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Abstract: A spatial and temporal analysis of groundwater levels, topography, and precipitation is required to 
properly manage the groundwater resource. The present paper explains it in two parts: (1) spatial analysis of 
groundwater levels and selection of suitable clustering approach for selection of representative wells and (2) 
spatial and temporal variations of groundwater recharge calculated by three numerical models: Chaturvedi model, 
Amritsar model and ERAS model. Four clustering techniques including K-Means clustering algorithm, Hierarchical 
clustering technique, canopy and expectation maximisation (EM) were used for the clustering of groundwater levels. 
Among these, the canopy technique presents more reliable results compared to the other techniques for the spatial 
analysis of groundwater levels and the formation of representative wells in the Sina basin. For the groundwater 
recharge estimation, Chaturvedi model and ERAS model values were found very close. The recharge values show 
consistency with the precipitation data and found that 15% of precipitation contributes to annual groundwater 
recharge. Spatio-temporal variation of groundwater recharge correlated with precipitation is also carried out for 
the selected basin. The results show a drastic decline in the groundwater recharge from the year 1990 to 2008. 
An empirical expression is also developed for groundwater recharge estimation in terms of groundwater level. 
This provides regional scale information about the basin and helps to understand the groundwater exploitation 
scenario for instance.
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Introduction

About 34% of the annual water supply contributed 
by groundwater is an important freshwater resource 
to mankind. It is essential to meet the needs of 
all aspects of life, which varies from industrial to 
cultural requirements. The surface water available 
for drinking, industrialisation and irrigation purposes 
cannot fulfil the requirement; hence, the high demand 

for groundwater. Due to the dense population, random 
distribution of water resources, change of climate and 
economic development there is increased demand for 
surface water (Krishnamurthy et al., 1996; Murthy, 
2000; Selvam et al., 2014).The hike in demand and 
dependency is increasing exploitation of ground water 
resources. Therefore, quantifying the rate of natural 
groundwater recharge is a basic prerequisite for the 
efficient management of scarce groundwater resources. 
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The natural groundwater recharge is a very complex 
and dynamic phenomenon. Its determination involves 
several unresolved problems that require additional 
research, thereby making the direct measurement of 
natural recharge extremely difficult (Bouwer, 2002; 
Roshni et al., 2019). Researchers are more interested in 
the systematic approach and remediations because the 
availability of water resource is dependent on various 
climatic factors. Hence, it is important to understand 
and study the rainfall patterns and their impact on 
groundwater recharge. Due to large datasets, sometimes 
it is difficult for the spatio-temporal analysis. Hence, 
clustering is carried out for convenience in the analysis 
(Sahoo and Jha, 2016). For the recharge estimation of 
spatially varied groundwater level fluctuations data, a 
representative sample for each cluster is convenient 
for the estimation and further analysis. Under cluster 
analysis, a data analysis tool for clustering data with 
similar characteristics forming a meaningful group are 
referred (Sahoo and Jha, 2016). 

Thus, the motivation for this study was three-fold: 
(1) to compare and select a suitable clustering technique 
for grouping spatially varied groundwater levels in the 
Sina basin, Maharashtra. This will ease the temporal 
analysis of groundwater levels when there is huge 
number of spatial data available. (2) To compare and 
quantify groundwater recharge using the Amritsar model 
(Sehgal, 1973), Chaturvedi model (Chaturvedi, 1973) 
and ERAS model (Boughariou et al., 2014). (3) To relate 
the groundwater recharge with groundwater level. This 
provides a clear picture of the groundwater recharge 
scenario in the Sina basin. The results are analysed 
and correlated with the variation of groundwater level 
and precipitation

Study Area 

The Sina river basin is a drought-prone area, located in 
Maharashtra state, India characterised under a semiarid 
region. Figure 1 shows the study area. It has nine 

Figure 1: Study area map of the Sina basin.
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raingauge stations: Temborni, Kasegoan, Chinodipatil, 
Bandalgi, Solapur, Alni, Jamkhed, Kolgaon, and Supa. 
The details of the basic basin data are tabulated in Table 
1. The groundwater level data is collected for 133 wells 
for the pre-monsoon season for the period 1985-2008 
(Wable et al., 2017). The monthly precipitation data for 
nine rain gauge stations were collected from IMD Pune 
from 1985 through 2008 and the groundwater level data 
from Centre for Groundwater Board (CGWB).

Table 1: Information about the study area

Latitude  
Longitude  
Geographical area 
Average annual rainfall 
Topography  
Climate  
Average maximum temperature  
Average minimum temperature

17°28′N–19°16′N 
74°28′E–76°7′E 
12,444 km2 
644 mm
420–964 m MSL 
Semiarid 
40.5° C (May) 
10.5 °C (December)

Methodology

Clustering Process
Clustering (Han and Kamber, 2006; Written and Frank, 
2005) is the process of grouping the input data based 
on similarity. The types of clustering includes K-Means, 
Hierarchical, Expectation maximisation and Canopy. 

The K-means (Arthur and Vassilvitskii, 2007; Han 
and Kamber, 2006; Written and Frank, 2005) is a 
partitioning-based clustering technique used to group 
the given data based on similarity estimated using 
distance metrics. The Euclidean distance metric is 
used to compute the distance between two points or 
objects in this algorithm. Hierarchical clustering (Han 
and Kamber, 2006; Written and Frank, 2005) are of 
two types mainly agglomerative and divisive. The 
agglomerative hierarchical clustering technique starts 
clustering each object being considered as a single 
element cluster. Then based on the similarity the most 
similar objects are grouped together. The divisive 
hierarchical clustering algorithm is the reverse process 
in which the algorithm starts with all objects forming a 
single cluster. Expectation maximization (EM) (Han and 
Kamber, 2006; Written and Frank, 2005) algorithm is a 
model-based clustering technique used to fit the given 
data to a mathematical model. EM clustering algorithm 
is used to estimate the probability distribution of each 
cluster. Likewise, Canopy clustering (McCallum, 2000) 
is used as a pre-clustering technique to handle large 
data sets. Canopy is formed by a random point chosen 
from the given data set and it is removed from the set 
of input data. 

Selection of Representative Well
Cluster analysis was carried out using K-Means, EM, 
hierarchical and canopy methods. The statistical method 
was employed to get the representative wells of selected 
clusters (Figure 2).

Figure 2: Flow chart of Cluster analysis for the selection 
of representative well.

Equivalent Rainfall Computed using Thiessen 
Polygons
For the calculation of average rainfall, Thiessen polygon 
using area-weighted method was employed due to the 
smoothness of calculation of average rainfall when 
the station is located beyond the boundary of drainage 
(Bartoletti et al., 2018). It has its superiority over the 
arithmetic method as the weightage of the rainfall 
station is considered. 

Groundwater Recharge Estimation
The groundwater recharge was calculated using the 
well-known Amritsar model (Sehgal, 1973), Chaturvedi 
model (Chaturvedi, 1973) and ERAS model (Boughariou 
et al., 2015). The Amritsar formula was by Sehgal in 
1973 using regression analysis for certain inter-streams 
alluvial tracts in Punjab. Hence, the formula met a 
good agreement with the actual observation having 
precipitation between 580 and 710 mm. The Amritsar 
model (Sehgal, 1973) is written as 

	 R =	2.5 (P – 16)0.5	 (1)

where R is recharge in inch and P is precipitation in 
inch.

Chaturvedi in 1943 developed an empirical equation, 
which calculates the amount of rainfall that infiltrates 
in the ground when it exceeds 380 mm (15 inches) and 
the expression is based on the water table fluctuation 
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method. The major constraint lies in its narrower region 
of precipitation values beyond which the empirical 
equation gets changed by considering the other factors. 
The expression (Chaturvedi, 1973) is

	 R =	1.35 (P – 14)0.5	 (2)

where R is recharge in inch and P is precipitation in 
inch.

Likewise, by studying the Alomartes spring in 
Granda, an ERAS code was derived in mathematical 
terms from the MEDA model. The recharge of the 
aquifer under ERAS is considered to be a fraction of 
effective rainfall worked out as the difference between 
effective precipitation and the actual evapotranspiration. 
The expression is given as (Boughariou et al., 2015)

	 R =	M (P – Tβ)N	 (3)

where P is the annual precipitation (mm), T is the 
average air temperature (°C) and β is the dimensionless 
calibration parameter for the conversion of temperature 
into potential evapotranspiration. The value of β ranges 
from 1.3 (cold zones) to 1.6 in warmer zones. The 
value of M lies in the range of 0.01 and 0.06 and N 
in the range of 1.22 and 0.9. Suitable combinations 
of constants are selected based on the characteristics 
of the area for the recharge estimation. The values of 
constants are assumed for the arid regions (Boughariou 
et al., 2015).

However, one of the major constraints related to the 
ERAS model (R≤P) is its model satisfying equation:

	 M ×	(P – Tβ)N ≤ (P – Tβ)	 (4)

	 M ×	(P – Tβ)N-1 ≤ 1	 (5)

The output of the model (equation 3) is correct only 
when it satisfies the equations 4 and 5. 

Finally, the groundwater recharge using different 
models are calculated and compared in nine regions 
delineated by Thiessen polygons. 

Results and Discussion

Clustering Analysis
The experiments on clustering techniques were 
conducted using Weka 3.8.1 tool (Hall et al., 2009). 
The groundwater level collected in 133 wells in the 
Sina basin during 1990, 1995, 2000, 2005 and 2008 is 
clustered using four different clustering techniques such 
as K-means, hierarchical, expectation maximisation 
(EM) and canopy. The clustering algorithms were 
executed to produce five clusters. 

Figure 3 shows the box plot, which represents the 
average groundwater depth determined by the different 
clustering algorithms with the number of clusters being 
set as 5 (Cluster 0, Cluster 1, Cluster 2, Cluster 3 and 
Cluster 4).

A review on the pre-clustering approach to K-Means 
Clustering (Kumar et al., 2014) explains that canopy 
clustering method effectively divides the data into 
overlapping subsets by approximately measuring the 
distance between the data within the cluster. 

Likewise, if more than four clustering algorithm is 
considered, then analysis from other models includes 
clustering by density-based models such as density-
based spatial clustering of application with noise 
(DBSCAN), ordering points to identify the clustering 
structure (OPTICS) and Subspace models such as 
biclustering (co-clustering of two or more clustering 
components) (Wikipedia.org). 

Hence, in the present study, the canopy method of 
clustering showed very less variation as its groundwater 
level was more staggered and the spatial variation of 
data was very close to the average groundwater depth 
for that cluster. Hence, the canopy method is selected 
(due to less variation of data) (Table 2) for the clustering 
of groundwater levels in the Sina basin and the variation 
of groundwater levels for five clusters is graphically 
represented in Figure 4. Figure 4a is the scatter plot 
of the groundwater level at various wells grouped by 
a canopy and Figure 4b is the histogram showing the 
average groundwater depth over all the 5 years taken in 
the study fitted using the normal distribution.

Selection of Representative Well
The representative well in the current study was mainly 
calculated as the arithmetic average of all the wells 
present inside the cluster. Arithmetic average proved to 
be a good option due to increasing staggering behaviour 
of all the wells clubbed inside each cluster (Figure 5).

Equivalent Rainfall Computed by Thiessen 
Polygon
For the calculation of average rainfall for a given 
area, the Thiessen polygon method was used. It has its 
superiority over the arithmetic method as the weightage 
of the rainfall station is considered. The Thiessen 
polygon for different rain gauge stations shown in 
Figure 6 helps to calculate the average precipitation.

Computation of Groundwater Recharge
Groundwater recharge was calculated for each Thiessen 
polygons to estimate the recharge potential zones. Of 



	  Clustering of Groundwater Wells and Spatial Variation of Groundwater Recharge in Sina Basin, India	 15

Figure 3:  Box plot of the average groundwater levels by different clustering methods (a) Cluster 0, (b) Cluster 1, 
(c) Cluster 2, (d) Cluster 3, (e) Cluster 4.

Table 2: Standard deviation values for different clusters by four selected methods

Methods Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4

Kmeans 41.783 15.040559 13.187479 14.493442 15.081789

Hierarchical 51.562 10.470436 - - -

EM 18.388 27.077941 38.972534 11.77517 14.066875

Canopy 10.083 44.962293 4.2654849 16.898623 3.6228277
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Figure 4: (a) A plot of groundwater wells variation for 
different clusters in canopy clustering and (b) Histogram 

plot of average groundwater depth.

Figure 5: Cluster Map of Sina basin.

Figure 6: A plot of Thiessen polygon (a) for different rain gauge stations in the basin 
(b) along with five selected groundwater level clusters.
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these three models, it was found that Chaturvedi model 
and ERAS model showed almost similar values of 
average annual groundwater recharge (Table 3) for nine 
Thiessen polygons (Figure 7a). Figure 7b shows the 
percentage contribution of precipitation in the annual 
recharge of Sina basin for the period 1990-2005. The 
distribution of groundwater recharge is similar to that of 
precipitation while the percentage of precipitation that 

Figure 7: (a) Comparison of annual groundwater recharge 
by Chaturvedi model, ERAS model and Amritsar model 
(b) Percentage of annual precipitation (P) to groundwater 

recharge (R).
Figure 8: Recharge potential map of Sina basin using 

ERAS model.

contributes to recharge varies from 9% to 22% leaving 
an average of 15%. Spatial variations of groundwater 
recharge calculated by ERAS model are shown in Figure 
8. To identify the recharge potential zones, a plot of 
topography map and spatial analysis of groundwater 
level map is analysed (Figure 9a, b). The figure showed 
higher elevation at Supa, Chinodipatil and Kolgoan rain 
gauge stations and a lower slope towards the Kasegoan, 

Table 3: Recharge calculation for the rain gauge stations

Polygon Stations Chaturvedi Model (mm/year) Amritsar Model (mm/year)  ERAS Model (mm/year)

1. Temborni 103.14 168.56 101.72

2. Kasegoan 116.44 196.05 119.65

3. Chinodipatil 76.28 109.04 73.40

4. Bandalgi 127.67 218.70 136.91

5. Solapur 129.64 222.64 140.15

6. Alni 151.00 264.81 179.43

7. Jamkhed 124.77 212.88 132.26

8. Kolgaon 56.58 53.98 58.77

9. Supa 56.36 53.19 58.63



18	 Thendiyath Roshni et al.

Figure 9: (a) Topography map of Sina basin and (b) average groundwater level by Canopy method.

Solapur and Bandalgi stations. These regions situated 
in the south of the basin are the expected targets for 
the best recharge zones. Alni region was examined as 
the best region of higher recharge potential zone by 
Chaturvedi, Amritsar and ERAS models. 

Hence, the groundwater recharge was calculated 
by the above mentioned three models, namely the 
Chaturvedi model, ERAS model and Amritsar model. 
However, for the determination of recharge other 
groundwater recharge models include land surface 
models such as variable infiltration capacity (VIC), 
MODIS dataset, Grace models, Wetspass model, Noah 
model and Mosaic model (Niraula et al., 2017). 

Spatio-Temporal Variation of Groundwater 
Recharge with Rainfall 
The spatio-temporal variation of groundwater recharge 
along with rainfall is calculated for the years 1990 and 
2008. The percentage variation of groundwater recharge 
and rainfall with respect to the base period of 1990 is 
calculated and plotted in Figure 10a, b. It is evident 
from the figures that there is a considerable decrease 
in the precipitation and groundwater recharge for all 

the regions in the Sina basin. However, a maximum of 
20% improvement in groundwater recharge with respect 
to 1990 is seen in Supa, Jamkhed and Alni locations 
of the study area. 

Relation between Groundwater Recharge and 
Groundwater Level
The higher is the water level, the greater is the 
amount of storage water in the aquifer. Thus,  a 
proportionality exists between the groundwater 
recharge and groundwater level. As the groundwater 
table declines, the groundwater recharge reduces. 
Furthermore, a reverse relationship is seen with the 
groundwater level (below the ground) with that of 
the recharge. The observed groundwater level and 
the estimated groundwater recharge plot firms this 
assumption (shown in Figure 11). The expression is 
given below:

	 R =	300e–0.23d	 (6)

Where R is the groundwater recharge (mm), d is the 
groundwater level (bgl) in m.
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Figure 10: Percentage variation in (a) precipitation and (b) groundwater recharge for 
year 2008 with respect to base period 1990.

Figure 11: Relationship between groundwater recharge 
and groundwater level for data in the Sina basin.

Hence, the trend line equation obtained for different 
polygons is used to predict groundwater recharge 
for different water table depth and getting a zone of 
maximum recharge.
A study by Gemitzi et al. (2017) has put forward an 
empirical groundwater recharge equation which depends 
on weather, geological and hydrological properties. 
These same authors have developed an empirical 
groundwater recharge equation based on Regression 

analysis. The recharge equation uses SWAT AET values 
which is given as:

    	    GR = 0.4999(P – AETSWAT) + 0.041	 (7)

Whereas, the monthly groundwater recharge equation 
based on MODIS AET data is

    GR = 	0.5174(P – AETMODIS) + 0.2145	 (8)

where GR corresponds to monthly groundwater recharge 
(mm), P is monthly precipitation (mm) and AETSWAT 
and AETMODIS are monthly actual evapotranspiration 
values (mm).

However, the validation of these models is done by 
comparing it with the locally observed groundwater 
fluctuation data obtained from the state and central 
agencies. The results can also be validated by studying 
the water inflow and outflow from the water balance 
approach.

Conclusions

A spatial analysis of different wells of the Sina basin 
was performed for the assessment of groundwater 
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levels. Spatial data of groundwater levels were put to 
cluster analysis for the determination of the best suitable 
method for the determination of representative well for 
each cluster. Groundwater recharge for each Thiessen 
polygons was calculated using three different numerical 
models: Amritsar Model, Chaturvedi Model and ERAS 
Model. 

For the spatial analysis of groundwater levels, four 
clustering techniques: K-means, hierarchical, expectation 
maximisation (EM) and canopy were selected and the 
clustering algorithms were executed for five clusters. 
By statistical analysis and graphical indicators, the 
canopy technique was found to be the most suitable 
form of clustering the formation of representative well 
for each cluster. Thiessen polygons were plotted for the 
nine rain gauge stations in the study area. Groundwater 
recharge assessment was done using Amritsar Model, 
Chaturvedi Model and ERAS Model for nine regions.
The result shows that Chaturvedi Model and ERAS 
Model share the credit of similar recharge values in 
the selected basin. It was found that about 15% of the 
annual precipitation contributes to the annual recharge 
in the Sina basin. Later, ERAS model results were 
used for the spatio-temporal analysis of groundwater 
recharge. Groundwater potential zones were delineated 
by a combined view of visual comparison, contouring 
the flow direction of groundwater levels and topography 
of the basin. Spatio-temporal variation of groundwater 
recharge and precipitation for the years 1990 and 2008 
were compared and plotted. The results indicate a decline 
in groundwater recharge and precipitation in most of the 
regions of the Sina basin compared to the base period 
year 1990. Hence, proper management measures should 
be taken to conserve waters by limiting the excessive 
pumping of groundwater. Finally, an empirical relation 
is developed for finding groundwater recharge in terms 
of groundwater level (measured below ground level). 
This information  traces the local resources and helps 
to understand only the regional water system. 
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