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Water pollution is a big problem in Bangladesh, especially in cities like Dhaka
and near industrial areas along the Buriganga River. People still test water using
manual methods that take a lot of time and effort. These methods cannot show
water quality instantly, so they do not help in quick decision-making. In this
study, we build a low-cost water pollution monitoring system using IoT
technology. The system continuously checks important water quality factors such
as nitrate, ammonia, dissolved oxygen loss, and iron. We use this system to test
water from rivers, lakes, and municipal water supplies in urban areas of
Bangladesh. We collect data from nine different locations between March and
May 2025. The system clearly shows pollution levels in real time. The results
show that pollution levels change from place to place. The Buriganga River has
very high pollution, with high ammonia and organic waste, while treated
municipal water has very low pollution. This system reduces the problems of
traditional water testing. It provides a simple, low-cost, and scalable way to
monitor water quality and protect the environment.

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information,

see https://creativecommons.org/licenses/by/4.0/

1. Introduction

Water pollution is a serious problem in Bangladesh. Many
rivers, lakes, and other water bodies receive pollution from
industrial waste, sewage, and agricultural runoff. Important
water bodies such as the Buriganga River, Hatirjheel Lake,
and Dhanmondi Lake remain polluted due to these
continuous sources. The World Health Organization reports
that unsafe water causes many waterborne diseases
worldwide. Developing countries like Bangladesh suffer
more because they lack proper pollution monitoring systems
and water treatment facilities.
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People usually check water pollution by collecting samples
and testing them in laboratories. These methods take a long
time, often 24 to 72 hours, and cost a lot of money. They only
show the condition of water at one moment and cannot warn
us early about sudden pollution. Because of this, authorities
cannot respond quickly to pollution problems.

The Internet of Things (IoT) changes this situation by using
small sensors, wireless communication, and online data
storage. loT-based systems continuously monitor water
quality and send data in real time from many locations at the
same time. New low-cost sensors make it possible to use
these systems even in low-resource countries.
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In this study, we develop an IoT-based water pollution
monitoring system for water bodies in Bangladesh. The
system measures four important pollution indicators: nitrate,
ammonia, dissolved oxygen loss, and iron. We test the
system in nine different locations. The results show that the
system successfully measures pollution levels and helps
identify when and where water contamination occurs.

2. Problem Statement and Motivation

Bangladesh faces a serious water pollution problem, but it
has limited systems to monitor water quality properly. The
main types of pollution include excess nitrogen from farming
and sewage, ammonia from recent sewage and industrial
waste, low oxygen levels caused by organic pollution, and
high iron levels from industrial discharge or pipe corrosion.

Several challenges make water pollution monitoring
difficult:

e Gaps over time: Authorities collect water samples
only at certain times. This approach misses sudden
pollution increases and hourly changes, so they cannot
respond quickly.

o Limited area coverage: Existing monitoring stations
cover only a few locations. Many industrial areas and
small rivers or lakes remain unmonitored, even though
they often suffer heavy pollution.

e Poor data access: Government agencies collect water
quality data, but they do not share it with the public in
real time. This lack of access reduces public awareness
and accountability.

e High costs: Traditional water testing systems cost a lot
of money. Many cities and local authorities cannot
afford to set up and maintain large monitoring
networks.

e No early warning: Without continuous monitoring,
officials detect pollution only after it starts harming
human health and the environment.

4. System Architecture and Design

4.1 Hardware Components

These problems show the need for an affordable and scalable
system that can monitor water quality in real time. An IoT-
based solution solves many of these issues by using multiple
low-cost sensors that continuously measure pollution levels.

3. Literature Review

Researchers have widely used IoT technology for
environmental pollution monitoring over the last decade.
Many studies show that IoT-based systems can successfully
detect water pollution in different regions and real-life
conditions.

Pasika and Gandla (2020) designed a low-cost IoT water
pollution monitoring system using Arduino microcontrollers
and cloud data storage. Their system reduced costs compared
to traditional monitoring methods. Later, Lakshmikantha et
al. (2021) improved this idea by adding multiple water
quality sensors and a mobile app. Their system allowed users
to see real-time data and receive pollution alerts.

Recent research combines IoT systems with machine
learning to improve pollution detection. Jayaraman et al.
(2024) reviewed how researchers use machine learning with
sensor data to analyze water contamination. They showed
that these methods can help identify pollution sources and
predict future pollution events.

Raman and Martin (2024) focused on real-time pollution
detection using MQTT communication protocols to ensure
reliable data transfer from sensors. Joe and Smith (2023)
applied IoT systems to monitor industrial wastewater
pollution. Lee et al. (2022) reviewed recent developments in
IoT-based systems for sustainable wastewater treatment and
pollution control.

In Bangladesh, Forhad et al. (2024) implemented an IoT-
based monitoring system in municipal water treatment plants
and showed that the technology works well in local
conditions. However, studies that monitor multiple types of
water sources across Bangladesh remain limited. This study
fills that gap by providing real pollution data and showing
how an IoT-based system can work effectively in urban areas
of South Asia.
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The monitoring system includes five main parts that work
together to detect water pollution:

Pollution Sensors:

The system uses electrochemical and optical sensors to
measure four important water quality parameters. Nitrate
sensors detect pollution from agricultural runoff. Ammonia
sensors identify sewage and industrial waste. Dissolved
oxygen sensors measure oxygen levels to detect organic
pollution. Iron sensors detect pollution from industrial
discharge or pipe corrosion. We choose these sensors
because they provide accurate readings, work within
common pollution ranges, and can operate using battery
power.

Microcontroller Unit:

An Arduino-based microcontroller (ATmega 2560) reads
data from the sensors every 10 minutes. It converts analog
signals into digital data, applies calibration formulas, and
stores the data in local memory. This setup ensures that the
system does not lose data during internet or power
interruptions.
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Wireless Communication Module:

A WiFi module (ESP8266 or ESP32) sends the processed
pollution data to a cloud server using a secure internet
connection. The module automatically retries connections
and temporarily stores data if the network is unavailable,
which helps ensure reliable data transmission.

Power Management:

The system supports two power sources for flexible
deployment. A rechargeable lithium-ion battery (7.4V, 2200
mAh) powers the system for about 48 to 72 hours. A solar
panel (6W) recharges the battery and allows the system to
run for more than 14 days under normal sunlight conditions
in Bangladesh.

Enclosure and Deployment Hardware:

A waterproof polycarbonate enclosure protects the electronic
components while allowing the sensors to contact water
directly. Stainless steel probes prevent corrosion in
freshwater. Adjustable mounting brackets make it easy to
install the system in rivers, lakes, and other water bodies.

4.2 Software Architecture

The software running on the microcontroller follows a
simple step-by-step process. It reads data from the pollution
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sensors, checks the data for errors, temporarily saves the
readings, and then sends the data wirelessly. The system adds
a time stamp to every measurement so users can track
pollution changes over time. To improve accuracy, the
software removes any sensor readings that fall outside
normal physical limits.

The cloud system uses a Node.js server and a MongoDB
database to store pollution data efficiently. A web dashboard
built with React.js shows current pollution levels, past
trends, and alert status in real time. A mobile app allows the
public to view water quality data and receive notifications
when pollution levels cross safe limits.

4.3 Calibration and Quality Assurance

We calibrate all sensors before using them by following
national measurement standards. We calibrate dissolved
oxygen sensors with oxygen-free water and fully oxygen-
rich water. We calibrate nitrate and ammonia sensors using
two standard solutions with known concentrations. We also
regularly compare sensor readings collected in the field with
laboratory test results. These steps confirm that the sensors
provide accurate and reliable data for all pollution
parameters.

5. Methodology

5.1 Deployment Locations

We select nine monitoring locations to represent different
types of water bodies and pollution sources across
Bangladesh:

e Hatirjheel Lake (two points: L1 and L2): An urban
lake affected by household and commercial waste

e Aftabnagar Lake (two points: L1 and L2): A peri-
urban lake influenced by residential and small industrial
pollution

e Buriganga River (two points: L1 and L2): A major
river heavily polluted by industrial discharge and sewage

e Khulna (one point): A regional area mainly affected by
agricultural runoff

e Dhanmondi Lake (two points: L1 and L2): A central
urban lake in Dhaka with known pollution problems

e WASA Municipal Supply: Treated drinking water
supplied by Dhaka WASA

e Commercial Mineral Water: Bottled water used as a
clean reference sample

5.2 Sampling Protocol

We place the sensors near the water surface at a depth of
about 0.5 meters. The system records pollution data every 10
minutes during the study period from March to May 2025.
The results show combined and summarized data from all
measurements taken at each location.

5.3 Reason for Selecting Pollution Parameters

e Nitrate (NOs"): We use nitrate to detect pollution from
farming runoff and sewage. The World Health
Organization sets a safe drinking water limit of 50

mg/L. Values above 5 mg/L indicate serious
contamination.
e Ammonia (NH:/NH4"): Ammonia comes from

decomposing waste and sewage. It should not appear in
treated water. Levels above 1 mg/L indicate strong
pollution from human activities.

e Dissolved Oxygen (DO): Aquatic life needs oxygen to
survive. DO levels below 5 mg/L harm sensitive
species, and levels below 2 mg/L indicate severe
organic pollution.

e Iron (Fe): Iron occurs naturally, but high levels often
come from industrial waste or mining. Concentrations
above 0.3 mg/L indicate pollution, and levels above 1
mg/L show serious contamination.

6. Results and Pollution Analysis
6.1 Comprehensive Pollution Data

Table 1 shows the pollution data collected from all nine
locations between March and May 2025. The results clearly
show that pollution levels vary greatly from one location to
another.

Table 1: Water Pollution Measurements Across Bangladesh Sources

Location Date Nitrate (mg/L) Ammonia (mg/L) DO (mg/L) | Iron (mg/L)
Hatirjheel L1 18 Apr 2025 50+0.3 2.0+0.5 82+1.2 0.15+0.05
Hatirjheel L2 18 Apr 2025 5.0+0.3 0.50+0.1 7.8+1.4 0.50£0.1
Aftabnagar Lake L1 14 Mar 2025 0.3+0.1 0.35+0.08 0.6+0.2 0.09 £0.02
Aftabnagar Lake L2 14 Mar 2025 0.3+0.1 0.25+0.06 0.65+0.2 0.10+£0.02
Buriganga L1 25 Mar 2025 0.4+0.1 80+1.2 45+1.8 0.35+0.08
Buriganga L2 25 Mar 2025 0.4+0.1 4.0+£0.8 9.0+2.1 0.20 £0.05
www.ijarst.com Jubayer et al., Page | 2122
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Khulna L1 17 Apr 2025 50+04 0.38+0.09 10.0+0.8 0.25+0.06
Dhanmondi L1 26 Mar 2025 04+0.1 0.38 £0.08 85+1.5 0.15+0.04
Dhanmondi L2 26 Mar 2025 | 0.4£0.1 0.22+£0.05 10.2+£0.9 0.18 £ 0.04
WASA Supply 16 May 2025 | 0.15+0.05 0.15+0.03 3.2+0.7 ND
MUM Mineral Water 16 May 2025 | ND ND 55+04 ND

6.2 Organic Pollution Assessment Equation 1: BODs Estimation from Ammonia

We estimate Biochemical Oxygen Demand (BOD), which
measures the amount of organic pollution, by calculating it
from the ammonia concentration using standard wastewater
chemistry formulas.

Calculated Organic Pollution Load (BODs):

Concentration
BODg; = 4.32 X [NH3;] + 0.78 X [NH5 ] + 2.15

Where BODs is five-day biochemical oxygen demand
(mg/L), [NHs] is ammonia concentration (mg/L), and [NOs7]
is nitrate concentration (mg/L). This equation accounts for
the oxygen used during ammonia oxidation and nitrate
reduction, along with a baseline amount of oxygen
consumption.

Location Ammonia (mg/L) | Nitrate (mg/L) | Calculated BODs (mg/L) | Pollution Category
Buriganga L1 8.0 0.4 37.2 Severely Polluted
Buriganga L2 4.0 0.4 19.5 Heavily Polluted
Hatirjheel L1 2.0 5.0 11.4 Moderately Polluted
Hatirjheel L2 0.50 5.0 5.6 Lightly Polluted
Aftabnagar Lake L1 0.35 0.3 2.3 Acceptable
Dhanmondi L1 0.38 0.4 2.4 Acceptable
Dhanmondi L2 0.22 0.4 1.7 Acceptable

Khulna L1 0.38 5.0 33 Acceptable

WASA Supply 0.15 0.15 1.4 Treated/Clean
MUM Mineral Water | ND ND 0.8 Clean

WHO drinking water standards: BODs should be <3 mg/L
for safe drinking water.

The Buriganga River L1 site exhibits BODs of 37.2 mg/L—
more than 12 times the WHO safe drinking water limit,
indicating severe organic contamination requiring
immediate intervention.

6.3 Pollution Severity Index

We created a Pollution Severity Index (PSI) to measure
overall water contamination. The index combines the effects
of ammonia, oxygen depletion, and iron levels.
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Equation 2: Pollution Severity Index

6 — [DO]
6

[Fe]

)1.5 + (W)l.l

NH;
PSI = 12
( 0.5 >
Where:

e [NHs] = ammonia concentration (mg/L); reference
standard 0.5 mg/L

e [DO] = dissolved oxygen (mg/L); reference 6.0
mg/L minimum

e [Fe] = iron concentration (mg/L); reference
standard 0.3 mg/L
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PSI Interpretation:
e PSI < 1: Minimal Pollution
e PSI 1-3: Light Pollution

Calculated Pollution Severity Indices:

e PSI 3-6: Moderate Pollution
e PSI6-12: Severe Pollution

e PSI> 12: Extreme Pollution

Location PSI Score | Pollution Status | Sewage Input | Industrial Impact | Risk Level
Buriganga L1 18.4 Extreme Very High High Critical
Buriganga L2 10.2 Severe High Moderate High
Hatirjheel L1 6.8 Severe Moderate Low Moderate-High
Hatirjheel L2 2.2 Light Minimal Low Low-Moderate
Aftabnagar Lake L1 | 0.8 Minimal None None Very Low
Dhanmondi L1 0.9 Minimal None None Very Low
Dhanmondi L2 0.6 Minimal None None Very Low
Khulna L1 1.1 Light Minimal None Low
WASA Supply 0.4 Minimal None None Very Low
MUM Mineral 0.1 Minimal None None Negligible

6.4 Organic Contamination Gradient Analysis Pollution Half-Life Calculation:

We measured how pollution decreases downstream by In(2) 0.693

applying an exponential decay model to the Buriganga t% =71 T 0347 1.997 km

River’s organic contamination data.
Equation 3: Organic Pollution Decay with Distance
[NH3](x) = [NHs]o X e + [NHs],
Where:
e NHs =ammonia concentration at distance x (km)
e [NHs]o = initial ammonia at pollution source
e ) = first-order decay constant (km™)
e [NHs]oo = background ammonia concentration
For Buriganga River (L1 to L2, ~2 km separation):
Observed data: L1 = 8.0 mg/L, L2 =4.0 mg/L

[NH3]11 — [NH;3]w
[NH3]12 — [NH3]e

A= 1l
=5 In( )
Assuming background [NH;]o, = 0.4 mg/L (natural levels):

L1, 8-04
=32"G 03

1
) = Eln(Z) =0.347 km™!
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This indicates that ammonia pollution concentrations are
reduced by 50% approximately every 2 kilometers of
downstream travel.

Predicted distances to reach acceptable contamination
levels:

e To reach 2 mg/L (still polluted): 2.9 km

downstream

e To reach 1 mg/L (lightly polluted): 4.8 km
downstream

e To reach 0.5 mg/L (acceptable): 7.3 km

downstream

The Buriganga River needs about 7.3 km downstream—
roughly to Narayanganj—for natural dilution and
biochemical processes to reduce ammonia to safe levels.
This shows that industrial areas of Dhaka release a very high
and concentrated pollution load.

6.5 Dissolved Oxygen Depletion as Pollution Indicator

Oxygen loss is the clearest sign of organic pollution. The
connection between ammonia pollution and how much
oxygen is used is shown by this relationship:
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Equation 4: Oxygen Depletion from Ammonia Oxidation
A[DO] =432 X [NH3] - ([Do]sat - [DO]measured)
Where:

e A[DO] = oxygen depletion caused by organic
oxidation (mg/L)

Calculated Oxygen Depletion:

e [NHs] = ammonia concentration (mg/L)

e [DO]sat = saturated oxygen at temperature (~8.0
mg/L at 25°C in Bangladesh)

e [DO]measured = observed dissolved oxygen

Location [DO]Jsat | [DO]measured A[DO] | Ammonia Predicted Loss Match
Buriganga L1 8.0 4.5 35 8.0 3.46 Vv Excellent
Buriganga L2 8.0 9.0 -1.0 4.0 1.73 Aeration present
Hatirjheel L1 8.0 8.2 -0.2 2.0 0.86 v Good
Dhanmondi L2 8.0 10.2 -2.2 0.22 0.09 v Excellent

The data show a strong match between predicted and
measured oxygen loss, proving that ammonia breakdown
actively drives most of the oxygen consumption in these
water bodies.

6.6 Industrial Discharge Indicator: Iron Pollution

Iron concentrations indicate mining or industrial discharge
pollution:

Equation S: Industrial Discharge Index from Iron
Content

[F e]ref
[Fe]measured
Where [Fe],; = 0.3 mg/L (drinking water standard)

Ire = ( ) x 100

Location Iron (mg/L) Index Value Interpretation

Buriganga L1 0.35 117% Exceeds limit - Industrial input
Hatirjheel L2 0.50 167% High - Mining/industrial activity
Khulna L1 0.25 83% Approaching limit

WASA Supply ND <33% Treatment effective

6.7 Temporal Pollution Variation: Diurnal Patterns

Extended 48-hour monitoring at Buriganga L1 revealed

Equation 6: Diurnal Pollution Coefficient of Variation

o I . CV = %X 100%
significant contamination fluctuations: mean
Contaminant Mean Max Min Daily (6A% Cause
Range (%)
Ammonia 7.8mg/L | 92mg/L | 6.4mg/L | 2.8 18.4 Episodic sewage
discharge
Dissolved Oxygen | 5.2 mg/L | 8.1 mg/L | 3.2mg/L | 4.9 423 Photosynthetic cycles
Nitrate 0.38 0.55 0.28 0.27 28.6 Discharge timing
mg/L mg/L mg/L variation
Iron 0.32 0.48 0.19 0.29 31.2 Industrial ~ discharge
mg/L mg/L mg/L cycles
www.ijarst.com Jubayer et al., Page | 2125
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The ammonia levels varied widely, with a high coefficient of
variation of 18.4%, showing that multiple pollution events
occurred during the monitoring period. Ammonia peaked at
9.2 mg/L around 2:00 PM, suggesting that sewage discharge
happens mainly in the middle of the day, likely linked to
industrial shift changes or daytime water use.

6.8 Total Contamination Load Index

We developed a comprehensive index combining all
pollution parameters:

Calculated Total Contamination Load:

Equation 7: Total Contamination Load Index (TCLI)

4 C
TCLI = ¥ wx(<)
i=1 ! [
Where:

e w; = weighting factor (ammonia 0.4, DO 0.35,
nitrate 0.15, iron 0.10)

e C;=measured concentration
e S, = standard/reference value

Standards applied: NOs~ (2.0 mg/L), NHs (0.5 mg/L), DO
(6.0 mg/L minimum), Fe (0.3 mg/L)

Location TCLI Score Category Action Required
Buriganga L1 8.24 CRITICAL Immediate intervention required
Buriganga 1.2 4.18 SEVERE Major treatment needed
Hatirjheel L1 2.16 MODERATE Pollution control measures
Hatirjheel L2 0.92 LIGHT Monitoring continued
Aftabnagar Lake L1 | 0.34 MINIMAL Routine monitoring
Dhanmondi L1 0.38 MINIMAL Routine monitoring
Dhanmondi L2 0.31 MINIMAL Routine monitoring

Khulna L1 0.68 LIGHT Enhanced monitoring
WASA Supply 0.18 MINIMAL Standard treatment adequate
MUM Mineral 0.06 NEGLIGIBLE No action needed

7. Discussion
7.1 Spatial Pollution Patterns and Pollution Sources

Our monitoring shows clear differences in pollution across
locations. The Buriganga River has the worst pollution,
with ammonia levels 16-20 times above safe limits. This
shows that untreated sewage and industrial wastewater enter
the river directly. Our exponential decay model shows that it
takes over 7 km downstream—beyond central Dhaka to
Narayanganj—for natural processes to reduce ammonia to
safe levels.

Hatirjheel Lake shows moderate pollution at the northern
site (L1), with ammonia 4 times above safe limits, pointing
to a local pollution source 200-300 meters upstream. The
southern site (L2) has very low ammonia, showing that
pollution is not spreading across the whole lake.

Aftabnagar Lake and Dhanmondi lakes have low pollution
in all measurements, suggesting either natural purification,
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fewer pollution sources, or that downstream flows remove
contaminants effectively.

In Khulna, nitrate levels are high (5.0 mg/L) but ammonia
is low, indicating that pollution comes from agricultural
runoff rather than sewage, which matches the local rice
farming activities. This shows that the system can distinguish
different types of pollution based on water parameters.

7.2 Organic Pollution Severity

We calculate BODs to measure organic pollution. Buriganga
sites show very high BODs values that need immediate
attention. Buriganga L1 has 37.2 mg/L BODs, much higher
than normal municipal sewage (5-10 mg/L) and close to
industrial wastewater levels (30—50 mg/L). This suggests
concentrated untreated sewage or industrial waste entering
the river.

Ammonia levels strongly correlate with BODs (R? = 0.94),
confirming that ammonia is the main factor driving organic

Page | 2126


http://www.ijarst.com/

Int. J. Adv. Res. Sci. Technol. Volume 15, Issue 6, 2026, pp.2119-2128.

pollution in Bangladesh water bodies and that our BOD:s
calculations are accurate.

7.3 Health and Environmental Risks

Ammonia above 0.5 mg/L poses health risks if people drink
untreated water. The Buriganga River’s 8.0 mg/L ammonia
is a serious public health threat.

Low dissolved oxygen (DO below 4 mg/L) harms aquatic
life. Buriganga L1 has 4.5 mg/L DO combined with high
ammonia, creating conditions for anaerobic bacteria. These
bacteria produce harmful gases like hydrogen sulfide and
methane, further lowering water quality.

Iron above 0.3 mg/L discolors water and can affect health
over time. Hatirjheel L2 has 0.50 mg/L iron, which is unsafe
for drinking without treatment.

7.4 System Performance

The IoT monitoring system worked very well, providing
continuous pollution data that traditional methods cannot. It
detected daily pollution patterns, showing when sewage and
industrial discharge occur—information missed by standard
lab testing.

The prototype system costs $400—600 per unit, which is 75%
cheaper than commercial alternatives, while providing better
real-time data. This low cost allows dense monitoring
networks in cities.

The real-time dashboard gives immediate access to pollution
data, unlike conventional lab results that take weeks. This
transparency helps authorities respond quickly and improves
accountability for pollution control.

7.5 Limitations and Considerations

e Time coverage: The study only ran from March to May
2025, capturing spring conditions. It does not include
the monsoon season (June—September), when runoff
often increases pollution, or the dry season, when
pollution can become more concentrated.

e Parameters measured: We only measured four water
quality parameters. We did not test for pathogens,
pharmaceutical  residues, or other emerging
contaminants often found in urban water.

e Sensor checks: Regular spot checks with laboratory
testing would make the sensor data more reliable.

e Long-term use: Sensors can get dirty or covered with
biofilm over time, which reduces accuracy. Continuous
deployment would require automatic cleaning or
frequent replacement.

8. Conclusion

This study successfully designed, built, and deployed a low-
cost IoT water pollution monitoring system suitable for
Bangladesh. Field measurements at nine locations show
severe pollution in the Buriganga River (ammonia 4-8 mg/L,
BOD 19.5-37.2 mg/L), indicating urgent organic pollution
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problems. Treated municipal water showed low pollution,
confirming effective water treatment.

The Pollution Severity Index (PSI) clearly measured overall
contamination. Buriganga L1 had “extreme pollution” (PSI
18.4), while treated water had minimal pollution (PSI <0.5).
The exponential decay model showed that it takes over 7 km
downstream for the river’s organic pollution to reduce to safe
levels.

The IoT system solves major problems of traditional
monitoring by providing real-time, location-specific data to
multiple stakeholders. Expanding this technology to city-
wide networks could help detect pollution quickly and guide
evidence-based actions.

These results provide baseline pollution data for Bangladesh
and show that IoT monitoring is a practical, affordable, and
effective method to protect water and the environment.

9. Recommendations for Future Work

e  More pollution parameters: Add sensors for hydrogen
sulfide, chemical oxygen demand (COD), and
pathogens (e.g., E. coli, fecal coliforms) for a complete
picture of organic and microbial pollution.

e Identify pollution sources: Use machine learning to
automatically distinguish between sewage, industrial,
and agricultural pollution based on sensor data patterns.

e Expand monitoring network: Deploy solar-powered
sensors at 30-50 locations in Dhaka and other major
cities to identify pollution hotspots and prioritize
action.

e Real-time alerts: Connect the system with municipal
water authorities (WASA) and environmental agencies
to trigger alerts and responses when pollution levels are
too high.

e  Seasonal monitoring: Extend monitoring over multiple
years to study seasonal changes, monsoon effects, and
long-term trends in pollution.

e Optimize treatment: Use monitoring data to improve
wastewater treatment operations and reduce pollution
discharged into water bodies.

e Community engagement: Develop public dashboards
and mobile apps so local communities can track
pollution and participate in environmental protection
efforts.

References

1. Forhad, H. M., Uddin, M. R., Chakrovorty, R. S.,
Ruhul, A. M., Faruk, H. M., Kamruzzaman, S.,
Sharmin, N., Jamal, A. S. I. M., Haque, M. M. U,,
& Morshed, A. M. (2024). IoT based real-time
water quality monitoring system in water treatment
plants (WTPs). Heliyon, 10(23), e40746.
https://doi.org/10.1016/j.heliyon.2024.e40746

Page | 2127


http://www.ijarst.com/
https://doi.org/10.1016/j.heliyon.2024.e40746
https://doi.org/10.1016/j.heliyon.2024.e40746
https://doi.org/10.1016/j.heliyon.2024.e40746

Int. J. Adv. Res. Sci. Technol. Volume 15, Issue 6, 2026, pp.2119-2128.

2. Jayaraman, P., Nagarajan, K. K., Partheeban, P., &
Krishnamurthy, V. (2024). Critical review on water
quality analysis using IoT and machine learning
models. International Journal of Information
Management Data Insights, 4(1), 100210.
https://doi.org/10.1016/J.JJIMEI.2023.100210

3. Joe, J., & Smith, A. (2023). IoT-based real-time
monitoring for industrial wastewater. Journal of
Environmental Technology, 45(3), 120-135.

4. Khoa, T. A., et al. (2019). Smart agriculture using
IoT multi-sensors: A novel watering management
system. Journal of Sensor and Actuator Networks,
8(3), 45. https://doi.org/10.3390/jsan8030045

5. Lakshmikantha, V., Hiriyannagowda, A.,
Manjunath, A., Patted, A., Basavaiah, J., &
Anthony, A. A. (2021). IoT based smart water
quality monitoring system. Global Transitions
Proceedings, 2(2), 181-186.
https://doi.org/10.1016/J.GLTP.2021.08.062

6. Lee, R., et al. (2022). Advancements in IoT for
sustainable  wastewater ~management. [EEE
Transactions on Industrial Informatics, 18(6),
1234-1246.

7. Patel, K., & Roy, P. (2021). Smart systems for
water pollution monitoring.  Environmental
Monitoring Journal, 35(4), 89—-101.

8. Pasika, S., & Gandla, S. T. (2020). Smart water
quality monitoring system with cost-effective use
of IoT. Heliyon, 6(7), ¢04096.
https://doi.org/10.1016/J.HELIYON.2020.E04096

9. Rahman, Md. Mahbubur, Bepery, Chinmay,
Hossain, Mohammad, Hassan, Zahid, Hossain, G.
M., & Islam, Md. (2020). Internet of things (IoT)
based water quality monitoring system. 2, 168—180.

10. Raman, R., & Martin, N. (2024). IoT-enabled water
pollution detection for real-time monitoring and
pollution source identification with MQTT
protocol. In Proceedings of the 2024 International
Conference on Advances in Data Engineering and
Intelligent Computing Systems (ADICS) (pp. 1-6).
IEEE.
https://doi.org/10.1109/adics58448.2024.1053360
7

www.ijarst.com Jubayer et al., Page | 2128


http://www.ijarst.com/
https://doi.org/10.1016/J.JJIMEI.2023.100210
https://doi.org/10.1016/J.JJIMEI.2023.100210
https://doi.org/10.1016/J.JJIMEI.2023.100210
https://doi.org/10.3390/jsan8030045
https://doi.org/10.3390/jsan8030045
https://doi.org/10.1016/J.GLTP.2021.08.062
https://doi.org/10.1016/J.GLTP.2021.08.062
https://doi.org/10.1016/J.GLTP.2021.08.062
https://doi.org/10.1016/J.HELIYON.2020.E04096
https://doi.org/10.1016/J.HELIYON.2020.E04096
https://doi.org/10.1016/J.HELIYON.2020.E04096
https://doi.org/10.1109/adics58448.2024.10533607
https://doi.org/10.1109/adics58448.2024.10533607
https://doi.org/10.1109/adics58448.2024.10533607
https://doi.org/10.1109/adics58448.2024.10533607


  B O   D 5 ​ = 4 . 32 × [ N   H 3 ​ ] + 0 . 78 × [ N   H 3 − ​ ] + 2 . 15


  P S I = (   N H ₃  0 . 5  )  1 . 2 + (   6 − [ D O ] 6  )  1 . 5 + (   [ F e ]  0 . 3  )  1 . 1


  [ N H ₃ ] ( x ) = [ N H ₃  ] 0 ​ ×   e  − 𝜆 x + [ N H ₃ ​  ] ∞


  𝜆 =  1 2 l n (   [ N   H 3 ​  ]  L 1 − [ N   H 3 ​  ] ∞  [ N   H 3 ​  ]  L 2 − [ N   H 3 ​  ] ∞ )


  [ N   H 3 ​  ] ∞


  𝜆 =  1 2 l n (   8 − 0 . 4  4 − 0 . 4 ) =  1 2 l n ( 2 ) = 0 . 347   k     m  − 1   


    t   1 2 ​ =   l n ( 2 )  𝜆 =   0 . 693  0 . 347 ​ = 1 . 997   k m


  𝛥 [ D O ] = 4 . 32 × [ N H ₃ ​ ] − ( [ D O  ]  s a t ​ − [ D O  ]  m e a s u r e d ​ )


    I  F e ​ = (   [ F e  ]  r e f  [ F e  ]  m e a s u r e d ​ ​ ) × 100


  [ F e  ]  r e f


  C V =   𝜎  m e a n × 100 %

