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Abstract—Access to safe drinking water is essential for
maintaining public health, yet water contamination
remains a major concern in many regions. Continuous
monitoring of water quality is necessary to prevent
health issues caused by long-term consumption of
contaminated water. This project presents an Al-Based
Intelligent Smart Water Quality Monitoring System with
Disease Prediction, which combines Internet of Things
(1oT) technology and artificial intelligence to monitor
and analyze water quality in real time. The proposed
system uses sensors such as Total Dissolved Solids (TDS),
pH, and temperature sensors to measure key water
quality parameters. These sensors are connected to an
ESP32 microcontroller, which collects the data and
transmits it to a cloud platform through Wi-Fi
connectivity. The collected data is then analyzed using an
Al model (GPT-40 Mini) to identify abnormal conditions
and predict potential health risks associated with long-
term consumption of poor-quality water. The system also
includes an Android mobile application developed using
Android Studio (Java), which allows users to monitor
water quality parameters in real time, receive alerts, and
view predictive health insights. Additionally, a relay
mechanism can be used to automatically control a water
purification system when unsafe conditions are detected.
The proposed solution provides a cost-effective,
automated, and scalable approach for water quality
monitoring, helping individuals and communities ensure
safe drinking water while promoting preventive
healthcare through intelligent monitoring and predictive
analysis.

I. INTRODUCTION

Water is one of the most essential natural resources
required for human survival and overall well-being.
Access to safe and clean drinking water plays a vital
role in maintaining public health, supporting economic
development, and improving quality of life. However,
due to rapid industrialization, urbanization, and
environmental pollution, many water sources are
becoming increasingly contaminated. The presence of

chemical pollutants, dissolved solids, and microbial
contaminants in water can lead to serious health issues,
including gastrointestinal infections, kidney disorders,
and other chronic diseases caused by prolonged
consumption of unsafe water.

Conventional water quality monitoring methods are
primarily based on manual sampling and laboratory
analysis. Although these methods provide accurate
results, they are time-consuming, expensive, and not
suitable for continuous monitoring. In most cases,
water samples are tested periodically, which creates
gaps in monitoring and increases the risk of undetected
contamination. As a result, people may unknowingly
consume unsafe water, leading to significant health
hazards. Therefore, there is a growing need for an
efficient, automated, and real-time monitoring system
that can continuously track water quality and provide
immediate alerts when unsafe conditions are detected.
With the rapid advancement of Internet of Things
(1oT) technologies and artificial intelligence (Al), it
has become possible to develop intelligent systems
capable of monitoring environmental conditions in
real time. 10T enables seamless communication
between sensors, microcontrollers, and cloud
platforms, allowing continuous data collection and
remote monitoring. Artificial intelligence further
enhances this capability by analyzing large volumes of
data, identifying patterns, and predicting potential
risks associated with environmental factors.

In this context, the proposed project introduces an Al-
Based Intelligent Smart Water Quality Monitoring
System with Disease Prediction. The system employs
sensors to measure key water quality parameters such
as Total Dissolved Solids (TDS), pH level, and
temperature, which are critical indicators of water
safety. These sensors are interfaced with an ESP32
microcontroller, which processes the data and
transmits it to a cloud platform using Wi-Fi
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connectivity. The collected data is then analyzed using
an Al model to assess water quality and predict
possible health risks associated with long-term
consumption.

1.1.GLOBAL IMPACT OF DIABETES

An Al-based intelligent smart water quality
monitoring system with disease prediction has
significant global impact by transforming how
societies manage water safety and public health. By
combining loT sensors with machine learning
algorithms, these systems enable real-time monitoring
of key water parameters such as pH, turbidity,
temperature, and microbial contamination, allowing
early detection of pollution and potential health risks.
Unlike traditional methods that rely on slow, manual
testing, Al-driven systems provide predictive insights
that help prevent waterborne diseases like cholera and
typhoid before they spread. This proactive approach
reduces mortality rates, lowers healthcare costs, and
improves overall quality of life, especially in
developing and rural regions where access to clean
water is limited. Additionally, such systems support
environmental sustainability by identifying sources of
contamination and helping protect aquatic ecosystems.
They also contribute to smarter urban infrastructure
and data-driven policymaking, aligning with global
initiatives like ensuring clean water and sanitation for
all. Overall, this technology represents a crucial step
toward a safer, healthier, and more sustainable future
worldwide.

1.2.LIMITATIONS OF
MANAGEMENT METHODS
An Al-based intelligent smart water quality
monitoring system with disease prediction has several
limitations despite its strong potential. One major
challenge is the high initial cost of deploying loT
sensors, communication infrastructure, and Al
models, which can be difficult for developing or rural
regions to afford. The system also depends heavily on
data quality and availability; inaccurate, insufficient,
or biased data can lead to unreliable predictions and
false alerts. Additionally, sensor reliability and
maintenance are critical issues, as sensors can drift,
fail, or get damaged in harsh environmental
conditions, affecting the accuracy of readings.
Another limitation is the need for stable internet
connectivity and power supply, which may not be

TRADITIONAL
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consistently available in remote areas. Al models also
require regular updates and retraining to adapt to
changing environmental patterns, making them
complex to manage and maintain. There are also
concerns about data security and privacy, especially
when systems are integrated with centralized
monitoring platforms. Furthermore, these systems
may struggle to account for all types of contaminants
or sudden, unpredictable pollution events, limiting
their predictive capability. Overall, while highly
beneficial, the  system requires  careful
implementation, continuous monitoring, and resource
investment to function effectively.

1.3.INTELLIGENT AND PERSONALIZED CARE
NEED
The need for intelligent and personalized care in an
Al-based smart water quality monitoring system with
disease prediction arises from the fact that water-
related health risks are not uniform across populations.
Different communities and individuals have varying
levels of wvulnerability based on age, immunity,
geographic location, and existing health conditions.
By integrating Al with real-time water quality data, the
system can move beyond general alerts to deliver
personalized health insights and recommendations.
For example, it can warn households with children,
elderly individuals, or immunocompromised patients
about specific risks and suggest tailored actions such
as boiling water, using filtration, or avoiding certain
sources. At a community level, it can identify high-
risk zones and predict disease outbreaks, enabling
targeted medical interventions and resource allocation.

This approach enhances preventive healthcare by
ensuring that responses are context-aware, timely, and
user-specific rather than generic. Ultimately,
intelligent and personalized care improves decision-
making, reduces health risks more effectively, and
empowers individuals and authorities to take precise
actions for safer water consumption.

1.4.AI-POWERED SOLUTION OVERVIEW

An Al-powered solution for a smart water quality
monitoring system with disease prediction combines
advanced sensing technologies, data analytics, and
machine learning to ensure safe water and protect
public health. The system uses loT-based sensors
placed in water sources to continuously measure
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parameters such as pH, turbidity, temperature,
dissolved oxygen, and the presence of harmful
contaminants. This real-time data is transmitted to a
cloud or edge computing platform, where Al
algorithms analyze patterns and detect anomalies.
Machine learning models are trained on historical and
environmental data to predict potential contamination
events and the likelihood of waterborne disease
outbreaks. The system can then generate instant alerts
and actionable recommendations for  users,
communities, and authorities, enabling timely
preventive measures.

Additionally, interactive dashboards and mobile
applications allow for easy monitoring, visualization,
and decision-making. By integrating automation,
predictive intelligence, and user-friendly interfaces,
the Al-powered solution transforms traditional water
management into a proactive, efficient, and data-
driven system that enhances public health and
environmental sustainability.

Il. LITERATURE REVIEW

Water quality monitoring is an essential process for
ensuring the safety and reliability of drinking water. In
this research, the authors proposed an Internet of
Things (1oT)-based water quality monitoring system
designed to continuously observe important water
parameters. The primary objective of the study was to
develop an automated system capable of detecting
changes in water quality in real time and transmitting
the information to remote monitoring platforms. The
proposed system utilizes multiple sensors to measure
key parameters such as pH level, turbidity, and
temperature, which are important indicators of water
contamination. These sensors are connected to a
microcontroller that collects the data and processes the
sensor readings. The collected information is then
transmitted through a wireless communication
network to a cloud-based platform where it can be
monitored remotely.

Users can access the data through a web interface or
monitoring application, enabling real-time
observation of water conditions without the need for
manual sampling. The methodology of the system
involves several stages. First, water quality sensors
continuously measure the selected parameters from
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the water source. The microcontroller processes these
sensor signals and converts them into digital data.
Next, the processed data is transmitted using loT
communication technologies such as Wi-Fi or wireless
sensor networks. The data is stored in a cloud server
where it can be analyzed and visualized. This
architecture allows users to receive updates and alerts
whenever the water quality exceeds predefined safe
limits.

One of the major advantages of this system is its ability
to provide continuous monitoring and remote
accessibility. Unlike traditional laboratory testing
methods that require manual sample collection, this
system enables real-time monitoring and reduces
human effort. It also helps in early detection of
contamination, allowing authorities or users to take
preventive actions before the water becomes unsafe
for consumption. However, the system also has certain
limitations. The proposed model mainly focuses on
monitoring and reporting water quality parameters but
does not include advanced data analysis or predictive
capabilities. The system cannot predict potential
health risks or diseases caused by long-term exposure
to contaminated water. Additionally, the performance
of the system depends on reliable network
connectivity and proper sensor calibration. The
research demonstrates that 0T technology can play a
significant role in improving water quality monitoring
by enabling automated data collection, real-time
observation, and remote access to environmental
information.

1. EXISTING SYSTEM

The existing system for water quality monitoring and
disease management is largely based on traditional and
semi-automated methods, which have several
limitations. Typically, water samples are collected
manually from sources such as rivers, lakes, and
supply systems and then tested in laboratories for
parameters like pH, turbidity, and microbial
contamination. This process is time-consuming, labor-
intensive, and not real-time, often causing delays in
identifying contamination.

As a result, actions are usually reactive and taken only
after pollution or disease outbreaks have already
occurred. In some regions, basic electronic sensors are
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used, but these systems often lack continuous
monitoring, advanced data analytics, and predictive
capabilities. Additionally, there is minimal integration
between water quality data and public health systems,
making it difficult to predict or prevent waterborne
diseases effectively. Data is often recorded in isolated
systems without centralized analysis, limiting large-
scale insights and decision-making.

Overall, the existing system is inefficient in providing
timely warnings, lacks automation and intelligence,
and does not support proactive disease prediction or
personalized health recommendations.

IV. PROPOSED SYSTEM

The proposed system for an Al-based intelligent smart
water quality monitoring system with disease
prediction is designed to overcome the limitations of
traditional methods by providing a real-time,
automated, and intelligent solution. In this system,
loT-based sensors are deployed at various water
sources to continuously collect data on important
parameters such as pH, turbidity, temperature,
dissolved oxygen, and the presence of harmful
substances. This data is transmitted through wireless
communication technologies to a centralized cloud or
edge computing platform.

Advanced Al and machine learning algorithms
process and analyze the incoming data to identify
patterns, detect anomalies, and predict potential
contamination events. Using historical data and
environmental conditions, the system can also forecast
the risk of waterborne diseases in specific areas. When
any abnormality or risk is detected, the system
generates instant alerts and provides recommendations
to users, local authorities, and healthcare agencies for
timely action. Additionally, the system includes
dashboards and mobile applications for easy
monitoring, visualization, and decision-making.
Overall, the proposed system offers a proactive,
efficient, and data-driven approach to ensure safe
water quality and prevent disease outbreaks.

A. LOAD DATA

The data used in an Al-based intelligent smart water
quality monitoring system with disease prediction
comes from multiple structured and unstructured
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sources to ensure accurate monitoring and reliable
prediction. The primary dataset is generated from loT-
based water quality sensors that continuously collect
real-time measurements such as pH level, turbidity,
temperature, dissolved oxygen, conductivity, total
dissolved solids, and presence of harmful chemicals or
microbial contamination. These sensor readings form
time-series data, which is essential for detecting
changes and trends in water quality.

B. PRE-PROCESSING

Pre-processing in an Al-based intelligent smart water
quality monitoring system with disease prediction is a
crucial step to ensure that the collected data is clean,
consistent, and suitable for accurate analysis and
machine learning models. The raw data obtained from
IoT sensors and external sources often contains
missing values, noise, duplicates, and inconsistencies,
so it must be refined before use. The first step is data
cleaning, where missing values are handled using
techniques such as mean, median, or interpolation
methods, and erroneous or duplicate readings are
removed. This ensures that the dataset is reliable and
free from inconsistencies. The next step is noise
reduction, where filtering techniques such as moving
averages or smoothing algorithms are applied to
eliminate sudden fluctuations in sensor readings that
do not represent actual changes in water quality.

C. MODEL DEVELOPMENT

Model development in an Al-based intelligent smart
water quality monitoring system with disease
prediction involves designing and training machine
learning models that can analyze water quality data
and predict contamination as well as potential disease
outbreaks. After data pre-processing, suitable
algorithms are selected based on the problem type,
such as classification models for identifying safe or
unsafe water and prediction models for forecasting
disease risks. In the development phase, supervised
learning techniques are commonly used where
historical labeled datasets of water quality parameters
and disease occurrences are used to train the model.
Algorithms such as Random Forest, Support Vector
Machine (SVM), Decision Trees, and Gradient
Boosting are often applied due to their high accuracy
in classification and prediction tasks.
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For time-dependent data, models like Long Short-
Term Memory (LSTM) networks can be used to
analyze trends and forecast future water quality
conditions. The model is trained using input features
such as pH, turbidity, temperature, dissolved oxygen,
and contamination levels, while the output is typically
the classification of water as safe or unsafe and the
probability of disease outbreak. During training, the
model learns patterns and relationships between
environmental conditions and health impacts. After
training, the model is validated using testing datasets
to evaluate its performance using metrics such as
accuracy,  precision, recall, and  Fl-score.
Hyperparameter tuning is also performed to improve
model efficiency and reduce errors. Once optimized,
the model is deployed in a real-time environment
where it continuously analyzes incoming sensor data
and generates predictions and alerts.

D. FEEDBACK LOOP AND CONTINUOUS
LEARNING

In this process, the system continuously collects real-
time data from loT sensors and compares the predicted
results with actual observed outcomes, such as
confirmed water quality test reports or reported
disease cases. This comparison helps in identifying
errors or deviations in model predictions.

The feedback loop works by sending updated
information back into the system whenever new data
is received. For example, if the system predicts safe
water but contamination is later detected, this new
labeled data is fed back into the model to correct and
improve future predictions. Similarly, disease
outbreak data from health departments can be
integrated to refine the disease prediction component.

Continuous learning allows the Al model to retrain
periodically using new datasets, ensuring that it adapts
to seasonal changes, environmental variations, and
emerging contamination patterns. Techniques such as
incremental learning and online learning are often
used so that the model does not need to be retrained
from scratch every time new data arrives.
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ALGORITHM DETAILS

The algorithm for an Al-based intelligent smart water
quality monitoring system with disease prediction is
designed to collect, process, analyze, and predict water
quality conditions and associated health risks in a
structured manner. The process begins with data
acquisition, where loT sensors continuously gather
water quality parameters such as pH, turbidity,
temperature, dissolved oxygen, and contaminant
levels. This raw data is then transmitted to a central
system for processing. In the next step, data pre-
processing is performed, where missing values are
handled, noise is removed, and data is normalized to
ensure consistency. The cleaned data is then used for
feature selection, where only relevant parameters
influencing water quality and disease risk are
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considered. After pre-processing, the machine
learning model is trained using historical datasets that
include both water quality data and recorded disease
outbreaks. Algorithms such as Random Forest,
Support Vector Machine, or LSTM are applied
depending on whether the task is classification or
time-series prediction. The trained model learns
patterns between water contamination levels and
disease occurrences.

V. RESULT ANALYSIS

The system is tested using datasets containing various
water quality parameters such as pH, turbidity,
temperature, dissolved oxygen, and contaminant
levels, along with historical records of waterborne
disease outbreaks. The trained AI/ML model is
assessed using performance metrics such as accuracy,
precision, recall, and Fl-score to determine how
correctly it classifies water as safe or unsafe and
predicts disease risk levels. The results generally show
that machine learning models like Random Forest,
SVM, or DNN provide high prediction accuracy due
to their ability to learn complex patterns in data. The
system is also evaluated based on its real-time
performance, including response time for generating
alerts and ability to detect anomalies quickly. In most
cases, the proposed system demonstrates improved
accuracy and faster detection compared to traditional
manual water testing methods. Additionally, the
disease prediction component is analyzed by
comparing predicted outbreak risks with actual health
records, showing that the system can effectively
identify high-risk areas before major outbreaks occur.
The feedback mechanism further improves model
performance over time by continuously updating the
system with new data, reducing false alarms and
increasing reliability.

A. PATIENT DATA TABLE

The patient data table used in an Al-based intelligent
smart water quality monitoring system with disease
prediction consists of structured health and
environmental records that help in analyzing the
relationship between water quality and waterborne
diseases. It includes attributes such as patient 1D, age,
location, water source, and water quality parameters
like pH level, turbidity, temperature, dissolved
oxygen, and presence of contaminants. Based on these
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inputs, the system also records symptoms reported by
patients such as diarrhea, fever, vomiting, or stomach
pain. Using this combined data, the Al model predicts
possible diseases like cholera, typhoid, or
gastroenteritis and assigns a risk level such as low,
medium, or high. This dataset helps the system to learn
patterns between contaminated water exposure and
health outcomes, enabling accurate disease prediction

and early warning generation.
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B. MODEL PERFORMANCE

The model performance of an Al-based intelligent
smart water quality monitoring system with disease
prediction is evaluated to measure how effectively the
system can analyze water quality data and predict
disease risks. The performance is assessed using
standard metrics such as accuracy, precision, recall,
and F1-score. High accuracy indicates that the model
correctly classifies water as safe or unsafe and
accurately predicts the likelihood of waterborne
diseases. Precision measures how many of the
predicted positive cases (unsafe water or disease risk)
are actually correct, while recall evaluates the model’s
ability to identify all actual risk cases.

The F1-score provides a balanced measure between
precision and recall. In most cases, advanced models
like Random Forest, Support Vector Machine, and
Deep Neural Networks show high performance due to
their ability to learn complex patterns from water
quality data. The system also demonstrates good real-
time performance by quickly processing sensor data
and generating alerts with minimal delay. Overall, the
model performance analysis confirms that the
proposed system is efficient, reliable, and highly
suitable for real-time water quality monitoring and
disease prediction.
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TABLE I. MODEL PERFORMANCE

Model Accuracy |Precision |Recall |F1
(%) Score
Random 92 91 90 90.5
forest
Support 88 87 86 86.5
vector
machine
Decision 85 84 83 83.5
Tree
Deep neural|95 94 93 93.5
network
K- Nearest|86 85 84 84.5
neighbors
V1. CONCUSION

Ensuring access to safe and clean drinking water is a
fundamental requirement for maintaining public
health and preventing water-borne diseases. With
increasing environmental pollution and contamination
of water sources, there is a growing need for efficient
and intelligent systems that can continuously monitor
water quality and provide timely alerts. In this project,
an Al-Based Intelligent Smart Water Quality
Monitoring System with Disease Prediction was
successfully designed and implemented to address
these challenges. The proposed system integrates
sensor technology, Internet of Things (loT), cloud
computing, artificial intelligence, and mobile
application development to create a comprehensive
and automated solution for water quality monitoring.
Key parameters such as Total Dissolved Solids (TDS),
pH level, and temperature were measured using
appropriate sensors. These sensors were interfaced
with the ESP32 microcontroller, which efficiently
collected, processed, and transmitted the data to a
cloud platform using Wi-Fi connectivity. The cloud
platform served as a centralized system for storing and
managing data, enabling real-time access and long-
term monitoring. The integration of an Al model
added significant value to the system by enabling
intelligent analysis of water quality data. The model
evaluated the sensor readings and predicted potential
health risks associated with long-term consumption of
contaminated water. This predictive capability
transforms the system from a simple monitoring tool
into an advanced decision-support system.
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VII. FUTURE WORK

The future work of an Al-based intelligent smart water
quality monitoring system with disease prediction
focuses on improving accuracy, scalability, and real-
world applicability of the system. In the future, more
advanced deep learning models such as hybrid
architectures combining CNN and LSTM can be
implemented to enhance prediction accuracy for both
water quality and disease outbreaks. The system can
also be extended by integrating satellite data and
weather  forecasting information to improve
environmental analysis and early warning capabilities.
Deployment of more cost-effective and energy-
efficient 10T sensors will help in large-scale
implementation, especially in rural and remote areas.
Additionally, incorporating edge computing can
reduce latency and enable faster real-time decision-
making  without relying heavily on cloud
infrastructure. Future enhancements may also include
blockchain technology for secure data sharing and
improved data integrity between health and
environmental agencies. Mobile applications can be
further developed to provide personalized health
recommendations to users based on their location and
water usage patterns. Overall, future work aims to
make the system more intelligent, scalable, secure, and
globally deployable for better public health protection
and sustainable water management.
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