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Abstract: The rapid progress in scientific data collection has led to enormous and ever increasing quantity of data making it
unfeasible to be manually interpreted. Data mining is defined as information extraction activity which discovers the hidden facts in
the databases. Data mining entails the ‘The non-trivial process of identifying valid, novel, potentially useful and ultimately
understandable patterns in data [10]. Data mining approach can be used to extract features and can compute the models from the
vast data. The goal of data mining is to extract the knowledge from the appropriate data. Grouping can be viewed as the most
critical unsupervised learning strategy; along these lines, as each other issue of this kind, it manages finding a structure in an
accumulation of unlabeled information. Groups can be arranged by the kind of item and administrations they provide[12]. There
are groups in car, in budgetary administrations, in tourism, in a particular mechanical range, and so on. Late research has called
attention to how distinctive areas assume diverse parts. The advancement of groups has demoralized numerous locales with no
reasonable possibility of accomplishing a comparative level of execution as the top level clusters. From area perspective, the nearby
ventures are serving just neighborhood showcases and are dispersed crosswise over space around as per populace size.  There is
a developing interest for Geographical Information System (GIS) since they gain gigantic spatial information sets[11]. A GIS can
create data that answers particular inquiries and permits offering that data to others. By picturing connections, associations,
designs in information, we can settle on educated choices and increment efficiency.Remote Sensing information has pulled in a
consideration on picture order since characterization comes about are reason for translation, examination and demonstrating for
different ecological and financial applications [3]. Through the examination of remotely detected information for various ages,
distinguishing the progressions is conceivable. In this paper deforestation factors such as Agriculture, Urbanization, Road
construction and Mining are considered as the major drivers of deforestation in the study area of Chittoor, Kadapa and Nellore
Districts of Andhra Pradesh. Land use map for the year 1991, 2001 and 2011 have been created using Arc GIS for land use
analysis.The main objective of this paper is to depict the clustering of deforestation factors with the aid of Geographical
Information System (GIS) and Remote Sensing (RS). The results are aimed to classify the major deforestation factors by
implementing the clustering techniques in data mining to provide precise outputs that help to improve conservation policies and
land-use strategies. The paper focuses on conservation implication and methodological outreach for biodiversity areas and also to
determine the significance of socioeconomic factors for deforestation. In this paper, clustering techniques and clustering methods is
implemented based on association rule mining in the WEKA environment. This research may serve as an exploratory analysis of
complex problem of deforestation.

Keywords: Datamining, GIS, Deforestation,Clustering,Clustering Techniques, WEKA.

I. INTRODUCTION
by openness than closeness to populace focuses. Height

1. CLUSTERING ON DEFORESTATION:

To condense, we give another system to clarify
deforestation designs within the sight of misalignment of
information layers, missing information emerging from
overcast cover, and consolidating spatially express
structure using a bayesian various leveled model. Coming
back to an examination of populace square impacts, these
are adversely related spatially with forested pieces,
farming, mining, streets despite the fact that the impact is
genuinely powerless. This feeble sign may mirror the
pervasive impact of cut and-smolder farming honed all
through the scene even territories with low populace
densities. This farming practice might be more controlled

clearly plays into this, as do streets of any kind, or for
sure even pathways. These transportation networks are
negatively clustered spatially with forest blocks and
positively clustered with inhabited blocks. Many of these
routes of transport have been used for centuries. In sum
elevation along with road/path networks, and to a lesser
extent population patterns play an important role in
explaining the spatial distribution of forested blocks in the
landscape. But in addition historical patterns of land use
continue to play a pervasive role in the distribution of
population centers and forested patches observed today in
the landscape. Generalizing from our specific results, it is
evident that the structural hierarchical modeling style we
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have employed is applicable to the modeling of land-use
patterns in many other contexts. Similarity in land use
between neighboring areal units would be expected, and
spatial random effects could be used to capture such
association. Misalignment problems among data layers,
hence, between response and explanatory variables are
also likely to be common themes. Our present application
has led to a model for land use, which is static, since we
lack temporal information. However, were data available
across time. Formally, we need only add a subscript t to
those measurements which change over time.
Mechanistically, we might think of the land-use process
as evolving in both space and time. Spatio-temporal
random effects, bitcould be introduced to capture
association across both space and time. Lastly, while the
present setting has an ordinal categorical response
variable, in other applications the response could be
binary, e.g., presence or absence of a species, or a count,
e.g., abundance of a species. The first stage model for the
response would change to reflect this but hierarchical
modeling with spatial structure could still be employed
and would provide the same benefit in terms of richer
inference than is available with standard methods.

2 CLUSTERING TECHNIQUES:

Cluster analysis or clustering is the task of grouping a set
of objects in such a way that objects in the same group
(called a cluster) are more similar to each other than to
those in other groups (clusters). It is a fundamental
assignment of exploratory information mining, and a
typical system for measurable information examination,
utilized as a part of numerous fields, including machine
learning, deforestation, design acknowledgment, picture
investigation, data recovery, and bioinformatics. Bunch
examination itself isn't one particular calculation,
however the general assignment to be fathomed. It can be
accomplished by different calculations that vary
altogether in their idea of what constitutes a bunch and
how to proficiently discover them. Prevalent ideas of
bunches incorporate gatherings with little separations
among the group individuals, thick regions of the
information  space, interims or specific factual
appropriations. Grouping can along these lines be defined
as a multi-target advancement issue. The proper bunching
calculation and parameter settings rely upon the
individual informational collection and proposed
utilization of the outcomes. Group investigation
accordingly isn't a programmed errand, however an
iterative procedure of information revelation or intuitive
multi-target improvement that includes trial and
disappointment. It will regularly be important to adjust
information preprocessing and demonstrate parameters

until the point when the outcome accomplishes the
coveted properties. Guided clustering has given the way
to deliver a grouping which contained a most extreme
number of low fluctuation unearthly classes. This implied
each unearthly class regularly spoke to one or at most not
very many comparable sorts of vegetative spread.
Generally a solitary classification of spread was spoken to
by a few ghastly classes. Since differences were low and
classes were moderately immaculate, next to no phantom
disarray was available in the last grouping. Guided
bunching appeared to be particularly valuable while
ordering complex environmental groups of heterogeneous
piece.

2.1 COBWEB:

It is an incremental system for hierarchical
conceptual clustering. COBWEB was invented by
Professor Douglas H.Fisher, currently at Vanderbilt
University. COBWEB incrementally  organizes
observations into a classification tree. Each node in a
classification tree represents a class (concept) and is
labeled by a probabilistic concept that summarizes the
attribute-value distributions of objects classified under the
node. This classification tree can be used to predict
missing attributes or the class of a new object.

There are four basic operations COBWEB employs in
building the classification tree. Which operation is
selected depends on the  category utility of the
classification achieved by applying it. The operations are:
. Merging Two Nodes

Merging two nodes means replacing them by a node
whose children is the union of the original nodes' sets of
children and which summarizes the attribute-value
distributions of all objects classified under them.

. Splitting a node: A node is split by replacing it
with its children.

. Inserting a new node: A node is created
corresponding to the object being inserted into the tree.

. Passing an object down the hierarchy Effectively
calling the COBWEB algorithm on the object and the
Eubtree rooted in the node.

~
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=== Run information ===
Scheme: weka.clusterers.Cobweb -A
1.0 -C 0.0028209479177387815 -S 42
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Relation:  datx
Instances: 146
Attributes: 5
Agri
Built-up
Mining
Road
Class
Test mode: evaluate on training data
Clustering model (full training set)

Number of merges: 12
Number of splits: 13
Number of clusters: 13

node 0 [146]

| leaf 1 [31]

node 0 [146]

| node 2 [66]

| | leaf3[9]

Time taken to build model (full training data) : 0.03
seconds

Model and evaluation on training set

2.2 EXPECTATION MAXIMIZATION (EM)
CLUSTERING:

EM calculation is additionally an imperative calculation
of information mining. We utilized this calculation when
we are fulfilled the consequence of k-implies strategies.
an expectation— amplification (EM) calculation is an
iterative technique for discovering greatest probability or
most extreme a back (MAP) evaluations of parameters in
measurable models, where the model relies upon
imperceptibly inert factors. The EM cycle substitutes
between playing out a desire (E) step, which registers the
desire for the log probability assessed utilizing the present
gauge for the parameters, and boost (M) step, which
processes parameters augmenting the normal log-
probability found on the E step. These parameter-gauges
are then used to decide the dispersion of the dormant
factors in the following E step. The consequence of the
group examination is composed to a band named class
records. The qualities in this band demonstrate the class
lists, where an esteem '0' alludes to the main bunch; an

estimation of '1" alludes to the second group, and so on.
The class files are arranged by the earlier likelihood
related with group, i.e. a class file of '0' alludes to the
E)unch with the most noteworthy likelihood.

I L [
=== Run information ===
Scheme: weka.clusterers.EM -1 100 -N -1 -X 10 -max
-1 -ll-cv 1.0E-6 -ll-iter 1.0E-6 -M 1.0E-6 -num-slots 1 -S
100
Relation:  datx
Instances: 146
Attributes: 5
Agri
Built-up
Mining
Road
Class
Test mode: evaluate on training data
=== Clustering model (full training set) ===
EM

Number of clusters selected by cross validation: 8
Number of iterations performed: 1
Cluster
Attribute o 1 2 3 4 5 6 7
(0.08) (0.29) (0.21) (0.09) (0.1) (0.12) (0.05)
(0.04)

Time taken to build model (full training data) : 1.22
seconds

=== Model and evaluation on training set ===

Clustered Instances

Log likelihood: -2.52127
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Advantages

. Gives extremely useful result for the real world
data set.

. Use this algorithm when you want to perform a
cluster analysis of a small scene or region of interest and
are not satisfied with the results obtained from the k-
means algorithm.

Disadvantage

. Algorithm is highly complex in nature.

2.3 FARTHEST FIRST CLUSTERING:

Farthest first is a variant of K Means. This places the
cluster centre at the point further from the present cluster.
This point must lie within the data area. The points that
are farther are clustered together first. This feature of
farthest first clustering algorithm speeds up the clustering
process in many situations like less reassignment and
adjustment is needed. Implements the "Farthest First
Traversal Algorithm™ by Hochbaum and Shmoys 1985: A
best possible heuristic for the k-center problem,
Mathematics of Operations Research, 10(2):180-184, as
cited by SanjoyDasgupta "performance guarantees for
hierarchical clustering"[9], colt 2002, Sydney works as a
fast simple approximate clustered [17] modelled after
Simple Means, might be a useful initialize for it Valid
options are:

N -Specify the number of clusters to generate.

é;Specify random number seed.

=== Run information ===
Scheme: weka.clusterers.FarthestFirst -N 4 -S 10
Relation:  datx
Instances: 146
Attributes: 5
Agri
Built-up
Mining
Road
Class
Test mode: evaluate on training data
=== Clustering model (full training set) ===

FarthestFirst

Time taken to build model (full training data) : 0 seconds
=== Model and evaluation on training set ===

Advantage

Farthest-point heuristic based method has the time
complexity O (nk), where n is number of objects in the
dataset and k is number of desired clusters. Farthest-point
heuristic based method is fast and suitable for large-scale
data mining applications.

2.4 HIERARCHICAL CLUSTERING:

Hierarchical Clustering Methods are Agglomerative
hierarchical methods. This Begins with as many clusters
as objects. Clusters are successively merged until only
one cluster remains. Divisive hierarchical methods begin
with all objects in one cluster. Groups are continually
divided until there are as many clusters as objects.

s . ——] ]
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Figure 1.1: Hierarchical Clustering Process

=== Run information ===

Scheme: weka.clusterers.HierarchicalClusterer -N 4 -
L SINGLE -P -A "weka.core.EuclideanDistance -R first-
last"
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Relation:  datx
Instances: 146
Attributes: 5
Agri

Built-up
Mining
Road
Class
Test mode: evaluate on training data

8 Wha Oatarms B to: 211230 - InrwrhtoslChasnn otatn

2.5 MAKE DENSITY BASED CLUSTERING:

A group is a thick area of focuses that is isolated by low
thickness districts from the firmly thick locales. This
grouping calculation can be utilized when the bunches are
sporadic. The make thickness based grouping calculation
can likewise be utilized as a part of commotion and when
anomalies are experienced. The focuses with same
thickness and present inside a similar region will be
associated with shape bunches.

Calculation: Density based Clustering

1. Process the e-neighborhood for all items in the
information space.

2. Select a center question CO.

3. For all articles co € CO, add those items y to CO which
are thickness associated with co. Continue until the point
when no further y are experienced.

4. Rehash stages 2 and 3 until the point that all center
items have been prepared.

— 3
= [ Ao e Vodaw 21 e =9
o | —

[Tl Wit S Sl 0 - ASaae |
=== Run information ===
Scheme:
Class
Test mode: evaluate on training data
Clustering model (full training set)

MakeDensityBasedClusterer:
Wrapped clusterer:
kMeans

Number of iterations: 4
Within cluster sum of squared errors: 207.0
Missing values globally replaced with mean/mode
Cluster centroids:

Cluster#
Attribute  Full Data 0 1

(146) (115) (31)

=== Model and evaluation on training set ===
Clustered Instances
Log likelihood: -3.65243

[0 Wt Chaderw Faasten @) 1045 MaelmmtramdCaniern duts)

All Rights Reserved © 2018 IJERCSE 233



F5N
t.»':‘ IFERP ISSN (Online) 2394-2320
International Journal of Engineering Research in Computer Science and Engineering
(IJERCSE)
Vol 5, Issue 4, April 2018

=== Clustering model (full training set) ===

2.6K-MEANS CLUSTERING: kMeans

The basic step of k-means clustering is simple. In the ======

beginning, we determine number of cluster K and we Number of iterations: 3

assume the centroid or center of these clusters. We can Cluster centroids:

take any random objects as the initial centroids or the first Cluster#

K objects can also serve as the initial centroids. Then the Attribute  Full Data 0 1 2 3

K means algorithm will do the three steps below until (146) (57) (45) (13) (31)
convergence iterate until stable (= no object move group):

1. Determine the centroid coordinate Time taken to build model (full training data) : 0 seconds
2. Determine the distance of each object to the centroids === Model and evaluation on training set ===

3. Group the object based on minimum distance. Clustered Instances
This is showed in figure 1.2 in steps. —

/ Number ol
clusterK /

/
.

Distance objects to
centroids

\J

Gmupinﬁ based on
minimum distance

I

Figure 1.2: k-means clustering process

Advantages:
s B 1. With a large number of variables, K-Means may
— — be computationally faster than

Hierarchical Clustering (if K is small).

~ 2. K-Means may produce tighter clusters than
" - hierarchical clustering, especially if the clusters are
// = globular.
Disadvantages:
1. Difficulty in comparing quality of the clusters
produced (e.g. for different initial partitions or
. — - values of K affect outcome).
=== Run information === 2. Fixed number of clusters can make it difficult to
Scheme: weka.clusterers.SimpleKMeans -P -V -M -N predict what K should be does not work well with non-
4 -A "weka.core.EuclideanDistance -R first-last" -1 500 - globular clusters.
O -fast -num-slots 1 -S 10 3. Different initial partitions can result in different
Relation:  datx final clusters. It is helpful to return the program using
Instances: 146 the same as well as different K values, to compare the
Test mode: evaluate on training data results achieved.
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I11. EXPERIMENTAL RESULTS:

In this section, we present the results of different
clustering algorithms and perform analysis on their
performance to verify the effectiveness of each algorithm.
The domain of this work is to analyze the best algorithm
for our data set. Performance evaluation of algorithms is
also done between the training and validation methods to
analyze the best algorithm.

Table 1.1 show the summary of the number of clusters,
time taken, number of iterations, clustered instances, and
log likelihood are evaluated on the training set in the
clustering algorithms.

[ Moot | Mot | Clusterd
| Algorithm Time Clusters | Rerations | lnstances Log fikzlihoed
IVZCEWEE- | 0.03 S 13 0 12 0

M 0% |3 E 17 28177

4
0,03 Six 4
4

4 36541

£ :r.-‘a'u- B 0 [ d 3 0
Table 1. 1: accuracy results of all methods in training
set

1
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K-meansy

® Logtikeihood
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Farthest Frst = Noof Rerations
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EM - —— a Time

COBWEB
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Figure 1.3:comparison of clustering algorithms based
on accuracy

Figure 1.3 demonstrate the comparison of accuracy
between clustering in many aspects. It is revealed and
justifies in the graph that log likelihood, clustered
instances, no. of iterations, no of clusters and time.

IV. CONCLUSIONS

An assortment of bunching techniques has been
connected and tried on deforestation information. Our
principle point is to break down the best calculation for
our informational collection. For this reason, we look at

the execution aftereffects of various grouping calculations
in WEKA a Machine Learning Language device.
Choosing the best calculation is a critical undertaking to
relate the precise outcomes, which are not found in the
watched calculations, a portion of the calculations are
yielding the best outcomes like K-implies, Make Density
Based, Hierarchical, Farthest First, EM, COBWEB are
vary for every situation . The outcomes and discoveries of
the displayed study might be utilized for broadening the
new calculation which mirrors the best properties of the
diverse bunching calculations. So to get the ideal
outcomes for our informational collection, we propose the
half breed calculation as our future work containing the
best properties of the above calculations. Positively,
conclusions depend on the extent of this investigation;
along these lines, expanding the degree may build up a
broadened structure for foreseeing the precision of
groups. Clearly, there might be different elements
impacting the precision..

REFERENCES

[1]Agrawal, R., Imielinski, T. And Swami, A.N.(1993)
“Database mining: a performanceperspective.” IEEE
Trans Knowledge andData Engineering, VVol. 5, 914-925.

[2]l. Altintas, C. Berkley, E. Jaeger, M. Jones, B.
Ludscher,and S. Mock. Kepler: An extensible system for
design and execution of scientific workflows. In In
SSDBM,pages 21-23, 2004.

[3]Burges, C.J.C. (1998) “A tutorial on supportvector
machines for pattern recognition.”DataMining and
Knowledge Discovery, Vol. 2(1),121-167.

[4] S. Celis and D. R. Musicant.Weka-parallel: machine
learning in parallel. Technical report, Carleton
College,CS TR, 2002.

[S]Diansheng, G. (2002) “Spatial Cluster Ordering and
Encoding for High-DimensionalGeographic Knowledge
Discovery”, UCGIS2, Summer, 2002

[6]Fayyad, U.M. and Irani, K.B. (1993)
“Multiintervaldiscretization of continuous-
valuedattributes for classification learning.”ProclJCAL,
1022-1027. Chambery, France.

[7]Holte, R.C. (1993) “Very simple classificationrules
perform well on most commonly useddatasets.” Machine
Learning, Vol. 11, 63-91.

All Rights Reserved © 2018 IJERCSE 235



“*IFERP ISSN (Online) 2394-2320

sl mog e mers derminping feiom nd

International Journal of Engineering Research in Computer Science and Engineering
(IJERCSE)
Vol 5, Issue 4, April 2018

[8]Shi T, Horvath S (2005) Unsupervised Learning with
Random Forest Predictors.Journal of Computational and
Graphical Statistics, in press.

[9]Maria Halkidiyannis ,BatistakisMichalisVazirgiannis
(2001),“Clustering Validation Techniques”, Journal of
Intelligent Information Systems, 107-145.

[10]Kohonen, T. (2001)”Self-Organizing Maps”, Springer
Series in Information Sciences, 3rdEdition, Berlin,
Germany, 2001

[11]K.R.Manjula, “Analyzing Deforestation Factors using
Spatiotemporal Association Rule Mining Techniques-An
Integration of Socio Demographic And Remote Sensing
Data With Geographic Information system” .PhD thesis

[12] K.R. Manjula , Dr. S. Jyothi, S. Anand Kumar
Varma, Dr. S. Vijaya Kumar (2011),“Construction of
Spatial Dataset from Remote Sensing using GIS for
Deforestation Study”, International Journal of Computer
Applications Volume - 31 ,26-32.

All Rights Reserved © 2018 IJERCSE 236



