 Overview of CURE Algorithm

2.3 ROCK Clustering Algorithm (Robust Clustering Using Links)

ROCK is hierarchical agglomerative algorithm. ROCK method is different from other

hierarchical methods. When data objects are represented on plot then there can be

link imagined among points. ROCK make clustering based on this links and Jaccard
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coefficient for clustering process. Categorical and Boolean attributes are generally
given as a parameter to this algorithm. A number of points from a different cluster
having same neighbors are used to describe similarity of the data points in their own
clusters.

Goodness measure is determined based on the criterion function:

link[C;, Cj]
(n; + n;)1+200) — ?1§+2f(9J _ njl_—Zf{H}

g(Ci,C5) =
(6)
Here, link[C;,Cj] is a number of common neighbor between Cj and C;.

At every step, the pairs of clusters are merged that maximize this function. Steps in
ROCK algorithm are drawn a random sample from datasets, cluster random links and
label data on disk.

Once random data points are taken from a database, links are applied to this points.
At last only those points which are there in random sample are take into consider for
assigning rest of the obects to the cluster. This merging is performed continuously
until a threshold number of cluster or common links among clusters reduced to zero.
Overview of the process is shown in Figure 2.4. The advantage of ROCK algorithm
compare to the traditional algorithm is that it give better scalability. Figure 2.4 shows

ROCK algorithm in a graphical manner.

Data l£‘>( Draw random samplej lf‘>( Cluster with links ] E>( Label data i disk j

Figure 2.4 Overview of ROCK Algorithm

e Limitation of Static Hierarchical Schemes:
The main drawback of above hierarchical schemes is that merging decisions
are taken based upon statical modeling. Consider four sub-clusters shown in
figure 2.5. Statical modeling of CURE use to do merging of (a) and (b) than
merging (c) and (d), because minimum distance between representative
points in (a) and (b) is less than distances in (c) and (d). But logically (c)

and (d) are best choice to make merging as minimum distances between the
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boundary points of (c) and (d) are of the same order as the average of the

minimum distances between any points within these clusters to other points.

'£:::
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.:;::
;:
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-

(a) (b) (c) (d)
Figure 2.5 Merging choices for CURE

In ROCK, Connectivity between two clusters is measured by considering the
expected connectivity. However, they assume user supplied inter-connectivity model,
which can easily make the wrong decision. For example, as shown in figure 2.6, each
cluster is represented by the sparse graph. If all the edges in the graph have equal
weight then ROCK mechanism will merge (c) and (d). But logically (a) and (b) pair

IS more preferable.
r g rte

B

© (d
Figure 2.6 Merging choices for ROCK
Thus, CURE and its related methods ignore aggregate connectivity whereas ROCK

and its related methods ignore closeness of clusters while taking a merging decision.
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24 CHAMELEON Clustering algorithm: (Clustering Using
Dynamic Modelling)

It is a hierarchical clustering algorithm that takes the use of dynamic modeling to
describe similarity in clusters. Cluster similarity is evaluated based on,

a. Proximity of clusters

b. How objects in same cluster are related with each other..
In this way at any point of time two clusters are combined with each other if
interconnectivity between them is at max value. So CHAMELEON is dynamic, user-
supplied model and can take to merged cluster’s characteristics. It performs its
operation on the sparse graph in which data items are represented by nodes and
similarity among them is represented by weighted edges. This sparse representation
allows it to use for large datasets and to apply on data items which are available in
similarity space.
As shown in Figure 2.7 it uses k-nearest- neighbor graph approach. It uses graph
partitioning algorithm for partitioning this k graphs into small sub-clusters by
minimizing edge cut. Cluster C is partitioned to Cj and C; such that it minimize weight
by removing edges that connect Ci and C;.
The agglomerative hierarchical algorithm is applied on this sub-clusters to merge
them on the basis of similarity. Relative interconnectivity and closeness are taken into
consideration while merging.

Construct (K-NN)

C ) Sparse Graph /" /.L\ Partition o .
o £ X/ VAN the Graph ° » 2\
" /o » ° o\ e 5
—a/ = Y e/ ° ¥
= - .;-. — o o ,/.\\\ °
/“‘ ol \l\ \:.
[ ‘o
Data Set i [ =)
~A o )
\/
K-NN Graph: Points p o« o o
- .o
and g are connected if q \ > ° “ _—
is among the top-k P '. ! W/ N erge Partition ‘
closest neighbors of p LIS po <
: e Relative interconnectivity:
- L

connectivity of ¢; and c, over

internal connectivity
Final Clusters

Relative closeness: closeness
of ¢, and c, over internal
closeness

Figure 2.7 Overview of CHAMELEON Algorithm
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Relative interconnectivity is defined as the absolute inter-connectivity between Ci and
Cj normalized in prospective of the internal inter-connectivity of the two clusters Ci and
Cj.

_ |ECi.c;)
~ TECq, IIECe, |

=

RI(C;, Cj)

(7)
Where ECici,ci} is edge cut and ECci(or ECc) is a minimum sum that partition it into
two equal parts.
Relative closeness is the absolute closeness between Cjand Cj normalize with the

internal closeness of Ciand C;.

SECIC,-.L'H

RC(Ci, C)) = —g= Tomm—
IO ECe T Taic; S ECe,

(8)
Here Secci and Secc;jare the average weights of the edges that belong in the min-cut
bisector of clusters Ci and Cj ,respectively, and Secqci, cj; IS the average weight of the
edges that connect vertices in Ci to vertices in Cj.

Thus, CHAMELEON has a higher capability to identify arbitrary shaped clusters with
the removal of outliers at maximum level compare to BIRCH and DBSCAN.
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Chapter 3 Problem Statement

3.1 Research Gaps

In this era of rapid development, There is a drastically growth in data generated by
different fields of internet technology, social media and corporate world. So it is a
basic requirement to store this data on some reliable storage medium and process data
in less amount of time using latest available technology. Nowadays there are many
data structures or tools are used to manage this huge data. Processing of data in
distributed environment is one area in which lots of work has been done. For a given
data objects, it may need to cluster them according to some similarity function. There
are many hierarchical clustering techniques available to cluster data traditionally.
However, they are not reliable and fast in nature to process large amount of data

With the development in technology related to distributed environment, many
companies rely on Hadoop-based MapReduce Technology. For clustering of the data
objects, it may convenient to migrate from traditional single machine approach to
distributed environment. so there is major research gap is found for a massive amount
of data as for a high number of objects traditional clustering algorithm fails to perform

in a convenient way.
3.2 Problem Statement

By considering the research gaps stated above, the problem statement is to design a
new way to execute CURE Hierarchical Algorithm to improve the efficiency of
clustering process and implement it in distributed environment. So when Clustering
is done in Hadoop environment using MapReduce programming paradigm, it reduces
processing time and store data in a reliable way. There are some changes needs to be
done in clustering methodology keeping in mind that these will not affect the basic
concept of CURE method to cluster. Furthermore, it is also required to analyze
patterns of outliers depends on different parameters and remove them most efficient

way
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3.3 Objectives

By looking at Research gaps and Problem need to be solved, objective of the thesis

work is:

e To study, comparatively analyze and explore existing clustering techniques
and look at their outcomes.

e To propose a new way to implement CURE algorithm with MapReduce
concept for data objects

e To test and validate this proposed algorithm in Hadoop environment and
analyze the result set for large amount of data objects

e Analyze the outlier’s patterns and compare most efficient parameters for

CURE to be set to remove outliers in an efficient way.
3.4 Research Methodology

e Migration from Traditional CURE clustering algorithm to CURE with parallel
processing in distributed environment is the focus here. Traditional
hierarchical algorithms are implemented in JAVA. The proposed algorithm is
implemented in Latest version of Hadoop environment using making Mapper-
reducer for that. Resultant data points are shown in GNUPIot in the form of
scattered graph.
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Chapter 4 Design of Parallel CURE algorithm

4.1 Existing Hierarchical Clustering Algorithms

As discussed in the literature review, in the field of data mining there are a lot of
clustering algorithms are developed. Hierarchical algorithms are useful for clustering
of data points in a tree structure. BIRCH, CURE, CHAMELEON are some of the
hierarchical clustering algorithms. Here | have discussed some of this algorithm with
its implementation.

4.1.1 Implementation of BIRCH algorithm

Birch hierarchical algorithm cluster the data points with the concept of cluster
features and CF-trees. Other important parameters for BIRCH are threshold T and
branching factor B.

Input: n number of data points to be a cluster.

Output: k clusters

Algorithm:

1. Scan the given dataset and store in memory

2. Initialize CF Tree as Empty {{}}

3. For a given Threshold value construct CF Tree out of data points or old
CF-Tree and calculate number of CF-Entries, number of CF-Leaf Entries
And }'SS for CF Tree.

4. Compute new Threshold value from distance Function & given old
The threshold value for good CF-Tree and removing outliers.

5. Repeat step 3 and 4 until good quality CF Tree are obtained.

6. Perform Global Clustering on all CF Trees and Construct clusters.

7. Refine Clusters.

Algorithm 4.1 BIRCH Hierarchical Algorithm in JAVA
For a given algorithm 4.1, data inputs are maximum number of data points possible

in given Clustering, Initial Distance threshold, centroid distance function, margin
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refinement needs to be applied, memory limit for given condition. This all

parameters are given in Table 4.1.

Input:
Table 4.1 Different Parameters for BIRCH input
Parameter Value
maximum number of data points 100
Initial Distance threshold(T) 0.5
centroid distance function 1
margin refinement True
memory limit 100 MB
Number of data points 59
iteration 30
Output:

[ Output - JBIRCH {run) ¥
> Total CF-Modes = 1
Total CF-Entries = 58
[ Total CF-Leaf_Eniries = 59
new Threshold [3] - 4.0
Total CF-Entries in new Tree[B] = 57
Total CF-Leaf_Entries in new Trezl@] = 57
25 Total CF-Leaf Entries lanbdaSS in nev TreelG] = 7.937253033153772
new Threshald [16] = 12.833333333333329
Total CF-Entries in nevw Tree[10] = 39
Total CF-Leaf_Eniries in nsw Tres|10] = 38
Total CF-Leaf_Entries lanbdaSs inm new Tree(10] = 11,445523142255553
new Threshold [20] = 22.0
Total CF-Entries im new Tree[20] = 27
Total CF-Leaf_Entries in new Tree[20] - 27
Tetal CF-Leaf_Entries lanbdaSs in new Tree[20] = 14, 247308348773005
new Threshald [29] = 29, 444444444444443
Total CF-Entries in new Tree[29] = 17
Total CF-Leaf Entries in nsw Tres[23] = 17
Total CF-Leaf_Entries lanbdaSS im new Treel29] = 17.69180601295413

Resultant Clusters are:
[1, 29, L3]

[2, 22, 58]

[3, &, 47, 45, 49, 23, 41, 42]
[4, 33, 23]

[5, 33, 44, 20, 8, 45, 34]
[7. 551

[a, 27, 52]

[18, 37]

[11, 2B. 57]

[12, 53, 13|

[1&, 17, 35, 48, 29]

[18, 28, 51]

[19, 39, 34, 35, 24, 46, 43, 50, 32, 0]
[21]

[31]

[5a]

BJILD SUCCESSELL (fotsl time: Q seconds)

Figure 4.1 Output of BIRCH Algorithm with clustered data
points
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Here as shown in Figure 4.1, we have iterate Finning process of CF-Tree 30 times.
Here in the output value of different parameters are shown for only some value (0,
10, 20, and 29) of Threshold. Resultant Clusters are those having two or more data
points. Data points having a single point is considered as outliers. This all points
make clustered form structure.

4.1.2 Implementation of CURE algorithm

CURE(data points, k)

Input: A set of data points S.

Output: K clusters.

Initialization: T=huild(D);
0= haapify(D);

|.-l'

Get min item w=min(Q);

¥

Delete{C, u.close);

¥

Produce new clustar:
w=rmerge{u,v);

¥

Delete cluster: Delete{T,u};
Delate({T,v);

¥

Insart new clustar:
Insert{T,w);
L3
el
v

Latest cluster to x: x.close=find closest to cluster

- \\ ne
is latest to

W -

=1

A

Latest cluster to wow. close=x;

W

Insert new clustar w:
insert(Q,w);

uel K7

{ End
Figure 4.2 Clustering Procedure in Traditional CURE Algorithm
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CURE algorithm uses middle way between centroid based and approach based on
multiple scattered points by using more than one representative points. For a given
data set, all Steps are described in Literature survey. Detailed Clustering procedure
IS given in Figure 4.2.

CURE Algorithm is implemented in JAVA using eclipse. Different parameters for

given data sets are given in below Table 4.2.
Table 4.2 Different Parameter for Traditional CURE input

Explanation Dataset1 Dataset2(Europ
(space) e outlets)
E\lf)J of data points | Total number of points 59 788
n
Sample size(s) Sample size( based on >2.5% of >2.5% of
Chertoff bounds) datasets datasets
Shrink factor (@) | Shrinking factor towards 0.5 0.5
centroid or mean
Number of Predefined number of 5 5
Cluster (K) clusters
Representative No of Representative 6 6
Points points from cluster
Number of Total number of 2 2
Partition partition
Reducing Factor | It yse to define outlier 3 3
Required Decide samples to be 0.1 0.1
Representation selected for clustering
Probability

Datasetl is about particular points from space and dataset2 is about Europe outlets
of the company. Here we have given output for data setl in below GNUplot. Here
points in different color and shape represent different cluster in scattered plot. We
have taken reducing factor as 3 which is quite enough to identify outlier points which
are located at some distance and form separate cluster so they are removed from
clustering process and not shown in scattered graph shown in Figure 4.3.
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Gnuplot (window id : 0)

& e@me@aaQ N ?

CURE
200 T T ; . T T

150 |- 1 -
100 | ' .

S0 - g a* i

-50 - " -

-100 1 1 1 1 1 1
-60 -40 -20 0 20 40 60 80 100

Figure 4.3 Output clusters of Datasetl (space)

4.1.3 Implementation of CHAMELEON algorithm

CHAMELEON algorithm uses dynamic approach for clustering.in which given
clusters are merged only if relative interconnectivity is high. Algorithm for it is given
in Algorithm 4.2.

CHAMELEON (data points, k)

Input: A set of data points S.

Output: k clusters

Algorithm
1. Scan the database and set indexes
2. Check capability of clusterer, whether it can handle given data or not.
3. Filter data points to check if data points are missing or not
4. Merge instances to nearest neighbor and construct sparse graph Using
K-NN graph approach
5. Partition the sparse graph into small sub-clusters such that it minimize edge cut.
6. Sub-clusters are combined using Agglomerative hierarchical algorithms

with the help of relative closeness and interconnectivity.

Algorithm 4.2 CHAMELEON Hierarchical Algorithm in JAVA
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To implement the CHAMELEON algorithm in java, | have used some APIs of
WEKA for some of the operations like capability check, clusterer and others.

Dataset1 having size 59 points are clustered to form 5 clusters.

& Console 12 ) Consale 2

<terminated> chameleon [Java Application] fusr/libfvmijava-B-oracle | <terminated> chameleon [Java Application] fusr/libjvm/java-B-or
Hello -48,45

Total time to run chameleon is 202 milliseconds | | 43,51

Points in Cluster@are: -34,36

34,-63 -24,36

38,-90 -25,49

86,-57 37,155

70,-74 -19,82

B3,-41 -16,28

10, -65 Points in Clusterlare:
B3, -48 1,-9

Points in Clusterlare: 8,20

8,71 12,-38

-31,53 -21,-20

8,111 -6, -41

-36,52 21,45

34,129 -24,18

28,84 -9,-3

-38,33 12,-49

-28,70 7,-7

-43,44 8,9

-5,114 25,15

27,153 -5,-24

-57,28 2,28

-35,25 12,-58

46,79 -4, - 28

5,118 Points in Cluster3are:
-21,54 -22,-76

-48.45 -18,-58

Figure 4.4 (a), (b) Clustering of data points in CHAMELEON

& Conscle &

<terminated> chameleon [lava Application] fusr/libfwm/java-B-aracle/binfjavy
FOLIILY L0 LLUSLErIdie.
-22,-76
-18,-58
Points in Clusterdare:

Simple Chameleon======
sum of StandardDeviations: 183.39B5710835613

Cluster @

Standard Deviations: 21.3374 16.3445
Cluster 1

Standard Deviations: 29.2797 38.9988
Cluster 2

Standard Deviations: 16.9321 29.3228
Cluster 3

Standard Deviations: 2.8284 12.7279
Cluster 4

S5tandard Deviations: 18.0355 11.5993

Figure 4.4 (c) Clustering in CHAMELEON
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Execution time and Different data points in all five clusters are shown in Figure
4.4(a),(b) and (c). Here data points having the same cluster are decided dynamically
so it is more reliable approach than CURE and BIRCH. This all five Clusters are
plotted on GNUplot as shown in below Figure 4.5.

Gnuplot (window id : 0)

L eHe@aq 7

Chameleon
200 T T T T T T T

130 -
100 =

50 ' -

*
-50 * + .
1 * . .

-100 | 1 | | | |
-60  -40  -20 0 20 40 &0 80 100

Figure 4.5 Output of CHAMELEON in GNUPIot

4.2 Design of Proposed Algorithm

We have discussed Performance of Traditional CURE algorithm in a simple way by
implementing it on Java platform for given set of dataset1 and dataset2 having a small
amount of data. However in the Real world, there are so many areas which contain a
large amount of data need to cluster them according to some feature are a similarity.
For example, Data generated from geo-stations located in space are huge in amount
and it may generate TBs of data per day. So we need some efficient method to store
this all data at reliable data store which remain available all the time and more
importantly we need some efficient way to analyze this data and find useful patterns
out of it. For example, this data may need to cluster according to its distribution on
given area of the earth. This may in the form of (X, y) coordinates or with some other

information.
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If we perform mining clustering algorithm on this large amount of data then it will
lack in performance or may be unable to handle it on single java platform. So
Traditional CURE algorithm in incapable to cluster huge amount of data. The
performance of CURE algorithm can be improved by implementing it on Hadoop
environment as execution time to cluster given dataset reduce if it is done in parallel
systems. Traditional CURE algorithm we scan the entire database in a single machine
and then apply random sampling. After that further partitioning process is done. In
this all process we process only data in KBs.

However for large data set it is tough to scan entire database from the local machine
and cluster it accordingly. Instead of this if this work is done by MapReduce method
on more than one machine (mapper) than it will take less execution time and cluster

dataset in more efficient way.

Steps Of proposed CURE Clustering Algorithm:
Overall steps which are followed in improved CURE algorithm are:

1. To implement CURE algorithm, prerequisites is to have a list of datasets
which is to be a cluster in (X, y) coordinate form in a text file. Initially text file
having a set of data points is stored in the HDFS (Hadoop Distributed File
System). For that, we configure Driver file of MapReduce and job is created
which is to be submitted to all mappers configured as part of MapReduce.

2. Data points are read from Text file in the form of (key, value) pair and feed to

mapper by using map function. Here index of each data point is considered as
key and data points, which are in the form of (x, y) coordinate are taken as a
value in mappers.
However, coordinates x and y are of double data type so not suitable to be
used in distributed environment so it must be converted to writable form. Data
in sequential form are easy to pass from mapper to reducer. The output of
mapper is also in the form of (key, value) pair where key are longwritable and
values are data points which are in the form of DoubleArrayWritable.

3. The output of Map function is taken by reducer in the form (longwritable,

DoubleArrayWritable). Reducer takes a random sample out of it and partition
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data set into p partition and apply partial partitioning on each partition as per
traditional CURE algorithm.

Now there are a number of sub-clusters are there and each cluster may have
a different number of data points depends on Euclidean distance. Another
advantage of this algorithm is to have the precise technique to detect outliers.
If the cluster is growing slowly are considered as outliers. In this paper, sub-
cluster having only 1 data point is identified as an outlier and removed from
the clustering process.

Finally, All the cluster are combined in reducer function until data points

reduces to specified the number of clusters.

This entire process is shown in Figure 4.6 in diagram form.

Scanthe Map- Partition Partial
__ ) Entire L Reduce(kV) the Reduce L) clustering of
Database database the partial
file
Cluster Label datain Cluster Eliminate
ik «— Patiasl e outliers
Cluster

Figure 4.6 CURE algorithm with Map Reduce

So basic Functionality of Proposed algorithm is to execute CURE algorithm in a

parallel environment so that processing time can be reduced and data is stored at a

replicate location which is HDFS file system so that data cannot be lost.

Detailed processing of operations which are performed on mapper and reducer are

described as follow:

For Mapper input is all the data points which are in the form of (key, value)
pair which are (LongWiritable, Text).

Here the key is use just for indexing and key is given data point which is taken
in Text format.Mapper processes this data points which are read in text form
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and convert them to DoubleArrayWrittable form. So the output of Mapper is
in the form of (LongWritable, DoubleArrayWritable).

Reducer selects random data points out of itand process it so input for reducer
is also in the form of (LongWritable, DoubleArrayWritable)which is
the output of all the mappers.

After processing the all the data points finally we have different data points
clustered in different clusters which are written as a text file in (Double,
Double) form.

This output file is stored in HDFS output and can be retrieved in local machine
for evaluation purpose. We can draw this cluster points as scattered points

using GNUplot or another plotting tool.
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Chapter 5 Implementation Details

Different types of Hierarchical Clustering algorithms like BIRCH, traditional CURE
and CHAMELEON has been implemented in Java as shown in Chapter 4. As
described in chapter 4, there is clear need to create a new way to implement CURE
algorithm in new framework Proposed algorithm for CURE in distributed
environment using Hadoop has been described in this chapter along with result set

and diagrams.
5.1 Implementation of Environment for Hadoop

Cure algorithm is tested in two different environments: a single machine and Hadoop
cluster of more than one nodes.

5.1.1 Single Machine

Before implementing it on the dedicated multimode framework, it is tested on a single
machine by installing it. Software installation done for it are Linux Mint 17.3, Java
OpenJDK 1.8, and Hadoop 2.6.0. Hardware Configurations of this machine are given
in Table 5.1.

Table 5.1 Configuration of the single machine

Component Configuration
CPU Intel i5-3470
Hard Disk 500 GB
RAM 8GB DDR3

In this single node, we have install Hadoop and this run in a pseudo-distributed manner
means name node and data node are run on the same machine. Here we can directly
run CURE algorithm on Hadoop in localhost and no need to configure a connection
with another machine. Although there will be no any performance improvement on a
single machine.

5.1.2 Dedicated Hadoop Cluster

After successfully run on single machine scalability of the algorithm is tested on a
dedicated Hadoop cluster this all setup consist of a name node along with three data
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nodes. The configuration of all this is describing is fig. All the machines have Linux
Mint/Ubuntu, Java OpenJDK 1.8 and Hadoop 2.6.0. All the machine communicates
with each other using Gigabit switch/Wi-Fi connection. . Hardware Configurations of
this setup are given in Table 5.2

Table 5.2 Configuration of the machines for dedicated Hadoop

Nodel Node Node3(Slave) Node4(Slave)
(Master) 2(Slave)

CPU Intel(R) Intel(R) Intel(R) Intel(R)
Core(TM) i5 Core(TM) i5 Core™i3-i2120 | Core(TM)i3-

2120

Hard Disk | 500 GB 1024GB 320GB 320GB

RAM 16 GB 8 GB 3GB 3GB

oD Linux Mint17.3 | Ubuntu 15.6 | Linux Mint | Ubuntu 15.6

17.3
Java JDK 1.8 1.8 1.8 1.8
Ethernet 1 Gbps 1 Gbps 1 Gbps 1 Gbps

Here we have Master node with high configuration compare to slave nodes. Master
node act as a name node and all other three nodes are act as jobnode while executing
the job.

5.2 Experimental Setup

To run Job in Hadoop environment, slave nodes are connected to the master node via
a communication medium. After that Hadoop environment can start by “start-all.sh”
which start all the process in master node and slave node. So in master node process
need to start are NodeManager, Namenode, SecondaryNameNode,
ResourceManager. Here Name node act as Master and all the processing of Hadoop
is controlled by it. Secondary Namenode acts as a backup name node for Hadoop.

The resource manager is a new concept of yarn which is newly introduce in
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Hadoop2.0. Along with this Datanode is also start in all slave node which consists
Datanode, the Node manager.

Here one data node is created per slave machine in setup. NodeManager is
responsible for managing all the activity of that job node and manage data stored in

this. Screenshot for Master node is Figure 5.1.

Terminal — X
Last login: Tue May 31 14:28:17 2016 from master
user@master /usr/local/hadoop2/sbin/start-all.sh
This script 1s Deprecated. Instead use start-dfs.sh and start-yarn.sh
Starting namenodes on [master]
master: starting namenode, logging to /usr/local/hadoop2/logs/hadoop-user-nameno
de-master.out
slave: starting datanode, logging to /usr/local/hadoop2/logs/hadoop-user-datanod
e-slave.out
master: starting datanode, logging to /usr/local/hadoop2/logs/hadoop-user-datano
de-master.out
"Starting secondary namenodes [0.0.0.0]
©.0.0.08: starting secondarynamenode, logging to /usr/local/hadoop2/loqgs/hadoop-u
ser-secondarynamenode-master.out
starting yarn daemons
starting resourcemanager, logging to /usr/local/hadoop2/logs/yarn-user-resourcem
anager-master.out
slave: starting nodemanager, logging to /usr/local/hadoop2/logs/yarn-user-nodema
nager-slave.out
master: starting nodemanager, logging to /usr/local/hadoop2/logs/yarn-user-nodem
anager-master.out
user@master jps
3602 NodeManager
3043 NameNode
3286 SecondaryNameNode
3143 DataNode
3641 Jps
13499 ResourceManager
usergmaster

Figure 5.1. Master node processes

Screenshot for one of the Slave node is given in Figure 5.2.

ssh usen@slave
5 passwortd:
) Linux Mint 17.1 Rebecca (GNU/Linux 3.13.8-37-generic x86 64)
to Linux Mint
] . LnuXnint . com
2016 from master

deManager

]

Figure 5.2. Slave node process
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So after starting with the Hadoop setup, it is possible to check its status on browser

using http://localhost:50070/ which shows status of master node along with

information about all the Datanodes and File system along with all the required
parameters and IDs as shown in below Figure 5.3 (a)

'[‘j Namenode information X §_ §
€ — C [ localhost:50070/dfshealth.html#tab-overview

Hadoop Overview Datanodes Snapshot Startup Progress Utilities

Overview 'master:9000' (active)

Started: Tue May 31 14:33:19 IST 2016
Version: 2.6.0, re3496499ech8d220fhag9dcSed4c99c8i9e33bbl
Compiled: 2014-11-13T21:10Z by jenkins from (detached from e349649)
Cluster ID: CID-b1a2dd13-1d40-46d2-9ce7-d155cca2c28c
Block Pool ID: BP-1819807890-10.42.0.1-1464348135085
Summary
Secunty is off.

Safemode is off.
220 files and directories, 115 blocks = 335 total filesystem object(s).
Heap Memory used 154.13 MB of 238 MB Heap Memory. Max Heap Memory is 883 MB.

Non Heap Memory used 58.28 MB of 59.27 MB Commited Non Heap Memory. Max Non Heap Memory is -1 B.

Figure 5.3(a) Status of master node and other parameters

Figure 5.3(b) is taken when two slaves are connected with master and it shows

memory available in DFS along with its capacity and status of blocks.
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http://localhost:50070/

Configured Capacity: 167.93 GB

DFS Used: 133.31 MB

Non DFS Used: 34.64 GB

DFS Remaining: 133.16 GB

DFS Used%: 0.08%

DFS Remainingd: 79.3%

Block Pool Used: 133.31 MB

Block Pool Usedd: 0.08%

DataNodes usages (MiniMedian/Max/stdDev): 0.05% /0.17% / 0.17% / 0.06%
Live Nodes 2 (Decommissioned: 0)
Dead Nodes 0 (Decommissioned; 0)
Decommissioning Nodes 0

Number of Under-Replicated Blocks 0

Number of Blocks Pending Deletion 0

Block Deletion Start Time 5/31/2016, 2:33:19 PM

Figure 5.3(b) Status of master node and other parameters

Figure 5.4 shows status of Secondary name node:

T . ]

€ - C [ localhost:50090/status.html '
Overview
Version 26.0
Compiled 2014-11-13T21:10Z by jenkins from (detached from e349649)
NameNode Address master;9000
Started 5/31/2016, 2:33:32 PM
Last Checkpoint 1/1/1970, 9:30:33 AM
Checkpoint Period 3600 seconds
Checkpoint Transactions 1000000

Figure 5.4. Status of Secondary namenode
Here When Hadoop Setup is created HDFS is also created in all the slaves connected

in connection. Before processing any source data it needs to be stored in HDFS. When
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data is stored in HDFS it is replicated on maximum three slave machines. In Figure
5.5, Screenshot for HDFS is given when one slave and master node is taken as HDFS

storage medium:

Datanode Information

In operation
Node Last contact Admin State Capacity Used Non DFS Used Remaining Blocks  Block pool used
slave (10.42.0.11:50010) 2 In Senvice 12668GB  208MB  1581GB 11287G8 12 2,08 MB (0%)
master (10.42.0.1:50010) 2 In Service 39.25GB 21Mm8 17.08 GB 22.17GB 12 2.1 M8 (0.01%)

Figure 5.5 Data stored in Datanode
5.3 Results and Analysis

After successfully implementing setup of Hadoop environment, to execute CURE

algorithm on Hadoop, the algorithm is needed to be in runnable JAR format. First of

all, we run CURE algorithm on Datasetl (geo-station data) having 1000 data points

which are very large for a single machine to be a process. This 1.9 MB data file is

uploaded and then processed with parameters given as shown in Table 5.3.
Table 5.3 Parameters for CURE algorithm in Hadoop

Dataset 1 Dataset 2

Data file size 26.2 MB
Sample Size 1000 1248842
Shrink factor 0.5 0.5
Number of Cluster 5 5
Representative Points 6 6
Number of Partition 2 2
Reducing Factor for each Partition 3 3
Required Representation Probability 0.1 0.1

When Dataset 1 is executed on Hadoop using JAR file for CURE algorithm.

Screenshots of it are shown in Figure 5.6.
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user@master /ho iyush/ $ /usr/local/hadoop2/bin/hdfs dfs -put /home/piyush/Desktop/curedata.txt fusr/local/had
nput
user@master /h 1) /usr/local/hadoop2/bin/hadoop jar test2.jar /usr/local/hadoop2/input/curedata.txt /us
1/hadoop2/output22
hiiiphello
16/65/27 19:01:15 INFO client.RMProxy: Connecting to ResourceManager at master/10.42.0.1:8832
16/65/27 19:01:16 WARN mapreduce.JobSubmitter: Hadoop command-line option parsing not performed. Implement the Tool inte
and execute your application with ToolRunner to remedy this.
19:09:64 WARN hdfs.DFSClient: Slow waitForAckedSeqno took 55264ms (threshold=306866ms)
19:09:84 INFO input.FileInputFormat: Total input paths to process : 1
19:09:04 INFO mapreduce.JobSubmitter: number of splits:1
19:09:66 INFO mapreduce.JobSubmitter: Submitting tokens for job: job 1464348161271 6066
19:09:06 INFO impl.YarnClientImpl: Submitted application application 1464348161271 6006
19:09:06 INFO mapreduce.Job: The url to track the job: http://master:8688/proxy/application 1464348161271 0066/
19:09:86 INFO mapreduce.Job: Running job: job 1464348161271 0666
19:09:13 INFO mapreduce.Job: Job job 1464348161271 0006 running in uber mode : false
19:09:13 INFO mapreduce.lob: map 0% reduce 0%
19:09:18 INFO mapreduce.Job: map 180% reduce 8%
19:09:24 INFO mapreduce.Job: map 100% reduce 100%
19:09:24 INFO mapreduce.Job: Job job 1464348161271 0606 completed successfully
19:09:24 INFO mapreduce.Jlob: Counters: 49
File System Counters
FILE: Number of bytes read=36066
FILE: Number of bytes written=271797
FILE: Number of read operations=8
FILE: Number of large read operations=0
FILE: Number of write operations=0
HDFS: Number of bytes read=22362
HDFS: Number of bytes written=6
HDFS: Number of read operations=6
HOFS: Number of large read operations=0
HDFS: Number of write operations=2
Job Counters
Launched map tasks=1
Launched reduce tasks=1
Data-local map tasks=1
Total time spent by all maps in occupied slots (ms)=3116
Total time spent by all reduces in occupied slots (ms)=3060
Total time spent by all map tasks (ms)=3116
Total time spent by all reduce tasks (ms)=3666
Total vcore-seconds taken by all map tasks=3116

Figure 5.6(a) cmd execution of Datasetl in Hadoop environment

HDFS: Number of read operations=6

HDFS: Number of large read operations=0

HDFS: Number of write operations=2
Job Counters

Launched map tasks=1

Launched reduce tasks=1

Data-local map tasks=1

Total time spent by all maps in occupied slots (ms)=3116

Total time spent by all reduces in occupied slots (ms)=3660

Total time spent by all map tasks (ms)=3116

Total time spent by all reduce tasks (ms)=3060

Total vcore-seconds taken by all map tasks=3116

Total vcore-seconds taken by all reduce tasks=36060

Total megabyte-seconds taken by all map tasks=3190784

Total megabyte-seconds taken by all reduce tasks=3133440
Map-Reduce Framework

Map input records=1000

Map output records=1000

Map output bytes=28808

Map output materialized bytes=30606

Input split bytes=120

Combine input records=0

Combine output records=0

Reduce input groups=1600

Reduce shuffle bytes=30006

Reduce input records=1068

Reduce output records=0

Spilled Records=2000

Shuffled Maps

Failed Shuffles=0

Merged Map outputs=1

GC time elapsed (ms)=115

CPU time spent (ms)=1820

Physical memory (bytes) snapshot=411947608

Virtual memory (bytes) snapshot=3823009792

Total committed heap usage (bytes)=308281344

Figure 5.6(b) cmd execution of Datasetl in Hadoop environment
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Here we can see in the screenshot that only one split has done and the process is run
in only one machine due to less size of data points. “Job completed successfully”
shown at the end of mapping reducing indicate that clustering is properly done. The
result set is stored in the output folder and from there it can retrieve in the local
machine. When dataset having 1000 data points from HDFS file system, are given
to CURE algorithm implemented in MapReduce, it performs Random Sampling,
Partitioning, Partial Clustering, Outliers Removing and global clustering on it and
draws this clusters on any plotting tool like GNU plot than output scattered plot is as

shown in Figure 5.7.

CURE
740000 T T T T T

720000 =

700000 [ =

680000 -

660000 [~

640000 [~

620000 [~

600000 [~ o

580000 . . . . .
540000550000560000570000580000590000600000

Figure 5.7 Output of datasetl
In this Plot outliers are not shown because it is removed from further clustering
process. Here Shrinking Factor can be any value between 0 and 1. If it is O than it
indicates all point based approach and if it is 1 than indicate centroid based approach.
We have taken a=0.5 to take more than one representative in consideration. Reducing
Factor define at which extend clustering is to be done. It is set to 3 means clustering
45



is done till a number of the cluster in each partition becomes 1/3 of the number of
points at the initial level.

Reducing Factor plays a major role in Outliers detection. If reducing factor exceeds
predefine value then number of the cluster in each partition (total number of points/
(the number of partition*Reducing Factor)) reduce. Because of this, data points in
different clusters may merge. But it impacts the overall quality of cluster so needs to
be avoided. So in this experiment if reducing factor exceeds a Threshold value which
is 3, than all the sub-cluster having only one data point are considered as outliers and
removed from clustering. However with increment in value of reducing Factor after
Threshold limit, the number of Outliers decrease (as shown in the graph in Figure5.8)

and that will result in only identifying cluster at maximum distance.

Outliers Points

250

200

[EEN
(O]
o

100

No of Outliers

50

0 5 Reducir}g Factor 15 20

Fig. 5.8. Effect on number of outliers with reducing factor
If we execute a large amount of data or a large number of data files than they are
executed parallel in multiple mappers and it may possible to have more than one split.
In second, if dataset 2, which is data about Europe continental analysis, having
1248842 number of records is run on given CURE algorithm as shown in Figure 5.9
(@), (b) and (c).
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= /usr/local/hadoop2/bin/hadoop jar curewithmr.jar /usr
/local /hddoop‘/culedaldsegs Jusr/local/hadoop2/cureoutputdatal

hiiiphello

16/05/31 15:16:59 INFO client.RMProxy: Connecting to ResourceManager at master/10.42.0.1
: 8632

16/05/31 15:17:81 WARN mapreduce.JobSubmitter: Hadoop command-line option parsing not pe
rformed. Implement the Tool interface and execute your application with ToolRunner to re
medy this.

16/05/31 15:26:14 WARN hdfs.DFSClient: Slow waitForAckedSeqno took 62113ms (threshold=30

15:26:14 INFO input.FileInputFormat: Total input paths to process : 4
16/05/31 15:26:14 INFO mapreduce.JobSubmitter: number of splits:4
16/05/31 15:26:16 INFO mapreduce.JobSubmitter: Submitting tokens for job: job 1464685439
889 0002
16/65/31 15:26:17 INFO impl.YarnClientImpl: Submitted application application 1464685439
889 6082
16/05/31 15:26:17 INFO mapreduce.Job: The url to track the job: http://master:8688/proxy
/application 1464685439889 0002/
16/65/31 15:26:17 INFO mapreduce.Job: Running job: job 1464685439889 00602
16/05/31 15:26:25 INFO mapreduce.Jlob: Job job 1464685439889 0002 running in uber mode
false
16/05/31 15:26:25 INFO mapreduce.Job: map 0% reduce 6%
16/05/31 :27:10 INFO mapreduce.Job: map % reduce
16/05/31 :27:13 INFO mapreduce.Job: map % reduce
16/05/31 15:27:14 INFO mapreduce.Job: map reduce
16/05/31 :27:18 INFO mapreduce.Job: map reduce
16/05/31 :27:20 INFO mapreduce.Job: map reduce
16/05/31 :27:21 INFO mapreduce.Jlob: map reduce
16/05/31 :27:25 INFO mapreduce.lob: map reduce
16/05/31 :27:28 INFO mapreduce.Job: map % reduce
16/05/31 :27:31 INFO mapreduce.Jlob: map % reduce
16/65/31 15:27:35 INFO mapreduce.Job: map 77% reduce
16/05/31 :27:48 INFO mapreduce.Job: map % reduce
16/05/31 :27:50 INFO mapreduce.Job: map reduce
16/05/31 :27:52 INFO mapreduce.lob: map 7 reduce .
16/05/31 P 4 INFO mapreduce.Job: map reduce
16/05/31 :28: INFO mapreduce.Job: map % reduce
16/05/31 :28: INFO mapreduce.Job: map s reduce
16/05/31 :28: INFO mapreduce.lob: map 82% reduce
16/05/31 :28: INFO mapreduce.Job: map % reduce
16/05/31 :28: INFO mapreduce.Job: map e reduce
16/05/31 15:28: INFO mapreduce.Jlob: map 85% reduce :

16/05/31 :28: INFO mapreduce. T me % reduce
16/65/31 15:28: INFO mapreduce.lob: m % reduce
16/65/31 :28: INFO mapreduce. : % reduce
16/85/31 129: INFO mapreduce. 2 ¢ % reduce
16/65/31 129: INFO mapreduce.Jlob: | reduce
16/65/31 . INFO mapreduce. . % reduce
16/685/31 :29: INFO mapreduce. : % reduce
16/65/31 15 INFO mapreduce. : ) % reduce
16/65/31 INFO mapreduce. - s reduce
INFO mapreduce. . % reduce
INFO mapreduce.lob: m % reduce
16/85/31 :30: INFO mapreduce. . % reduce
16/05/31 INFO mapreduce. LN % reduce
16/65/31 INFO mapreduce.Job: m 0% reduce
16/685/31 :30: INFO mapreduce. J % reduce
16/65/31 INFO mapreduce. g % reduce
16/85/31 28 INFO mapreduce.lob: m 0% reduce
16/65/31 INFO mapreduce. & % reduce
16/65/31 4 INFO mapreduce. i m % reduce
16/85/31 1 INFO mapreduce. T ma s reduce
16/65/31 130: INFO mapreduce. . a % reduce

Figure5.9 (b) Execution of Hadoop for Dataset2
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16/05/31 15:30:50 INFO mapreduce.Job: map 180% reduce 100%
16/05/31 15:38:52 INFO mapreduce.Job: Job job 1464685439889 PeP2 completed successfully
16/05/31 15:30:53 INFO mapreduce.Job: Counters: 50
File System Counters
FILE: Number bytes read=37465272
FILE: Number bytes written=75726624
FILE: Number read operations=0
FILE: Number large read operations=0
FILE: Number write operations=0
HDFS: Number bytes read=26227389
HDFS: Number bytes written=0
HDFS: Number read operations=15
HDFS: Number large read operations=0
HDFS: Number write operations=2
Job Counters
Killed map tasks=2
Launched map tasks=6
Launched reduce tasks=1
Data-local map tasks=6
Total time spent by all maps in occupied slots (ms)=548639
Total time spent by all reduces in occupied slots (ms)=217564
Total time spent by all map tasks (ms)=548639
Total time spent by all reduce tasks (ms)=217584
Total vcore-seconds taken by all map tasks=540639
Total vcore-seconds taken by all reduce tasks=217564
Total megabyte-seconds taken by all map tasks=553614336
Total megabyte-seconds taken by all reduce tasks=222724096
Map-Reduce Framework
Map input records=1248842
Map output records=1248842
Map output bytes=34967576
Map output materialized bytes=37465284
Input split bytes=495
Combine input records=0
Combine output records=0
Reduce input groups=1176844
Reduce shuffle bytes=37465284
Reduce input records=1248842
Reduce output records=0
Spilled Records=2497684
Shuffled Maps =4
Failed Shuffles=0

Figure 5.9(c) Execution of Hadoop for Dataset?
As shown in Figure 5.9 (a) there are 4 splits has been done and four mapper functions
will execute with each split and then reduce function start to work. After processing
the algorithm clusters of data points are created.
Here whatever data files are processed is of small size in the range of 26.2 MB. So
there will be only 1 block will be generated in HDFS. But if the data file is more than
128 MB than, each block of size 128 MB are generated.
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As shown in figure 5.10(a) and (b), data file is 143.4 MB so two blocks are generated

Block I1D: 107374201

Generalion Stamp: 1264
Size: 134217728
Availability:

+ slave
« master

Block information -« J:1e VR

Block 0
Block 1 |

File information - finaldata

Block Pool 1D: BP-1819807890-10.42.0.1-1464348135085 Block Pool ID: BP-1819807890-10.42.0.1-1464348135085

File information - finaldata
Download

Block information - s '@ SR
Block 0

Block D: 10737420

Generation Stamp: 1265
Size: 9422092
Availability:

« slave
« master

Figure 5.10(a) and (b) File system for data file size more than 128 MB

16/05/31 18:37:46 INFO
16/65/31 18:37:52 INFO
16/05/31 18:37:59 INFO
16/05/31 18:38:684 INFO
16/05/31 18:38:64 INFO
File System Co

FILE:

FILE:

FILE:

FILE:

FILE:

HDFS:

HDFS:

HDFS:

HOFS:

HDFS:

mapreduce
mapreduce
mapreduce
mapreduce
mapreduce
unters
Number of
Number of
Number of
Number of
Number of
Number of
Number of
Number of
Number of
Number of

.Job: map 100% reduce 98%

.Job: map 160% reduce 99%

.Job: map 100% reduce 108%

.Job: Job job 1464685439889 0608 completed successfully
.Job: Counters: 49

bytes read=410400030
bytes written=617414762
read operations=0

large read operations=0
write operations=0
bytes read=143639931
bytes written=8

read operations=6

large read operations=0
write operations=2

Fig5.11 Job done for data size more than 128 MB

When CURE algorithm is applied successfully on data file having size more than

128 MB which is stored in two data blocks and all are replicated on multiple slave

file systems.
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Chapter 6 Conclusion and Future Scope

6.1 Conclusion

Clustering is one type of grouping method of given objects in such a way that inter-
cluster similarity is minimum and the intra-cluster similarity is maximum. When
Clustering algorithms are used for a large amount of data, majority of them has
efficiency and scalability problems and incapable of recognizing non-spherical shape
clusters. CURE algorithm can recognize the non-spherical shape and also can handle
the massive amount of data. Due to more than one representative point, CURE is able
to identify outliers and eliminate it from clustering process. However, traditional
CURE algorithm can cannot cluster massive amount of data. In this thesis CURE
algorithm is implemented with the help of Hadoop framework which is more
convenient way to cluster large data. It is implemented on Distributed environment
using MapReduce programming model so that it can handle the massive amount of
data and can cluster in less amount of time and space[17].

6.2 Summary of Contributions
In this thesis, the contributions done by this research work are summarized as follows:

e Survey of Existing Hierarchical clustering methods and implemention using
Java programming language.

e Methodology to implement CURE algorithm in Hadoop using Mapper-
Reducer files and try to achieve parallelism in processing.

o Identify outliers existing in clustering process and try to find useful patterns
in selection of given parameters to minimize the final clusters as well as to

maximize quality of clusters created.
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6.3 Future Scope

Currently, CURE algorithm is implemented on Hadoop environment by making setup
of an only limited number of nodes check its performance. In future, it can be
expanded to implement in dedicated Hadoop setup having more nodes to achieve
higher efficiency and speed. In the Current algorithm, we have used Random
sampling to select only some data objects to represent all data objects in clustering
activity. In Future instead of random sampling, some other approach can be used to
select data objects by using the concept of nesting of mapreduce in which data points
are selected as separate mapreduce activity. One more important thing to be done is
to deal with outliers, although it is not much important to ignore some points but still
there should some way exist to handle outliers in a logical way. CURE clustering is
one type of static modeling process which not cares about relative distance. There is
a need to have some dynamic clustering algorithm which takes relative connectivity

and closeness into consideration while clustering.
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