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The groundwater quality assessment gained more attention among the water quality
management stations and researchers. The conventional water quality index method and
artificial neural network models are used to assess groundwater. But these models are
inadequate to handle data with uncertainty. In this work, we propose an improved Fuzzy
C Means clustering method to identify the homogeneous clusters with respect to
groundwater quality. For this purpose 1020 groundwater samples data with 7
physiochemical parameters of the year 2019 are collected from West Godavari, Andhra
Pradesh, India. The effectiveness of the proposed clustering method is evaluated with
two standard clustering methods namely K-means and Fuzzy C Means. The initial
selection of the number of clusters and cluster centers determines the success of both
the conventional K Means and Fuzzy C Means clustering methods. The proposed
improved Fuzzy C Means method identifies the optimal number of clusters based on
the water index value. The proposed improved Fuzzy C Means clustering method is
implemented on the groundwater data set. The performance is computed with the help
of the silhouette score and Davies Bouldin Index. The proposed clustering method
outperforms with the existing K Means and Fuzzy C Means with silhouette score of

0.857 and Davies Bouldin Index value of 0.502 when the number of clusters are 4.

1. INTRODUCTION

Groundwater is one among the natural resource and is
generally used by many people for drinking purpose. Apart
from the drinking it can be used in manufacturing industries,
irrigation. Across the globe majority of the people depends on
the groundwater for drinking, agricultural and domestic
purposes. If the groundwater is primarily used for drinking
purpose then quality needs to be given a high priority due to
contamination by various factors. In many sampling locations
the groundwater is polluted by anthropogenic activities [1-3].
Groundwater quality assessment, clustering and predicting the
quality of the groundwater is required to effectively deal with
groundwater pollution. Therefore this study is aimed to
identify the homogeneous clusters for potable purpose.

The evaluation of groundwater quality is basically viewed
as a clustering and classification problem also. Because
present water quality assessment criteria aren't standardized,
there's a lot of interest in unsupervised approaches. Clustering
of groundwater is the process of identifying the homogeneous
clusters with respect to groundwater quality. Identifying the
homogeneous clusters is based on the closeness of
groundwater data. There are various types of clustering
methods that can be grouped by partition, hierarchical and
clustering of large data sets. The K Means, hierarchical and
Fuzzy C Means method are the very popular methods to
identify homogeneous clusters in the data set. The water
quality management stations employ these clustering models
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frequently to identify the homogeneous clusters. The K Means
clustering method is also known as hard clustering and FCM
is called as soft clustering technique. The hard clustering
model assign each data sample to only one cluster but by soft
clustering method each data sample is belongs to multiple
clusters basing on the membership values between the data
sample and cluster centroid.

Till date, many methods have been used to the assess
groundwater quality, including conventional water quality
assessment methods, Artificial Neural Networks (ANN) and
Fuzzy logic. ANN are self-organizing, self-learning, non-
linear processes that can handle the system which is difficult
to be handled by the conventional water quality assessment
methods. ANN is well suited for classifying and predicting
groundwater quality due to its beneficial treatment properties
such as non-linearity, parallelism, addiction tolerance,
learning and  generalization capabilities, distributed
associations, fault tolerance capabilities, and applicability to
complex problems. In the past, researchers applied ANN and
also performed comparative study of ANN models in
groundwater quality assessment [4-6]. The problem with the
ANN is that it can handle the crisp data but groundwater data
is associated with uncertainty and the fuzzy logic theory is the
best way to present the groundwater data. The models built on
top of the fuzzy theory explores the fuzzy nature exist in the
data Hosseini-Moghari et al. [7]. Therefore in this research
work we used soft clustering method to identity the
homogenous regions from the groundwater data. Further, we


https://crossmark.crossref.org/dialog/?doi=10.18280/mmep.090527&domain=pdf

improved the performance of the Fuzzy C Means clustering
method by incorporating the global best water quality index
value while computing the objective function. The improved
Fuzzy C Means clustering method identifies the homogeneous
clusters of the groundwater data more accurately and supports
the results obtained are comparable to those reported
previously by Mohammadrezapour et al. [8].

The rest of the paper is organized as follows. The literature
survey is presented in Section 2. The background details about
the clustering metrics Silhouette Score, Davies Bouldin Index
and the conventional water quality index method are presented
in Section 3. The materials and methodology we implemented
in this work are presented in Section 4. Section 5 presents the
results produced by the 3 clustering methods. Lastly, in section
6 the conclusions and future extension of this research work
are discussed.

2. LITERATURE SURVEY

There are various groundwater quality assessment methods
that are widely used by groundwater monitoring stations and
researchers Bui et al. [9] improved the prediction rate of water
quality indices through novel hybrid machine learning
algorithms. The conventional water quality index method and
artificial neural networks are the most predominantly used
groundwater quality assessment approaches. Over the years
various methods are developed to assess the water quality
including both surface and groundwater presented in [10, 11].
But the problem with the conventional water quality
assessment methods is there are no thumb rule to decide the
total number of groundwater quality parameters and their
range values as discussed in Lumb et al. [12]. Zhang et al. [13]
proposed an improved WQI method based on Criteria
Importance Through Inter-criteria Correlation weighting
method. According to this improved method 94.12% of the
groundwater is suitable for consumption i.e. for potable
purpose. Mainly the nitrite, nitrate, and fluoride are the
parameters those dilute groundwater. The studies presented
below discusses the applicability of the conventional and other
methods for groundwater management. Aouiti et al. [14]
applied various water quality assessment methods to assess the
quality of groundwater for diverse uses. According to their
research work the improved water quality index method is
efficient than the other groundwater quality assessments
methods.

According to El-Zeiny and Elbeih [15] there exist 4
commonly used conventional water quality assessment
methods viz. National Sanitation Foundation Water Quality
Index, Canadian Council of Ministries of the Environment
Water Quality Index, Oregon Water Quality Index and
Weighted Arithmetic Water Quality Index. Poonam et al. [16]
each technique has its own merits and demerits. Among the 4
methods Weighted Arithmetic Water Quality Index method is
often used to evaluate the groundwater quality. Balamurugan
et al. [17] applied WQI to study the potentiality of
groundwater for potable and irrigation purposes in two seasons
post monsoon and pre monsoon seasons of Sarabanga River
region, Tamil Nadu, India. Their research reports that, in both
seasons, the WQI value for groundwater revealed that 74.5 sq
km and 37.24 sq km of the area were not suitable for potable
purpose. The irrigation index value states that groundwater
suitable for irrigation purpose.

Udeshani et al. [18] determined the groundwater quality by
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using the WQI method. Their research objective is to identify
the relationship between incidence of Chronic Kidney Disease
and drinking water quality. The application of WQI method
reports that about 50% of the groundwater belongs to poor
water category. This study found that groundwater quality has
a direct impact on the underlying cause of Chronic Kidney
Disease in the area. Asadi et al. [19] applied the WQI and
irrigation water quality index methods to assess the
groundwater for drinking and irrigation uses. The WQI and
IWQI indexes' trends show that groundwater quality has been
declining over time. In the past, the WQI method is used by
several researchers to estimate the excellence of the
groundwater [20-24]. Wu et al. [25] done a comprehensive
literature survey carried out on various WQI methods to find
the quality of groundwater. In their research they also used the
fuzzy logic theory for assessing the groundwater. Their
research concluded that fuzzy logic method is well suited to
assign the weights to the groundwater quality parameters. The
studies mentioned below discusses the conjunction of the
water quality index method and unsupervised clustering
methods in groundwater quality management. Wunsch et al.
[26] used the Self Organizing Feature Map combined with
DSL2 algorithm to automatically drive the optimal clusters in
the clustering process. Developed a framework to identify the
homogenous regions in the groundwater data. Hierarchical
clustering is also another popular clustering model which
identifies the homogeneous clusters based on the similarity
and presents the clusters as dendograms.

Mohammadrezapour et al. [8] applied genetic algorithm to
find the optimal number of clusters in K Means and Fuzzy C
Means methods. The optimal number of clusters in the both
algorithms are quite different. The number of clusters in K
Means is 5 and in FCM is 6. Further, the homogeneity of the
clusters formed by the 2 clustering methods are investigated
with Levene homogeneity test the results reveals that the
Fuzzy C Means model performs well in terms of the mean
squared error, the mean squared error of the Fuzzy C Means
model is 0.0000392 and for the K Means model it is 0.0000412.
The mean squared error of the Fuzzy C Means model is low
when compared with the K Means model which in turn depicts
that Fuzzy C Means clustering method identifies the
homogeneous clusters better than the K Means method.

Obeidat and Awawdeh [27] performed a comprehensive
study of the groundwater assessment through conventional
groundwater quality assessment and multivariate statistical
methods. This study reports that 46% of the samples belongs
to excellent water category, 50% of the groundwater samples
belongs to good water category and only 4% of the samples
belongs to poor category. Therefore from this study it is
noticed that 96% of the groundwater is suitable for aquatic
purpose.

Suleiman et al. [28] assessed the groundwater quality by
applying the Karl Pearson’s correlation coefficient to explore
the impact of physical and chemical parameters which leads to
groundwater pollution. Thereafter, the researchers applied
hierarchical clustering method to group the groundwater
samples depending on the contamination concentration and to
recognize the factors which leads to groundwater
contamination. The Karl Pearson’s coefficient reveals the
groundwater parameters TDS, EC, Ca, Cl, SO4, Na, Mg and
TH influenced water contamination in several locations from
the study area, the hierarchical cluster analysis forms three
significant groups, namely cluster 1, cluster 2, and cluster 3,
which were categorised as lower contaminated regions,



moderately contaminated areas, and higher contaminated
areas, respectively. Hence, groundwater from cluster 3 is
unsuitable for potable purpose. The major sources of
groundwater pollution are anthropogenic and industrial
activates.

BS and Raman [29] has proposed a modified WQI method
to assess the groundwater excellence. The modified water
quality index method is used to assign the relative weights to
all the parameters used in the water quality index
determination. According to B. S and Raman the modified
method is an efficient method to assess the groundwater when
compared with the other WQI approaches. In the researcher
Devi [30] studied the quality of groundwater in the Regions of
Kadapa District in Andhra Pradesh. Applied K-means, K-
Mediods and Hierarchical clustering methods to group the
regions of water samples based on the water quality. Further,
applied the outlier analysis to identify the other nontrivial
patterns. Their research reports that groundwater belongs to
excellent, good and poor types.

The quality and suitability of groundwater for drinking in
the vicinity of a shallow, unconsolidated Quaternary aquifer
were investigated. The researchers used the combination of
conventional groundwater quality assessment methods
coupled with fuzzy logic to determine the groundwater quality.
The results of their research reflected that the groundwater in
the study area is fresh to neutral and is classed as very hard
due to Total Hardness. Finally, it is concluded that the
groundwater is in good condition and can be used for drinking
purposes [31].

Oorkavalan et al. [32] the researchers studied the suitability
of the groundwater for potable, agricultural and domestic uses
according to the WHO guidelines. As there are the
conventional methods cannot predict the groundwater quality.
Hence, the researchers applied clustering method to assess the
quality of the groundwater. This study reports that the
potential of the multivariate statistical methods to assess the
groundwater type.

Limited research has been done on the applicability of
Fuzzy C Means clustering method for studying underground
water quality. Initially Fuzzy C Means was put forth by Dunn
in 1974 and extended by Bezdek et al. in 1984. For example,
to find out the soil content the pollutants in the marine
sediments, Chang and Chang have applied K Means and FCM.
Their research is Fuzzy clustering gives acceptable results for
the following reasons: Unsafe boundaries between clusters and
overlaps Between classes.

Giiler et al. [33] studied the distribution of groundwater
chemistry. Applied Fuzzy C Means clustering method and GIS
which in turn identifies 4 homogeneous groups. Further,
applied PCA to analyze the impact of natural and
anthropogenic processes in creating the homogeneous groups.
The results of this study are promising and suggest that the
combination of these methods is suitable for groundwater
management. Goyal and Gupta [34] uncovered the
homogenous rainfall regime in India's northeastern region.
The results revealed that the FCM technique outperformed K-
means in identifying homogeneous zones. Caniani et al. [35]
the authors studied the hierarchical -classification of
groundwater pollution through fuzzy logic. Their study
revealed that fuzzy logic is an objective and useful tool for
environmental planning.

From the literature it is observed that clustering method
often used in groundwater quality management but most of the
researchers applied the existing clustering models. In this work
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we propose an improved Fuzzy C Means soft clustering model
basing on the intra class and inter cluster distance measures to
identify the homogeneous clusters. The performance of the
proposed clustering model is evaluated using average
Silhouette score and Davies Bouldin Index.

3. BACKGROUND

Clustering is the process of identifying the homogenous
regions based on the similarity measures. Most commonly
used similarity measures are Euclidean distance, Manhattan
distance, Minkowski distance and Jaccard distance. Euclidean
distance always selects the shortest path to take as a linear line
since similarity is determined by the smallest distance between
two data points. Other criteria, however, might not necessarily
produce the shortest distance. Experimental data is continuous
data, and the optimal representation for continuous data is
Euclidean. Based on the nature of the experimental data, the
Euclidean measure was selected as a similarity metric. Hence,
we used the Euclidean distance to find the similarity among
the groundwater samples to identify the homogenous regions.
The Euclidean distance is mathematically expressed as follows.

d(i, ) = J(Pi1 — )P+t Do — P)? (1)

Identification of homogeneous clusters can be done by
using different clustering models viz. K-means, Self
Organizing Feature Map, Hierarchical, DBSCAN, Fuzzy C
Means etc. After forming the homogeneous clusters the
validation is made by using the clustering metrics like viz.,
Silhouette, Clinks Harabasz, Davies Bouldin Index,
Homogeneity, Fowlkes Mallows and V measure etc.

The average distance between one data point and others
within the cluster and the average distance among different
clusters is termed as the Silhouette Score [36]. The silhouette
score is named as S and S is computed as given below.

(b—-a)
~ maximum (a,b)

2

where, a and b represents the mean intra-cluster distance and
the mean inter-cluster distance respectively. The score of a is
computed as the average distance between a point in a class
and all other points in the same class. The score b is computed
as the average separation between a sample and every other
point in the next cluster. The Silhouette score can be anywhere
from -1 to 1. The computed value of S closer to 1 indicates that
a sample is better clustered and if it is closer to — 1 the sample
should be categorized into another cluster.

Similarly Davies Bouldin Index (DBI) is another measure
to verify clustering validity by clustering method. With the
maximum inter cluster distance, the characteristic similarities
between each cluster tends to be small and as a result the
difference among the clusters are more pronounced. With the
minimum intra cluster distance, higher degree characteristic
similarity can be found for each data member Surono and Putri
[37]. An optimal clustering scheme should have minimal DBI
(close to 0). DBI can be calculated by using the following steps.

Stepl: Sum of Square Within-cluster (SSW). To determine
the cohesion in the it cluster is to calculate the value of the
Sum of Square Within-cluster (SSW).
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Step 2: Sum of Square Between-cluster (SSB). By finding
out the value of the sum of squares within the cluster, one can
determine the amount of cohesion in the i cluster.

SSBi;j = d(c;,c)) (4)

Step 3: Each cluster owns a ratio value which can be
measured by executing the following equation.

SSWi+ SSBi,j
R .. —_—e_————
L SSB i,j ©)

Step 4: Davies Bouldin Index can be computed by using the
below equation and can be given as follows.

1
DBI = E"ilf,x R;; (6)
3.1 Water quality index

Kiran et al. [38] used the WAWQI to determine the
groundwater quality. To measure groundwater quality, we
must first assign a weight to each of the groundwater quality
parameters based on their relative importance for drinking
purposes. Eq. (7) is used to establish the relative weight of the
seven parameters and the quality rating scale of each
parameter is determined by using Eq. (8). The groundwater
quality subindices of each parameter are calculated by
multiplying the relative weight of each parameter by the
quality rating scale of each parameter as shown in Eq. (9).
Finally, we may use Eq. (10) to calculate the WQI of each
sample.

W.
W = o (7
=1 Wi
PC;
Qj = ’/Sj +100 ®)

7
wQl =Y SI, (10)
2

In the above equations W;, rw; represents the weight and

relative weight of the 7 groundwater parameters (as reported
in earlier section, Deepa and Venkateswaran [3] and
Vidyalakshmi et al. [10]), Qj denotes the quality rating scale
of the 7 parameters, and Sj is the national drinking water
quality standard, according to BIS 2012 [39]. Each parameter's
concentration is represented by PC;. SIj and WQI stands for
sub index and water quality index, respectively.

4. MATERIALS & METHODS

We gathered 1020 groundwater samples data set from RWS
& S laboratory, Narsapuram, West Godavari District, Andhra
Pradesh, India, for this study. All of the samples were
subjected to 7 physical, chemical, and microbiological criteria.
In (Table 1) the statistical information about the parameters is
presented. We had applied 3 unsupervised learning models to
identity the homogeneous groups based on the similarity
among the groundwater parameters data. The 3 models namely
K-means, Fuzzy C Means and improved Fuzzy C Means takes
the groundwater parameters data set as input and forms the
homogenous groups. The 3 clustering models takes the
number of clusters as an additional input to form the clusters.
The trial and error technique employed to find the optimal
number of clusters. Thereafter, we applied WAWQI method
to check the suitability of each cluster for potable purpose. We
used Python version 3.7.2 to implement the above stated
clustering methods. The performance of the clustering model
for ground water samples concerning the quality is being
evaluated against variable number of clusters. In this work the
performance of the clustering methods is being evaluated
through the metrics like Silhouette Coefficient, Davies-
Bouldin Index approaches. The data samples are being cluster
by deploying the K-Means, Fuzzy C Means and improved
Fuzzy C Means clustering methods over multiple iterations.
The clustering method relay on the feature set associated with
the dataset on ground water quality which includes pH, Temp,
Conductivity, BOD, Nitrate+Nitrite, Fecal Coliform and Total
Coliform for the clustering process.

Clustering is the process of forming homogeneous groups
based on the similarity among the members in the data group,
means that members in the group are similar to other members
in the same group and dissimilar to the members in the other
group. Clustering methods are broadly divided into 2 groups
they are hard and soft clustering methods. By the hard
clustering methods one member is assigned to one cluster only
but with soft clustering methods, the member or sample should
be assigned to multiple clusters.

Table 1. Statistics of the groundwater quality parameters

Statistical values computed for the groundwater parameters

Name of the Desirable limits recommended by Total
parameter BIS/ICMR Min  Max Mean Std 25% 50% 75% samples
Ph 6.5-8.5 2.6 9.1 7.43 0.85 7.3 75 7.8 1020
Cond (1.S) 300 37 36593 758.61 19517 294 531 970 1020
BOD (mg/l) <5.0 03 278 9.59 7.74 2.2 8.8 135 1020
N'“E"(tr?];'/\:)'“ate 0-45 0 1485 32 26 15 269 477 1020
FC (100 mL) 1.00-1.5 36250 5876.2 10439 24 130 5000 1020
TC(100 mL) 1.00-10.00 5 75000 13511.1 219721 82 343 26750 1020
Temp - 17 31.1 24.8 3.12 22 245 258 1020
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K-means algorithm: The K Means clustering method is
frequently used to cluster the groundwater data to identify the
homogeneous clusters. MacQueen is developed the K-means
algorithm in 1967. The first step is to define the number of
cluster and the cluster centroid randomly. Initially we used 2
as the number of clusters. In the next step the data belonging
to each cluster is identified based on the similarity measure
between the cluster center and each data groundwater data
sample. The Euclidian distance is the similarity measure used
to find the distance between the cluster center and the other
groundwater data samples. After assigning the data samples to
cluster the cluster centers are updated this same procedure
repeated until there is no change in the cluster centers as
compared with the previous cluster centers.

Fuzzy C Means clustering algorithm: The Fuzzy C Means
clustering is a good choice when the data possesses vagueness
or uncertainty. The Fuzzy C Means clustering algorithm is put
forth by Dunn and Bezdek in 1981. The soft clustering
algorithm is advantageous than the other hard clustering
algorithms like K-means, Self Organizing Map, Hierarchical
Clustering etc., because it considers the membership degree of
each data point. The Fuzzy C Means algorithm is presented
below. Fuzzy C Means clustering is used in the groundwater
studies to identify the homogeneous clusters. As its name
implies it works based on the fuzzy logic. Unlike hard
clustering Fuzzy C Means clustering assign each groundwater
data sample to several clusters at the same time that the sum
of the membership degree of each groundwater sample must
be equal to / and mathematically given below.

(11)

In the above equation ¢ represents the number of clusters
and u;, is the total membership in the i cluster. The parameter
n denotes the unlabelled groundwater data samples. The
number of clusters ¢ must be initialized first by the user. The
number of cluster ¢ is the key parameter which influence the
clustering partitions in this work we use average silhouette
coefficient value to fix the value of c¢. The fuzziness parameter
q is chosen in the range of (1.5-2.5) by Pal and Bezdek in 1995.
The modified objective function is presented in Eq. (14).

1. First each sample is assigned to every cluster with a
random membership value.

2. Calculate the new centre of each cluster by using the
following equation
noq
U Xpj
vy = Lzt e (12)
Zr:l uir

In the above equation u;- is the membership value from the
r'" sample to i cluster, and x,; is the value of the r'" variable in
k™ sample. The varible ¢ denotes the fuzziness cofficient.

3. Once new cluster centres are obtained, next calculate the
degree of membership of each unlabelled sample to the
newly formed cluster centre in each cluster and is given
in the following equation. The Euclidean distance is used
to find the membership of the unlabelled sample to the
cluster centre.

(d3) Va0

c

_ 13
(dlzr) 1/(q_1) ( )

uij =Z

k=1

1373

In the above equation d;. is the distance from the r' data
sample to centre of i cluster.

4. The proposed objective function is for variable j is given
below with respect to fuzzy coefficient ¢, in order to
establish denser clusters we compute the water quality
index of each sample there after find the distance between
each data point and every other member in the cluster
based on their water quality index values.

c n c n

2
Z Z iy = Z Z wy|ber = il + (14)

i=1 r=1 i=1 k=1
unga * X,wqi — wqiy||?

J

where, Gbest = Z?:l max (xrwqi) and a= “Gbest -
x-wqil|.

In the above Eq. (14) x,.wqi is the water quality index value
of the r'" data sample and wqi,; is the water quality index
value of every data sample within the cluster.

5. Repeat the computations until the gap between target
functions is below the specified critical value in two

phases, between 107 and 1073,

5. RESULTS AND ANALYSIS

The identification of homogeneous clusters by using K-
means, Fuzzy C Means and proposed method was started by
setting the number of clusters to 2 and then increasing the
number of cluster center to 7. The optimum number of clusters
was then attempted to be found by increasing the number of
cluster center to 7. Further, to find the optimal number of
clusters we used the average Silhouette score. The optimal
number of clusters in the groundwater data is identified by
using the clustering scores as shown in Table 2. The Silhouette
score values produced by the improved Fuzzy C Means model
are presented in Figure 3. It was observed that the average
silhouette score 0.857 is for number of cluster are 4. The
silhouette scores of the K-means and Fuzzy C Means
clustering model with different number of clusters are shown
in Figure 1 and Figure 2. From Figure 1, Figure 2 and Figure
3 the silhouette scores of all the clustering models used in this
work are greater than 8 which clearly indicates that
identification of homogeneous clusters in the groundwater is
considerable.

The clustering quality is being assessed for variable number
of cluster ranging from 2 to 7 over multiple iterations. The
Figure 1 presents the subplots for K-means clustering. The
optimal number of clusters are determined based on the
Silhouettes score associated the number of clusters, it is
desired to better Silhouettes Score. The maximum silhouette
score produced by the K Means model is 0.837 for 4 clusters.
The DBI is computed using equations 3-5. The clustering
model performs well if the DBI value is relatively close to 0.
For 4 cluster the computed DBI value 0.508.

The performance of the Fuzzy C Means model is being
evaluated through Silhouette Coefficient, Davies-Bouldin
Index approaches, and it is observed that the model has
exhibited a better performance for 4 clusters concerning to
Silhouette Coefficient value is 0.837. For 4 cluster the
computed DBI value 0.504. The evaluation of Fuzzy C Means
for variable number of clusters are being presented in Table 2
and the corresponding graph is presented in Figure 2. To
evaluate the wvalidity and efficiency of the suggested



methodology, the results of the proposed method were also as: Mohammadrezapour et al. [8], Obeidat [27], Devi [30],
compared with the previously investigated groundwater Giiler et al. [33] and Lee et al. [40].
quality assessment approaches using clustering methods such

Table 2. Statistics calculated for the clusters determined by FCM and K-means clustering

Scores of different clustering metrics

No. of clusters  Name of the clustering model Average silhouette coefficient Davies-Bouldin index

Improved FCM 0.868 0.320

2 FCM 0.849 0.322
K-means 0.848 0.327

Improved FCM 0.832 0.638

3 FCM 0.812 0.639
K-means 0.812 0.638

Improved FCM 0.857 0.502

4 FCM 0.837 0.502
K-means 0.837 0.502

Improved FCM 0.805 0.473

5 FCM 0.802 0.485
K-means 0.823 0.567

Improved FCM 0.826 0.521

6 FCM 0.808 0.526
K-means 0.806 0.529

Improved FCM 0.834 0.500

7 FCM 0.815 0.501
K-means 0.814 0.505

Average Silhouette Scores for KMeans clustering

A

|m
—

Cluster label
Cluster label
Cluster label

=0.10.0 [¥] 0.4 0.6 0.8 1. .10.0 0.2 0.4 0.6 0.8 1. .10, 0.2 0.4 06 0.8
Silhouette coefficient values Silhouette coefficient values Silhouette coefficient values

Cluster label
|l| |
Cluster label
o owowd
l'l | |
Cluster label

o .
| —E—— . |
-0.100 0.2 04 06 08 10 -0.100 0.2 04 06 08 10

=0.10.0 0.2 0.4 06 0.8 10
Silhouette coefficient values Silhouette coefficient values Silhouette coefficient values

Figure 1. The average silhouette scores computed for different number of clusters for K Means
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Average Silhouette Scores for Improved Fuzzy C Means clustering
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Figure 3. The average Silhouette scores computed for different number of clusters for improved Fuzzy C Means

The statistics obtained for the improved Fuzzy C Means
clustering models is also presented in the Table 2. The average
silhouette scores for the proposed clustering are plotted in
Figure 3. From Figure 3 it is noticed that the maximum
silhouette score for number of clusters are 2 and 4.
Furthermore, the average silhouette scores is found to be
maximum as 0.868 and 0.857 respectively. The average
silhouette scores produced by the Fuzzy C Means and k-means
clustering models are plotted in Figure 1 and Figure 2. These
two clustering models also have maximum silhouette scores
for number of clusters are 2 and 4 respectively. Based on the
silhouette scores it is observed that the optimal number of
clusters in the considered clustering models are 4. It can be
seen that the maximum average silhouette score is obtained for
number of clusters are 4 and it indicates that the clusters are
well formed because when the silhouette score is near to 0.9
and if the silhouette score is less means between 0 and 0.5
indicates that the clustering model performance is low. For 4
clusters the computed DBI values is 0.502. Finally we
conclude that the proposed fuzzy clustering model out
performs the other clustering models considered for
identification of potential regions of groundwater.

After forming the homogeneous clusters by the clustering
methods we applied the Weighted Arithmetic Water Quality
Index method to check the suitability of the groundwater for
potable purpose. We analysed results of the to the K-Means
clustering method based on the maximum Silhouette score
(number of clusters are 4). The average Silhouette score is
0.837 (Figure 1.c). According to Weighted Arithmetic Water
Quality Index method the samples in the cluster 0 belongs to
good category, sample from the cluster 1 belongs to fair
category, samples from cluster 2 and cluster 3 belongs poor
category. Hence samples from both cluster 0 and cluster 1 are
suitable for potable purpose. Further, the assessment of the
groundwater for potable purpose is done by applying the
conventional groundwater quality assessment method it
indicates that cluster 0 and cluster 1 are suitable for potable

purpose.

6. CONCLUSION

In this research work, an improved Fuzzy C Means
clustering method is proposed to identify the homogeneous
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clusters from the groundwater data. The objective functions of
the Fuzzy C Means clustering method is improved based on
intra class and inter cluster distance. The results of the
improved Fuzzy C Means clustering method are better when
compared with the K Means and Fuzzy C Means clustering
methods. The quality of the groundwater must be determined
prior to its use for aquatic purposes. In this research work, we
first identify the homogeneous clusters of the groundwater
data after that we assess the quality of the groundwater for
potable purpose. The K-Means, Fuzzy C Means and improved
Fuzzy C Means clustering methods are used to identify the
homogeneous clusters from the groundwater data. The results
produced by the clustering models are compared and validated
using Silhouette, Davies-Bouldin Index. These validation
metrics tell us that the improved Fuzzy C Means clustering
method identifies the homogeneous clusters more accurately
than the Fuzzy C Means and K-Means clustering methods. As
a future extension, build a framework based on machine
learning and deep learning models to assess the groundwater
quality of large data sets.
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