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Abstract— The shifting of water level in the lake creates
fluctuation that results in the in balance of water label from
its base level. The people who are leaving in the bank of these
lakes remains in danger since the label of the lake increases
or decreases and once it cross its upper limit it will create
disaster. The basis of Remote sensing method there are
various system has been designed to forecast this variation of
water in the lakes. So it becomes very much important or it is
a biggest challenge in order to identify the lake level so that
disaster can we avoid. In this method we have designed an
algorithm in MATLAB to detect the lake level so that the
above-mentioned problem can overcome.
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I. INTRODUCTION

Nowadays clustering technique become more important as
the trend of data analysis, processing is increased through the
computer. Clustering is having wide application in various
fields such as recognition of pattern, artificial intelligence etc.
Clustering of data is done under vigorous development.
Cluster analysis has recently become a highly active topic in
data mining research. As a branch of statistics, cluster
analysis has been extensively studied for many vyears,
focusing mainly on distance-based cluster analysis [1-4].

Accurate predictions and a reliable foresight of sea
level behavior have always been important in water resource
management scenarios. Lake level variations are complex
outcomes of different site-specific geographical and
meteorological variables, including precipitation, runoff,
evaporation, temperature [3]. Data mining is a process which
finds useful patterns from a large amount of data. The
variables defining weather conditions vary continuously with
time, prediction model can be developed either statistically or
by using some other means like a decision tree, artificial
neural networks, regression, clustering techniques of data
mining. Weather prediction is a form of data mining which is
concerned with finding hidden patterns inside largely
available meteorological data [2].

Il. OBJECTIVE

The object of this paper is to develop a method to obtain the
lake level from the meteorological data by using k-Medoid
algorithm.

I1l. BASIC K-MEANS ALGORITHM FOR FINDING K CLUSTERS

1) Select K points as the initial centroids.

2) Assign all points to the closest centroid.

3) Recompute the centroid of each cluster.

4) Repeat steps 2 and 3 until the centroids don’t change.

A. Implementation of Algorithm

1) K-medoid Algorithm

— Initialize

Randomly select k of the n data points as the medoids

— Assignment Step

Associate each data point to the closest medoid.

— Update Step

For each medoid m and each data point o associated to m
swap m and o and compute the total cost of the configuration
(that is, the average dissimilarity of o to all the data points
associated to m).

Select the medoid o with the lowest cost of the
configuration. Repeat alternating steps 2 and 3 until there is
no change in the assignments.

— Eg. Dataset
Suppose Cluster the data set of ten objects into two clusters
ie. k=2
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1) Step1l

Initialize k centers. Let us assume x2 and x8 are selected as
medoids, so the centers are c1 = (3, 4) and c2 = (7,4).
Calculate distances to each center so as to associate each data
object to its nearest medoid. Cost igan be calculated as follows

cost(z,c) = > |z; — ¢

i=1
Cost (distance) to c1
Data Cost
i cl objec (distanc
‘ ts (Xi) e)
1 3|42 6 3
3 /3 43|38 4
4 |3 4 4|7 4
5 3 4 6 2 5
6 | 3 4 6 4 3
7 3 4 7 3 5
9 | 3 4 8 5 6
10 | 3 4 7 6 6

Then the clusters become:
Clusterl = {(3,4)(2,6)(3,8)(4,7)}
Cluster2 = {(7,4)(6,2)(6,4)(7,3)(8,5)(7,6)}
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Since the points (2,6) (3,8) and (4,7) are closer to c1 hence

they form one cluster whilst remaining points for another

cluster. So the total cost involved is 20.

total cost = {cost((3,4),(2,6)) + cost((3,4),(3,8)) + cost((3,4), (4,7)) }
+ {cost((7,4), (6,2)) + cost((7,4),(6,4)) + cost((7,4),(7,3))
+ cost((7,4), (8,5)) + cost((7,4),(7,6)) }
=(B+4+)+(3+1+1+242)
=20

2) Step2

Perform step 1 for another point then find optimal cost

solution

B. Forecasting Using Regression Analysis

In statistics, linear regression is an approach to modeling the
relationship between a scalar dependent variable y and one or
more explanatory variables (or independent variables)
denoted X.
If the goal is forecasting then regression can be used
to fit a predictive model to an observed data set of y and X
values.
In linear regression the relationship between
dependent and independent variable is assumed as:
y=atby .o )]
1) y—Dependent variable
2) a-y-intercept
3) b -Slope
4) x- Independent variable
5) a=y-bx
6) b=(Zxy-nxy)/(Zx*-nx?
7) xis x value of each data point
8) yisy value of each data point
9) ¥ is arithmetic mean of all y values
10) X is arithmetic mean of all x values
11) nis number of data points
For forecasting the y value (dependent variable) we need to
put the different value of x (independent variable) in eq. no

).

Cost (distance) to c2
Data Cost

i c2 objec (distanc

ts (Xi) e)
1 7 4 2 6 7
3 7 4 3 8 8
4 7 4 4 7 6
) 7 4 6 2 3
6 7 4 6 4 1
7 7 4 7 3 1
9 7 4 8 5 2
10 7 4 7 6 2

Here in our dataset Time is independent variable and rest ph,
rain etc. are dependent variable.

IV. RESULT
These are the following results of our proposed work.
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Fig. 10: Final Prediction Output (2)

V. CONCLUSION

This proposed model is successfully designed and the
prediction of the lake is done.
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