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Abstract

This project develops a water quality prediction system using machine learning and IoT devices to
assess and classify water quality accurately, efficiently, and effectively. IoT sensors are deployed to
collect real-time data on various key water quality parameters, including pH, temperature, and
conductivity, etc. Data is futher comprehensively analyzed. Missing values are preprocessed, and water
quality indices such as the National Sanitation Foundation Water Quality Index (NSFWQI) are applied.
Various machine learning models, including linear regression, decision tree regressor, support vector
regressor, random forest regressor and gradient boosting regressor, are utilized to predict water quality.
These models are evaluated using performance metrics such as Mean Absolute Error (MAE), Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), and R? score. The project highlights how Al
and IoT can enhance water quality assessment for household, industrial, and environmental applications
by enabling real-time monitoring and predictive analysis.

Keyword: Water Quality Prediction, Machine Learning, Water Quality Index (WQI), Feature
Engineering, Data Preprocessing, Environmental Assessment, IoT integration.

1. Introduction
Groundwater is a critical resource supporting drinking water, agriculture, and industry, especially in
regions with limited surface water access. However, contamination from industrial waste, agricultural
runoff, and improper disposal poses significant risks to human health and ecosystems. Traditional
monitoring methods, relying on periodic sampling, often fail to capture real-time fluctuations in water
quality.

Artificial Intelligence (Al) presents a transformative approach to groundwater quality prediction. By
analyzing large datasets—including historical water records, environmental factors, and land use—AlI
models can identify contamination patterns, predict water quality trends, and assist decision-makers in
mitigating risks. Techniques like machine learning enhance the ability to handle complex interactions
among multiple factors, improving prediction accuracy.

Al-driven models, especially enables real-time accurate and responses to contamination. Despite
challenges like data availability, Al offers a powerful complementary tool for ensuring sustainable
groundwater management and public health protection.

2. Literature Review
A literature review on groundwater quality prediction using Al models explores the advancements in
predictive techniques, datasets, and methodologies employed in this field. Various studies emphasize the
necessity of monitoring groundwater parameters such as pH, Biochemical Oxygen Demand (BOD),
Total Dissolved Solids (TDS), and temperature. The integration of Al models has significantly improved
the accuracy and efficiency of groundwater quality assessment, reducing dependency on traditional
monitoring systems. Machine learning algorithms such as Support Vector Machines (SVM), Random
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Forest (RF), and Gradient Boosting Models (GBM) have been widely used for groundwater
classification and prediction of Water Quality Index (WQI).

The study "Predicting Groundwater Quality Using Al-Based WQI Models" presents an approach that
utilizes machine learning models to classify groundwater quality. The research highlights the
significance of water quality for human consumption and investigates factors influencing groundwater
contamination. Key parameters such as pH, temperature, and TDS are considered for modeling. The
study implements an Al-driven WQI framework that categorizes water into excellent, good, fair, and
poor quality. The methodology involves data collection, preprocessing, and training of multiple Al
models to enhance prediction accuracy. The research demonstrates the effectiveness of Al in evaluating
groundwater safety, benefiting policymakers and environmental agencies. [1]

The study "Clustering-Based Water Quality Analysis in an Agricultural Reservoir" explores the use of
clustering techniques to analyze water quality in an agricultural reservoir. The research focuses on IoT-
based sensor data to monitor water quality in real time. Parameters like dissolved oxygen (DO), pH,
TDS, and conductivity are measured using sensor-equipped buoys. The study applies the K-Means
clustering algorithm to segment water quality patterns and assess contamination levels. The elbow
method and silhouette coefficient are used to determine optimal clusters, improving monitoring
strategies. The results validate the effectiveness of clustering in water quality assessment, aiding
aquaculture and irrigation practices. [2]

Wang et al. (2017) introduce a machine learning-based approach for water treatment optimization. The
study employs a Support Vector Machine (SVM) model to predict chemical dosing levels in water
treatment plants. Parameters such as turbidity, pH, and organic matter concentration are analyzed. The
research incorporates Particle Swarm Optimization (PSO) to fine-tune SVM parameters, enhancing real-
time assessment capabilities. The study proposes a feedforward-feedback control mechanism to improve
treatment efficiency. The findings highlight the potential of Al-driven models in ensuring safe and stable
drinking water quality while addressing challenges related to treatment process variability. [3]

Khatri et al. (2020) investigate the transition from MATLAB’s fuzzy logic-based water quality
evaluation to Python-based real-time assessments. MATLAB’s fuzzy inference systems are widely used
for WQI computation, but their offline nature limits real-time applications. The study implements fuzzy
logic on a Raspberry Pi system using Python, enabling continuous water quality monitoring. Key
parameters such as pH, turbidity, DO, and TDS are analyzed to compute WQI. The study demonstrates
that Python-based fuzzy logic is as accurate as MATLAB but offers enhanced scalability and efficiency,
making it suitable for real-time water quality assessments. [4]

Nayan et al. (2020) explore the use of machine learning for river water quality prediction in Bangladesh.
The research applies a Gradient Boosting Model (GBM) to analyze water quality trends based on
historical data from 2013 to 2019. Parameters like pH, DO, and BOD are considered for modeling. The
study finds a strong correlation between predicted and observed water quality levels, demonstrating the
effectiveness of GBM in forecasting water conditions. The findings emphasize the importance of
predictive analytics in water resource management, assisting authorities in mitigating contamination
risks. [5]

Prakash et al. (2018) evaluate classification algorithms for groundwater quality assessment in India. The
study compares Decision Tree (DT), K-Nearest Neighbors (KNN), and SVM models to classify water
samples based on mineral content and conductivity. Data from 51 districts are analyzed, categorizing
samples into good, average, and poor quality. The study utilizes confusion matrices and ROC curves to
measure classification performance. Results indicate that SVM achieves the highest accuracy (96.6%),

ISSN : 2581-7175 ©IJSRED: All Rights are Reserved Page 697



International Journal of Scientific Research and Engineering Development-— Volume 8 Issue 2, Mar-Apr 2025
Available at www.ijsred.com

outperforming DT and KNN. The study concludes that SVM is a reliable model for groundwater quality
classification and resource management. [6]

Hassan et al. (2020) investigate machine learning applications in water quality assessment, focusing on
WQI prediction. The study evaluates models such as Random Forest (RF), Neural Networks (NN),
Multinomial Logistic Regression (MLR), and Bagged Tree Models (BTM) on datasets from Indian
water bodies. Data preprocessing includes missing value imputation using Random Forest and
normalization through min-max scaling. The study finds that MLR achieves the highest prediction
accuracy (99.83%), demonstrating the potential of Al models in optimizing water quality assessments
for public health management. [7]

Sidek et al. (2024) analyze WQI prediction in the Johor River Basin, Malaysia, using ensemble machine
learning. The study highlights BOD, COD, and DO% as primary water quality indicators. Gradient
Boosting (GB) and Random Forest (RF) models are employed to predict WQI, achieving R? values of
0.85 and 0.86, respectively. The research concludes that using only three parameters, WQI can be
accurately estimated, offering cost-effective solutions for water quality monitoring. The study provides
valuable insights for environmental management agencies aiming to improve water resource
sustainability. [8]

William et al. (2023) explore Al-based monitoring in Water Distribution Systems (WDS). The study
addresses the limitations of traditional monitoring by simulating bio-contamination risk propagation
using Al models. ANN and SVM techniques are integrated into a smart monitoring system to detect
water quality anomalies. The research demonstrates that Al-driven systems can improve real-time water
quality control by identifying contaminants early. The implementation of ANN enhances the accuracy of
predictions for parameters like DO, pH, and organic carbon, emphasizing Al’s role in cost-effective and
efficient water quality monitoring. [9]

Nair and Vijaya (2022) examine river water quality prediction using machine learning. The study
focuses on WQI-based assessments for eleven sampling stations along the Bhavani River in India.
Parameters such as pH, BOD, and turbidity are analyzed using ML algorithms. The research applies
GBM and RF models, achieving high prediction accuracy. The study underscores the importance of Al
in water quality evaluation and provides insights into model selection for future predictive applications.
The findings support the adoption of Al in environmental monitoring to ensure sustainable water
resource management. [10]

. Methodology
To accurately predict wqi, we employ a range of pre-processing methods as well as machine learning
algorithms. Which can be stated as median immputations, national sanitation foundation water quality
index, linear regression, decision tree regression, support vector regression, random forest regression
and gradient boosting regressor. The following sections provide a detailed explanation of each approach.

Median Imputation:

Median imputation is a statistical technique used to handle missing data by replacing missing values
with the median of the observed values in a dataset. It is particularly effective for numerical data with
skewed distributions, as the median is less sensitive to outliers compared to the mean. This method
preserves the central tendency of the data without being overly influenced by extreme values. Median
imputation is commonly used in machine learning and data preprocessing to maintain data consistency
while minimizing bias introduced by missing values.
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b. National Sanitation Foundation Water Quality Index (NSF-WQI):
NSF-WQI is a standardized method for assessing water quality based on multiple physical, chemical,
and biological parameters. Each parameter is assigned a weight and transformed into a sub-index,
which are then aggregated to compute a final score. The index categorizes water quality into five
classes, ranging from excellent to poor. NSF-WQI simplifies complex water quality data for public
understanding and policy decisions. However, it may not capture local environmental factors and
specific contaminant effects accurately.

c. User Interface:
To facilitate interaction with the water quality prediction system, a user-friendly interface was
developed, accessible through manual input or real-time IoT sensor data. The interface includes five
key pages: Home, Manual Input, IoT Input, Suggestions, and Contact, along with two result pages —
Manual Suggestion and IoT Suggestion — providing comprehensive model-based insights.

Features, Vision, and Mission
The Ul aims to provide an interactive, efficient platform for water quality analysis with the following
features:
e Dual Input Methods: Users can manually enter water parameters or fetch real-time IoT sensor
readings.
e Machine Learning Predictions: Models like GBR handle immediate predictions, while other
models contribute to multi-perspective results.
e Comprehensive Suggestions: Actionable recommendations categorized into scientific,
Ayurvedic, and cross-verification methods.
e Developer Contact & Support: A dedicated contact page allows feedback, assistance requests,
and continuous improvement suggestions.

1. Manual Input Interface

The Manual Input Page allows users to enter seven key water parameters (e.g., pH, DO, Nitrate, etc.)
to generate a Water Quality Index (WQI) and classification. Users can then access the Manual
Suggestion Page to view results from multiple models and receive tailored improvement suggestions.
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AquaSense Al Manual Input

Water Quality Index Calculator

An index value Is calculated for each of seven parameters: Temperature, Dissolved Cygen, pH, Conductivity, Blological Cxygen Demand, Nitrate and Total Coliform. A higher value of
each index indicates better water quality. The WQI is calculated using various ML models which were trained to predict its value accurately.

6 1o laarn more abiout the ISA and the five water quality parameters used to compute it,

Parameter Data Entry Parameter Range
@ Temperature (°C) ’ 30 ‘
@ DO (mg/L) ’ s ‘

(&) pH

TR RY

z Conductivity (uS/cm) 340 ‘
i BOD (mg/L) ‘ 10 ‘
@. Nitrate (ma/L) ’ 10 ‘
57 Total Coliform (mg/L) 2 ‘
Good (71-90)
Water Quality Index: WQI 56.88 Average (51-70)
Fair (26-50)

Category: Average

View Improvement Suggestions.

Fig 1.1: Manual Input UI (Webpage)

2. IoT-Based Input Interface

The IoT Input Page retrieves real-time sensor data for four key parameters, automatically generating
predictions. The IoT Suggestion Page extends this with a comparative analysis and targeted
suggestions, enhancing decision-making for automated monitoring systems.
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& AquaSense Al T IoT Input )

Water Quality Index Calculator

An index value is caleulated for each of four parameters: lemperature, Dissolved Uxygen, pH and Lonductivity. A higher value of each index indicates better

water quality. The WQI i calculated using vanous ML models which were trained to predict its value accurately.

Click here to learn mare about the ISQA and the five water quality parameters used te compute it

Parameter Data Entry Parameter Range

4y Temperature (°C) 3

@ DO (mg/L) 10

et PH 10

g CUnduLlivity (pS/em) 1

il

Good (71-90)
Water Quality Index: WOI: 60.68 Average (51-70)
Fair (26-50)

Category: Average

View Improvement Suggestions

Fig 1.2: 1IoT Input UI (Webpage)

3. Suggestion System
The Suggestion Page bridges predictions and actionable insights, offering recommendations across:
e Scientific Methods: Filtration, aeration, and chemical treatments for specific contaminants.
e Ayurvedic Approaches: Traditional purification techniques like copper vessels or herbal
infusions.
e Cross-Verification Methods: Additional testing or alternative measurement techniques to
validate assessments.

d. Linear Regression (LR):
Linear Regression is a fundamental statistical method used to model relationships between a
dependent variable and one or more independent variables. It assumes a linear relationship and
estimates coefficients using the least squares method to minimize errors. LR is widely used in
predictive modeling and trend analysis due to its simplicity and interpretability. However, it is
sensitive to outliers and performs poorly when the relationship between variables is non-linear or
when multicollinearity is present.

e. Decision Tree Regression (DTR):
Decision Tree Regression is a non-linear machine learning algorithm that splits data into hierarchical
decision nodes based on feature values. It recursively partitions data to create a tree-like structure,

ISSN : 2581-7175 ©MSRED: All Rights are Reserved Page 701



International Journal of Scientific Research and Engineering Development-— Volume 8 Issue 2, Mar-Apr 2025
Available at www.ijsred.com

making predictions by following branches to terminal nodes. DTR is easy to interpret, handles both
numerical and categorical data, and requires minimal data preprocessing. However, it tends to overfit
on small datasets and is sensitive to noisy data, which can reduce its generalization ability.

f. Support Vector Regression (SVR):
Support Vector Regression is a machine learning algorithm that uses Support Vector Machines (SVM)
for regression tasks. It maps input data into a high-dimensional space using kernel functions and finds
a hyperplane that best fits the data within a defined margin. SVR is effective in handling non-linearity
and works well with small datasets. However, it is computationally expensive, sensitive to
hyperparameter selection, and may not scale well to large datasets.

g. Random Forest Regression (RFR):

Random Forest is an ensemble learning technique that combines multiple decision trees to improve
classification accuracy and reduce overfitting. It operates by creating a "forest" of decision trees, each
trained on a random subset of data and features. The final prediction is determined through majority
voting (classification) or averaging (regression) across all trees. The key steps in the Random Forest
algorithm include:

1. Bootstrapping the dataset to create multiple training subsets.

2. Training decision trees independently on different feature subsets.

3. Aggregating the predictions from all trees for the final output.

Random Forest is robust, handles nonlinear relationships well, and is less prone to overfitting
compared to individual decision trees. However, it can be computationally expensive for large
datasets.

h. Gradient Boosting Regressor (GBR):
Gradient Boosting Regressor is an advanced ensemble learning technique that builds multiple weak
learners (usually decision trees) sequentially, with each tree correcting the errors of the previous ones.
It optimizes performance using gradient descent, making it highly accurate for complex datasets. GBR
is effective in handling non-linearity and feature interactions but is prone to overfitting if not properly
tuned. Additionally, it is computationally intensive, making training time longer than simpler models.

4. Results & Discussion
To assess the performance of different machine learning models for wqi calculation, we evaluated them
using metrics like: ROC AUC, Accuracy, Precision, and Recall.
e MAE (Mean Absolute Error) measures the average absolute difference between predicted and
actual values, indicating overall prediction accuracy.
e MSE (Mean Squared Error) calculates the average squared difference between predicted and
actual values, penalizing larger errors more than smaller ones.
e RMSE (Root Mean Squared Error) represents the square root of MSE, providing a more
interpretable measure of error in the same unit as the target variable.
e R? (R-squared) evaluates how well the model explains variance in the target variable, with values
closer to 1 indicating better fit.
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MAE MSE RMSE R?
Linear Regression 5.12 45.75 6.76 0.74
Decision Tree Regressor 0.82 6.9 2.63 0.96
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Support Vector Regressor 4.85 46.21 6.8 0.74
Random Forest Regressor 0.87 5.59 2.36 0.97
Gradient Boosting Regressor 0.75 2.16 1.47 0.99

From the results:
e Gradient Boosting Regressor achieved the lowest error values (MAE: 0.75, MSE: 2.16, RMSE:

1.47) and the highest R2 score (0.99), indicating the best overall performance.

e Random Forest Regressor also performed well with low MAE (0.87) and RMSE (2.36), and a
strong R2 score (0.97), making it a reliable choice.

e Decision Tree Regressor showed good accuracy (R2: 0.96) but had slightly higher error values than

Random Forest.
e Linear Regression and Support Vector Regressor had higher error values (MAE ~5, RMSE ~6.8)

and lower R? (0.74), indicating weaker predictive performance.

1. Residual vs Predicted Value Plot
Visualizes error patterns across predictions, ideally showing random scatter around zero. Patterns

suggest missing trends or heteroscedasticity, while outliers indicate model bias or prediction limitations.

Linear Regression - Residuals vs Predicted
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Fig 2.1: LR - Residual vs Predicted Value Plots

Observations from the Graphs:
o LR (Left): The residuals show a slight trend, indicating that the model may not be capturing some

non-linear relationships.
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Fig2.2: SVR & DTR - Residual vs Predicted Value Plots
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Observations from the Graphs:
e SVR (Left): Residuals are widely spread, with a concentration around mid-predicted values (~40—

60).
e DTR (Right): Residuals appear randomly distributed, but some large errors are present.
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Fig 2.3: RFR & GBR - Residual vs Predicted Value Plots

Observations from the Graphs:
e RFR (Left): Points are mostly scattered around the zero line, indicating that RFR captures most

relationships well.
e GBR (Right): A well-balanced spread of residuals, though a slight negative trend is visible.

2. Histogram & KDE of Residuals
Reveals if residuals follow a normal distribution, indicating unbiased predictions. KDE helps detect

skewness or deviations, offering insights into model performance.

Linear Regression - Residuals Histogram & KDE
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Fig 3.1: LR - Histogram & KDE of Residuals Plots

Observations from the Graphs:
o LR (Left): Residuals are approximately normal, but there are some deviations at the tails.
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Support Vector Regressor (SVR) - Residuals Histogram & KDEDecision Tree Regressor (DTR) - Residuals Histogram & KDEI
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Fig 3.2: SVR & DTR - Histogram & KDE of Residuals Plots

Observations from the Graphs:
e SVR (Left): Slightly right-skewed, meaning the model tends to underpredict certain values.
e DTR (Right): A high peak at zero, meaning most predictions are highly accurate, but there are
occasional large errors.
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Fig 3.3: RFR & GBR - Histogram & KDE of Residuals Plots

Observations from the Graphs:
e RFR (Left): The KDE curve aligns well with the histogram, suggesting that residuals are centered
around zero with fewer large errors.
e GBR (Right): A well-distributed residual curve, showing minimal bias.

AIC & BIC Graph:
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AIC and BIC Comparison Across Models
1600 - AIC
BIC

1400 A

1200 A

1000 ~

800 A

Criterion Value

600

400 A

T T T T T
LR DTR SVR RFR. GER
Models

Fig 4: AIC & BIC Graph

The AIC and BIC comparison shows that Gradient Boosting Regressor (GBR) has the lowest values,
indicating the best model fit with minimal complexity. Support Vector Regressor (SVR) and Linear
Regression (LR) have the highest AIC and BIC values, suggesting a poorer fit and higher model
complexity. Decision Tree Regressor (DTR) and Random Forest Regressor (RFR) fall in between, with
moderate AIC and BIC values. Based on these findings, GBR emerges as the most efficient model due
to its balance of predictive performance and simplicity.

5. Conclusions
This project demonstrates the effectiveness of IoT and Al in water quality assessment. Real-time IoT
sensors enable continuous monitoring, while machine learning models improve prediction accuracy. The
findings support the adoption of Al-based systems for sustainable water management, benefiting
households, industries, and environmental agencies. Future research may focus on integrating additional
water quality parameters and deploying edge computing for on-device analytics.
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