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ABSTRACT

Water quality assessment plays a crucial role in ensuring environmental safety and public health.
Traditional approaches depend on manual sampling and laboratory-based chemical and biological
analyses. These methods are labor-intensive, time-consuming, and often fail to provide real-time
insights, limiting their applicability for timely decision-making. This research proposes an
intelligent, automated framework for water quality monitoring and pollution prediction using
modern Machine Learning (ML) techniques. The system is implemented as a Flask-based web
application integrated with Classification and Regression Tree (CART) models for both pollution
level classification and Water Quality Index (WQI) prediction. The models utilized include Linear
Logistic Regression (LLR), Decision Tree (DT), Random Forest (RF), Gradient Boosting (GB), and
Auto-Interpretable TaoTree (AITT). For pollution classification, the AITT model achieves the
highest accuracy, whereas for WQI regression, the same model, adapted for regression, produces
the best Rz score, demonstrating robust predictive performance. Users provide 16 water sample
parameters through the interface, enabling instant predictions for pollution levels and WQI values.
The system also features Exploratory Data Analysis (EDA) visualizations, model performance
comparison, and retraining capabilities, empowering environmental engineers to monitor trends and
adapt models to new datasets. By combining CART-based ML pipelines with Flask, the system
automates preprocessing, model training, prediction, and visualization, significantly reducing
manual effort and enhancing reliability. Implemented using scikit-learn, imodels, and pandas, this
framework delivers a scalable, interpretable, and accurate solution for water quality assessment,
providing actionable insights for environmental management and decision-making.

Key words: Water Quality Assessment, Water Quality Index (WQI), Pollution Prediction, Machine
Learning (ML), Classification and Regression Tree (CART), Auto-Interpretable TaoTree (AITT).

1. INTRODUCTION

Human life, in general, depends on the availability of water, and the water quality is one of the
important factors affecting the practical improvement of daily life. A specific standard of water
quality needs to be reached for the water to be considered potable water, which is safe for humans
to drink. In contrast, non-potable water is the water that is used for everything except human use.
Many large-scale procedures are carried out on non-potable water before use, although it remains
unfit for direct human consumption [1]. According to the World Health Organization, in 2020 more
than 74% of the world's population (5.8 billion people) use safely managed water where the water is
treated well to reach the minimum limit of safety and quality standards as shown in Fig. 1.
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However, more than 2 billion people in the World have access only to polluted or undrinkable
water [2]. For example, according to it was reported that approximately 1.8 billion people
worldwide use non-potable water sources. As a result, it affects the lives of people especially
children, resulting in their death. According to a 2017 report from the World Health Organization,
about 525,000 children under the age of five die from diarrhoea every year [4].

The process of obtaining fresh water from ground and surface water in the past was easier than
now. This is due to the increased dependence of human life on the availability of water. A rise in
the issues of water pollution is also a result of the industrial and economic growth that humanity has
reached, as well as a lack of knowledge about the right use of wastewater and adequate water use
[3]. It is important to monitor water quality to find out the degree of water pollution, ensure access
to clean water resources and apply effective guidelines for the protection of Water Resources.
Predicting water quality is a difficult task. Many researchers have made a great effort in
determining water quality because of its importance to human life. Therefore, it is an urgent
necessity for humans to provide safe drinking water as it maintains the health of the kidneys, and
the intestines nourish the muscles and help to maintain body fluid.
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Fig. 1: Water quality index per very year.

To ensure the potability of water, it is important to devise new technologies and methods. The
water quality index is a method used for measuring water quality which reflects the impact of
different water standards on its quality. The calculation of WQI is necessary to determine the
usability of water and to know the water specifications. It converts complex analyses of water
properties and huge amounts of data into easy information that can be understood and used by
specialists and non-specialists. The water quality measurement index has been evaluated by many
international studies as the basis for measuring various water indicators [5].

2. LITERATURE SURVEY

Mohammad Ehteram, et al. [6] Developed a new hybrid model for predicting the WQI. The study
uses a combination of a CNN, CRNN, and M5T to predict a WQI. The M5T model lacks advanced
operators for extracting meaningful data from water quality parameters, so the new model enhances
its ability to analyse intricate patterns. The general linear model analysis of variance is an improved
version of the ANOVA. Our study uses the GLM-ANOVA to determine significant inputs. As all
input variables had p < 0.050, they were defined as significant variables. Results showed that NH-
NL and PH had the highest and lowest impact, respectively. Our study used the CNN-CRNN-M5T,
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CNN-CRNN, CRNN-M5T, CNN-M5T, CNN, CRNN and M5T models to predict the WQI of a
large basin in Malaysia.

Guohao Zhang, et al. [7] Constructed an integrated DL framework for predicting water pollutant
concentrations, incorporating several key modules including data preprocessing, frequency
decomposition, feature enhancement, sample augmentation, and decoder regression prediction. In
the established model, an improved wavelet transform algorithm is first employed to address the
issue of original data being unable to effectively distinguish detailed features, thereby accurately
extracting the periodicity and volatility characteristics of the data. Secondly, an encoder module
based on the Informer architecture enhances various frequency domain features and further
improves the quality of features and their correlation with labels through distillation techniques.
Huang, et al. [8] Proposed a hybrid DL and ML framework that classifies WQI categories using
CNN, KNN, NB, and MLP. CNN processes time-series groundwater data as 2D matrices,
leveraging dilated convolutions and regularization techniques to extract multiscale temporal
patterns. The model was trained and validated on post-monsoon groundwater datasets from
Telangana, India, employing fourfold cross-validation. Among the algorithms tested, CNN
achieved the best performance with RMSE: 0.0654 and R2: 0.9981, reducing prediction error by
18-48% over KNN, NB, and MLP. These results highlight CNN’s superior ability to learn from
spatial-temporal dynamics while maintaining computational efficiency. Unlike previous studies
focused solely on regression models or singular algorithms, this study combined multiple classifiers
into a unified prediction pipeline, enhancing adaptability across heterogeneous datasets. Lingling
Zhu, et al. [9] Used DL methods such as CNN and LSTM to classify water quality. Next, it
identifies the air quality in Urban Development. The convolutional LSTMSs use convolutional layers
and the recurrent connections found in LSTMs. This allows the model to capture spatial
dependencies in the input data in addition to the temporal dependencies captured by the recurrent
connections. We also use thorough exploratory analysis to investigate the various beach habitats
and the kinds of trash discovered in multiple places. Lowering water pollution and raising air
quality are both strategies that can be employed to ensure sustainable urban development. The
performance metrics such as accuracy, recall, precision, and F1-score are evaluated and classify the
water pollution efficiently. In the water pollution dataset, the algorithms of RNN 65%, DBN 78%,
LSTM 82%, and the proposed work of Conv.LSTM 92%. Similarly, for the air pollution dataset,
the algorithms of RNN 60%, DBN 75%, LSTM 80%, and the proposed work of Conv.LSTM 91%.

J. K. Pandya, et al. [10] Presented a novel approach to predicting water potability by developing an
advanced ensemble model and an interactive visualization dashboard. A comprehensive dataset of
water quality parameters was collected and pre-processed to ensure data integrity. An ensemble
model combining DTs, RF, GBM, XGBoost and NN was constructed, leveraging the strengths of
each algorithm to enhance predictive accuracy. The model achieved an accuracy of 96.7%,
precision of 96.7%, recall of 100%, and F1-score of 98.4%, outperforming existing models in the
literature. Yituo Zhang, et al. [11] Proposed an integrated EMD-LSTM model that combines the
data preprocessing module cantered on empirical mode decomposition (EMD) and the LSTM
neural network prediction module to improve the accuracy of the modelling-based detection
methods. In the integrated EMD-LSTM model, EMD allows retaining outliers and utilizing data on
non-aligned moments, which contributes to capturing data patterns, while powerful nonlinear
mapping and learning ability of LSTM neural network enables the time series prediction of water
quality. Chen, et al. [12] Conducted extensive investigation and analysis on ANN-based water
quality prediction from three aspects, namely feedforward, recurrent, and hybrid architectures.
Based on 151 papers published from 2008 to 2019, 23 types of water quality variables were
highlighted. The variables were primarily collected by the sensor, followed by specialist
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experimental equipment, such as a UV-visible photometer. Five different output strategies, namely
Univariate-Input-Itself-Output, Univariate-Input-Other-Output, Multivariate-Input-Other(multi)-
output, Multivariate-Input-Itself-Other-Output, and Multivariate-Input-Itself-Other (multi)-Output,
are summarized. From results of the review, it can be concluded that the ANN models can deal with
different modelling problems in rivers, lakes, reservoirs, wastewater treatment plants, groundwater,
ponds, and streams. The results of many of the review articles are useful to researchers in prediction
and similar fields.

Xu, et al. [13] Proposed an automated water quality assessment framework where we formalise a
predictive model using ML to infer the water quality and level of pollution using collected water
and sediments samples. Firstly, due to the sparsity of sample collection locations, the amount of
sediment samples of water is limited, and the dataset is incomplete. Therefore, after an extensive
investigation on various data imputation methods’ performance in water and sediment datasets with
different missing data rates, we chose the best imputation method to process the missing data.
Afterwards, the water sediment sample will be tagged as one of four levels of pollution based on
some guidelines and then the ML model will use a specific technique named classification to find
the relationship between the data and the result. After that, the result of prediction can be compared
to the real result so that it can be checked whether the model is good and whether the prediction is
accurate. Liu, et al. [14] Focused on a water quality prediction model which requires high-quality
data. In the process of construction and operation of smart water quality monitoring systems based
on loT, more big data are produced at a high speed, which has made water quality data complicated.
Taking advantage of the good performance of LSTM deep neural networks in time-series
prediction, a drinking-water quality model was designed and established to predict water quality big
data with the help of advanced deep learning. Hangan, et al. [15] Presented an overview of the latest
research related to ICT systems for water resource monitoring, control and management. The main
objective of our review is to show how emerging technologies offer support for smart
administration of water infrastructures. The paper covered research results related to smart cities,
smart water monitoring, big data, data analysis and decision support. Our evaluation reveals that
there are many possible solutions generated through combinations of advanced methods. Emerging
technologies open new possibilities for including new functionalities such as social involvement in
water resource management. This review offered support for researchers in water monitoring and
management to identify useful models and technologies for designing better solutions.

3. PROPOSED SYSTEM

The proposed system presents an advanced and intelligent water-quality assessment framework that
utilizes ML techniques to accurately predict pollution levels and estimate WQI. Unlike
conventional approaches that rely on fixed thresholds and manual evaluation, this system analyzes
complex patterns within historical water-quality datasets to deliver more accurate and adaptive
predictions. The architecture incorporates key components such as data preprocessing, feature
scaling, label encoding, model training, evaluation, and real-time prediction, all integrated within a
Flask-based web application as shown in Fig. 2. It employs multiple ML models including RF, GB,
LLR, DT, along with advanced interpretable models like AITT and ET, ensuring high performance,
reliability, and transparency in decision-making.
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Fig 2: Proposed system architecture

These models work together to classify pollution levels into Low, Medium, or High and to regress
the WQI value based on physicochemical parameters such as pH, temperature, DO, turbidity, COD,
BOD, nitrates, and heavy metal concentrations. Additionally, the system provides a secure, role-
based user interface where environmental engineers can train models, compare performance
metrics, and conduct EDA through interactive dashboards. Normal users can access a simplified
prediction module to input water sample parameters and obtain immediate pollution and WQI
results. All computations, model loading, and prediction processes occur in real time, enabling a
highly responsive and automated environmental monitoring solution. Overall, the proposed system
enhances decision-making accuracy, reduces manual effort, and provides a scalable, data-driven
framework for water quality monitoring and environmental protection.

3.1 AITT CART Model

The Auto-Interpretable Ensemble is a model-selection-based ensemble designed to choose the most
accurate and interpretable model from a set of candidate interpretable learners. Instead of
combining predictions, this ensemble trains multiple interpretable algorithms such as Extra Tree
and Tao Tree and evaluates each model independently using a validation or test dataset as
illustrated in Fig. 3. For every candidate model, key performance metrics like Accuracy (for
classification) or R? Score (for regression) are computed. Once all models are evaluated, the
ensemble compares their performance scores and selects the single best-performing model. This
approach ensures both high predictive performance and interpretability because the final model is
always a transparent learner (decision rules or shallow tree).
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Fig. 3: AITT working operation.

Prepare the Data: The process begins with collecting the raw dataset, which includes input
features (X) and target values (y). Data preprocessing is performed by handling missing values,
applying imputation techniques, and encoding categorical variables. The dataset is then split into
training and validation sets, typically in an 80/20 ratio, or k-fold cross-validation is used. This
ensures that the model can be evaluated properly on unseen data.

Define Candidate Model List: Next, a list of candidate models is selected based on the problem
type. These models could include different algorithms such as Extra Trees Classifier (ETC) or other
tree-based techniques. For each model, a set of hyperparameters is defined, either using default
values or specifying a range for tuning. This step sets up multiple models for comparison.

Preprocess Training Features: Before training, feature preprocessing techniques like scaling and
encoding are applied to the training data. These transformations are fitted only on the training set to
avoid data leakage. The same fitted transformers are saved for use during validation and testing.
This ensures consistency in how data is processed across all stages.

Train Each Candidate Model: Each candidate model is then trained using the pre-processed
training data. The model is initialized with selected hyperparameters and fitted on X_train and
y_train. Optionally, hyperparameter tuning methods like grid search or random search can be
applied using cross-validation. This step helps improve model performance by finding optimal
parameter values.

Evaluate Each Candidate Model: After training, each model is evaluated using the validation
dataset. The validation features are transformed using the same preprocessing steps applied earlier.
Predictions are generated and compared with actual values using appropriate metrics. Classification
models use metrics like accuracy and F1-score, while regression models use R?, MAE, or RMSE.

Compare and Select the Best Model: Finally, all candidate models are compared based on their
evaluation metrics. A selection criterion is chosen, such as highest accuracy for classification or
highest R? for regression. If multiple models perform similarly, simpler models with lower
complexity are preferred. The best-performing model is then selected for deployment or further
testing.

4. Result Description

Fig. 4 shows, the system displays the performance results of the AITT, which combines multiple
models to achieve significantly higher accuracy and reliability in predicting water pollution levels.
The top section presents impressive performance metrics, including accuracy, precision, recall, and
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F1-score each exceeding 97%, indicating outstanding predictive capability. The Confusion Matrix
visualization demonstrates the classifier’s strong ability to correctly classify all five pollution
categories with minimal misclassification. Additionally, the Classification Report provides detailed
precision, recall, and F1-score values for each class, along with the total support count. This figure
highlights the superiority of the AITT Classifier compared to individual models and confirms its
role as the most robust and accurate classification model in the system.
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Fig. 4: AITT classifier performance visualization

Fig. 5 the AITT regressor achieves near-perfect alignment between predicted and actual WQI
values. Residuals are minimal and evenly distributed, reflecting accurate capture of both low and
high WQI ranges. With an R? of 0.9347, low MAE of 1.2564, and RMSE of 7.4572, the model
demonstrates strong predictive capability across the entire dataset. This visualization confirms
AITT as the most reliable model for WQI prediction, effectively representing complex patterns in
water quality data.

Fig. 6 shows, the prediction interface enables users to input various water sample parameters and
generate real-time predictions for pollution level and water quality index. The upper section
provides input fields for sixteen key physical, chemical, and biological parameters such as
temperature, pH, dissolved oxygen, turbidity, nutrients, heavy metals, and coliform count. After
entering the values, users can click the “Predict Water Quality” button to obtain results. The system
displays outputs from multiple ML models, including RF, GB, DT, Logistic Regression, and AITT.
The left panel shows pollution level classification results, while the right panel presents numerical
WQI predictions for each model. This interface provides an interactive, user-friendly environment
for evaluating water quality based on real-time input data.
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Fig. 5: AITT regressor model performance visualization.
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Fig. 6: Prediction Interface for Water Quality Assessment

Table 1: Comparative analysis of classification models for water pollution level prediction

Model Accuracy Precisio Recall F1-

n Score
RF model 79.39% 79.53% 79.39% 79.37%
GB model 53.17% 53.04% 53.17% 53.03%
DT model 20.61% 12.41% 20.61% 14.98%
Logistic Regression 24.11% 23.95% 24.11% 23.30%
AITT model 97.33% 97.36% 97.33% | 97.33%

Table 1 presents the comparative performance of various classification models for predicting water
pollution levels. Among traditional models, the RF achieves the highest accuracy of 79.39%, while
GB, DT, and Logistic Regression exhibit significantly lower performance. The AITT model
outperforms all other models with an accuracy of 97.33%, along with consistently high precision,
recall, and Fl-score. These results demonstrate the superior capability of the AITT model in
capturing complex patterns in water quality data, providing highly reliable predictions for
environmental monitoring.

Table 2: Comparative analysis of regression models for WQI prediction

Model MAE MSE RMSE R2
Score
RF model 9.1117 477.5896 | 21.8538 | 0.4391
GB model 23.4803 | 745.7748 | 27.3089 | 0.1241
DT model 25.2127 | 848.3128 | 29.1258 | 0.0037
Linear Regression 25.2216 849.9767 29.1544 0.0018
AITT model 1.2564 55.6096 7.4572 0.9347
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Table 2 compares the performance of different regression models for WQI prediction. Among
conventional models, RF shows moderate performance with an R? of 0.4391, while GB, DT, and
LR exhibit low predictive capability. The AITT model demonstrates superior accuracy with an
MAE of 1.2564, RMSE of 7.4572, and an R? of 0.9347. These results highlight AITT’s
effectiveness in capturing complex patterns in water quality data, making it the most reliable model
for WQI prediction.

5. CONCLUSION

This research integrates ML techniques with a Flask-based web interface, delivering real-time,
reliable, and interpretable predictions for water pollution levels and WQI. The system employs
systematic preprocessing, trains multiple models, and evaluates performance using standard
metrics, ensuring predictions are accurate and scientifically meaningful. The AITT CART model
demonstrates superior capability by capturing complex patterns in the dataset, providing high
accuracy and robust performance while maintaining interpretability, a key requirement in
environmental applications. The system streamlines the traditionally complex process of water
quality assessment by automating tasks that otherwise require laboratory analysis and extensive
manual effort. Environmental engineers can perform EDA, train and compare multiple models, and
deploy predictions efficiently using the integrated backend, while users benefit from a simple web
interface that delivers consistent, transparent, and actionable water quality insights.
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