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Abstract
In this paper, we present the design and implementation of a smart water quality moni-
toring system for the Tharparkar region of Pakistan, where access to clean water is lim-
ited. The systemutilizes Internet of Things (IoT) sensors andmachine learning algorithms
to assess and predict water quality. Parameters such as pH, turbidity, and total dissolved
solids were continuously monitored using IoT sensors deployed in three strategically se-
lected groundwater wells in Tharparkar. The collected data was transmitted wirelessly
to a central server, where a Support Vector Regression model was applied to analyze
water quality trends and classify samples as polluted or unpolluted. The results demon-
strate the system’s effectiveness in providing accurate, timely, and location-specific in-
formation, enabling early detection of contamination, and supporting proactive water
resource management. This work highlights the potential of integrating IoT and artifi-
cial intelligence to address water scarcity and quality challenges in an underdeveloped
region.
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1 Introduction
Water is one of the essential resources for people and
is important for farming, manufacturing, drinking, and
sustaining life on Earth. Many countries, including
Pakistan, face a shortage of freshwater. The main
reasons for this shortage are the effects of climate
change and the lack of periodic monitoring and testing
of water quality [1]. This critical situation motivates

countries to use the available freshwater resources
more effectively. Freshwater can be obtained mainly
from groundwater, rain, and rivers [2].

However, water quality is severely deteriorated by
pollution and sewage depositions. Recently, it was
found that the Water and Sanitation Agency (WASA),
Hyderabad, Pakistan, has stopped lifting water from
the Indus River due to a constant increase in the levels
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of Total Dissolved Solids (TDS) [3].
Previously, water quality was manually monitored.

For example, samples of water from different wells
or the sea were brought to laboratories, where man-
ual tests were conducted. Most of these processes
required extensive laboratory facilities equipped with
expensive equipment, as well as significant human
effort and time, but did not provide real-time data [4],
[5].

Taking into account these challenges, researchers
are motivated to adopt Internet of Things (IoT) tech-
nology for effective monitoring of water quality [6–8].
The term IoT refers to the concept of connecting
sensors, machines, software, and objects to the Inter-
net. Researchers have developed different IoT-based
solutions for monitoring water quality [9–11]. Many
of these systems successfully provide information
related to water status and detect pollutants before
they become uncontrollable. Sensors capable of mon-
itoring parameters like pH, TDS, turbidity, and others
are readily available and can be used in real-time
systems for water quality monitoring. This real-time
information facilitates the immediate detection of
any deviation or abnormality from the desired water
quality standards, allowing prompt action to resolve
the problem. Artificial intelligence (AI) enhances these
systems by enabling advanced processing, such as the
analysis and interpretation of sensor data [12–14].

Consequently, the AImodels developed can predict
issues related to water quality and provide early warn-
ings accordingly. The installation of smart water qual-
ity systems adopting IoT and AI technologies is a ma-
jor step in managing water resources. The shift from
reacting to problems to preventing them helps ensure
safe and sustainable water for various purposes.

Tharparkar is one of the rural areas of Pakistan
where necessities such as clean water, quality educa-
tion, healthcare, electricity, and telecommunication
services are rarely available [15]. The region has a
semi-arid climate, which results in rare rainfall and
leads to a shortage of freshwater. It is considered one
of the most water-deficient regions of Pakistan, where
groundwater is the only major source of freshwater.

Additionally, a study shows that 87% of the water
samples collected were unsafe for drinking, with all
samples deemed completely unsuitable for infants
[16]. This makes real-time water quality monitoring
critically important for the region.

Water quality monitoring has been a focus of
research for decades, especially with the advent of
IoT technologies and artificial intelligence (AI) for
data analysis and prediction [17–19]. Several studies
have explored various frameworks for water quality
assessment and management. For instance, [2]
developed an IoT-based system for real-time water
quality monitoring using a network of sensors, which
enabled the measurement of parameters such as
pH, turbidity, and dissolved oxygen. This system,
while effective in urban settings, faced challenges
in deployment in rural areas due to a lack of infras-
tructure and varying climatic conditions. Similarly,
[12] implemented a machine learning approach to
predict water quality parameters based on historical
data. Their model demonstrated promising accuracy;
however, it relied on laboratory results rather than
real-time measurements, limiting its applicability in
dynamic environments. Furthermore, the study did
not address specific regional challenges that influence
water quality, such as seasonal variations and local
human activities. In contrast, the present research
addresses these gaps by presenting the first compre-
hensive study of live data for water quality monitoring
in the Tharparkar region, utilizing data collected over
six months. Prior studies have largely overlooked this
area, and the continuous data collection approach
allows for a more nuanced understanding of water
quality fluctuations.

In this work, we deployed sensors (such as TDS,
pH, turbidity, and temperature sensors) at different lo-
cations of groundwater wells in Tharparkar, Pakistan.
The data collected from the sensors is transmitted
wirelessly and stored on a central cloud/server. An
AI model is then applied to the stored data, which is
responsible for predicting future water quality.

The reminder of the paper is set as: Section II de-
scribes the IoT system models, and the details of sen-
sors used for the collection of real-timewater samples;
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Section III represents the design and experimental re-
sults and applying AI models for prediction. Section IV
corresponds to the results and discussions followed by
the conclusion in section V.
2 Literature Review
The Tharparkar region of Pakistan is characterized
by its arid climate, limited water resources, and a
predominantly rural population that relies heavily
on groundwater for drinking. Several studies have
assessed the water quality in Tharparkar, focusing on
parameters such as pH, Total Dissolved Solids (TDS),
turbidity, and microbiological contamination. For
instance, a study by [20] found that groundwater in
Tharparkar often exhibits high TDS levels, exceeding
the acceptable limits for drinking water set by the
World Health Organization (WHO). High TDS levels are
often attributed to the geological composition of the
region, which includes saline deposits. Additionally,
the pH levels in many wells were found to be outside
the recommended range, contributing to concerns
about water safety and palatability. The health impli-
cations of poor water quality in Tharparkar have been
documented in various studies.

IoT-based water quality monitoring has gained sig-
nificant attention due to its real-time capabilities and
automation advantages. Recent applications include
laboratory-scale moving bed biofilm reactors (MBBRs),
where IoT sensors monitor critical parameters like
pH, temperature, and total dissolved solids (TDS) to
optimize biofilm performance [21]. For rural areas,
researchers developed a portable, solar-powered
LoRaWAN-based IoT system that measures pH, turbid-
ity, TDS, and temperature, offering a waterproof and
energy-efficient solution [22]. Further advancements
integrate machine learning for enhanced analysis;
one study employed an Arduino and NB-IoT system
to collect real-time data (e.g., temperature, pH, and
contaminants) and used classifiers—including Deci-
sion Trees (DT), Gradient Boosting (GB), and Neural
Networks (NN)—to assess potability, complemented
by SMS alerts for remote monitoring [23]. Another
framework leverages machine learning (e.g., Ad-
aBoost, random forest) based IoT-Wireless Sensor

Networks (WSN) to predict unsensed parameters
like E. coli concentrations [24]. This study developed
an IoT-based water quality monitoring system for
Asian seabass aquaculture, enhancing low-cost sensor
accuracy (76–97%) through simple linear regression
validated against YSI Professional Pro [25].

A survey conducted by [26] revealed a strong cor-
relation between water quality and the prevalence of
waterborne diseases, such as cholera and dysentery,
particularly among children. The study highlighted
that communities relying on contaminated water
sources faced higher health risks, emphasizing the
urgent need for improved water quality management.
Furthermore, research by [27] indicated that the
lack of access to safe drinking water exacerbates
malnutrition and other health issues, particularly in
vulnerable populations. Despite the recognition of
water quality issues, effective management remains
a challenge in Tharparkar. The authors emphasized
the need for a multi-stakeholder approach involv-
ing local communities, government agencies, and
non-governmental organizations (NGOs) to develop
sustainable solutions.

While existing studies provide valuable insights
into the water quality challenges in Tharparkar, signifi-
cant research gaps persist. Most studies have focused
on specific water quality parameters without consid-
ering the cumulative effects of multiple contaminants.
There is a lack of comprehensive studies that examine
the long-term impacts of poor water quality on public
health and socio-economic development in the region.
Furthermore, limited research has been conducted
on the effectiveness of existing water quality manage-
ment practices and policies, indicating a need for their
evaluation and adaptation to local conditions. These
innovations highlight IoT’s transformative potential,
though challenges in standardization and industry
adoption persist.
3 IoT System Model
In the proposed smart water quality management sys-
tem, we employed a wide range of sensors to monitor
the essential indicators of water quality. The system
was fitted with:
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• DFRobot PH Meter (SKU: DFR0341) with a range
of 0 to 14 pH and accuracy of ±0.1 pH.

• DFRobot TDS Meter (SKU: DFR0342) with a range
of 0 to 1000 ppm and accuracy of ±10% FS.

• DFRobot Turbidity Sensor (SKU: DFR0318) with a
range of 0 to 1000 NTU and accuracy of ±10% FS.

• DS18B20 Temperature Sensor with a range of -
55°C to +125°C and accuracy of ±0.5°C.

These sensors are responsible for collecting real-
time data from three different wells in Tharparkar.
The microcontroller ESP32 was used for data collec-
tion and transmission from the sensors to the central
monitoring system. This versatile microcontroller
has many capabilities, such as Wi-Fi, Bluetooth, and
low power consumption, making it an ideal choice
for our smart water quality system [6]. We used the
real-time water quality data transmitted to our central
monitoring system and analyzed it using machine
learning algorithms. Our research proved effective
in monitoring and predicting water quality through a
smart water quality management system.

The block diagram in Fig. 1 illustrates the system
layout, which features an interface where three sen-
sors are connected to a microcontroller to measure
pH, turbidity, and total dissolved solids in the water
samples. The signal that the pH sensor sends reflects
the logarithmic value of acidity or alkalinity. The turbid-
ity sensor functions by detecting suspended particles
through light scattering. The ESP32 microcontroller
gathers data from the on-site sensors and sends it
to ThingSpeak over the Internet. Using a machine
learning algorithm, the sensor data serves as the basis
for predicting water quality in the backend. Support
Vector Regression (SVR) is selected as the best regres-
sion model to predict water quality and categorize
samples as either “unpolluted” or “polluted.” More
precise measurements of water quality in wells were
achieved by collecting water samples monthly from
three wells, and after their analysis, the prediction
results were evaluated.
4 Design and Experiment

4.1 Prototype Design
A prototype device has been developed to make
the smart water quality management system more
efficient and versatile. This device integrates all its
components into a compact and user-friendly design,
including sensors for pH, turbidity, and total dissolved
solids, as well as an ESP32 microcontroller and data
communication and collection circuits. The prototype
model offers high convenience and is generally easy
to install, making it suitable for broad use in diverse
water management systems and facilities.
4.2 Circuit Diagram
Figure 3 presents the circuit diagram of the sensors
(pH, turbidity, and total dissolved solids) and the ESP32
microcontroller. Each of these sensors relates to red,
black, and the constant error correction data through
the 5V power supply wire, grounding, and wire intro-
duce the data respectively.
4.3 Methodology
In this study, we employed a multi-phase methodol-
ogy to monitor and predict the water quality in three
wells located at different locations of Tharparkar dis-
trict. The data was monitoring using IoT sensors and
the data was predicted using the Support Vector Re-
gression (SVR)models. Following stepswere taken dur-
ing this whole process:
4.3.1 Real-time data collection
Real-time sensor data were collected from three
groundwater wells from July to December 2023. Sen-
sors recorded key water quality parameters, including
pH, total dissolved solids (TDS), and turbidity. These
parameters are critical indicators of water potability
and environmental health.
4.3.2 Data Preprocessing
The collected data were cleaned and normalized to
ensure consistency and accuracy. Outliers and miss-
ing values were addressed to prepare the dataset for
model training. Time-series formatting was applied to
align the data with temporal patterns.
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Figure 1. Block diagram of the system summary

Figure 2. Exterior casing and sensors.

4.3.3 Data Analysis
The collected data was analyzed in form of descriptive
statistics and visualization to understand the distri-
bution and range of the parameters for each well,
explained in later section.
4.3.4 Model Development: Support Vector

Regression (SVR)
SVR model was used to predict the water quality pa-
rameters based on collected real-time IoT sensor data.
SVR was selected due to its high accuracy in handling
nonlinear relationships and continuous outputs. The
models were trained and validated using real-time
datasets to evaluate their predictive capabilities.
4.3.5 Model Evaluation and Comparison
The predictions from the SVR models were compared
with actual sensor readings. A close match between
predicted and observed values demonstrated the

models’ reliability for real-time water quality forecast-
ing, especially in identifying safe versus unsafe water
conditions.

Figure 3. Circuit diagram of the hardware.

5 Results and Discussion
Real-time data was gathered from the sensors in-
stalled in three wells in the Tharparkar district from
July to December 2023. The sensor dataset encom-
passed measurements such as pH, TDS, and turbidity,
allowing for in-depth supervision and examination
of the water quality of the wells. The water quality
data obtained from the sensors served to enrich the
SVR models, which were built specifically to predict
water quality. The comparison showed a close match
provided by the SVR algorithm when real-time data
samples were processed. This indicated that the water
quality parameters could be accurately forecasted
based on the real-time data collected. This high level
of prediction accuracy demonstrates that the SVR
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models are reliable tools for monitoring water quality
in real-time, ensuring timely interventions and main-
taining safe water standards in the Tharparkar district.
To further enhance prediction accuracy, incorporating
additional data points such as temperature, rainfall
patterns, and groundwater flow rates could be bene-
ficial. These factors can significantly influence water
quality, and their inclusion would provide a more
comprehensive understanding of the environmental
conditions affecting the wells. Additionally, integrating
historical data on seasonal variations could help refine
the models’ predictive capabilities.
5.1 Well 1
The results shown in Fig. 4 indicate that the water
in Well 1 had a pH level within the acceptable range
for drinking water (6.5–8.5), with an average value of
7. In Well 1, the total dissolved solids ranged from
400 to 500 ppm, indicating good water quality. The
turbidity level in Well 1 was consistently below 3 NTU
(nephelometric turbidity units), suggesting that the
water was clean and free of visible particles or contam-
inants. These findings suggest that the water in Well
1 is acceptable for drinking, and no immediate action
is required to improve its quality. Furthermore, users
reported the water’s taste and odor as satisfactory,
reinforcing its acceptability. Continued monitoring
should maintain these standards and promptly ad-
dress any potential issues. A regular testing schedule
and quick response to any concerns are crucial for
maintaining water safety.
5.2 Well 2
However, Fig. 5 indicates that surprising elements that
were detected from Well 2. The pH level remained a
constant overshot with a mean deviation of 7.5. This
implies alkaline water, and it may cause health prob-
lems, as well as the water becoming bitter. Besides
abounding more than 400 ppm in the total soluble
solids in Well 2, which frequently occurred, con-
tributed to the unpleasant taste and unsafe drinking
water. The turbidity value fluctuates between 2.5 and
3 NTU units, marking some cloudiness which shows
that the water body has a lot of sediments in it. These
findings highlight the low quality of water in Well 2

and the need for action to enhance its acceptability
for drinking. Based on the analysis of Fig. 4 and Fig.
5, it is appropriate to employ regression rather than
classification for the machine learning task, as the
dataset comprises continuous readings rather than
discrete labels. This methodology facilitates a more
comprehensive understanding of the relationships
between variables such as pH levels, total dissolved
solids, turbidity, and temperature. Utilizing regression
allows for clearer insights into water quality, particu-
larly in comparing the conditions of Well 1 and Well
2. This approach will enhance our understanding of
the suitability of drinking water and identify potential
areas for improvement.
5.3 Well 3
In Fig. 6, Well 3 also showed negative water quality val-
ues, further indicating a disturbed environment. The
pH level was not only persistent but also low, with a
mean value of 8, indicating the acidity of the water.
The turbidity readings ranged from 5.5 to 6 NTU, im-
plying that massive amounts of cloudiness and debris
are present. Furthermore, the total dissolved solids
were consistently above 900 ppm in all samples, re-
vealing high salinity andmineral habitation. Moreover,
these results show that the water quality is very low
in Well 3; therefore, it cannot be considered safe for
consumption or drinking purposes, hence the urgent
need for intervention. The high levels of salinity and
minerals, coupled with the low pH and high turbidity,
indicate that the water in Well 3 is not only unsafe for
consumption but also poses a significant risk to the en-
vironment. Immediate intervention is necessary to ad-
dress these issues and restorewater quality to safe lev-
els.
Table 1. A comprehensive analysis and interpretation of all

wells in Tharparkar

Well # pH TDS Turbidity Safe

1 7 400-500 2.5-3 Safe
2 7.5 400-450 2.5-3 Safe
3 8 900-950 5.5-6 Not safe
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Figure 4. Real-time and predicted data of well 1. (a) pH (b) TDS (c) Turbidity for six months.

Figure 5. Real-time & predicted data of well 2. (a) pH (b) TDS (c) turbidity for 6 months.

Figure 6. Real-time and predicted data of well 3. (a) pH (b) TDS (c) Turbidity for six months.
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6 Conclusion
The data from the three wells provide insights into
water quality and potential usability for drinking and
other purposes. The pH values range from 7 to 8,
indicating that the water is mostly neutral to slightly
alkaline, which is generally acceptable for drinking,
helping prevent plumbing corrosion and preserving
essential minerals. TDS levels are crucial in assessing
water quality: Wells 1 and 2 have TDS levels below
500 ppm, considered safe for drinking, whereas Well
3 shows significantly higher values (900–950 ppm),
suggesting a high concentration of dissolved minerals
or potential contaminants. High TDS can affect taste
and indicate poorer water quality, making it less
suitable for consumption without treatment. Turbidity
levels in Wells 1 and 2 are low, indicating clear water
with minimal suspended particles. Conversely, Well
3’s turbidity level of 6.5 NTU suggests the presence
of suspended solids that could harbor pathogens
or pollutants, raising safety concerns. Overall, while
Wells 1 and 2 provide safe and clear water, Well 3
requires further investigation and treatment before
being deemed safe for drinking. Using Support Vec-
tor Regression models, we implemented predictive
models based on the collected data to forecast future
water quality and alert for potential contamination
months in advance. Finally, the device’s performance
was enhanced by incorporating pH, turbidity, and
TDS sensors in a compact, user-friendly design. User
feedback complemented technical assessments by
identifying issues like taste or odor changes, ensuring
that the water remains both safe and satisfactory for
consumption.
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