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Abstract- As important as water is for humans, it is also crucial for all livestock and crops. Direct groundwater consumption by crops and
livestock can affect both, perhaps causing crop failure or sickness in livestock if the quality is subpar or becomes unusable. Knowing whether the
groundwater is usable will allow for the proper usage of the water. Specific crops that can survive that water quality can be grown by farmers.
The main objective of this paper is to determine where and how the water can be used while also classifying the water's quality into one of several
classifications. data is collected from open source of Telangana ground water quality data 2020. Water quality is identified and assessed with it
target parameters as WQI, Classification 1, RSC, TDS, classification. WQI gives the one value for n number of parameters the water and its usage
is assessed with its grades as good, moderate, very good and poor whereas Classification 1 is assessed with 2 values as mineral rich MR and poor
safe PS, RSC When RSC usage surpasses the permitted limit, irrigation suffers (>2.5). TDS as the target variable assess the salinity of water
which assessed with grades. Classification is assessed with 9 types of parameters.

Keywords-Water Purity, water quality indicator, Classification 1, TDS, RSC.

l. INTRODUCTION consume direct ground water, and if the quality is not up to
the mark, or becomes unusable, then crops and livestock are
affected, which may lead to crop failure or livestock’s
developing diseases. By knowing the quality of the ground
water, whether usable or not, the water can be put to
appropriate use. Farmers can grow specific crops which can
tolerate that quality of water. The disease occurred to animals
and crop failure due to impure water cause economical
damage to the nation and physical damage to human has
motivated to predict and classify water and to find the purpose
where the water can use.

In this paper we present an effective predictive classification
model that can accurately classify water quality based on
physicochemical parameters. The primary aim is to
accurately predict and classify the quality of water samples
from different locations using machine learning techniques.
This model has the potential to contribute to better water
management practices and safeguarding the quality of water
resources. Groundwater, a vital natural resource, plays an
indispensable role in sustaining life on our planet. It
constitutes a significant portion of the Earth's freshwater
supply, serving as a primary source of drinking water for 1. PROBLEM STATEMENT
billions of people worldwide and supporting various
ecosystems. As society's demands for clean and reliable water
continue to escalate due to population growth, urbanization,
and industrialization, the quality of groundwater becomes a
subject of paramount importance. Understanding and
safeguarding groundwater quality is crucial not only for
human health but also for the ecological integrity of aquatic
environments.

Water is an important source of factor to stay healthy,
nowadays water got polluted everywhere on the earth,
Natural factors that influence water quality are hydrological,
atmospheric, climatic, topographical, and lithological factors
(Magesh et al., 2013; Uddinet al., 2018). There are many
sources of water contamination which pollute water,
Therefore, predicting and monitoring water quality is vital for
ensuring the availability of clean and safe water for all [2].
1. MOTIVATION Water quality prediction models can help in identifying
potential threats to water quality, predicting future changes in

Water is essential for all the crops and livestock’s as much as . L . .
water quality parameters, and designing effective strategies to

it is important for human beings. Crops and livestock
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manage and improve water quality. These models utilize
various statistical and machine learning techniques to analyze
historical data and identify patterns and relationships between
different water quality parameters [2]. Safe drinking water is
essential in human life drinking bad water harms our inner
parts of the body.so we should drink neat and clean water.
The quality of irrigation water plays a vital role on humans as
what we eat is produced from the crops when they are
irrigated. Irrigation water criteria and assessment:

Water quality is assessed with its parameters such as salinity
and the salinity effects TDS in water for crops if TDS is very
high then the water intake in root zone will be very less and
so crops won’t grow and yield.

The dataset we took consists of various water parameters with
its limits and classified as target variables like Classification,
Classification 1, RSC and these classifications are defined
with its purpose and usage. So, there is a need to classify the
purpose of water and define the quality of water; whether
usable or not, the water can be put to appropriate use. Farmers
can grow specific crops which can tolerate that quality of
water.

Therefore, the problem statement is to develop a machine
learning model that can predict water quality accurately and
suggest the purpose of its usage, thus ensuring the
sustainability of water resources and improving the quality of
life for millions of people worldwide. This research work will
address the root causes of water pollution and provide
insights into the combined impact of biophysical and
environmental factors, enabling effective monitoring and
prediction of water quality.

V. QUALITY OF WATER
A Predict and classify the quality of water.

This model has the potential to contribute to better water
management practices and safeguarding the quality of water
resources.

1. Data Collection: This process involves the
collection of water quality dataset from various
districts, mandals, and villages. The water dataset
contains parameters such as pH, E.C, TDS, CO3,
bicarbonate (HCO3), chloride (CI), fluoride (F),
nitrate  (NO3), sulfate (SO4), sodium (Na),
potassium (K), calcium (Ca), magnesium (Mg), total
hardness, sodium adsorption ratio (SAR), and more.
These parameters provide insights into the chemical
composition of the water samples.

2. Classification Target: The research focuses on the
predicting and classifying water quality samples
distinct classes based on established water quality
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standards. The classification involves two key
aspects: "Classification" and "RSC Classification"
(Residual Sodium Carbonate). These class labels are
indicative of water quality levels, such as "C3S1"
and "P.S." Each class label represents a specific
quality category, allowing for the differentiation of
water samples based on their chemical
characteristics.

3. Feature Analysis: The study involves a thorough
analysis of the dataset's features to understand their
individual and combined effects on water quality.
This analysis helps identify which parameters are
most influential in determining water quality
classifications.

4. Machine Learning Model Development: The core
objective is to build a predictive classification model
using machine learning algorithms. The model will
be trained on the dataset, utilizing the various
physicochemical parameters as input features and
the provided water quality classifications as target
labels.

5. Performance Evaluation: Accuracy, precision,
recall, and F1-score are some of the acceptable
performance measures that will be used to assess the
constructed classification model. These measures
evaluate how well the algorithm can assign water
samples to the appropriate quality groups.

B. Dataset
Data collected:

Data is collected from Telangana Open Data portal,
Telangana State, India.
This data contains samples tested from various districts.

There are 3 files, each, or year 2018, 2019 and 2020 contains
post-monsoon season groundwater.

Quality details are:

ground_water_quality 2020 _post.csv can be combinedly
used.

Each dataset contains 26 columns such as:

serial num (sno), District, Mandal, Village, Lattitude,
Longitude, Chemicals (such as Ca, Mg, CO3 etc), Total
Hardness of the water, Total dissolved solids, RSC, SAR, and
the target variables 'Classification' and 'Classificationl'.
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Fig 1. Dataset with relevant columns for water
parameters and target variables

C. Water Quality:

To assess water quality, there are three types of parameters:
physical, chemical, and biological there are baseline
concentration and quality depends on desired use of water
parameters accessed are different depending on usage of
water like for drinking, irrigation or for livestock.

To ensure safe and healthy water for consumption and
other uses, various measures are taken to monitor and improve
water quality. These include regular testing and analysis of
water samples, implementation of water treatment processes
to remove contaminants, and development and enforcement of
regulations to prevent pollution and protect water resources.

Research is performed and datasets is collected on ground
water quality dataset 2020 from Telangana pollution board
which is an open source with the parameters like “pH, E.C,
TDS, CO3, HCO3, ClI, F, NO3, SO4, Na, K, Ca, Mg, T.H,
SAR”, target parameters describe the usage and purpose of
water.

The target parameters are:
wWaQl.
Classification 1

RSC

P 0w bd o=

TDS
5. classification

whereas Classification parameter gives the 9 types of
classifications C3S1, C2S1, C4S1, C4S2, C3S2, C4S4, C3S3,
C4S3, C1S1.which describes sodium and salinity levels, RSC
Residual sodium carbonate: RSC is the excess amount of
carbonate and bicarbonate. When RSC usage surpasses the
permitted limit, irrigation suffers (>2.5). and Classification 1
as target variable in the dataset classifies 2 values M.R Mineral
Rich and P.S. Poor safe, WQI gives the single value with its
grades.
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D. Water Parameter standards:

The standard percentage of these chemicals to maintain
pure quality of water can vary depending on the specific water
quality standards and regulations in your region. However, |
can provide some general information on the acceptable levels
of these chemicals in drinking water according to the United
States Environmental Protection Agency (EPA) Safe Drinking
Water Act (SDWA) Maximum Contaminant Level (MCL)
regulations.[14] These MCLs are set to protect public health
and are based on the best available science and risk
assessments.

Here are the MCLs for the chemicals of the parameters
which we are using to determine the quality of water.

Parameter Safe Range Units

0 pH (6.5, 8.5)
1 E.C (0, 750) pSicm
2 TDS (0, 500) ppm
3 Cl (0, 250) mg/L
4 F (0.7, 1.5) mg/L
5 NO3 (0, 10) mg/L (as NO3-N)
6 S04 (0, 250) mg/L
7 Na (0, 200) mg/L
8 K (0, 10) mg/L
9 Ca (0, 100) mg/L
10 Mg (0, 50) mg/L

Fig 2: water parameter standards
MCL’s on the taken parameters.

Maximum Contaminant Level (MCL) is the highest level of a
contaminant that is allowed in drinking water, as established
by regulatory agencies such as the Environmental Protection
Agency (EPA) in the United States. MCL values are set based
on health considerations to ensure that the consumption of
water remains safe for human health.

E. Target parameters
1. WATER QUALITY INDICATORS

The water quality index is a valuable tool for evaluating the
suitability of water for various purposes, such as drinking,
irrigation, and aquatic life. In this project, we present a code
snippet that calculates the WQI for a dataset of water quality
parameters. Water quality is accessed with its water quality
index, wqi gives one value by taking various water parameters
as input and output as WQI and chemicals compositions their
index levels ranges, quantity available in the water. The
combinations change as the composition’s changes, this can
show the impact on the next available composition in the
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water, which might make the water more pollutant. To solve
these issues our model Purity regulator-based composition
model (PRCM) will describe the solvents to be added within
the range and at same time maintain the purity of water sodium
and salinity values for irrigation or livestock’s. Hence the
study took different parameters.

Water data calculate WQI and finds the behavior that is
typical to normal range of water whether the water is miner
rich, poor, or classified with high salinity and high sodium
centers on the identification of anomalous behavior, or
behavior that is not typical of normal operation.

Step: 2

& Parameter
& Sub-indi
& ey |

Agfﬁ:‘efha::n # wal value

waQ
Parameters

e,,]%,
ry, i
e, Parameter
% Weight |
values

Step:3 |

Fig 3. General structure of WQI model.
WQI model structure

The general structure of WQI models is illustrated in Fig. 3
and shows that most WQIs contain four main steps (Abbasi
and Abbasi, 2012; Abrahao ~ et al., 2007; Lumb et al., 2011;
Sutadian et al., 2018), namely:

Steps to calculate WQI:

Load Dataset: Dataset considered is from open-source
dataset. It contains 355 rows and 27 columns.

Water Parameter selection: Parameter selection is the first
step in calculating WQI dataset contains has parameters like
“pH', 'E.C', 'TDS', 'C0O3', 'HCO3', 'CI',’F', 'NO3 ', 'SO4', 'Na'
, 'K','Ca’, 'Mg', 'T.H"” are the parameters used to calculate th
e WQI.

Assigning Parameter Weights: Each parameter is assigned
a weight in the parameter weights dictionary. These weights
represent the relative importance of each parameter in
determining water quality.

Table 1: parameter weights

Parameters Units
pH 0.1
E.C 0.15

TDS 0.2
Co3 0.05
HCO3 0.08
Cl 0.07
F 0.05
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NO3 0.03
S04 0.05
Na 0.06
K 0.04
Ca 0.06
Mg 0.07
TH 0.08
SAR 0.07

Above table 1 describes the standard water parameter weights
to calculate WQI.

Calculating Sub-Indices: For each water sample, the code
calculates sub-indices for each parameter by multiplying the
parameter value with its assigned weight. This quantifies the
contribution of each parameter to the overall water quality
assessment.

Calculating the Overall WQI: The sub-indices are summed
to calculate the overall WQI for each water sample. This
provides a single value that represents the comprehensive
water quality assessment.

Calculated WQI values:
4] 64.492641

1 21.061445

2 28.258677

3 44.931628

4 42,245614

350 84.389686

351 52.660483

352 28.398994

353 1832.985383

354 62.566600
Name: WQI, Length: 355, dtype: floate4

Fig 4: calculated WQI values.

Above fig 4 describes WQI values calculated for water
quality dataset of 355 rows and 26 columns.

Assigning Classifications: Based on a defined threshold
value (e.g., 50), the code assigns a classification ("Good" or
"Poor") to each water sample. This classification helps
interpret the calculated WQI values.
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Assigned grades:

] Good
1 Poor
2 Moderate
3 Moderate
4 Moderate

350 Very Good

351 Good
352 Moderate
353 Excellent
354 Good

Name: Grade, Length: 355, dtype: object

fig 5. WQI classified grades.
Grades given to water samples are:

Table 2 water samples grade.

WQI value Grade
0-24 poor
25-49 moderate
50-70 good
71-99 Very good
Above 100 Excellent

Above table 4 describes the grades given by WQI.
2. Classification 1:

Classificationl in water dataset target variable is used to
predict water quality classified into 2 classes MR, P.S.

1. MR: MR describes the water quality as mineral rich and
safe water predicts label as 1.

2. PS: P. S. describes the water quality as poorly safe--
unsafe water--label as 0.

3. U.S. : U.S. describes the water quality as unsafe — unsafe
water — label as 0

Table 5 classification 1 types with labels

Classification | Classificati | label
1 types on values

P.S 313 0
u.S. 23 0
M.R. 19 1

The above table 5 describes classification.1 with its types 3 |
abelled as 1 and 0 is P.S is poorly safe for irrigation are 313

out of 355 and U.S unsafe are 23 which are not used for irrig
ation and only M.R. mineral rich water is labelled as 1 are o

nly 19 out of 355 are good in minerals can be used for drinki
ng, irrigation.
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3. Classification of ground water based on Residual sodium
carbonate:

When compared to the alkaline earths (Ca2+ and Mg2+),

RSC is the excess amount of carbonate and bicarbonate.
When RSC usage surpasses the permitted limit, irrigation
suffers (>2.5).

As soil water becomes more concentrated due to evaporation
and plant transpiration, the propensity of Ca2+ and Mg2+ to
precipitate increases. These ions then become fixed in the soil
through the base exchange process, reducing soil
permissibility.

SC = ((C03 2-) + (HCO3-) - ((Ca2+) + (Mg2+))

Whereas meq /L (milliequivalent per litre) is used to represent
concentrations

RSC of no more than 1.25 is secure.
RSC is marginal for values between 1.25 and 2.50.
RSC is not suited if it is larger than 2.50.

4.Classification of ground water for animals and poultry
based on TDS as target variable.

Groundwater used for livestock and poultry:

Table 6: Usage of ground water with water parameter level

Water  parameter | Grade Data classification

level with Grades
Of TDS out of 355
rows
TDS <1000mg/L | Supergood 264
TDS between 1000 | very satisfactory 89
to 3000
TDS between 3000 | Satisfactory  for | 2
to 5000 animals but not
poultry
TDS between 5000 | Limited use for | O
to 7000 animals not fit for
poultry
TDS > 10,000 bad 0
TDS between 7000 | worst 0

to 10,000

The table 6 presents data on water quality parameters in
relation to their respective grades and recommended usage for
animals and poultry.

The data is categorized into different TDS ranges and their
corresponding grades and usage recommendations are
provided.

1. Water with a TDS level below 1000 mg / L is
determined as “Super good”. This quality of water is
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deemed suitable for all classes of animals and
poultry, indicating no significant adverse effects.

2. TDS range of 1000 to 3000 mg/L, the water is
labelled as "very satisfactory." While it remains
satisfactory for animals, it might cause temporary
mild diarrhea in animals unaccustomed to such
levels. Poultry might also exhibit watery droppings
when exposed to water nearing the upper limit of this
range.

3. TDS levels falling between 3000 and 5000 mg/L, the
water is considered "Satisfactory for animals but
unfit for poultry.” Animals can tolerate this range,
although those unfamiliar with it might experience
temporary diarrhea, particularly if the water contains
predominant sulfate salts. Poultry, however, find
this water quality unsuitable, leading to increased
mortality, decreased growth, and watery feces,
especially in turkeys.

4. Water that contains between 5000 and 7000 mg/L
has "Limited use for animals and is unfit for
poultry." Animals can use it, except for those that are
breastfeeding or pregnant. Animals may reject the
water at first until they get used to it since it may
have a moderate laxative effect. However, it is
inadequate for poultry.

5. Water with a Total Dissolved Solids exceeding
10,000 mg/L is labelled as "Not recommended."
Such water quality is deemed unsuitable for all
classes of animals and poultry due to its adverse
effects.

6. TDS Within the range of 7000 to 10,000 mg/L, the
water has "Very limited use." Pregnant and lactating
cows, horses, and sheep, along with their young,
face considerable risk when exposed to this water.
Older ruminants and horses might tolerate it better,
but it remains unfit for poultry and likely unsuitable
for swine.

This comprehensive table data underscores the critical
relationship between TDS levels, water grades, and their
impact on different animal species, providing valuable
insights into the recommended usage based on water quality.

5.Classification as ground water with Classification
as the Target classes:

The above dataset described in fig 4 Classification as the
target variable consists of 9 classes mentioned in table 4 with
the level of sodium and salinity and the purpose and
suitability is evaluated.

The target classes are:
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Table 7: Target class Classification water analysis

S.NO | Classification Water quality Data classified
analysis out of 347 pre-
monsoon

seasons

1 Ci1s1 low sodium and | 2
salt levels is

suitable for crops.

2 C2s1 Low sodium and | 77
medium  salinity
water is mostly

used for irrigation.

3 C3s1 The low sodium 227
and high salinity
waters necessitate
adequate
drainage. Choose
crops that can
withstand salt

well.

4 C3S2 High salinity and | 14
medium  sodium
fluids which call

for good drainage.

5 C3S3 These waters' 2
high sodium and

salinity

6 C4S1 Waters with very | 17
low sodium
content and

excessive salinity

7 C4S2 Medium salt and | 11
very high salinity

fluids

8 C4S3 very high salinity | 2
and high sodium
waters  produce
harmful level of
exchangeable

sodium.

9 C454 very high sodium | 2
and very high
salinity, not
suitable for

irrigation

An experimental analysis is performed on ground water
dataset of pre-monsoon water quality data 2020. The data set
has Classification as the target variable with total number of
374 water quality data for pre-monsoon season as C1S1,
C2S1, C3S1, C4S1. Water is classified based on water
parameters and its concentration of chemical values.
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A. Counting the Occurrences of Each Value in the
‘Classification' Column:

import pandas as pd

# Load the dataset and select relevant columns
data = pd.read_csv( ground_water_quality_ 2020 _pre .csv')

# Count the occurrences of each value in the 'Classification.1’ column
classification_counts = data['Classification’].value_counts()

# Display the counts
print("Counts of 'Classification' values:")
print(classification_counts)

Fig 5- Code for Counting the occurences

This Python code snippet shows how to use the panda’s
module to load a dataset from a CSV file and count how
many times it occurs of each unique value in a specified
column, in this case, the 'Classification' column. The counts
are then displayed in a tabular style.

1. Importing Libraries: The first step is to import those
necessary libraries. To work with data frames, we
import pandas as 'pd" in the present example.

2. Loading the Dataset: We load the dataset into a
pandas Data Frame called 'data’ from a CSV file
named 'ground_water_quality 2020_pre.csv'. This
Data Frame will enable us to work with the data
more effectively.

3. Counting Occurrences: We use the value_counts()
method to count the occurrences of each unique
value in the 'Classification' column and save the
result in a variable called 'classification_counts'.
This method returns a Series containing the counts,
where the index represents the unique values, and
the values represent their individual counts.

4. Displaying the Counts: Finally, we use the print ()
method to print out the counts of each unique value
in the 'Classification' column. The following list
highlights the number of times each category
appears in the dataset.

Output:
The code will produce an output like this:

e (C3S1: This category appears 227 times in the
'Classification’ column.

e (C2S1: This category appears 77 times.
e C4S1: This category appears 17 times.
e (C3S2: This category appears 14 times.
e (C4S2: This category appears 11 times.
e C4S4: This category appears 2 times.
e C4S3: This category appears 2 times.
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e C1S1: This category appears 2 times.
e (C3S3: This category appears 2 times.
e O.G: This category appears 1 time.

Each line represents a unique value (classification category)
found in the 'Classification' column of the dataset, followed
by the number of times that category occurs.This
information is valuable for understanding the distribution of
different categories within the dataset. This output shows the
counts of each unique value in the 'Classification' column,
which can be valuable for understanding the distribution of
categories in your dataset.

V. Experimental Results

Table 8: Dataset after classification with target variable

sno Classific [RSC meq| RSC TDS Classific |classifica| WQI |WQI(Gra|
Classific |ation(gra L Grade(gr TDS_Gra | ation.l |tion.l(gr de)
ation des) ades) de(grades) ades)

1 C3s1 1 -0.59737 | Secure 1069.44 [Super Good P.S. 0 64.493 Good
2 C3s1 1 1.600493 | Secure 348.8 |Super Good| MR 0 21.061 Poor
3 C251 0 -0.79868 | Secure 472.32 [Super Good| P.S. 1 28.259 |Moderate
4 C251 1 -2.3977 Secure 738.56 |Super Good P.S. 1 44.932 |Moderate
5 C251 1 -2.59786 |Unsuitable| 666.88 |Super Good P.S. 1 42.246 |Moderate
6 C3S1 1 -1.59819 | Secure 680.32 [Super Good| P.S. 0 41.384 |Moderate
7 C3S1 0 0.60148 Secure 504.32 [Super Good| P.S. 0 31.216 |Moderate
8 C3S1 0 2.400493 | Secure 519.04 |Super Good MR 0 30.146 |Moderate
9 C3S1 1 0.400658 | Secure 270.08 |Super Good P.S. 0 16.723 Poor

Water data (table 8) after classifying and predicting the
quality of water by giving grades to the target variables like
in (table 1) dataset is the classification of water quality in
(table 8) we have classified and predicted the quality of water
and its usage and purpose for classification we have 9 types
of classifications are C3S1,C2S1,C1S1.., are classified
according to the salinity of ground water and given grades as
1 and 0 1 describes its good for irrigation purpose and 0 which
is not suitable for usage, and RSC is residual sodium
carbonate is classified with secure, unsuitable ,very good...,
TDS is given with grades as super Good
Good...,Classification are given with 0 as poorly safe (PS)
and 1 as mineral rich(MR),WQI is the water quality index
given with grades as poor, Good, Moderate.... All the
classifications with grades we can classify how much of water
is useful with its purpose.

Table 9: Machine learning model to find Accuracy

SN | Machine learningm | W Cla|Cla|RS | TD
O | odel WQI Ql ssif | ssif | C SG
icat | icat | Gr | rad
ion | ion. | ade | es

1 S
11 | Logistic Regression A | 0.66 | 0.9 | 06 |09 | 0.9
ccuracy 6 9 7 6

2 Support Vector Machi | 094 | 09 | 0.7 | 09 | 0.9
ne Accuracy 1 2 6 7
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3 Decision Tree Accura | 096 [ 09 [ 09 |09 |09

cy 9 6 6 9
4 Naive Bayes Accurac | 0.86 | 0.9 | 08 | 0.5 | 09

y 0 5 9 6
5 Random Forest Accur | 0.97 | 09 | 08 | 09 | 0.9

acy 9 4 4 9

6 K-Nearest Neighbors | 0.93 | 0.8 |06 | 0.8 | 0.9
Accuracy 2 8 7 9

7 Gradient Boosting Ac | 093 | 09 |09 |09 | 0.9
curacy 9 6 9 9
8 XGBoost Accuracy 094 (09 (09 |09 |09
9 6 7 9

Machine Learning models(table 9) are compared with its
accuracy for Classification, Classification.1,RSC,TDS
XGBoost is giving highest accuracy among all as
0.99,0.96,0.97,0.99 and only Random forest gave accuracy
for WQI

VI. Conclusion

By using these datasets one can train an ML Classification
model to classify the water quality into one of the multiple
classes and know where and how the water can be used with
the above fig water quality analysis ground water dataset
2020 is classified with more C2S1 which is low sodium and
medium salinity this water is mostly used for irrigation next
classification is C4S1 water with very low sodium and high
salinity which is not suitable for irrigation. Out of 347 data
only 227 are suitable for irrigation purpose, and 2 sets are
used for crops, remaining data is not suitable for irrigation or
crops.

The above table 3 describes the water parameter TDS grades
given to the dataset according to table 7.

Water data with TDS (Total Dissolved Solids) graded as
super good with 264 are suitable for animals and poultry, and
TDS with grade “very satisfactory” 89 which are satisfactory
for animals but may cause temporary mild diarrhea and can
be used for poultry and this analysis says that ground water
quality dataset 2020 is suitable for animal and poultry but can
cause temporary mild diarrhea for 89 out of 355 data.

Overall in the dataset only at 19 places can be used for
drinking ,264 suitable for livestocks out of 355 data.
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