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Abstract: One of the key issues the globe has recently faced is the evaluation of water purity and the location of
sources for safe potable water. Since the manner of water poisoning is unpredictable, it is difficult to analyze and
maintain, the key problem is to preserve water and maintain the purity of the water from extreme environmental
degradation. As a result, improving water purity through resource management is particularly effective. The
determination of the water quality indicator (WQl) depends on a few specific water-related elements. However,
the conventional approach to calculating the WQI requires a lot of work, and occasionally errors are found while
the computation is being done. In this study, we assess the water's quality and predict its grade using a
machine learning methods. Our algorithms will identify the chemical components of the water if it is not pure and
will suggest the necessary combination to bring the pH level of the water into balance and make it stable enough
to drink. In order to improve water purity, both manually and through the application of machine learning
algorithms, good management of water supply is essential. The main goals of this study are the gathering of water
data, the analysis of chemical combinations, correlations between combinations, the analysis of water samples for
their physico-chemical properties, the calculation of the WQI using this information, and the use of machine
learning techniques to forecast water purity. To assess the effectiveness of the forecast algorithms, several

statistical indicators were employed.
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1. INTRODUCTION

On Earth, neither a living being nor a plant can exist without water. Water is regularly
contaminated, though, as a result of the industry's yearly expansion in response to
rising demand and because these enterprises constantly discharge hazardous waste
into rivers and lakes. Millions of deaths are caused by contaminated water.

Each year, there are significant financial losses and damage to farming areas.
Numerous studies have found that groundwater quality has recently deteriorated
dramatically in the majority of countries. As a result, the groundwater's quality is
deteriorating everyday [1]. Finding the "quality determining factors" of water, which
help to identify water pollution, is a quick, easy, and sensible technique to assess the
quality of water for various purposes.

For the highest water quality, monitoring and analyzing water purity is a crucial task.

For the best possible administration of various water supplies, it is crucial to monitor
and assess the cleanliness of the water. Either directly or indirectly related to the
continual increase of human activity is the rise in demand for clean, unpolluted water.
The demand for pure water drives researchers to investigate the physical properties of
groundwater in the area in order to develop novel, cutting-edge models for water quality



forecasts. Potable water supply availability has recently raised significant issues on a
global level[2]. Therefore, it is now crucial to assess water purity and predict its future
status.For the best possible administration of various water supplies, it is crucial to
monitor and assess the cleanliness of the water. Either directly or indirectly related to
the continual increase of human activity is the rise in demand for clean, unpolluted
water. The demand for pure water drives researchers to investigate the physical
properties of groundwater in the area in order to develop novel, cutting-edge models
for water quality forecasts. Potable water supply availability has recently raised
significant issues on a global level[2]. Therefore, it is now crucial to assess water purity
and predict its future status.

2. RELATED WORKS

The examination of the quality of the groundwater is crucial and necessary, hence it is carried out
frequently throughout the country. Since groundwater is utilized for drinking, a thorough physico-
chemical examination is required due to its connection to human health. Physico-chemical and other
parameters have been defined by many organizations (such as UNESCO, WHO, BSI, etc.) to evaluate
the quality of water. It is important to note the reports of similar investigations conducted by other experts
in the subject.

The results of physico-chemical variables like pH, EC, TDS, total hardness, nitrate, and sulfate have been
examined by Prasad et al. [4]. They concluded that EC and TDS displayed a significant positive
correlation. Some metals, including iron, copper, zinc, and nickel, are required for the proper division of

some compounds, claim Garg et al. [5].
3. METHODOLOGIES

The standard method is used to assess the various physiochemical characteristics [6]. The collected water
samples are retained for examination of dangerous heavy metals using the advised method[7], which
involves adding 5 milliliters of pure HNO3 to a liter of water samples to maintain a pH lower than 4.0.
After carefully filtering the samples with Whitman 40-filter paper, measurements can be made with an
atomic absorption spectrometer (AAS).

To determine the parameters to be determined for water evaluation, operational tracking must be exact
and dependent on detecting relevant biological, hydromorphological, and physico-chemical data. Three
different sorts of criteria are provided by these technologies for worldwide environmental surveillance

to gauge water quality
Water Purity

Indicators of water purity include a variety of physical, molecular, biological, and bacteriological
characteristics. These characteristics are sometimes known as factors or markers. According to physical,
molecular, biological, and bacteriological characteristics, water can be categorized and used for many
purposes.

Depending on the planned usage, different water purity criteria must be met. Therefore, any poisons or
bacteria that could be harmful to a person's health are not allowed in drinkable water. The use of water
for irrigation that contains significant amounts of sodium ions, significant amounts of nitrate, or
significant amounts of other contaminants is not permitted. Businesses are subject to less rigorous water



usage rules than those that apply to potable water [3].
Water purity also varies depending on the type of water source, which is another aspect.

4. DATASET

The data has 21 parameters with salinity indicators, Heavy metals, other relevant indicators and the target
parameter.

Table 1: Parameters of the data

p | Hard . Chlora | Sulfa | Conduc | Organic_ | Trihalome Turbi Pota
Solids . .. . e
h ness mines te tivity carbon thanes dity | bility
4500 | 204.89 | 20791.3 | 7.300 | 368.516 | 564.3086 86.990 | 2.963

0 000 0456 1898 212 441 54 10.379783 970 135 0
3.716 | 12942 | 18630.0 | 6.635 592.8853 56.329 | 4.500

1 080 2921 5786 246 NaN 59 15.180013 076 656 0
8.099 | 224.23 | 19909.5 | 9.275 418.6062 66.420 | 3.055

2 124 6259 4173 884 NaN 13 16.868637 093 934 0
8316 | 214.37 | 220184 | 8.059 | 356.886 | 363.2665 100.34 | 4.628

3 766 3394 1744 332 136 16 18436525 1674 771 0
4 9.092 | 181.10 | 179789 | 6.546 | 310.135 398.4108 11558279 31997 | 4.075
223 1509 8634 600 738 13 ' 993 075

Figure 1: Sample data set with parameters
4.1 Correlating Parameters:

Correlation reveals a relationship between two variables. The assessment of the association between two
such parameters is referred to as the correlation coefficient. It is also known as the degree to which the
two components are correlated.

Covariance

Two variables in a set of data, x and y, are correlated to determine how linearly related they are. A
positive covariance would imply a positive linear relationship between the elements, whereas a negative
covariance would imply the opposite.

The correlation coefficient between two variables in a data collection is computed by dividing the
covariance by the total of the individual standard deviations for the two variables. It performs a
standardized measurement of their straight relationship.
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The correlation coefficient between two variables in a data collection is computed by dividing the
covariance by the total of the individual standard deviations for the two variables. It performs a
standardized measurement of their straight relationship.

The following formula, where sx and sy are the sample standard deviations and sxy is the sample

covariance, serves as a general definition of the sample correlation coefficient..
_ _Sxy

Py = Sx Sy
If the correlation value is close to 1, the scatter plot will almost always display a straight line with a
positive slope, indicating that the variables are positively linearly connected. The scatter plot almost
exactly follows a downward-inclining straight line when the value is 1, indicating a negative linear
relationship between the variables. Furthermore, a value of zero indicates that there is just a weak linear
relationship between the variables.
The following algorithm is used to determine the correlation coefficient, where X represents the values
of the independent variable (height in this case) and y represents the values of the dependent variable
(anatomical dead space in this case). The calculation appears as follows.:

Tx- Y-y )

r‘ =
VEE=-x"2)(y-y~2)]

-10

ph - 0.089 -0.076 -0.034 0.014 0.018 0.037 0.0015 -0.035 -0.0015

Hardness -0.049 -0.029 -0.094 -0.024 0.0037

Solids -0.076 -0.049 0.07 0.014 -0.0089 0.034
Chloramines -0.034 -0.029 0.07 0.024 0.017 0.0024 0.024
Sulfate 0.014 -0.094 -0.15 0.024 -0.014 0.027 -0.026 -0.0098 -0.021
-

Conductivity 0.018 -0.024 0.014 -0.014 1 0.021 0.0013 0.0058 - 3

Oorganic_carbon 0.037 0.0037 -0.013 0.027 0.021 -0.013 -0.027

Trihalomethanes 0.0015 -0.0089 0.017 -0.026 0.0013 -0.013 -0.022 0.007
Turbidity -0.035 0.0024 -0.0098 0.0058 -0.027 -0.022 0.0016

Potability SEeRe[EE) 0.034 0.024 -0.021 -0.0081 -0.03 0.007 0.0016

ph
Hardness
Solids
Chloramines
Sulfate
Conductivity
Turbidity
Potability -

Organic_carbon
Trihalomethanes

Figure 2: The correlation between every parameter used in the data set

5. RESULTS AND EVALUATION



Water serves a variety of purposes and is essential to all known living things. Therefore, everyone should
be concerned about the water's quality. The state of water can be characterized by a set of physical,
molecular, biological, and bacteriological characteristics. With the use of these characteristics, water can
be divided into different categories and used for diverse purposes.

This chapter establishes the connections between external influences and how they affect different
characteristics of water purity. Data on water purity can be provided using a variety of Water Quality
Index (WQI) techniques. The links between the various water quality measurements have been
investigated using a number of correlation variables. Using Pearson and Spearman correlations, we have
created

[ ] actual = [2.8,0.81,2,0.005,4,0.1,1.3,1.5,0,0,0.815,18,1,0.002,56,5,8.5,0.1,0.3]

Figure 4: The sample data for testing the water purity

water is unsafe

Please decrease value of aluminium from : 3.8 to : ©.2000000000008018
Please decrease wvalue of arsenic from : ©.85 to : ©.84

Please decrease value of barium from : 4 to : 2.0

Please decrease value of cadmium from : 8.81 to g.8a85
Please decrease value of chloramine from : & to 2.8
Please decrease value of chromium from : @.5 to : 9.4
Please decrease value of copper from : 2.8 to : 6.7
Please decrease wvalue of flouride from : 2.8 to 8.5

Please decrease value of bacteria from : ©.81 to : ©.81
Please decrease value of viruses from : 8.81 to : 9.81
Please decrease value of lead from : 9.92 to : ©.005000000000000001
Please decrease value of nitrates from : 15 to : 5.0
Please decrease value of nitrites from : 2 to : 1.9
Please decrease value of mercury from : 8.885 to : 0.883
Please decrease value of perchlorate from : 68 to : 4.9
Please decrease value of radium from : 18 to : 5.8
Please increase value of selenium from : @.1 to : -0.4
Please decrease value of silver from : @.5 to : 6.4
Please decrease value of uranium from : @.5 to : 8.2

Figure 5: The recommended features to be managed to make the water pure.
The Parameters are described as increasing or decreasing in order to make the water pure enough to drink.
The whole model works on the principle of correlation of the features of the data set. The model seems
to be accurate and efficient in recommending the values for the features.

6 . CONCLUSION

The statistical analysis of the experimentally derived water quality indicators on water samples yielded
the mean, standard deviation, and coefficient of variation. Because they show how distinct traits relate
to one another, correlation values were computed. The correlation study's results show a strong and
positive correlation between the traits of nitrites, chloramine, chromium, and copper. It may be concluded
from the above talk that the nitrites, chloramine, chromium, and copper of water are essential drinking
water parameters because they are strongly connected with eight out of seventeen factors in the research
region.
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