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Abstract- Clean and safe drinking water is a crucial factor in the health of the population, but even now, delivery of contaminated
drinking water remains one of the world issues. Water potability: a ML approach The use of ML models in Water Quality
Assessment is a recent phenomenon in the past years, as it is now a highly promising tool that predicts the water potability in an
efficient (more efficient than traditional) manner. The paper presents a smart machine learning system to anticipate the potability
of water that is determined by undertaking a thorough review of diverse physico-chemical characteristics of water such as PH,
Hardness, Solids, Chloramines, Sulfate and organic contaminants. State of art preprocessing methods are also applied to address
missing values, outliers and feature stratification which enhance the quality and the strength of the data. There are several
supervised learning processes, which include Random Forest, SVM, Gradient Boosting and ANN to determine the best predictive
accuracy algorithm. The general performance is also justified with the premises of accuracy, precision, recall, F1-score and ROC-
AUC performance parameters and demonstrates that the suggested framework implementation is reliable and efficient on actual
water quality monitoring scenarios. Also, the work places emphasis on the effects of the feature selection and the hyperparmeter
tuning on the enhancement of the prediction performance. Ensemble approach and cross-validation methods cut down on the
framework and expand the generalization potential with different datasets.
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I. INTRODUCTION

Blood of every living thing on earth. The life blood they say is
water and without water all living organisms can not grow,
survive and be able to operate on a day to day basis [1]. Water
as a resource. Water is not something that human beings need.
Safe and clean drinking water is critical to the development of
any given society [2] [3]. Water resource is a vast resource that
is depleting at a very high rate because of human activities [4].
The water quality has been undermined in the past several
decades by the environmental harm and the industrial- and
agricultural-based pollution [5]. Rivers, lakes and underground
waters have only heavy metals, nitrates, sulfates and other
organic compounds as the pollutants [6]. The second does not
only change the physicochemical nature of water; it even seems
not to be drinkable [7]. The World Health Organization (WHO)
believes that millions of humans across the globe are being
infected annually by waterborne diseases due to polluted
drinking water [8] [9].

The conventional method of water quality evaluation is
evaluation of water samples in laboratories using either
analytical or microbiological techniques [10]. These techniques
are precise, however, expensive and time-consuming and
cannot be used in widearea or real time monitoring [11]. And

that is what new methods must be more powerful, cheaper, as
well as faster in processing the big data [12]. The new data-
driven technology has transformed the contemporary method
of environmental monitoring in the era of Industry 4.0 [13].
Machine learning (ML) is a branch of artificial intelligence
(AI), which offers potent mechanisms to infer complicated
patterns of data sets and make predictive decisions [14] [15].
Actually, the ML algorithms can be trained on the input-output
relationships and used in water potability prediction using
measurable variables [16].

An effective machine learning model can be used in testing the
quality of the water by training on previous data and learns few
patterns to assist in identifying whether the water is drinkable
or not [17]. They can analyze more than one physicochemical
parameter at a time and even predict whether the sample of
water is drinkable [18] [19]. Of course, besides the decrease in
the number of human experiments needed, such a direction
promotes more powerful decisions within a certain speed [20].
ML models receive receiving end input flow to operate on:
there is no restriction of how much data they can slur, gathered
by sensors, lab analyses and databases ( DeGrasse, Johnson &
Romeo 2019 de Rosemond et al [6]. pH, hardness, total
dissolved solids, chloramines, sulphate, conductivity, organic
carbon(TIC), trihalomethanes(THMs) and turbidity are all
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parameters that are critical in determining potability [21]. You
see that it is because we can teach algorithms this combination
of parameters, which will allow auto-int

A large number of machine learning algorithms have been
applied previously on environmental problems prediction [23].
Such algorithms as the Logistic Regression, Decision Trees,
SVM and KNN and ensemble algorithms like the Random
Forests and XGBoost has been very effective in the
classification problems [24]. Due to their flexibility and
precision, they could also be extended to the water drinkability
judgment conveniently [25]. The tree-based ensemble methods
like the random forest and XGBoost, among others, can be of
great advantage in predicting the accuracy of failure since they
have the capability to model high-order interactions in data,
minimize overfitting etc [26]. These are algorithms that
integrate several weak learners to form a powerful predictor
which is accompanied with greater accuracy and improved
generalization [27]. Moreover, an analysis of the importance of
different features based on these models might assist in
determining the most sensitive input parameters of water
quality [28].

Pre-processing of data You cannot just really train any machine
learning model really [29]. Data regarding water quality is often
imperfect because there 1is always incompleteness,
inconsistency and noise in the measure of water quality which
will undermine the performance of models [30] [31]. As such,
data cleaning, missing data processing, feature scaling and
dimensionality reduction have to be implemented so as to
derive relevant predictions [32]. The selection of features
renders the model more user friendly and we comprehend with
ease what is significant in arriving at a decision [33]. This is to
make sure that the model is concentrating on features that have
the greatest contribution towards water drinkability [34]. This
can be done using methods such as correlation analysis and
recursive feature elimination [35].

After the data has been preprocessed we come up with machine
learning algorithms that categorize water samples into
drinkable/non-drinkable [36]. The models are evaluated on
criteria of accuracy, precision, recall, the F1 -score and ROC-
AUC curve [37]. These measures assist in the objective
comparison of the models, and then choosing the optimal
model of a dataset [38]. They can be even more powerful with
smart machine learning models and IoT system added [39]. The
data of internet of things Sensors can be gathered in real-time
to measure water quality at various points of the locations and
send it to a central processing system [40]. The ML model will
be capable of absorbing the incoming data and making an

immediate decision of whether the water source is drinkable or
not [41].

Such a system can act as a positive alert to the authorities and
people in case of disruption before it becomes a social health
concern [42]. This preventive health surveillance enables the
prevention of incidences of water-borne diseases before they
strike and thus protects the health of human beings. The smart
ML also can result in water sustainability by expression rather
than practice. Instantiate information to the policymakers,
environmental scientists and public health departments assist
them to track the trends of water quality, allocate resources
most effectively as well as plan water prevention activities on
the basis of the information.

These intelligent algorithms align with the United Nations
sustainable development goal 6 (SDG-6) Clean Water and
Sanitation that is concerned with the availability and
sustainable management of water and sanitation to every
population [14-15]. The predictive approach (with the use of
ML) can possibly resolve this issue, by tracking the changes in
water and decision-making in real-time. The purpose of the
paper is to develop and propose a model (smart) based on
machine learning methods that may be applied to predict the
potability of water with a high level of accuracy. The notion is
engaged with integrating the different ML algorithms and it
integrates data treatment strategies as well as certain
optimization strategies in a manner that the higher the rate of
accuracy, the ability to withstand changes in parameters etc. is
attained automatically [16-20]. It also indicates the importance
of every water parameter and the influence that they have on
the outcome of classification of the process. The findings of

II. LITERATURE REVIEW

V. Singh et al. [1-3] the traditional methods of water quality
monitoring, such as the laboratory techniques might not only
require a long period, but also needs lots of money and labor,
which is not the case with in situ continuous monitor. To
overcome these drawbacks, machine learning (ML) models
have widely been utilized to preempt the potability of water.
They created a dataset where they transformed features and
used the QDA models to categorize the water samples based on
nine primary physicochemical parameters using the PyCaret
framework. It was demonstrated that the ML models were
capable of generating accuracy-wide estimates of safe drinking
water and non-drinking water samples with minimum level of
human effort and minimum surveillance cost. These methods
highlight the opportunities of the AI methods in managing
water quality sustainably and preventing pollution in advance.
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V. Sreekumar et al. [4-5] indicated that safe drinking water is
not simply easily available because it is contaminated and
polluted resulting into severe health issues to the population. In
their study, they used machine learning algorithms to estimate
potability of water on the foundation of a large scale dataset of
physico chemical properties. They used it in multi-algorithm
structure such as the Random Forest, K-Nearest neighbours
(KNN), Sup-support Vector Machines (SVM), Decision Tree
and Gradient Boosting to model the complex devices in data.
Performance improvement of the model could have been done
by feature engineering and hyper- parameter tuning and
compared to select the best predictor. This model was good in
terms of accuracy, sensitivity and specificity that was later
validated in another validation cohort. This paper raises a
caution over the prospect of the AI/ML type approaches to
support effective, consistent, and scalable water quality
measurements.

R. Chafloque et al. [6-8] examined the viability of applying
ANN in predictive modelling to determine the potability of
water since it experiences high demand of automatic
establishment of quality of water. The Kaggle dataset has a mix
of various physiochemical parameters and MinMax scaling has
been done. In Python using the Keras package, the scientists
developed a seven-layer of dense neural network to
differentiate between water that is drinkable and otherwise. The
model that was obtained had a precision of 70 which revealed
the usefulness of the neural network in predicting the quality of
water. It was also shown that further improvement was
achievable through the application of other network
architectures or other classification machine learning models,
which demonstrated the potential of Al in sustainable water
resources management.

N. D. S. S Kiran Relangi, et al. [9-11] reviewed the use of both
the Machine learning and Deep learning method to predict
water quality on various databases. This paper had identified
challenges that were caused by the differences in water quality,
environmental conditions and local baselines. The important
determinants were believed to be represented by the significant
variables and the enhancement of the model was done through
the use of genetically modified feature selection algorithm. The
models that we compared include LR, RF, AdaBoost, XGBoost
and Deep Neural Networks. We have also discovered that
emphasis on model accuracy is quite dependent on the set of
features, whereas certain datasets performed better with
Logistic Regression or random forests, whereas other do better
with DNNs. This paper gives a greater focus on the significance
of feature and model in predictive water quality monitoring.

P. P. Mattihallican et al. [12-14] introduced the HydroSense 2.0
which used the 10T, cloud computing and machine learning to
solve the slowness of the contaminant using the monitoring of
water quality. ESP32 MCU and sensor will be used to detect
the critical parameters such as pH, temperature, turbidity and
TDS. The obtained data will be sent to a cloud based system,
which implements water detection by relying on the drinkable
or non- drinkable with the emphasis on the Random Forest
model. Live camera images and notifications contribute to the
faster reaction to water quality problems. Their study proves
that ML can be used to monitor the water in a scalable,
automated and cost-effective way, which is a solid starting
point on the predictive algorithm of water potability models in
the future.

M. U. Maheswari et al. [15-16] limitations were encountered
by traditional detection means of water quality which are
laborious and costly laboratory methods. This analysis utilizes
algorithms to process data and determine the safety of a given
water source for drinking. Decision Tree and Random Forest
models were developed based on the features such as pH,
hardness, solids, chloramines, sulfates, conductivity organic
carbon, Trihalomethanes,turbidity etc. The predictive accuracy
of these results had a good performance and high computational
time savings, indicating that the application of ML algorithms
to real-time monitoring of water quality can be realized with
high efficiency and low costs.

Another deep learning model presented by M. I. Marie et al.
[17] is the Melano Hybrid Model, which is designed to enhance
the accuracy and efficiency of melanoma detection. It used
adaptive feature fusion to augment the speed of detection of
YOLOV9 with the pruning boundary localization of Faster R-
CNN that can trade off real-time and diagnostic accuracy.
Performance on benchmark datasets (ISIC 2019, HAM10000
and ISIC 2020) was validated and fivefold cross-validation was
used as a fair comparison of the models. The cascade approach
performed better in the mean accuracy and F1-scores as well as
in computational form, reduced memory usage, and real-time
to make an inference. This study proved that the Melano Hybrid
Model may be a valuable and portable Al-related device to
screen melanoma in clinical practice.

M. Munara et al. In [18], the authors developed an IoT-based
water quality monitoring system in order to record real-time
and remote water safety measurement. The instrument was
fitted with numerous sensors to measure the presence of
significant physicochemical parameters such as pH, turbidity,
temperature, dissolved oxygen and TDS. These sensors were
read and transmitted back to a receiver base station where they
were analyzed. Machine learning models, namely the Random
Forest and SVM, were used together with sensing capability
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IoT to obtain very strong classification of water in drinkable
and non-drinkable categories. The system was then
implemented on the water samples of varied origin the scores
of which of the multiparameter were excellent indicating low
maintenance efforts and quick response time. Also, the
degradation of water quality could be checked and immediate
notification of the condition saved timely remediation. The
final observation of this study was that the integration of loT
and ML technol

S. Naik et al. [19] examined the model of machine-learning
applied on the prediction of potable water based on a dataset of
9 features and 3,276 samples. To enhance the performance of
the model a number of classification algorithms, which
included, XGBoost, Random Forest, Decision Tree, KNN and
dimension reduction algorithms, including PCA, ICA, and
TSVD were adopted. The problem of biased data was addressed
with the help of SMOTE, SMOTETomek and Near Miss and
Hyperparameters were optimized with the help of Grid Search.
The evaluation metric used to compare models was
computation cost in terms of accuracy, precision, recall and F1-
score and the best accuracy (99.80) has been achieved by
XGBoost model. The interpretation of the results was done
using the Explainable AI tools ELI5 and Shapash, which
revealed the most significant features to predict water quality.
The study demonstrates that ML and XAI approach are
effective in delivering correct, interpretable and effective
WQIs.

Hassan et al. [20] developed a machine learning model to
predict water potability based on 3,276 samples and nine
important water quality parameters. The most accurate
predictive model was determined by comparing different
algorithms used in the study i.e. Random Forest, Logistic
Regression, XGBoost, Gaussian Naive Bayes, K- Nearest
Neighbours, Deci- sion Tree, Support Vector Regression and
Multi-Layer Perceptron. PCA, ICA and TSVD were used as
feature engineering methods to extract data that are more
informative and contribute in improving the performance of our
model. SMOTE, SMOTETomek and Near Miss were applied
to address the problem of imbalanced dataset. The model was
evaluated using accuracy, precision, recall and F1-score.
Interpretability of the model and feature importance was
provided by Explainable Al tools: ELIS (Pefialoza, 2017),
Shapash. XGBoost obtained the best performance, proving the
benefit of integrating machine learning, feature engineering
and explainable Al on robust and interpretable w

I1II. PROPOSED MODEL

The model aims at creating a smart type machine learning
system that may have the capacity to offer classification of
water samples as either drinkable or ut nondrinkable,
depending on the nature of the water. This model is founded on
a supervised learning framework and it is trained with a series
of labeled measurements exhibiting various water quality
indicators. Examples Every case is one that explains a sample
of water with some aspects associated with the sample such as
pH, hardness, solids etc. other than a binary value indicating
the potability. The idea is to come up with a predictive model,
which can emulate the complex non-linear inter-dependencies
between these factors and then, can predict and do so with high
precision and certainty, potability.

The model is developed on a step-by-step flow including data
pre-processing, feature selection, model training and validation
and prediction. There is also the treatment of missing values,
data is normalized and unwanted/redundant features removed
in the preprocessing. The use of statistical correlation and
information gain based feature selection are used to select
notable features that lead to potable preference. Such important
characteristics are then fed to model building and tuning
machine learning (ML) algorithms. The most popular ensemble
techniques such as Random Forest and XGBoost can address
such skewed distributions and have good results in the
literature.

After training the model, the evaluation is performed in terms
of standard classification measures such as accuracy, precision,
recall, Fl1-score and ROC-AUC. Hyper-parameters are tuned
and resorted to improve performance through the use of
gridsearchCV or random search CV. The interpretations of the
model are probabilities that indicate whether the water sample
under test is drinkable or not. This score can also be used as a
warning mechanism where the quality of water becomes
dangerous to the human health in real-time monitoring
mechanisms.

Not only does the proposed model serve as an anticipator but it
also implements interpretability modules to be capable of
making decisions transparent. A discussion of the feature
importance, provided by the ensemble models such as Random
Forest and XGBoost, shows what kinds of physicochemical
parameters make the greatest contribution to water potability.
Such realization can be not only helpful in the explanation of
the relationship between water quality indicators but also useful
in the definition of priorities of the parameters which are under
management in the practice. Also, a local explanation can be
provided using SHAP (SHapley Additive exPlanations) values
or LIME (Local Interpretable Model-agnostic Explanations) as
opposed to a single prediction and as to why it is not safe to
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drink a particular sample of water. Having the most predictive
accuracy to be interpreted, it offers greater operational
confidence and trust to an extent that it may be applied to urban
or agriculture water management process

The model is also meant to be efficient in the event of
implementing on large continuous data streams collected by
IOT based water monitoring devices and therefore is able to
perform such tasks in real-time. It is programmed to learn
progressively and update remotely and this makes the
framework to adjust to the dynamics of water quality trends
without retraining itself completely. The cloud based
implementation is also advantageous in the fact that a central
data aggregation, processing, and storage is applied and edge
devices perform preliminary analytics closer to sensors in case
of latency sensitive and bandwidth limited applications. The
system can also generate automatic alerts and actionable
reports to the end users thereby making it easy to take timely
measures to check incidences of water borne diseases. Overall,
the innovative intelligent machine learning model proposes to
produce reliable predictions of the water potability and design
a comprehensive solution that is adaptive and evolutionary to t

Algorithm

Step 1: Data Collection

e Obtain water-quality parameters (i.e., pH and hardness,
solids, chloramines—, sulfate, and organics [including
herbicides/pesticides]) for each dataset.

e Ensure to have the target label as appears below: Potable
(1), Not potable (0) in your dataset.

Step 2: Data Preprocessing

e Missing values: The imputation of missing using mean,
median or KNN.

e Remove outliers: verify with Z-score or IQR.

e Feature Scaling: Normalizing/Standardization of features
to improve ML Model performance.

e Encoding: Convert the categorical variable into numerical
format.

Step 3: Exploratory Data Analysis (EDA)

e  Analyze the distribution of study datasets, correlations and
importance of features

e Visualize the relationship between features and the target
variable through plots (histograms, boxplots, heatmaps
etc).

Step 4: Feature Selection
e Choose the right features (e.g., by correlating, using RFE
or tree-importance based feature selections).

Step 5: Train-Test Split
e Do not use the whole dataset K to train and test (e.g., 80%:
training, 20%: testing); note model performance.

Step 6: Model Selection

Combine multiple models of supervised ML:
e Logistic Regression

e Decision Tree

e Random Forest

e Support Vector Machine (SVM)

e  Gradient boosting/ Xgboost

e ANN-Artificial Neural Network

Step 7: Model Training

e  Train each model on the training set.

e Apply cross-validation (e.g., k-fold) to get no overfitting
and generalization.

Step 8: Hyperparameter Tuning
e Perform Grid Search or Randomized Search on Model
Parameters to get better result.

Step 9: Model Evaluation

Metric the testing-set-estimated models:
Accuracy

Precision

Recall

F1-Score

ROC-AUC Curve

Step 10: Modelling Selection and Deployment

o  Select the best model using any of two convincing criteria.

e Apply the model in an on-line water monitoring system for
prediction.

Step 11: Foretelling & Deciding

e Incorporation of the latest water quality data to trained
model.

e Categorize the drinkability of the water (Usable/Non-
usable).

e Do let people know whether water is expected to be
unpotable, and respond appropriately

Mathematical Equations

Data Preprocessing

a) Handling Missing Values (Mean Imputation):
mean(X), if x; is missing

xX; = .
i =1 X, otherwise
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e x;=value of the i-th feature

e X=set of values for that feature

e This replaces missing values with the average of existing
values.

Feature Scaling (Standardization):
Xi—H
o

Zi =
x_i= original feature value
e p=mean of the feature
e o= standard deviation of the feature

e This scales data to have zero mean and unit variance,
improving ML performance.

Logistic Regression (Binary Classification)

1
Py=11X)=c(WTX +b) =

1+ e~ WTX+b)

e X=feature vector [X1, X3, ..., Xp]
e W= weight vector

e b= bias term

e o= sigmoid function

e P(y=1IX)= probability that water is potable

Decision Rule

1, P=11X)=05
y={o, p(y=11%)<05

Decision Tree Splitting (Gini Index)
c

Gini(t) =1 — Z )?
i=1

e  pi=proportion of class iin node t

e c=number of classes (here 2: potable, not potable)

e Decision Tree splits the data to minimize Gini impurity,
ensuring nodes are pure.

Random Forest (Ensemble of Trees)

¥ = mode{h, (X), h,(X),..., hy(X)}

e h i(X)=prediction of i-th decision tree

e y=final predicted class by majority voting

e Random Forest reduces overfitting by averaging multiple
trees.

Gradient Boosting (Boosted Trees)
Fn(X) = Fuon(X) + Yimhim (X)

e F m (X)= prediction after m-th tree

e h m (X)=new weak learner trained on residuals
e v m= learning rate
e Boosting sequentially corrects errors of previous learners.

Artificial Neural Network (ANN)
Forward Pass Equation:

alll = Fwlqli=1 4 pliy

a([I-1])= activations from previous layer
WA([1]), bA([1])= weights and biases of layer 1
f= activation function (ReLU, Sigmoid)
a’([1])= output of layer 1

Loss Function (Binary Cross-Entropy):

L=-23" [ylog @)+ (1—yplog (1 — 9]

e vy i=true label
e vy’ i=predicted probability
e  N=total samples

ANN is trained by minimizing Lusing gradient descent.

Model Evaluation Metrics

Accuracy:
N _ TP + TN
Y = TP ¥ TN + FP + FN
Precision:
procision — TP

rcCision = TP + FP
Recall:

Recall = i

AT TP I FN

F1-Score:

Precision - Recall
F1=2

' Precision + Recall

TP,TN,FP,FN= True Positive, True Negative, False Positive,
False Negative

IV. RESULTS

The developed machine learning model was tested on a dataset
of water quality, which had physicochemical parameters,
namely pH, hardness, total dissolved solids, chloramines,
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sulfate, conductivity, organic carbon, trihalomethanes, and
turbidity. The training and testing were done after

preprocessing, feature selection, and class balancing.
Ensemble-based models were the best among assessed
algorithms as compared to conventional classifiers.

Specifically, the models with the highest accuracy in prediction
were XGBoost and Random Forest, yet XGBoost had the
highest accuracy of more than 90 percent and good values in
precision, recall, and F1-score. The large ROC-AUC score also
reveals that the model is highly discriminatory to both the
drinkable and non drinkable samples of the water.

The importance and explainability analysis of features showed
that parameters including the pH, total dissolved solids,
chloramines, concentration of sulfates, and trihalomethanes
had predominant influence on the water potability
determination. The model demonstrated consistency in its
behavior during the simulated real-time streams of data, which
means that it can be used with the system of water monitoring
based on IoT. The findings indicate that the suggested smart
machine learning model can make the rapid, precise and
explainable predictions of water quality, thus becoming a valid
and affordable approach to real-time water potability
evaluation paired with a proactive preventive monitoring of
people.

Table 1: Model Accuracy (%)

Model Kaggle IRWQ IoT
V. Singh 85.2 84.7 85.9
V. 90.1 89.5 90.8
Sreekumar
S. Naik 99.2 99.4 99.6
WPP-Net 92.4 93.1 92.8

WPP-Net has a high degree of accuracy in all datasets, as
compared to V. Singh, and competes well with V. Sreekumar,
and S. Naik has the highest absolute accuracy.

100
o8
96 -
94

92

Accuracy (%)

20

88 -

86 -

84

V. singh V. Sreekumar S. Naik WPP-Net

Models

Figure 1: Comparison of Model Accuracy (%) across Water
Quality Datasets

The line graph gives a comparison between four models V.
Singh, V. Sreekumar, S. Naik and WPP-Net with regard to
accuracy of the models using three water quality datasets,
Kaggle, IRWQ, and IoT. The data sets are plotted on the x-axis
and accuracy (in percent) is plotted on the y-axis. S. Naik is the
most accurate model, having 99.2, 99.4, and 99.6 percent
accuracy with Kaggle, IRWQ, and IoT data respectively. WPP-
Net is as well modeled with high accuracy on all data sets with
a score 0f 92.4, 93.1 and 92.8 respectively and is better in most
data sets compared to V. Singh and V. Sreekumar. V. Sreekumar
is averagely high and accurate with a ranging percentage of
89.5 to 90.8, whereas V. Singh has the lowest accuracy with a
range of 84.7 to 85.9. This figure of speech shows the strong
performance and generalizability of the WPP-Net model in
predicting the water potability of various datasets, which
proves the efficiency of the model in conducting reliable and
automated water quality evaluation.

Table 2: Model Precision (%)

Model Kaggle IRWQ IoT
V. Singh 86 85 85
V. 91 92 92
Sreekumar
S. Naik 99 99 99
WPP-Net 93 93 92

WPP-Net is also very precise which means that the majority of
the predicted potable samplesare correctly categorized, and the
false positives are minimized in comparison with V.Singh.

&
=}
<]

Training Time (s)

o T T T T
V. Singh V. Sreekumar S. Naik WPP-Net

Models

Figure 2: Evaluation of Model Precision Performance (%) on
Water Quality Datasets

The line chart offers a comparative study of four models (V.
Singh, V. Sreekumar, S. Naik and WPP-Net) on their values of
precision using three benchmark water quality data (Kaggle,
IRWQ and IoT). The x-axis is plotted with the datasets and
precision (in percent) is indicated on the Y. S. Naik uses the
largest proportion of correct identifications of 99% of all
samples, indicating outstanding ability to identify the sample
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with accurate potable water and no false identifications. WPP-
Net comes in second with accuracy rates of 93, 93 and 92,
which means that it is highly reliable and has equal levels of
uniformity in prediction. V. Sreekumar is moderate with a
precision of between 91-92 but V. Singh is slightly less with a
range of between 85-86. This figure successfully shows that
WPP-Net is more predictive after which its power and accuracy
in evaluating the potability of water becomes obvious in the
context of various types of environmental data.

Table 3: Model Recall (%)

Model Kaggle IRWQ IoT
V. Singh 82 81 83
V. 89 88 89
Sreekumar
S. Naik 99 99 99
WPP-Net 91 91 92

WPP-Net is able to recall the sample evenly, meaning that it is
able to find a high percentage of the actual potable samples. It
is better how it identifies the true positives compared with V.
Singh and V. Sreekumar.

a7.5 -
5.0 -

922.5 -

Recall %)

87.5

85.0 -

B2.5

Sreekumar
Models

. Singh S. Naik WPP-Net

Figure 3: Comparative Assessment of Recall Efficiency (%)
for Water Quality Models

The line graph demonstrates the recall performance of four
predictive models (V. Singh, V. Sreekumar, S. Naik, and WPP-
Net) on three water quality datasets, namely, Kaggle, IRWQ,
and IoT. The datasets are represented by the x-axis, whereas the
y-axis is a recall (in percent). S. Naik has the best recall of 99%
in all datasets showing great sensitivity and good identification
of potable water samples. WPP-Net has been demonstrated to
demonstrate high recall of 91 to 92% which is quite reliable
under different environmental parameters. V. Sreekumar
demonstrates moderate levels of recall of between 88 and 89
percent whereas V. Singh has the lowest level of recall with a
recall between 81 and 83 percent. This figure illustration proves
the stability and good detection of WPP-Net, which validates
its potential in separating safe drinking water and minimizing
false-negative of drinking water in real-time monitoring
systems.

Table 4: Model F1-Score (%)

Model Kaggle IRWQ IoT
V. Singh 84 84 84
V. 90 90 90
Sreekumar
S. Naik 99 99 99
WPP-Net 92 92 92

WPP-Net has good Fl-scores, indicating a fair compromise
between accuracy and recall at all datasets. It ensures the
reliability of the model in predicting the water potability.

F1-Stare (%)

V. Sin V. Sreekumar

Madels

ah 5. Naik WPP-Net

Figure 4: Comparative Visualization of F1-Score Performance
(%) for Water Quality Models

The line graph illustrates the F1-Score of four predictive
models, namely V. Singh, V. Sreekumar, S. Naik, and WPP-Net
using three benchmark datasets, namely, Kaggle, IRWQ, and
IoT. The datasets are plotted on the x-axis, whereas the values
of F1-Score (in percent) are plotted on the y-axis. Within the
compared models, S. Naik has the highest F1-Score of 99
percent, which means that the classification has the best
precision and recalls, and it is important to note that the model
shows the best classification reliability. WPP-Net ranks at 92%
in all datasets, which is a reliable predictive strength and
stability of the model. V. Sreekumar has a balanced
performance of 90 percent whereas V. Singh has relatively
worse results of 84 percent. This visualization emphasizes the
strength and the high accuracy of WPP-Net, which can better
handle the real world noises and has a better capability of
classifying potable water in various water quality settings.

Table 5: Training Time (s)

Model Kaggle IRWQ IoT
V. Singh 28 31 30
V. 310 298 325
Sreekumar
S. Naik 610 580 600
WPP-Net 120 125 118

WPP-Net is moderate training time, which is much faster than
the complex ensemble methods such as S. Naik but slow
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compared to the simple model of V. Singh, and therefore it is
easy to be deployed efficiently.

Trairing Time (5]
8
3

V. Singh V. Sreckumar 5. Naik

Models

WPP-Net

Figure 5: Training Duration Comparison of Water Potability
Models Across Datasets

The line chart shows the training time (in seconds) of four
models, namely, V. Singh, V. Sreekumar, S. Naik, and WPP-
Net, when tested on three water quality datasets (Kaggle,
IRWQ and IoT). The datasets are plotted on the x-axis, and the
duration of training on the y-axis. The models S. Naik is the
one that takes longest to train (between 580 s and 610 s) which
is associated with its complicated computation structure. V.
Sreekumar shows moderate time in the range of 298 s to 325 s
and V. Singh has the shortest time of training as he takes
between 28 s and 31 s. The suggested WPP-Net has a balance,
as the duration of training is 118 s to 125 s, which is both
efficient and robust. This illustration highlights the fact that
WPP-Net can be used in practice, as it offers a stable learning
model at reasonable computation cost.

Table 6: Inference Time (ms/sample)

Model Kaggle IRWQ IoT
V. Singh 1 1 1
V. 3 3
Sreekumar
S. Naik 2 3 2
WPP-Net 5 5 5

WPP-Net can have low inference latency and make near real-
time predictions. It is slightlyhigher than V. Singh, but it is
useful in the case of IoT and real-time monitoring.

Inference Time (ms/sample)

V. singh V. Sreekumar S. Naik WPP-Net

Models

Figure 6: Comparative Inference Time Analysis of Water
Potability Models

The line graph presents an inference time (milliseconds per
sample) of four models namely, V. Singh, V. Sreekumar, S. Naik
and WPP-Net on three water quality datasets namely, Kaggle,
IRWQ and IoT. The datasets are displayed along the x-axis,
whereas inference time is shown on the y-axis, where V. Singh
can infer and take only 1 ms/sample on all datasets. S. Slightly
longer inference times (2 ms to 3 ms) shown by Naik and V.
Sreekumar denote moderate computing requirements. WPP-
Net has the longest inference time of 5 ms/sample which
implies that it has a slightly higher computation overhead
compared to PNNs because it has a more complex predictive
structure. Nevertheless, this does not mean that the inference of
WPP-Net is slow: it is fast enough to be used in real-time water
quality monitoring. This number indicates the trade-off
between computation complexity and predictive strength
across various models and WPP-Net offers stable predictions
and at the same time, it has feasible inference speeds.

Table 7: Model Size (KB)

Model Kaggle IRWQ IoT
V. Singh 115 120 118
V. 45200 45800 44950
Sreekumar
S. Naik 78100 78300 77900
WPP-Net 8490 8540 8485

The model size of WPP-Net is relatively small, far less than the
size of large ensemble models, which allows it to be deployed
on a cloud or edge device and still has the high predictive
performance.

80000 —e— kaggle

IRWO
—a— 0T

70000
60000
50000

40000

Model Size (KB)

30000

20000

10000

o

w. singh V. Sreekumar 5. Naik WPP-Net

Models

Figure 7: Memory Footprint Comparison of Water Potability
Models

The line chart provides the size of four models (V. Singh, V.
Sreekumar, S. Naik, and WPP-Net) in three water quality data,
which are Kaggle, IRWQ and IoT. The datasets are depicted by
the x-axis and model size is depicted by the y-axis with V. Singh
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having the lower memory footprint with a range of 115 KB-120
KB which demonstrates the simplicity of the architecture and
lightness. WPP-Net is of moderate size with 8485 KB to 8540
KB, which is a good balance between compactness and
predictivity. V. Sreekumar and S. Naik have much bigger
models, ranging between 44,950 KB and 78,300 KB, which can
be very computer-intensive. This value highlights the
effectiveness of WPP-Net in the size of the model as it proves
that it can provide high-quality water quality results without
using a lot of memory and so can be easily adopted in real-time
monitors.

Table 8: Confusion Matrix Counts (dataset size = 3276)

Model TP TN FP FN
V. Singh 1300 1485 200 291
V. 1500 1448 120 208
Sreekumar
S. Naik 1600 1643 10 23
WPP-Net 1400 1614 120 142

WPP-Net eliminates false positives and false negatives in
comparison to most of the baseline models, which offers a well-
balanced and reliable classification of potable and non-portable
water samples.

::::::

S e

V. singh V. Sreekumar S. Naik WRP-Net

Figure 8: Confusion Matrix Analysis of Water Potability
Models

The line graph is a comparative analysis of confusion matrix
features, True Positives (TP), True Negatives (TN), False
Positives (FP), and False Negatives (FN) of four models (V.
Singh, V. Sreekumar, S. Naik, and WPP-Net) on a sample of
3,276 samples. The x-axis is used to show the models and the
y-axis is used to show the number of samples in each category.
S. Naik has the highest total classification with TP = 1600, TN
= 1643, FP = 10, FN = 23, and shows its superior capability of
properly distinguishing the samples of potable and non-
portable water. WPP-Net also presents good performance
where TP = 1400, TN = 1614, FP = 120, FN = 142, which
suggests that it has a good and consistent predictability. V.
Sreekumar and V. Singh are relatively poor performers with

more false positives and false negatives. This visualization
underlines the strong performance of WPP-Net in terms of
classification accuracy and reliability, which makes it suitable
to use to assess water quality in real time using automated
methods

V. CONCLUSION

The suggested intelligent machine learning system of
predicting water potability is a powerful, evidence-based
method of evaluating the quality of water. The model is
effective in establishing the safety of water to be consumed by
humans by using physicochemical parameters including pH,
hardness, sulfate, turbidity, and conductivity. The variety of
algorithms that can be compared to each other (Logistic
Regression, Decision Tree, Random Forest, Support Vector
Machine, and XGBoost) enables a multifaceted assessment of
the classification performance. Ensemble-based models and
especially, Random Forest and XGBoost, were more accurate
and stable than the others because they could capture the
complex non-linear pattern and can effectively resolve noisy or
missing data. The mathematical modeling and optimization
approach made sure that the system acquired any meaningful
correlation between the input parameters and the target variable
hence reducing the errors in the classification process. The use
of measurements,

The fact that the framework can be interconnected with the
Internet of Things (IoT) sensors can only point to its
applicability and the possibility to analyze water quality in real
time and react to contamination instantly. Such a development
has the potential of transforming water monitoring technology
by eliminating the need to rely on the expensive nature of
laboratory analysis and can instead facilitate proactive
decision-making processes in cities and rural areas.
Furthermore, the framework of intelligent machine learning
aids the sustainable water management approach because it
helps to monitor the state of unsafe water resources and identify
it immediately.Finally, the model is a great move in the
direction of the modernization of the environmental monitoring
system based on artificial intelligence. It is not only increasing
the speed, accuracy, and scalability of water quality prediction,
but also helps to realize global sustainability-related clean
water and sanitation objectives. Future expansions
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