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Abstract: Water is the most crucial resource of life and it is necessary for the survival of all living creatures including human
beings. The survival of business and agriculture depends on fresh water. An essential step in managing freshwater assets is the
evaluation of the quality of the water. Before using water for anything, including drinking, chemical spraying (pesticides, etc.),or
animal hydration , it is crucial to assess its purity. The ecosystem and the general public’s health are directly impacted by water
quality. Therefore, analyzing and predicting water quality is necessary for both environment and human protection. Machine
learning can be used to analyze and predict the water quality based on the parameters like PH value, turbidity, hardness,
conductivity, dissolved solids in water and others parameters as input to machine learning algorithms and the water is classified as
safe or unsafe for the usage of domestic purposes. The Flask applications predicts water quality safety using an XG Boost classifier
trained on a dataset (waterQualityl.csv). The dataset undergoes preprocessing where missing values are dropped and object type
columns are converted to numeric types. Categorical target variables are encoded for machine learning compatibility. The model is
trained on the processed data, evaluated for accuracy, and then used to predict the safest status (“Safe” or “Not Safe”)based on user-
inputted water quality parameters. Predicted results are displayed ton users on a web page rendered using Flask
(predictdailyhousehold.html). The proposed work uses various ML models such as Logistic Regression, Support Vector Machine
(SVM), XG Boost(XG) and Random Forest(RF) to classify whether the water is drinkable. The XG boost classifier is selected for
the explanation and yields optimum Accuracy and F1-Score of 0.98, with Precision and Re-call of 0.97 and 0.99 respectively. This
work is an emerging research at present with a vision of addressing the water quality for the future as well.

Index Terms - XG Boost classifier, Support Vector Machine (SVM), Logistic Regression, Random Forest, Robust Scaler,
Exploratory Data Analysis

l. INTRODUCTION

Access to clean and safe water is a fundamental human necessity, yet water contamination remains a pressing global issue, particularly
in developing nations where environmental regulations and water treatment infrastructure may be inadequate. Poor water quality
poses severe health risks and environmental hazards, including the spread of waterborne diseases and degradation of ecosystems.
Monitoring and ensuring the safety of water resources is thus a key priority for governments, environmental agencies, and public
health organizations [5]. Traditionally, water quality analysis has relied heavily on manual sampling and laboratory testing, which
are time-consuming, labor-intensive, and not always feasible for real-time monitoring. With the advancement of data-driven
technologies, there has been a growing shift toward using machine learning techniques to automate and enhance water quality
assessment. These techniques offer the capability detect patterns and predict water safety levels based on various chemical, physical,
and biological indicators present in the water. In this project, we apply several popular machine learning algorithms—namely Random
Forest, Support Vector Machine (SVM), Logistic Regression, and XG Boost—to classify water as "safe” or "unsafe" based on a
variety of quality parameters. The dataset, once preprocessed and standardized, was used to train and evaluate these models, with the
goal of identifying the most effective technique for accurate water safety classification. Standard metrics such as accuracy, confusion
matrix, and classification reports were used to assess the performance of each model [1]. Water quality prediction, like many
classification problems, comes with its own challenges, such as class imbalance, noisy data, and the need for appropriate feature
selection. Therefore, significant emphasis was placed on data preprocessing, label encoding, and feature scaling to ensure optimal
model performance [14]. Ultimately, our findings aim to demonstrate the feasibility of using machine learning for environmental
monitoring and contribute to the development of intelligent systems for public health and resource management.
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2. LITERATURE SURVEY

WATER QUALITY PREDICTION HAS BECOME AN INCREASINGLY IMPORTANT AREA OF RESEARCH DUE TO ITS IMPLICATIONS FOR PUBLIC
HEALTH, ENVIRONMENTAL PROTECTION, AND SUSTAINABLE RESOURCE MANAGEMENT. A WIDE RANGE OF TECHNIQUES HAVE BEEN
PROPOSED OVER THE YEARS, WITH PARTICULAR EMPHASIS ON THE USE OF NEURAL NETWORKS, DATA MINING, AND DISTRIBUTED DATA
MINING METHODS. THESE TECHNIQUES AIM TO MODEL AND PREDICT WATER QUALITY BASED ON VARIOUS PHYSICOCHEMICAL AND
BIOLOGICAL PARAMETERS COLLECTED FROM RIVERS, LAKES, GROUNDWATER, OR MUNICIPAL SUPPLIES. NUMEROUS STUDIES HAVE
DEMONSTRATED THE EFFECTIVENESS OF MACHINE LEARNING AND RELATED METHODS IN THIS DOMAIN. THE MOST COMMONLY USED
ALGORITHMS INCLUDE ARTIFICIAL NEURAL NETWORKS (ANN), RULE-INDUCTION TECHNIQUES, DECISION TREES, LOGISTIC
REGRESSION, AND SUPPORT VECTOR MACHINES (SVM) [1]. THESE MODELS ARE CAPABLE OF IDENTIFYING COMPLEX, NON-LINEAR
RELATIONSHIPS WITHIN THE DATA, MAKING THEM WELL-SUITED FOR HANDLING THE VARIABILITY AND DYNAMIC NATURE OF WATER
QUALITY INDICATORS. IN THEIR STUDY, BEHROUZ, EMAD, AND SAHIL [2] PROPOSED A WATER QUALITY CLASSIFICATION APPROACH
USING SUPERVISED MACHINE LEARNING ALGORITHMS. THEY IMPLEMENTED AN ENSEMBLE LEARNING STRATEGY TO CREATE A "SUPER
CLASSIFIER" THAT COMBINES THE STRENGTHS OF MULTIPLE MODELS. THEIR WORK NOT ONLY DEMONSTRATED IMPROVED
PREDICTION ACCURACY BUT ALSO PROVIDED A COMPARATIVE ANALYSIS OF TRADITIONAL SUPERVISED LEARNING ALGORITHMS
AGAINST THEIR ENSEMBLE-BASED APPROACH. SIMILARLY, NAVANSHU KHARE AND SAAD YUNUS SAIT [3] OFFERED IN-DEPTH
INSIGHTS INTO THE THEORETICAL FOUNDATIONS OF VARIOUS MACHINE LEARNING ALGORITHMS EMPLOYED FOR WATER QUALITY
PREDICTION. THEIR STUDY EMPHASIZED UNDERSTANDING THE MATHEMATICAL OPERATIONS AND LOGIC BEHIND THE ALGORITHMS
TO BETTER INTERPRET MODEL RESULTS AND PERFORMANCE. FURTHER, SIDDHARTHA BHATTACHARYYA AND COLLEAGUES [6], IN
THEIR 2011 STUDY, CONDUCTED A DETAILED COMPARATIVE ANALYSIS OF SUPPORT VECTOR MACHINES, RANDOM FORESTS, AND
LOGISTIC REGRESSION MODELS IN THE CONTEXT OF WATER QUALITY CLASSIFICATION. THROUGH EXTENSIVE EXPERIMENTS, THEY
CONCLUDED THAT THE RANDOM FOREST ALGORITHM PROVIDED THE HIGHEST CLASSIFICATION ACCURACY, FOLLOWED BY LOGISTIC
REGRESSION AND SUPPORT VECTOR MACHINES, PARTICULARLY IN HANDLING COMPLEX ENVIRONMENTAL DATASETS. IN ANOTHER
NOTEWORTHY STUDY, Y. SAHIN AND E. DUMAN [7] EXPLORED A HYBRID MODELING APPROACH USING BOTH SUPPORT VECTOR
MACHINES AND DECISION TREES. THEIR RESEARCH HIGHLIGHTED THAT WHILE DECISION TREES OFFERED BETTER PERFORMANCE ON
SMALLER DATASETS DUE TO THEIR SIMPLICITY AND INTERPRETABILITY, SUPPORT VECTOR MACHINES OUTPERFORMED AS THE
DATASET SIZE INCREASED, OWING TO THEIR STRONG GENERALIZATION CAPABILITIES.

3.Challenges
Despite the advantages, there are several challenges in building effective water quality prediction systems:
- Data Availability: Water quality datasets are not always readily available and often lack consistency or completeness.
- Regional Differences: Water properties can vary significantly across different regions and climates, affecting model
generalizability.
- Imbalanced Data: In many datasets, the number of unsafe samples is much smaller than safe ones, leading to imbalanced
class distributions.
- Model Interpretability: While complex models like XG Boost are powerful, they are less interpretable, making it difficult
to explain predictions to non-technical stakeholders.to explain predictions to non-technical stakeholders

4. Exploratory Data Analysis and Other Findings

As noted earlier, the dataset is highly imbalanced, which is evident from the bar plot below. Only a small fraction of the water
samples Are classified as poor quality. This indicates that the data is significantly unbalanced with respect to the target variable
Water Quality Prediction. We can see that there is no significant correlation among the independent variables, which is expected
as the data providers have applied Principal Component Analysis (PCA) to the input features, except for variables such as Sampling
Time and Contaminant Concentration. There are some minor correlations between certain features and Sampling Time (e.g., an
inverse correlation with PC3) and Contaminant Concentration (e.g., a positive correlation with PC7 and PC20, and an inverse
correlation with PC1 and PC5).
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Figure 1 Exploratory Data Analysis
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5. SYSTEM DESIGN

Functional Requirements

Functional requirements define the core capabilities that the system must offer to fulfill its intended purpose. These requirements
focus on what the system should do.

Non-Functional Requirements

Non-functional requirements specify how the system performs its functions and define quality attributes such as reliability, usability,
and performance.

e Auvailability: The system should be available for use at all times, ensuring accessibility for environmental agencies, research
institutions, or individual users. It should support both online and offline usage (in a local setup).

e Accuracy and Correctness: Prediction accuracy is a key requirement for a critical system like this. The model should be
trained on validated datasets to minimize errors. The accuracy level should be as high as possible, ideally exceeding 90%,
to provide users with confidence in the system's results.

e Maintainability: The system should be designed in a modular way so that it can be easily maintained and updated. It should
support future modifications such as adding new features, updating datasets, or integrating advanced machine learning
models without affecting the core functionality.

e Usability: The interface should be intuitive and user-friendly, ensuring that users without technical expertise can easily
interact with the system, input data, and understand the predictions. Clear labels, help documentation, and error-handling
messages should be provided.

e Scalability and Flexibility: The system should be scalable to support larger datasets in the future and allow integration with
real-time data sources like 10T sensors or water monitoring devices.

6.Dataset

The dataset used for this project contains measurements of various water quality parameters collected from multiple sources,

such as rivers, lakes, or municipal water supplies. Each record in the dataset includes features like:

e pH — acidity or alkalinity of water

e Turbidity — clarity of water

o Dissolved Oxygen (DO) — oxygen level required for aquatic life

e Biological Oxygen Demand (BOD) — the amount of oxygen consumed by microorganisms

¢ Chemical Oxygen Demand (COD) - total measurement of all chemicals in the water

o Total Dissolved Solids (TDS) — concentration of dissolved substances

e Temperature, Conductivity, and more
The target variable is typically either a Water Quality Index (WQI) score (continuous value) or a categorical label (e.g., "Safe"
vs. "Unsafe™).
The dataset may include:

e Historical records collected from lab measurements or 10T sensors

e Both labeled and unlabeled data

e  Multiple classes or binary classification problems
Most datasets are cleaned and preprocessed before modeling. This includes normalization, handling missing values, and feature
selection. In many cases, no null values are present, simplifying the preprocessing phase.
Models are trained using supervised learning techniques on a labeled dataset (with known water quality outcomes) and validated
using techniques like train-test split, cross-validation, and performance metrics such as accuracy, F1-score, and confusion
matrix.
Given the class imbalance ratio, we recommend measuring the accuracy using the Area Under the Precision-Recall Curve (AUPRC).
Confusion matrix accuracy is not meaningful for unbalanced classification.

The water quality dataset is highly imbalanced, with a large portion of the records labeled as safe and only a small fraction labeled
as unsafe. This imbalance means that most of the water samples in the dataset are considered safe for use. If we use this dataset
directly as the base for training our predictive models, we may achieve high accuracy scores without effectively identifying unsafe
water samples. This happens because the model might "assume™ that most water samples are safe, leading to biased predictions.
However, our goal is not to assume safety but to enable the model to learn meaningful patterns that can accurately distinguish
between safe and unsafe water. Therefore, handling class imbalance is crucial for building a reliable and robust water quality
prediction model

1. Dataset Input

2. Dataset Analysis

3. Oversampling (using SMOTE)

4. Training and Testing Subset

5. Using the algorithm

7.Making Predictions about Outcomes

6.1 Dataset Input:
You can get the dataset from an online data provider using online resources. In order to accurately estimate the accuracy, we must
amass a sizable collection of data.
6.2 Dataset analysis:

This section contains dataset analysis. For the data processing, the data size is taken into account.
6.3 Directly applying the classification:
The results reveal a challenge known as the accuracy paradox. The accuracy paradox refers to the misleading nature of accuracy as
a performance metric when dealing with imbalanced datasets, such as in the case of water quality prediction [9]. In our dataset, the
majority of samples are labeled as safe, which can lead a predictive model to achieve high accuracy simply by predicting every
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instance as safe. However, such a model fails to identify unsafe water samples, rendering it practically ineffective. For example, if
99% of the samples are safe, a model predicting "safe" for every input will have 99% accuracy—but it completely misses the point
of detecting unsafe conditions. In such cases, metrics like precision, recall, and F1-score are more reliable, as they provide insights
into how well the model distinguishes between safe and unsafe water. The root of this issue lies in the class imbalance between the
safe and unsafe categories. Hence, it is important to consider the prior probabilities of these classes during error analysis. While
precision and recall help evaluate model performance more appropriately, even precision can be affected by extreme imbalance in
class distributions. Furthermore, by examining feature distributions, we can observe how skewed some of the features are[11]. In
future work, techniques to reduce skewness and balance class distribution—such as oversampling, under sampling, or data
transformation—will be applied to improve model robustness and fairness. To handle the issue of class imbalance in water quality
prediction, an effective approach is to adjust the class distribution by sampling the minority class. In our case, the minority class
represents unsafe water samples. By increasing the number of training examples for the unsafe class, we can provide the model
with more opportunities to learn meaningful patterns associated with unsafe conditions. This process, known as oversampling, helps
balance the dataset and improve the model’s ability to correctly identify unsafe water. By training the algorithm with a more
representative sample of both classes, the likelihood of accurate and fair predictions increases, reducing the bias toward the majority
(safe) class. This technique plays a crucial role in ensuring that the model performs well not just overall, but specifically in detecting
unsafe water—where correct classification is most critica

7.Scaling and Sub-sampling:

In this phase, we focus on scaling the numerical features and balancing the dataset to enhance model performance. Just like other
features, certain columns in the water quality dataset such as measurement-related features (e.g., pH, turbidity, dissolved oxygen)—
need to be standardized to ensure they are on a comparable scale. This step is essential for models like SVM and Logistic Regression,
which are sensitive to feature scaling. Additionally, due to the significant class imbalance in the original dataset (with many more
safe water samples than unsafe ones), we create a sub sample to achieve a balanced representation of both classes. In this scenario,
the sub sample will have a 50/50 ratio of safe and unsafe water samples, allowing the machine learning algorithms to better learn
patterns associated with water that is unsafe for use. This balanced sub sample is necessary because the original dataset can lead to:

Over fitting: Classification models may learn to assume most samples are safe, failing to detect unsafe water. We want our models
to be sensitive and accurate when identifying unsafe conditions.

Misleading Correlations: With imbalanced data, the relationships between features and the target class (safe or unsafe) can be
obscured. By balancing the data, we can more accurately analyze the influence of each feature on water safety classification and
build more reliable models

In our water quality prediction system, we utilize Robust Scaler to scale the input features. This is particularly beneficial because
Robust Scaler scales features using statistics that are resistant to outliers, which are commonly present in environmental and sensor-
based datasets like water quality measurements. The Robust Scaler works by removing the median and scaling the data according
to the interquartile range (IQR)—the range between the 25th percentile (Q1) and the 75th percentile (Q3). This ensures that the
transformation is less influenced by extreme values, unlike traditional methods such as standard scaling (which relies on mean and
standard deviation and is highly sensitive to outliers). During training, centering and scaling are done independently for each feature
using the median and IQR calculated from the training set. These statistics are then stored and used to transform any future data
consistently. This approach ensures standardization without being skewed by anomalous readings, [13] which is crucial for building
stable and generalizable machine learning models. In comparison, methods like Quantile Transformer are also robust to outliers
and additionally transform the data into a uniform or normal distribution. Unlike Robust Scaler, Quantile Transformer collapses
outliers to predefined boundaries (e.g., 0 and 1), which can be beneficial in some applications but may distort feature relationships
in others.

Robust

) Sample
Standardised Original Value Median
Value ~__ // V4
o »
x'= x—median(x)
~_.(Q3-Q1)
Interquartile Range =
Q3 —Q1

Figure: 2 — Robust Sclar Method

8. Result Analysis

In this phase, we focus on scaling the numerical features and balancing the dataset to enhance model performance. Just like other
features, certain columns in the water quality dataset—such as measurement-related features (e.g., pH, turbidity, dissolved
oxygen)—need to be standardized to ensure they are on a comparable scale. This step is essential for models like SVM and Logistic
Regression, which are sensitive to feature scaling. Additionally, due to the significant class imbalance in the original dataset (with
many more safe water samples than unsafe ones), we create a subsample to achieve a balanced representation of both classes. In
this scenario, the subsample will have a 50/50 ratio of safe and unsafe water samples, allowing the machine learning algorithms to
better learn patterns associated with water that is unsafe for use. This balanced subsample is necessary because the original dataset
can lead to:
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e Overfitting: Classification models may learn to assume most samples are safe, failing to detect unsafe water. We want
our models to be sensitive and accurate when identifying unsafe conditions.

e Misleading Correlations: With imbalanced data, the relationships between features and the target class (safe or unsafe)
can be obscured. By balancing the data, we can more accurately analyze the influence of each feature on water safety
classification and build more reliable models.

8.1 INPUT SCREENS:

| @ Firefox prevented this site from opening a pop-up window.  Options

ﬂ waterQuality1 R v £ Search for tools, help, and more (Alt + Q)
€ Back to workbook Showing 1 - 100 {for
@ Q ~ 1| of 100 — | 4+ 150% ~ > 2 T £
aluminium ammonia arsenic  barium  cadmium chloramine chromium copper  flouride  bacteria  viruses  lead nitrates  nitrites  mercury  perchloratcradium  selenium  silver uranium is_safe

1.65 9.08 0.04 2.85 0.007 035 0.23 0.17 0.05 0.2 o 0.054 16.08 113 0.007 37.75 6.78 0.08 0.34 0.02 1
232 2116 0.01 331 0.002 5.28 0.68 0.66 0.9 0.65 0.65 0.1 201 193 0.003 32.26 321 0.08 0.27 0.05 1
101 14.02 0.04 0.58 0.008 424 053 0.02 0.99 0.05 0.003 0.078 14.16 111 0.006 50.28 7.07 0.07 0.44 0.01 )
136 1133 0.04 2.96 0.001 7.23 0.03 1.66 1.08 0.71 0.71 0.016 141 129 0.004 9.12 172 0.02 0.45 0.05 1
0.92 24.33 0.03 0.2 0.006 2.67 0.69 0.57 061 0.13 0.001 0.117 6.74 111 0.003 16.9 241 0.02 0.06 0.02 1
0.94 14.47 0.03 238 0.003 0.8 043 138 0.11 0.67 0.67 0.135 9.75 189 0.006 27.17 5.42 0.08 0.19 0.02 1
236 5.6 0.01 135 0.004 128 062 1.88 033 0.13 0.007 0.021 186 178 0.007 45.34 2.84 01 0.24 0.08 )
393 19.87 0.04 0.66 0.001 6.22 0.1 1.86 0.86 0.16 0.005 0.197 13.65 181 0.001 53.35 7.24 0.08 0.08 0.07 )

0.6 24.58 0.01 071 0.005 3.14 0.77 145 098 0.35 0.002 0.167 14.66 1384 0.004 23.43 4.99 0.08 0.25 0.08 1
0.22 16.76 0.02 137 0.007 6.4 049 0.82 124 0.83 0.83 0.109 4.79 146 0.01 3042 0.08 0.03 0.31 0.01 1
327 36 0.001 269 0.005 575 0.15 0.6 123 0.04 0.008 0.145 3.47 125 0.006 55.4 7.8 0.05 0.33 0.06 o
135 21.96 0.04 0.84 0.002 0.1 076 0.17 0.58 0.52 0.52 0.011 134 149 0.009 21.52 13 0.08 0.48 0.08 1
1828 19.26 0.02 2.78 0.008 0.05 0.42 1 0.09 091 091 0.103 437 195 0.006 2212 1.97 0.03 0.06 0.05 1
493 23.93 0.04 3.05 0.008 0.7 051 135 1.07 0.7 07 0.101 116 111 0.008 26.8 5.58 0.09 0.38 0.03 1
289 18.82 0.05 377 0.008 5.99 0.54 0.79 0.54 0.2 0.009 0.126 17.56 182 0.009 17.54 4.33 0.1 0.05 0.02 1
0.61 241 0.03 0.59 0.002 194 077 1.54 0.62 0.23 0.001 0.017 199 108 0.007 1116 0.88 0.01 0.47 0.03 1
3.47 15.84 0.02 0.06 0.001 5.29 047 108 143 0.89 0.89 0.08 191 12 0.008 0.18 6.89 0.06 0.12 0.08 1
211 17.03 0.02 0.88 0.009 778 0.8 115 0.34 0.85 0.85 0.065 17.86 153 0.003 19.4 114 01 0.4 0.01 1
4.88 26.94 0.02 0.36 0.001 121 0.68 071 0.99 0.75 0.75 0.071 0.31 122 0.002 56.7 1 0 0.41 0.05 o
412 17.99 0.02 343 0.006 0.01 041 1.82 0.22 0.99 089 0.108 8.06 176 0.005 24.29 0.88 01 01 0.07 1
0.68 18.99 0.001 0.04 0.006 457 0.2 118 1 0.92 0.92 0.086 9.46 141 0.007 2179 3.05 0.03 013 0.08 1
115 812 0.02 0.97 0.007 347 0.5 151 146 0.58 0.58 0.061 8.96 15 0.004 146 1.74 0.03 0.01 0.06 1
0.27 10.67 0.02 0.55 0.001 374 012 177 043 08 08 0.114 12.69 118 0.008 34.64 0.9 0.02 0.16 0.06 1
432 20.64 0.03 26 0.008 7.24 061 123 144 0.56 0.56 0.012 9.42 174 0.004 36.23 3.22 0.07 0.18 0.08 )
236 27.05 0.01 0.68 0.003 4.07 013 134 0.29 0.96 0.86 0.167 15.05 192 0.002 56.32 7.89 0.06 05 0.06 )
331 22.07 0.03 0.46 0.001 7.22 0.73 1.05 1 0.25 0.007 0.109 192 107 0.001 39.4 0.49 0.04 0.47 0.05 1
1.82 6.81 0.01 0.85 0.006 2,55 0.25 1.09 1.35 0.16 0.002 0.031 16.99 17 0.007 44.76 115 0.08 0.26 0.08 1
342 24 0.001 28 0.003 2.87 073 0.27 053 0.44 0.002 0.11 13.73 169 0.009 55.27 329 0.04 0.17 0 0
441 15.14 0.03 176 0.007 6.63 0.62 1.57 026 0.69 0.69 0.182 149 181 0.008 24.91 239 0.01 0.2 0.05 1
4,57 25.84 0.01 3.04 0.002 2.78 0.72 0.46 1.41 0.08 0.006 0.049 9.64 143 0.006 36.57 455 0.03 0.19 0 0
169 228 0.001 201 0.002 5.87 078 153 0.87 0.13 0.008 0.079 8.64 119 0.007 24.61 .77 0.06 0.11 0.05 1
187 6.1 0.05 3.74 0.008 236 0.52 103 0.51 0.77 0.77 0.012 111 155 0.008 20.32 221 0.02 0.48 0.04 1

Figure 3: CSV file as input

8.2 OUTPUT SCREENS:

- XGBClassifier @

XGBClassifier(base_ score=None, booster=Mone, callbacks=None,
colsample bylewvel=None, colsample bynode=None,
colsample bytree=None, device=None, early stopping rounds=mone,
enable_ categorical=False, ewval_ metric=None, feature_types=MNone,
gamma=None, grow_ policy=None, importance_type=None,
interaction_constraints=None, learning rate=None, max_ bin=None,
max_cat_ threshold=nMNone, max_ cat_ to onehot=None,
max_delta step=None, max depth=MNone, max leawves=MNone,
min_child weight=None, missing=nan, monotone_ constraints=None,
multi_ strategy=none, n_estimators=mMone, n_jobs=None,
num_parallel tree=nNone, random_ state=42, ...)

Figure 4 - XGB Classifier
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Figure 5 - Random Forest Confusion Matrix
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Fig 7- Logistic Regression
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Fig 8- XG Boost Confusion Matrix

9.FUTURE SCOPE

With the growing concern over water pollution and increasing health risks due to contaminated water sources, the need for an
intelligent and automated water quality testing system is more crucial than ever. The machine learning-based solution developed in
this project addresses this problem directly. It can be extended into a real-time monitoring system capable of not only assessing
current water samples but also verifying the reliability of water sources over time—much like how OTP systems are used regularly
for secure access This approach can be used routinely to evaluate water quality from various sources, such as public water supplies,
wells, or industrial outflows. Moreover, it can be applied to historical datasets to detect patterns or periods of unsafe water
conditions, thereby helping in tracing contamination events and generating data-driven evidence for accountability or further
investigation. Additionally, the proposed models can be optimized for better accuracy and speed, and new machine learning
algorithms can be tested to improve performance. Such systems could eventually be integrated with 10T sensors for automated,
continuous water quality surveillance in smart cities, rural areas, and industrial zones alike.

10. CONCLUSION

Although there are several water quality monitoring techniques available today, most are not capable of identifying unsafe water
conditions in real time. Typically, these systems detect contamination after the water has already been consumed or distributed,
which could lead to serious health risks. This delay occurs because unsafe water samples form only a small fraction of the total
samples, making real-time detection a challenging task. Therefore, there is a need for a smart, cost-effective, and fast detection
system that can identify unsafe water as soon as it is analyzed, enabling timely action and prevention of potential health hazards.
The primary goal today is to build a highly accurate, sensitive, and real-time water quality detection system using machine learning,
which can work efficiently across various environments—whether it's urban pipelines, rural wells, or industrial discharge systems.
However, a major limitation of current techniques is their inconsistent performance across different datasets or environments. A
model trained on one water source might not perform well on data from a different region due to variation in water composition
and contamination types. In our balanced (undersampled) dataset, we observed that the model struggles to correctly classify a
significant number of safe water samples, instead labeling them as unsafe. This can have major implications—for instance, if water
that is actually safe is wrongly flagged as unsafe, it could lead to unnecessary panic or resource wastage, and damage public trust.
To address this, further steps like outlier detection and removal will be applied to the dataset to see if the model's accuracy
improves.In this project, machine learning techniques such as Logistic Regression, Support Vector Machine, Random Forest, and
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XGBoost were used to predict water safety. The models were evaluated using metrics like accuracy, precision, recall (sensitivity),
and F1-score. Based on the results, Random Forest and Logistic Regression emerged as the best-performing models for our water
quality classification system, striking a balance between interpretability and predictive power.
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