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Groundwater is a reliable source of fresh water for domestic and agricultural water users. It supports
subsurface ecosystem by balancing the geo-biological and bio-geochemical processes at micro- and macroscales of the ecosystem. Overexploitation, anthropogenic activities and improper agricultural practices
have contributed to the pollution of groundwater sources all around the globe. The water quality index
(WQI) is the most extensively used indicator which transforms the water quality information derived
from several parameters into a single value/rating to categorize and provide a general perception of water
quality standard. Groundwater quality analysis and mapping via geographical information system (GIS)
proves to be beneBcial in identifying the locations where the groundwater quality is deteriorating. In the
current study, the WQI of groundwater was determined for the samples collected from open and tube
wells located within the Udupi district of Karnataka state, India. The groundwater quality parameters
such as pH, hardness, calcium, chlorides, nitrates, iron, Cuoride, sulfates, manganese, sodium, magnesium, potassium, turbidity, and phosphate were analyzed for water samples collected from 112 randomly
chosen open/tube wells in order to determine the WQI. Interpolation approaches such as inverse distance
weighting (IDW) and kriging were adopted in the GIS environment to quantify the spatial variability of
groundwater quality over the entire geographical area. The groundwater quality maps were generated
using the best Bt models. The results portray that, the accuracy of interpolation using IDW and kriging
methods was dependent on the measures of central tendency and variability of water quality data of
different parameters. The kriging interpolation was much accurate for most of the groundwater quality
parameters compared to IDW maps. The WQI maps, perhaps signposted the poor quality of groundwater
quality in about 1.88% of the geographical area of Udupi district. Further, about 21.69% of the area was
aAected by poor quality of groundwater where suitable strategies for replenishment of groundwater
resources should be taken up by the concerned authorities. The spatial distribution maps of groundwater
quality aid to locate vulnerable places where immediate action is required.
Keywords. Groundwater quality analysis; water quality index; water quality mapping; geostatistics;
kriging.
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1. Introduction
Groundwater being one among the natural sources
of potable water is believed to be free from contamination and considered to be a much cleaner
source compared to the surface water. Groundwater pollution due to various anthropogenic
activities in urban, industrial, commercial and
agricultural areas may cause acute to chronic
public health problems. Overpopulation and
altering patterns of weather conditions lead to
shortage of surface water availability per capita
and the dependency on groundwater sources is
increasing day by day. Unfortunately, nowadays,
groundwater is also susceptible to contamination
from various point and non-point sources such as
leakage from landBlls, municipal sewers, septic
tanks; inBltration of irrigation water containing
pesticides and fertilizers; accidental spillage of
paints and pigments; pollution from petrochemical and volatile organic compounds extensively
used in industry; saltwater intrusion, etc. Even
geological features sometimes induce some major
ions into groundwater (for instance, the major
source of arsenic in groundwater could be of geogenic origin) (Luo et al. 2018). All these lead to
major health eAects and water-borne diseases.
Recently, due to increased non-point pollution
sources, there is growing concern, especially about
overall groundwater quality over any region of
interest.
Analyzing the quality of groundwater is important to take up preventive control measures to
reduce the impacts of pollution. The groundwater
quality is known to vary seasonally and hence
regular monitoring of groundwater quality aid in
identifying the causes of quality deterioration for
possible remediation (Lerner 2007). The groundwater quality was determined by analyzing a
number of physico-chemical parameters from the
samples collected from either open or tube wells
scattered within the geographical area. The water
quality index (WQI) derived using multiple water
quality parameters is generally used to reCect the
combined inCuence of all the parameters in the
form of a unique rating (Dinius 1987). This also
enables us to study or interpret the spatial distribution and variability of groundwater quality over
any area of interest. Horton (1965) proposed a
procedure for aggregating data of water quality
parameters into an overall index and later Brown
et al. (1970) postulated the WQI based on weighted
arithmetic average method to evaluate the
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suitability of groundwater for drinking purposes.
Nowadays, WQI and its determination has become
a routine task of some water quality monitoring
agencies which constantly analyze the suitability of
either surface or groundwater for public supply
purposes. Several researches in the past have used
WQI to analyze the water quality at various locations all around the globe (Akter et al. 2016; Fathi
et al. 2018).
The application of GIS technology has made the
evaluation of environmental, geological and natural resources, including groundwater resources,
much simpler. GIS is widely used in geological
studies for the identiBcation of mine resources, site
suitability analyses, determination of groundwater
vulnerability zones to contamination, managing
site inventory data, and integrating groundwater
quality assessment models to create spatial decision support systems with the help of spatial data
(Goodchild and Haining 2004; Nas 2009). GIS
improves the groundwater quality interpretation
and the geostatistical methods are reliable and
precise in predicting the spatial variability of the
groundwater quality data (Nas et al. 2010). Taking
the advantage of GIS platform, Ducci (1999) analyzed and generated groundwater quality and
contamination risk maps for southern Italy. Kriging, the geostatistical interpolation technique and
the deterministic methods namely, the inverse
distance weighting (IDW), radial basis function
(RBF) are commonly applied to map the spatial
variations of any variable of interest (Gunarathna
et al. 2016). Geostatistical methods were employed
for assessing the spatial variability and distribution of high concentration of trace metals in
groundwater samples of Pabna district in Bangladesh (Uddin et al. 2018). Spatial interpolation
schemes, such as deterministic and geostatistical
methods in ArcGIS, were considered to realize the
spatio-temporal variability of groundwater, and
associated environmental issues in the JaAna
Peninsula of Sri Lanka (Gunaalan et al. 2018). The
advent of ArcGIS geostatistical analyst has
bridged the gap between geostatistics and GIS
evaluation, thereby giving way of characterizing
the spatial variability of various hydrogeological
variables (Kumar et al. 2007; Uyan and Cay 2013).
Groundwater quality in Balarood plain was analyzed by geostatistical approaches to ascertain the
spatial variability of water quality (Nazari-Zade
et al. 2006). Ordinary kriging – a weighted average
estimator is the most commonly adopted technique
for several environmental studies and groundwater
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analysis since it takes into consideration of spatial
correlation and regionalization of variables (Poon
et al. 2000; Lin et al. 2001).
Over-dependence on groundwater to satisfy the
ever-increasing requirements of fresh water for the
domestic, agricultural and other human needs have
led to over-exploitation of groundwater in several
states of India including Karnataka (CGWB 2012).
The current work proposes to analyze the
groundwater quality status in the Udupi district of
Karnataka state. The dependency on open well
water for domestic consumption is more in this
district compared to the available surface water
sources. The slow leaching of Fe and Al from
lateritic soil, which is the major soil formation all
around the district and also the seawater intrusion
from the nearby seashore demands for regular
monitoring and study of groundwater quality of
Udupi district. The problems faced due to contaminated groundwater are severe during premonsoon periods in contrast to the post-monsoon
season of the year. Taking into consideration of the
advantages of WQI and GIS use in groundwater
quality assessment and mapping, respectively, the
objective of the current study was to carry out a
case study of the groundwater quality status of
Udupi district. Assessment of groundwater quality
is essential from the viewpoint of future civilization
and for the establishment of a database to frame
management policies for water resources conservation. Further, this study involves the comparison
of spatial interpolation methods, namely, the
kriging and inverse distance weightage method

employed for groundwater quality mapping in the
GIS environment. Groundwater quality mapping
demarcates the polluted zones based on the WQI
distribution over the entire geographical area.
Additionally, the study also provides an overview
of the current status of various physico-chemical
groundwater quality parameters such as calcium,
magnesium, nitrate, iron, manganese, potassium,
sodium, pH, TDS, alkalinity, total hardness, and
turbidity in the study region. The database along
with maps acts as a decision support system to take
up the groundwater management and remediation
activities in the critical zones.

2. Study area
Udupi district lies along the west coast of peninsular India and the gigantic Western Ghats
bifurcate the district periphery from the rest of
the peninsula. The district is situated between
13040 –13590 N latitude and 74350 –75120 E longitude enfolding an area of 3575 km2. The area is
about 88 km long and around 80 km wide,
adjoined in the north by Uttara Kannada district;
in the east by Shivamogga and Chikamagalur
districts; in the south by the Dakshina Kannada
district and in the west by Arabian Sea (CGWB
2012). Udupi district has three taluks, namely,
Karkala, Kundapura and Udupi as shown in
Bgure 1 with a population of 11,77,908 people.
The major source of potable water for domestic
usage is the groundwater of unconBned aquifer.

Figure 1. Map of Udupi district.
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Figure 2. Geological map of the study area.

Highest annual rainfall of about 4000 mm occurs
over the Udupi district in Karnataka. Agriculture
is the main occupation with more than 80% of the
inhabitants depending on agriculture for their
livelihood, wherein only 40% of the land is available for cultivation. Three types of soils, namely,
the yellow loamy soil, the sandy soil covering the
beaches and the red lateritic soil could be seen
within the district. The geological map of the
Udupi district is presented in Bgure 2. At few
locations, the medium-textured sandy soil acts as
a very good media for groundwater recharge. The
region is occupied by rocks such as granitic
gneisses with occasional laterite caps, and
unconsolidated river and marine sediments. The
gneiss, which varies widely in the separate outcrops, is present, particularly along the river
courses. Basic intrusions such as dolerites,
gabbros, and acid intrusives such as pegmatite,

quartz veins and pink porphyritic granites are
also observed throughout the district (CGWB
2012).
Groundwater occurs in multiple geological formations such as alluvium, coastal laterites, and
within weathered or fractured granite gneisses
primarily under water table conditions. Coastal
alluvium and the laterites underlying it occur as a
phreatic aquifer. Under conBned and semi-conBned
conditions, groundwater exists in weathered mantles and fractured crystalline formations. The
groundwater in and below the black clay Belds of
coastal sediments is found to have high salinity,
marking the index bed for saltwater and freshwater
interface (CGWB 2012). Topography and geology
are the dominant factors controlling the direction
of groundwater Cow. Usually, groundwater Cows
from topographic highs to points of lower elevation. Figure 3 shows the digital elevation model
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Figure 3. Digital elevation model.
Table 1. Well points distributed in various geological features of the study area.
Sl.
no.

Type of
aquifer

No. of sampling
points

1
2
3
4
Total wells

Alluvium
Gneiss
Granite
Schist

19
37
26
30
112

(DEM) representing the terrain surface elevation of
Udupi district.
3. Methodology
3.1 Groundwater sampling
Groundwater from wells were sampled according to
the American Public Health Association standards

of water sampling (APHA 2005). The sampling
method adopted was ‘grab sampling’. Water samples from 112 different wells located within the
district were collected during the pre-monsoon period of the year 2017. Bottles used for storing water
samples were Brst carefully cleaned and then the
groundwater samples were gathered. Table 1 provides the details of well points distributed within the
various geological formations of the study area.
Groundwater sampling well locations plotted using
location coordinates in the GIS environment is
presented in Bgure 2. Each and every water samples
were prudently preserved after collection and
transferred to the chemical lab for testing. The
groundwater samples so obtained were tested for
pH, turbidity, iron, chlorides, magnesium, total
hardness, sulphates, total dissolved solids, conductivity, calcium, manganese, sodium, potassium,
Cuoride and nitrate. The obtained test results
were compared with standard permissible values
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Table 2. Methods of estimation of physico-chemical characteristics of ground water quality.
Sl. no.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Parameter

Method

BIS:10500 (2012)

Turbidity, NTU
pH
Chlorides, mg/l
Total hardness, mg/l
Iron, mg/l
Nitrate, mg/l
Calcium, mg/l
Magnesium, mg/l
Total dissolved solids, mg/l
Conductivity, ls/ppm
Fluoride, mg/l
Sulphates, mg/l
Bicarbonates, mg/l
Sodium, mg/l
Potassium, mg/l
Phosphate, mg/l

Nepheloturbidity meter
pH meter
Argentometric method
EDTA method
Spectrophotometer
Spectrophotometer
EDTA method
EDTA method
TDS meter
Conductivity meter
Spectrophotometer
Gravimetric method
Volumetric method
Flame Photometer
Flame Photometer
Spectrophotometer

1
6.5–8.5
250
200
0.3
45
30
75
500
–
1–1.5
200
200
–
–
–

recommended by the Bureau of Indian Standards
(BIS:10500 2012). Water quality parameters,
method of analysis, their SI units are brieCy summarized in table 2. All the water quality parameters
were evaluated in the laboratory using standard
techniques according to the APHA 2005 guidelines.
A Cowchart indicating the step by step methodology
of the current study is presented in Bgure 4.
3.2 Water quality index
The WQI is a mathematical tool which transforms
the water quality information derived from several
parameters into a single value/rating to categorize
and provide a general perception of water quality
standard (Hameed et al. 2017; Yaseen et al. 2018).
WQI integrates the complex water quality data
into a single numerical score that illustrates the
overall water quality status (Ambiga and
Annadurai 2015). In the current study, the
weightage assigned to each individual groundwater
quality parameter was inversely proportional to
the BIS recommended standards of the corresponding parameter. For instance, if Wn is the
weight assigned to some nth parameter, then
Wn ¼ 1=Rn ; where, Rn is the standard permissible
value of nth parameter. The reference standard
used in the WQI determination was BIS drinking
water standards (BIS:10500 2012). The WQI
determination involves the following steps:
Step 1: Taking into consideration of the relative
significance of each parameter on the overall

quality of groundwater for domestic purposes, the
suitable weights (wi ) were assigned. Quantifying
nitrate contamination levels has a great significance in water quality evaluation, hence, a maximum weightage of 5 was assigned to nitrate
parameter (Neerja et al. 2012). The other parameters such as sodium, potassium, magnesium and
calcium were assigned a weightage of 2–3. The
weightage for iron and Cuoride was assigned to be
4, for the reason that Cuoride is called ‘two-edged
sword’ which leads to dental caries and skeletal
Cuorosis, and iron leads to corrosion of pipes and
utensils along with changes to the taste of water.
Step 2: The relative weight (Wi ) was obtained
by means of weighted arithmetic index formula
(Horton 1965; Brown et al. 1970; Tiwari and Mishra 1985). Relative weightage is the ratio of weight
given for each parameter to the summation of
weightage of all the parameters. The summation of
relative weightage will be equal to one as shown in
table 3.
wi
Wi ¼ P ;
wi

ð1Þ

where wi is the weight of each parameter and Wi is
the relative weight.
Step 3: According to the BIS drinking water
standard (BIS:10500 2012), the quality rating scale
(Qi ) for each parameter was calculated by dividing
the concentration of each water quality parameter
in a sample (Ci ) by its relevant drinking water
standard (Si ) and then multiplied by 100.
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Figure 4. Methodology Cowchart.

Qi ¼ ðCi =Si Þ  100:

ð2Þ

Step 4: The sub-index of ith parameter, SIi was
calculated for each parameter which was later used
to determine the WQI according to the following
equation:
SIi ¼ Wi  Qi :

ð3Þ

Step 5: Water Quality Index was determined by
summing-up of the SIi of all the parameters for
each solitary water sample.
WQI ¼

X

SIi :

ð4Þ

3.3 Geostatistical modelling
In this research, the ArcGIS Geostatistical Analyst
Extension software set was used for spatial interpolation. Spatial interpolation is a robust technique for exploring the spatial distribution and
patterns of point and areal data. This technique
integrates or harness the spatial correlation within
the data of known variables (Arslan and Ayyildiz
Turan 2015). Interpolation techniques are based on
the hypothesis that the values nearer to each other
are more similar than those which are farther.
Gauged values are used to predict at any ungauged
locations (Elumalai et al. 2017). There exist several
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Table 3. Relative weightage of physico-chemical parameters.
Sl.
no.

Physico-chemical parameters

1
2
3
4
5
6
7
8
9
10
11
12
13

pH
Total hardness (TH), mg/l
Calcium, mg/l
Magnesium, mg/l
Bicarbonates, mg/l
Chlorides, mg/l
Total dissolved solids, mg/l
Fluorides, mg/l
Manganese, mg/l
Nitrates, mg/l
Iron, mg/l
Sulphates, mg/l
Turbidity, NTU

Weight
(wi)
4
2
2
2
3
3
4
4
4
5
4
4
2
P
wi = 43

BIS:10500 (2012)
Acceptable limit
6.5–8.5
200
75
30
200
250
500
1–1.5
0.1
45
0.3
200
1

Relative weight (Wi)
0.09302
0.04651
0.04651
0.04651
0.06976
0.06976
0.09302
0.09302
0.09302
0.1162
0.09302
0.09302
0.04651
P
Wi = 1.00000

interpolation methods available in ArcGIS
software. In the current study, a deterministic
interpolation approach, i.e., the inverse distance
weightage (IDW) method, and a geostatistical
interpolation approach, i.e., the ordinary kriging
method were implemented on the data collected
from 112 sampling locations. The best performing
technique of interpolation was identiBed with the
use of cross-validation procedure.

where K represents the interpolated value at the
point of interest; ki denotes the rate of sampling
location, i = 1, 2, . . ., n; Di is the distance
between the sampled and unsampled locations
and a indicates a constant factor, which receives
the value of 1 or 2. For further detailed information on IDW, one may refer to Shepard
(1968).

3.3.1 Inverse distance weightage method

3.3.2 Kriging

The IDW technique is a Cexible optimal interpolation method wherein a linear combination of values
is used by which unknown values are interpolated
and calculated at the required points. The IDW
interpolation generates expected value at each point
on the basis of the weighted average of the nearest
sample points (Robinson and Metternicht 2006).
The neighbourhood size decides what number of
spatially distributed points are involved in IDW,
wherein weights are attributed to the point location
where the value is to be estimated. This weight is
dependent on the distances between the measured
and unknown points. The power is applied on the
basis of the power of 10. Less power distributes the
weights among the neighbourhood points more
evenly. The weights are characteristic of the range
between the sampled and unsampled points for i = 1,
2,. . ., n in IDW technique. The interpolation
scheme is represented in the following equation:
Pn
1=ðDi Þa  ki
;
ð5Þ
K ¼ i¼1
1=ðDi Þa

Kriging works based on the existence of spatial
autocorrelation among the sampled points; the
sampling points on the neighbourhood are more
similar than those which are far apart (Goovaerts
2000). Ordinary Kriging (OK) is the best known
and most commonly used method of interpolation
used in geostatistical modelling (Webster and
Oliver 2008). The experimental variogram analyzes the average extent of difference between the
unsampled location and a neighbouring sampled
location value (Gringarten and Deutsch 1999) and
the autocorrelation is being depicted based on
varying distances. Weighted least squares and
dependency ratio parameters (e.g. range, nugget
and sill) are calibrated to obtain an appropriate
model (e.g., circular, spherical and exponential)
that forms the experimental variogram. The
inclusion of interdependency of variables and the
accessible error surface output are some of the
beneBts of this technique. The ordinary kriging
interpolation uses the relationship as mentioned
below.
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K¼

n
X

;i K ðxi Þ;

ð6Þ

i¼1

where K deBnes the predicted value; K(xi) is the
sampled value at xi; ;i is the unknown weight for the
sampled value at the ith location and n is the integer
used in the identiBed locations of the region (Uddin
et al. 2018). The semi-variogram models (circular,
spherical, pentaspherical, exponential, Gaussian,
rational quadratic, K-bessel hole, J-bessel, and stable)
were evaluated in this research for each information
set. Based on cross-validation performance, the best Bt
model for the particular parameter was identiBed.
Semi-variance values were calculated for each of
the data sets using SAS (SAS 2008) procedure.
Variogram models were Btted based on the visual
evaluation. The nugget, partial sill and spatial
correlation range were included in the parameters.
The range of semi-variogram indicates a spatial
scale or distance beyond which data samples
become spatially uncorrelated, the nugget indicates
small-scale spatially uncorrelated variation in the
data, and sill denotes the degree of constant variance amid uncorrelated samples in the data.
Practical range relates to the scope of spatial correlation. For each parameter of the dataset, semivariograms were established. For assessing the
eDciency of estimates of semi-variogram models,

the statistical indices such as R2, RMSE and
dependency ratio values were calculated and evaluated. This deBnes the adequacy with which
the semi-variogram model described the spatial
variability (Mueller et al. 2004).
3.3.3 Model veriBcation: Semi-variogram
models
The cross-validation procedure was used to test and
establish the suitable kriging semi-variogram model
which provides the best interpolation (predicted values) (Arslan and Ayyildiz Turan 2015). VeriBcation of
the model is very much necessary to understand how
well the parameters are coherent with the performance. Optimal prediction maps via interpolation
were obtained by cross-validation. The root mean
square error (RMSE) under the category of error
statistic veriBes the preciseness of predictions. The coefBcient of determination (R2) statistic was also
determined for comparison of the model eDciencies.
The calculation of RMSE is as follows:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
.
P
ðKi  Pi Þ2 ;
ð7Þ
RMSE ¼
n
i¼1
where n is the number of sampling points, Ki is the
measured value, and Pi is the predicted value.

Table 4. Descriptive statistics of groundwater quality parameters of Udupi district.
Sl.
no.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
14
15
16

Chemical parameters
pH
Total hardness (TH),
mg/l
Calcium, mg/l
Magnesium, mg/l
Bicarbonates, mg/l
Chlorides, mg/l
Total dissolved solids
(TDS), mg/l
Fluorides, mg/l
Manganese, mg/l
Nitrates, mg/l
Iron, mg/l
Sulphates, mg/l
Turbidity, NTU
Phosphate, mg/l
Potassium, mg/l
Sodium, mg/l
Conductivity, ls/ppm

Min

Max

SD

CV

AM

5.01
16

7.86
275.98

0.53753
52.263

8.137
67.183

6.6058
77.792

7
0
26
11.994
43.2

125
212
240
361.25
900.25

17.859
49.32
47.18
67.172
155.44

63.804
99.036
51.954
154.95
57.455

0.2
0.01
0
0
2
1.2
0
1
15
94.2

2.35
1.3
9
4.2
25
13.6
6
16
257
1820.3

0.481
0.2669
2.111
0.606
4.578
2.612
1.16
3.383
38.65
316.92

54.721
110.28
160.77
113.39
65.681
56.196
39.780
45.623
105.45
60.571

Med

Q1

Q3

5.98
66

5.98
57

6.04
78

27.99
49.8
90.81
43.35
270.54

24
34.5
80
21.989
220.12

24
33
60
23.99
215.12

24
46
80
19.99
235.115

0.879
0.242
1.313
0.5344
6.97
4.648
2.916
7.415
36.65
523.22

0.74
0.19
0.253
0.335
5
3.9
3.1
7
25
414.115

0.72
0.2
2.4
0.78
9.3
3.6
2.4
9
25
398.98

0.78
0.12
1.7
0.65
6
4.2
3.2
5
22
460.7

All units except electrical conductivity, turbidity and pH are in mg/l, Min: minimum, Max: maximum, SD: standard deviation, CV:
coefBcient of variation, AM: arithmetic mean, Med: median, Q1: median of the lower quarter, and Q3: median of the upper quarter.
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Figure 5. Box-and-whisker plot of water quality parameters.

Figure 6. Box-and-whisker plot of water quality parameters.

The ratio of the nugget to sill which is expressed
in percentages was considered as a criterion for
determining the spatial dependence of groundwater
quality parameters in the kriging technique of
interpolation. This ratio is called the dependency
ratio. If this proportion is \25%, it indicates the
strong spatial dependence of the variable; if the
ratio is between 25 and 75%, it indicates the variable has moderate spatial dependences and if it
exceeds 75%, it portrays weak spatial dependence
(Taghizadeh-Mehrjardi 2014; Naganna and Deka
2018).
Dependency ratio ð%Þ
Nugget
 100:
¼
SillðNugget þ Patial sillÞ

ð8Þ

4. Results and discussion
4.1 Ground water quality
The characteristics of groundwater samples
analyzed in the pre-monsoon season indicate the
normal distribution of water quality parameters
over the geographical area. The pH of the groundwater samples varied between 5 and 7.6. The
majority of water samples were acidic. The lateritic
soil induces acidity to the water. Excessive chloride
content in the water makes the water, saline and
leads to the incrustation of pipes and corrosion,
along with changes in the taste of the water. The
chloride content ranges from 11.9 to 361.25 mg/l and
the acceptable limit is 250 mg/l. Seawater intrusion
from seashores induces chloride to the groundwater.
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Iron content in the water causes stains on the
clothes, increases corrosive action of water, and
leads to the growth of iron bacteria. Iron content
varied between 0 and 4.2 mg/l and the acceptable limit is 0.3 mg/l. This may be due to the presence of higher iron content in the lateritic soil. The
hardness was found to be in the range of 16–275.98
mg/l and 200 mg/l is the acceptable limit for hardness. Few water samples were in the range of hard
water category. This may be induced by geological
features and also by the seepage of industrial and
domestic wastewater disposal.
Table 4 presents the measures of central tendency and variance statistics of different water
quality parameters used for assessing the groundwater quality status over Udupi district. The
variations in mean and median values were less in
the samples which indicate that the water quality
parameters were distributed normally in the geographical area with only minimal variations in few
samples. However, quite a high variation in chlorides and pH in the water samples indicated that
they were not normally distributed throughout the
area. Standard deviation (SD) indicates the variation of average value from that of the actual value.
The SD of the all the parameters does not show
Table 5. Dependency ratio’s obtained by variogram modelling
for kriging interpolation.
Type of model
Parameter

Stable

Circular

Spherical

Total hardness (TH)
Chlorides
Fluorides
Iron
Turbidity
Total dissolved solids
Bicarbonates
WQI

18.5%
34%
30.2%
0
13.8%
0
12%
0

20.5%
34%
30.56%
25.3%
19.5%
15%
0
12%

20.59%
36%
30.56%
21.4%
20.9%
17%
9
6%

much variation in the quality of the water. Quartiles are the values that divide a list of numbers
into quarters. The lowest 25% of data make the
Brst quartile (Q1) and the top 25% of the data is
represented in the 3rd quartile (Q3). The difference
between Q3 and Q1 is the interquartile range
(IQR). The IQR portrays the variability in the
data. From table 4, it could be inferred that the
difference between Q3 and Q1 is negligible, which
shows that there is not much variability in
groundwater quality parameters of the study area.
The box plot of the water quality parameters
indicates the overall range of data corresponding to
each parameter (Bgures 5 and 6). The box plot
indicates the distribution and variation of each
parameter in the study area.
The water quality index was determined based
on the water quality parameters. Parameters that
have significant eAects on water quality have been
allocated the greatest weight of 5 due to their significance in the water quality assessment. In the
present case, NO3 was allocated the highest weight
of 5 (Ramakrishnaiah et al. 2009). Turbidity has a
minimum weight of 2, because it plays quite a
lesser role in the evaluation of water quality. Other
parameters such as pH, total dissolved solids, calcium, magnesium, total hardness, and sulphate
were allocated weightage between 2 and 4 based on
their potential for contamination and human
health impacts. For water quality index, the relative weightage of water quality parameters were
determined by considering BIS:10500 (2012)
drinking water standards which are shown in
table 3. The WQI obtained was classiBed into Bve
categories, ‘excellent water’, ‘good’, ‘poor’, ‘very
poor’ and ‘water unsuitable for drinking’ (Ramakrishnaiah et al. 2009). The groundwater quality over the study area categorized based on WQI
ranged from 32.35 to 294.065 and therefore, were
categorized into only four types, i.e., ‘excellent

Table 6. Parameters of semi-variogram models Btted to the ground water quality parameters in kriging interpolation.
Parameters

Type of
model

Nugget
(Co)

Partial
Sill (C)

Sill
C+Co

Nugget/sill (\25%)
(C/C+Co)

Total hardness (TH)
Chlorides
Fluorides
Iron
Turbidity
TDS
Bicarbonates
WQI

Stable
Stable
Stable
Stable
Stable
Stable
Circular
Stable

0.09
0.472
0.079
0
1.340
0
0.0078
0

0.395
0.9053
0.1823
0.400
8.37
0.295
1936.61
1796.2

0.485
1.3773
0.2613
0.400
9.71
0.295
1936.6178
1796.2

18%
34%
30.2
0
13.8%
0
0
0
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Table 7. R2 and RMSE statistics evaluated for IDW and kriging method of
interpolation.
Parameter

Method of interpolation

RMSE

R2

IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging
IDW
Kriging

0.066
0.0594
4.12
3.55
0.0479
0.013099
0.04876
0.0034
0.062
0.054
0.07
0.786
0.003
0.562
0.028
0.93
0.23
0.021
0.02
0.34
2.34
1.76
0.09
1.2
0.98
0.064

0.619
0.7125
0.72
0.76
0.59
0.68
0.62
0.66
0.89
0.76
0.82
0.72
0.78
0.73
0.66
0.65
0.76
0.78
0.82
0.78
0.72
0.74
0.76
0.71
0.60
0.66

Turbidity (NTU)
Hardness (mg/l)
Fluoride (mg/l)
Iron (mg/l)
Chlorides (mg/l)
Calcium (mg/l)
Conductivity (ls/ppm)
Magnesium (mg/l)
TDS (mg/l)
pH
Bicarbonates (mg/l)
Manganese (mg/l)
WQI

Note: The unit of RMSE is the corresponding unit of parameter considered.

water’, ‘good’, ‘poor’, and ‘very poor’. water quality index determined revealed that, excellent
quality of groundwater was available in about
14.15% of the study area, around 62.26% of the
area held good quality groundwater; however,
21.69% of the area endured poor grade groundwater and about 1.88% of the total study area suffered
from very poor quality of groundwater. Few samples indicated poor and very poor quality standards
due to the variation in pH, chlorides, iron, hardness, and manganese. The spatial variation of
water quality parameters is presented in water
quality mapping section.
4.2 Spatial variability of groundwater quality
parameters
The inverse distance weightage (IDW) method of
interpolation was compared with that of the kriging method using the statistical indices, namely,
the R2 and RMSE to evaluate the accuracy of
spatial interpolation. In the kriging method of

interpolation, the dependency ratios indicate the
criterion for selecting the best Bt model for each of
the water quality parameters. Table 5 presents the
dependency ratios obtained, while variogram
modelling for kriging interpolation. It represents
the variations in the spatial dependency of the
semi-variogram models; the models are said to
possess highest spatial dependency when the
dependency ratio is\25%. The spatial dependence
is checked for three models, namely, the stable,
circular and spherical models which are best suitable for assessing spatial variations in the water
quality parameters. Table 6 provides the details of
best-Bt variogram models and its parameters used
for kriging interpolation. The stable type semivariogram showed better performance for almost
all the parameters considered.
The spatial dependency ratio for turbidity
parameter obtained via a stable type of semi-variogram was 13.24%, which is \ 25% indicating the
best Bt model compared to the spherical and circular models. On comparison, the RMSE and R2
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Figure 7. Experimental semi-variograms of turbidity, Cuoride, chloride, iron, hardness and TDS.

values of IDW and kriging methods presented in
table 7 for turbidity, the statistics of kriging
method is better compared to that of IDW method.
The hardness of groundwater samples ranged from
16 to 275 mg/l. The stable type semi-variogram
gave good dependency ratio of 18% for the hardness parameter. The RMSE value obtained after
kriging interpolation was 3.55 mg/l and that of
IDW was 4.12 mg/l which again portrayed the
robustness of kriging interpolation for hardness.
The experimental semi-variograms along with Btted models and the QQ plot of kriging interpolation of all the parameters are shown in Bgures 7
and 8, respectively. Fluoride concentrations were
best interpolated using the stable type of variogram model in kriging. An RMSE value of 0.013

mg/l and R2 of 0.68 mg/l was obtained after
Cuoride interpolation using kriging. Similarly, iron
content in groundwater samples ranged from 0 to
4.2 mg/l. The stable type model best Btted the iron
parameter, while kriging interpolation with an
eDciency of RMSE = 0.0034 mg/l. Even the total
dissolved solids and chloride were better interpolated by kriging with the use of stable type semivariogram model. In the case of interpolation of
calcium, the IDW provided better predictions
compared to kriging at unknown locations with
lesser RMSE and higher R2. Similarly, the conductivity and magnesium parameters were also
best interpolated by the IDW. However, the total
dissolved solids were best interpolated by kriging
with the stable type of model with a dependency
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Figure 8. QQ plots of kriging interpolation.

ratio of 0%. It had an RMSE value of 0.021 mg/l
and R2 of 0.78.
Spatial distribution map of IDW was best for pH
with RMSE of 0.02 and R2 of 0.82. Manganese does
not have much variation in its concentration. It
ranged from 0.01 to 1.3 mg/l. Here, again the IDW
method provided good interpolation than kriging
with RMSE of 0.09 mg/l. Nevertheless, the

bicarbonates were best interpolated with kriging.
Among the water quality parameters mapped, the
parameters such as turbidity, iron, Cuoride, total
hardness, total dissolved solids, bicarbonates, and
chlorides have krigged maps. IDW maps best suited for parameters such as calcium, conductivity,
magnesium, manganese, and pH. Ordinary kriging
is best suitable for mapping most of the water
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Figure 9. Experimental semi-variogram and QQ plot of kriging interpolation for WQI.

quality parameters. The water quality index was
mapped using the kriging method. Kriging interpolation was superior with an RMSE of 0.064. The
experimental variogram along with Btted model
and the QQ plot of kriging interpolation for WQI
are shown in Bgure 9.

be due to geological features inducing hardness to
the water. In the vicinity of city area, the disposal
of sewage and industrial eAluents induce hardness
to the groundwater. The spatial distribution of
Cuoride contaminated groundwater in the study
area is presented in Bgure 10. In few parts of the
study area, it is more than the acceptable limit of
1.5 mg/l which may lead to skeletal Cuorosis. In
4.3 Water quality mapping
quite a few parts, it ranges from 0 to 0.5 mg/l
Water quality mapping was done in the GIS which is less than the acceptable limit and may
environment using the geostatistical analyst tool. lead to dental caries. Figure 11 depicts the spatial
Figure 10 shows the map of turbidity variation in variability of iron in the groundwater samples of
the groundwater samples of the study area. In the the study area. It is categorized into Bve categories.
map, the turbidity ranges from 0.9 to 13.6 NTU In most of the places, it is more than the permisand was classiBed into six categories. The BIS limit sible limit of 0.3 mg/l. In the majority of the places,
of turbidity in drinking water is 1 NTU and the the higher concentration of iron is in the locations
percentage compliance of turbidity is zero percent. having lateritic soil. Lateritic soil rich in iron and
In the major parts of the Udupi city and also in the manganese has high leaching properties that conseashore the turbidity was more than the permis- taminate groundwater. Figure 11 indicates the
sible limit. This may be due to the point and non- spatial distribution of calcium concentration in
point source pollutants that enter into the aquifer. groundwater samples of the study area. It is clasTurbidity in drinking water is not acceptable since siBed into three categories and few places possess
it aAects the aesthetic appearance of water. concentration more than the permissible limit of
Figure 10 shows the spatial variability of chloride 75 mg/l.
in the study area. The map shows four ranges of
The spatial distribution of electrical conductivchloride categories wherein the majority of the area ity of groundwater samples of the study area
has chloride in the range of 0–100 mg/l. Few parts is presented in Bgure 11. It ranges from \500 to
have in the range of 100–200 mg/l. Near to the [1500 ls/ppm. It is classiBed into four categories
seashore, few areas have Cl in the range of 200–250 and the majority of the area comes under the Brst
mg/l predominantly due to seawater intrusion. and second category. Figure 11 shows the spatial
Only a few parts come under the last category of distribution of magnesium concentration in the
[250 mg/l which cannot be exactly depicted in the groundwater samples of the study area. The
map.
majority of the area falls under the category of
Figure 10 illustrates the spatial distribution of more than the acceptable limit of 30 mg/l. It is due
hardness in groundwater samples of the study area. to the lateritic soil, which induces magnesium to
The higher concentration seen in few places, may the water by leaching.
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Figure 10. Interpolation maps of turbidity, chlorides, hardness and Cuoride.

The TDS concentration in groundwater
samples of the study area was more than the BIS
permissible limit of 500 mg/l in the seashores and
also in the vicinity of city area (Bgure 12). This
may be due to seawater intrusion and also due to
domestic and industrial waste discharge into
septic pits. The pH of the water samples ranged
from 5.16 to 7.86. Most of the areas were found
to have acidic groundwater as displayed on the

map (Bgure 12). It is due to the lateritic soil and
pollution, which induces acidity to the water.
Spatial distribution of manganese concentration
is shown in Bgure 12, wherein a larger area falls
under the range of more than 0.1 mg/l of BIS
permissible limit. Bicarbonates variability map
(Bgure 12) shows the high levels of bicarbonates
more than 200 mg/l in a few areas within the
Udupi city.
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Figure 11. Interpolation maps of iron, calcium, electrical conductivity and magnesium.

The main focus of the study was to develop
water quality index map. Figure 13 shows the
map of water quality index derived, based on
several water quality parameters. Water quality
index is the single numeric score which indicates
the overall quality of water in the area of interest. The map was generated using kriging interpolation which provided least root mean square
error (RMSE) of 0.064. This map indicates
the four classiBcations ranging from 0 to 50 as

excellent, 50–100 as good, 100–200 as poor and
[200 as very poor. The WQI map depicts that
the groundwater samples in about 14.15% of the
area as excellent category, 62.26% of the area
under good quality, 21.69% under poor category
and 1.88% of the area under the very poor category. The areas which come under poor to very
poor category were near to the seashore areas
and those aAected by sewage and industrial
eAluent disposal.
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Figure 12. Interpolation maps of TDS, pH, manganese and bicarbonates.

5. Conclusions
• The water quality index is a distinct numerical
score determined using a relative weightage of
each parameter for assessing water quality
status corresponding to BIS drinking water
standards. The categorization of the study area
into various zones such as poor, very poor, good

and excellent water quality zones is very helpful for management of groundwater in critical
areas.
• Geostatistical techniques used for the assessment of spatial variability of water quality
parameters help in determining the overall
quality of groundwater at the location of interest
within the study area.
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distribution evaluation and groundwater quality
prediction.
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