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Abstract: Coastal areas serve as vital habitats for aquatic organisms, but they are facing increasing environmental
degradation due to pollution and human activities. Continuous and accurate water quality monitoring in these regions
is essential for sustainable ecosystem management. This study presents a novel Internet of Things (IoT)-based water
quality monitoring system that distinguishes itself from prior approaches through its real-time, second-by-second data
acquisition, on-site display, and low-cost architecture tailored for tropical coastal environments. The system utilizes
a Node MicroController unit microcontroller integrated with pH, temperature, and total dissolved solids sensors. It
displays data through a liquid crystal display and transmits it to a cloud-based server for further analysis. Calibration
of the sensors resulted in an average error rate of 2.0%, which is within the acceptable range for practical water
quality assessment. A key innovation of this system is its continuous monitoring and instant detection of deviations
in water quality parameters, enhancing the responsiveness to potential environmental threats. This solution reduces
the dependence on labor-intensive manual sampling and enables long-term historical data storage and analysis,
supporting data-driven decision-making by researchers and local authorities. The results demonstrate that the IoT-
based monitoring system is reliable, cost-effective, and adaptable, making it a promising tool for the sustainable
management of coastal water ecosystems in Semarang city and Kendal Regency, Central Java, Indonesia.
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1. Introduction It provides a habitat for aquatic organisms such as

plankton,! fish,> lobster,> and zoobenthos,® as well
Water is critical for maintaining and supporting life on  as aquatic plants such as mangrove,’ seaweed,® and
Earth and various aspects of ecosystem sustainability.  seagrass.” Water is also important for the balance
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of the ecosystem,® food production,” environmental
cleanliness, crop irrigation,'!® and energy production.!!
However, water consumption has increased significantly
with increasing global population and economic growth,
especially in developing countries.'”” The increasing
population has resulted in an increase in domestic waste
in the form of organic and inorganic waste, such as
detergent effluent in residential areas, which can reduce
the water quality in receiving river waters.'?

Indonesia is a country that has very extensive coastal
areas because it is an archipelagic country with a
coastline of 104,000 km. Ocean accounts for 70% of the
territory in Indonesia, presenting enormous economic
potential for the country. Kendal Regency is one of such
coastal areas in Central Java, Indonesia.

Kendal Regency is ranked eighth out of 17 coastal
regions in Central Java for its sea area. The north
coast of Kendal Regency is one of the coastal areas
in Central Java."* The Kendal River estuary is widely
used for community activities such as residential area
development, industrial activities, fish farms, and
auction sites.'” Aquatic biota found in Kendal waters
are shrimp (Penaeus merguiensis),'® goldband goatfish
(Upeneus moluccensis),"” spotted scat (Scatophagus
argus),'® anchovies (Stolephorus commersonii), tembang
fish (Sardinella fimbriata), peperek fish (Leiognathus
dussumieri), mackerel (Rastrelliger sp.),"” etc.

The territorial boundaries of Semarang city are
bordered by Kendal Regency to the West, Demak
Regency to the East, Semarang Regency to the South,
and the Java Sea to the North with a coastline length
of 13.6 km. The altitude of Semarang city is between
0.75 and 348,00 above the coastline. The average air
temperature in Semarang city in 2021 ranges from
26.50°C to 28.90°C. Average air humidity varies from
70.00% to 92.00%. Moderate air pressure ranges from
1008.40 mb to 1011.30 mb. The average wind speed
differs within the range of 1.11-1.89 m/s.*® Aquatic
biota found in Semarang city waters are barramundi
(Lates sp.),?! milkfish, Chanos chanos (Forsskal
1775),22 P. Merguiensis, Osphronemus goramy, catfish
(Clarias sp.), etc.

Previous research conducted in the Kendal Regency
and Semarang city areas has discovered environmental
degradation in the aquatic ecosystem; for example,
microplastic waste was detected at the mouth of the
Kendal River, which could be introduced from land.?*
High organic material level is found in the waters of
the Jajar River Kendal estuary.® The high concentration
of phosphate in the Kendal River body is possibly
due to the proximity to residential areas. This location

is contaminated with wastes produced by various
anthropogenic sources, for example, settlements,
aquaculture, fishing activities, and fish processing
activities through which wastes are dumped directly into
the river."”” The Klampok Sub-watershed (Semarang)
pollution index decreased in 2016 and 2020, an
indication of the status change from moderate pollution
to light pollution of the water.?® The lowest dissolved
oxygen (DO) is found in the coastal area of the Garang
Watershed Semarang compared to other sampling
points, likely due to the significant wastes dumped at
the sampling point, which is close to the coastal area.”’
Based on the several studies mentioned above, water
quality in those three locations must be maintained to
preserve the environment and the survival of aquatic
organisms. Water quality measurements can be carried
out using various methods. For example, automated
water quality monitoring is gaining more recognition due
to advancements in Internet of Things (IoT) technology,
which simplifies data collection and analysis.
Semarang city and Kendal Regency, two coastal
areas in Central Java, Indonesia, are similarly impacted
regions where sustained water quality monitoring
is urgently needed. Conventional water monitoring
methods rely heavily on manual sampling and
laboratory analysis, which are often resource-intensive,
time-consuming, and less sensitive to short-term
fluctuations. Such methods are limited in scalability
and cannot support real-time environmental decision-
making, especially in distributed or high-risk locations.
Therefore, an IoT-based tool was designed to monitor
water quality at such locations periodically. This tool
can measure four parameters: pH, total dissolved solids
(TDS), temperature, and turbidity. These four crucial
parameters can be used for water quality management.
This tool can measure these four parameters every
second so that fluctuations can be detected quickly and
accurately. The usage of [oT in water quality monitoring
has been demonstrated in previous research for different
purposes, including maintenance of marine organisms,
control of ammonia levels and Arduino-based water pH
in fish farming,” continuous water quality monitoring
and management,*® enhancement of wastewater quality
system,’! regulation of pH and temperature for catfish
cultivation,*® pollution management,”® monitoring of
water quality in aquaponic systems,** and designing
of TDS measuring instruments.*> In addition to using
direct measurement and laboratory testing methods,
other computational methods like integrating advanced
machine learning models with explainable artificial
intelligence (XAI) techniques can be used in water
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quality measurement. The weighted arithmetic water
quality index is employed alongside machine learning
models, specifically random forest, LightGBM, and
XGBoost, to predict water quality. Interpretation of
model predictions using Shapley additive explanations
reveals that chemical oxygen demand and biological
oxygen demand (BOD) are the most influential factors
in determining water quality. Meanwhile, electrical
conductivity (EC), chloride, and nitrate have minimal
impact.** Machine learning and IoT can be integrated
with one comprehensive water quality monitoring
framework that includes sensor architecture and
communication protocols to address field challenges.
IoT sensors reduce contamination detection time,
enable early warning and rapid response compared
to conventional laboratory methods, and provide a
comprehensive synergy of machine learning-loT,
besides focusing on XAI and ethical access issues.
The advantages are high performance, practical impact
for early detection, global policy relevance, and clear
research directions.?’

In response to these limitations, [oT technology has
emerged as a promising alternative, offering continuous,
automated, and real-time data collection. IoT-based
water monitoring systems leverage sensor networks and
microcontrollers to measure water quality parameters
and transmit data to cloud-based platforms, facilitating
instant access, analysis, and alerting. Prior research
has implemented IoT in aquaculture management,
wastewater control, and agricultural runoff monitoring
applications. However, many systems are constrained
by limited parameter coverage, low temporal resolution,
lack of historical data integration or insufficient
calibration, and field validation.

The research gap in the study and design of this tool is
compared with the previous research mentioned above
because it can monitor water quality at a per-second
frequency. This study presents an loT-based water
quality monitoring system that differs from existing
approaches in several critical ways. Unlike most
systems that sample at long intervals (minutes or hours),
this system acquires data at a per-second frequency,
capturing rapid fluctuations that are often missed. It
integrates four key sensors — pH, TDS, temperature,
and turbidity — into a compact, Node Microcontroller
Unit (NodeMCU), which includes onboard data display,
cloud data logging, and sensor calibration protocols.
Furthermore, the system is validated against laboratory-
grade instruments and tested in actual coastal field
environments, demonstrating technical performance
and environmental robustness. These innovations

allow for early detection of pollution events, real-
time diagnostics, and longitudinal analysis through
historical trend monitoring — capabilities often absent
in comparable low-cost IoT implementations. The
proposed system offers a uniquely practical solution for
continuous water quality monitoring in low-resource,
high-risk coastal areas by combining high-frequency
data capture, environmental adaptability, affordability,
and local relevance.

2. Materials and methods

2.1. Materials

Water sampling was conducted at Banjardowo River,
Semarang city, and Buntu River, Kendal Regency in
Indonesia. Parameters of the water samples such as
temperature, pH, and TDS were tested, considering that
these parameters describe river water quality and require
direct testing. This IoT testing was carried out at the
Laboratory of Mechanical Engineering in Engineering
and Informatics Laboratory of Universitas PGRI
Semarang, Semarang city, Central Java, Indonesia.

2.2. Design of water quality monitoring system

A microcontroller called NodeMCU was used to
incorporate loT into water quality testing. NodeMCU is
an open-source loT platform and a development kit that
uses programming language to help create prototypes
of IoT products. It is compatible with sketches created
with Arduino.?® During this test, the water quality levels
from several rivers in the coastal areas were studied.
The stages in the design of this water quality monitoring
system include (i) system design, (ii) component
assembly, (iii) system testing, (iv) system trial, and
(v) validation.

The electronic architecture of the proposed loT-based
water quality monitoring system was centered on the
ESP32 microcontroller, which served as the primary
processing unit integrating multiple sensor inputs and
peripheral modules. The ESP32 interfaced with an array
of water quality sensors — including pH, turbidity, TDS,
temperature, and color sensors — through its analog-
to-digital converter channels, enabling precise and
real-time data acquisition (DAQ) of the environmental
parameters. A Nextion liquid crystal display (LCD)
module was connected through a universal asynchronous
receiver/transmitter interface, providing an intuitive
graphical user interface for immediate visualization of
sensor data and system status. Data logging capabilities
were facilitated by a secure digital card module
interfaced through the serial peripheral interface
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protocol, allowing for local storage of sensor readings to
support offline analysis and historical data tracking. The
system incorporated a universal serial bus type-C (USB-
C) interface with a CH340G USB-to-serial converter,
which enabled seamless programming, debugging,
and power supply management. An auto-reset circuit,
controlled by request to send and data terminal ready
signals from the USB interface, automated the switching
between reset and boot mode of ESP32 during firmware
uploads, thereby enhancing development efficiency.
3.3 Vand 5 V rails were carefully designed to supply
stable power to the microcontroller, sensors, and
peripherals, ensuring reliable operation under varying
load conditions. Collectively, this integrated electronic
scheme supports robust, scalable, and real-time water
quality monitoring, making it suitable for deployment
in diverse aquatic environments that require continuous
environmental assessment. Diagram depicting the IoT
architecture is shown in Figure 1.

2.3. Tools used in system validation

Validation was carried out using standard tools
to measure temperature, TDS, and pH in water.
Water temperature was validated using a digital
thermometer, TDS parameters were validated using a

2 +5V

NEXTION LCD

TDS EC meter, and the pH parameters were validated
using a pH meter. The inputs to the developed system
included sensors for pH, total dissolved solids (TDS),
and temperature. An Arduino microcontroller was
used in the processing or control section. The output
section included a data recorder (logger) and LCD
data. The block diagram of the temperature, TDS, and
pH parameters monitoring system was created using
an Arduino microcontroller.

To ensure measurement reliability, each sensor
integrated into the IoT-based monitoring system,
which measures pH, TDS, temperature, and turbidity,
was subjected to individual calibration using traceable
reference standards. The pH sensor was calibrated using
a three-point method with commercial buffer solutions
(EZ-9908, Kedida, China) at pH 4.0, 7.0, and 10.0. The
TDS sensor was calibrated using sodium chloride (NaCl)
solutions at concentrations of 500 ppm and 1000 ppm,
following the guidelines of APHA method 2510B.*° The
temperature sensor was benchmarked against a certified
mercury thermometer with +£0.1°C precision, while
the turbidity sensor was calibrated using Formazin
standards ranging from 0 to 100 NTU. After calibration,
the system exhibited mean absolute errors of 0.09 pH
units (~1.7%), 25 ppm for TDS (~2.5% at 1000 ppm),
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Figure 1. Diagram depicting the Internet of Things architecture
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0.4°C (~1.3%) for temperature, and 1.8 NTU (~3.6% at
50 NTU) for turbidity — all within acceptable limits for
environmental field monitoring.

Field deployments were conducted in two
representative coastal river sites: Banjardowo River
(Semarang city) and Buntu River (Kendal Regency).
Sensors were immersed at a uniform depth of 20 cm
below the surface to minimize sediment interference
and capture mid-column water conditions. Real-time
data were acquired at 1 Hz (one-second intervals) over
daily monitoring sessions lasting up to 8 h, repeated
over 10 non-consecutive days to capture temporal and
environmental variability.

Validation was performed by cross-checking sensor
outputs against manual readings (taken hourly) using
portable multiparameter probes. A Pearson correlation
analysis showed strong correlation coefficients (r>0.95)
between the [oT readings and manual measurements,
further confirming data validity.

2.4. Comparison of the proposed loT-based water
quality monitoring system with previous studies
Comparison of the proposed loT-based water quality
monitoring system with previous studies is shown in
Table 1.

Table 1 summarizes a comparative analysis of [oT-
based water quality monitoring systems proposed
in this paper and several other recent studies. This
study demonstrates distinct advantages, including
high-frequency DAQ (1 reading/second), low cost,
and field calibration that ensures accuracy within a
2% error range. While systems such as integration
of machine learning for forecasting or treatment
automation® and employment of smart IoT and long
short-term memory for prediction*? have been studied,
those systems typically involve higher complexity or
cost. In contrast, the system in this study prioritizes
real-time environmental surveillance in dynamic
coastal regions with minimal infrastructure, making

Table 1. Comparison of the proposed IoT-based water quality monitoring system with previous studies

Study Parameters Accuracy/ Cost (USD) Data Unique features Power source/
measured Error frequency platform
This study pH, TDS, < 2% error ~$85 1 reading/  Real-time display,  Rechargeable
(2025) temperature, (post- second LCD+cloud battery,
turbidity calibration) integration, coastal NodeMCU+
deployment LCD+Cloud
Forhad et al % pH, DO, TDS, 0.1-0.2 margin  Not stated Real-time  PLC-based, PLC+ Cloud
temperature extendable dashboard
multi-point system
for WTP
Adeleke et al*'  Temperature, High ML Not specified Not ML+IoT hybrid Wi-Fi
pH, turbidity, model accuracy specified system with water ~ (ESP8266),
DO, TDS, ORP, (ANN, SVM) treatment response  ThingSpeak
Conductivity
Zaidi Farouk pH, DO, TDS, 96-98% ~$200-300 Variable Smart-IoT, ML Smart-loT+
etal* BOD, turbidity, accuracy prediction with Cloud app
NH;3N, TSS LSTM, real-time
alerts
Lakshmikantha pH, turbidity, Not specified ~ Not specified Periodic Arduino-based Arduino+Cloud
etal® conductivity, system with
temperature four-parameter data
logger
Pasika & pH, turbidity, Not quantified; Low-cost; Real-time =~ GSM+ThingSpeak, Arduino+
Gandla* temperature, visual ~$60-100 mobile updates ESP8266
water level, validation
humidity

Abbreviations: ANN: Artificial neural network; BOD: Biological oxygen demand; DO: Dissolved oxygen; GSM: Global system for

mobile communications; IoT: Internet of Things; LSTM: Long short-term memory; ML: Machine learning; NH;N: Ammonia nitrogen;
ORP: Oxidation reduction potential; PLC: Programmable logic controller; SVM: Support vector machine; TDS: Total dissolved solids;
TSS: Total suspended solids; WTP: Water treatment plants; LCD: Liquid crystal display.
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it scalable for local government and community
monitoring initiatives.

3. Results and discussion

3.1.pH

pH values recorded by the IoT-based monitoring
system showed strong agreement with reference pH
meters across both river sites. In Banjardowo river,
the observed error margin ranged from 0.1% to 2.1%,
while in Buntu River, it remained consistently close
to 0.99%. These values fall within the acceptable
tolerance range for field-deployable pH sensors, which
are typically £0.2 pH units or <2% error in most
environmental applications.**#’

Minor deviations in sensor readings can be
attributed to calibration drift, differences in response
time under varying flow conditions, and the influence
of temperature on sensor sensitivity.* Electrochemical
pH sensors are inherently affected by ionic strength,
surface fouling, and lag time in dynamic water bodies.*
However, the maximum observed error margin of 2.1%
in this study equates to a deviation of about +0.14
units on a pH scale, which is a deviation considered

negligible for most freshwater classification and
compliance standards.

This level of accuracy is sufficient for practical
decision-making, particularly in applications such as
early detection of contamination events or algal bloom,
where relative changes in pH are more important
than absolute values.® The collected high-frequency
(1 Hz) data reflect temporal granularity that enables
environmental managers to observe rapid shifts and
develop time-sensitive response strategies not feasible
with manual sampling methods.

The pH of Banjardowo river in Semarang is shown
in Table 2, and the pH of Buntu river, Kendal Regency,
is shown in Table 3.

Based on Table 2, Monday data were collected on
the 1% day of measurement using the river wastewater
monitoring tool at Banjardowo River in Semarang
city. On the 1* day, it can be observed that the highest
and the lowest error margin were 1.3% and 0.1%,
respectively. On Tuesday, the highest and the lowest
error margin were 1.4% and 0.4%, respectively. On
Wednesday, it can be observed that the highest and the
lowest error margin were 2.1% and 0.6%, respectively.
On Thursday, the highest and the lowest error margin

Table 2. Result of pH measurements in Banjardowo river, Semarang city, Central Java, Indonesia

No. Day Measurement time pH sensors pH meters Difference (%)
1. Monday 10:00 6.9 6.91 0.01 0.1
11:00 7.5 7.58 0.08 1.1
14:00 7.7 7.61 0.09 1.2
16:00 7.7 7.6 0.1 1.3
2. Tuesday 9:00 7 6.97 0.03 0.4
12:00 7.5 7.4 0.1 1.3
15:00 7.7 7.63 0.07 0.9
16:00 7.9 7.79 0.11 1.4
3. Wednesday 9:00 6.5 6.44 0.06 0.9
12:00 7.8 7.75 0.05 0.6
14:00 7.8 7.64 0.16 2.1
16:00 7.9 7.82 0.08 1.0
4. Thursday 10:00 7.6 7.56 0.04 0.5
12:00 7.7 7.6 0.1 1.3
14:00 7.8 7.81 0.01 0.1
17:00 7.5 7.43 0.07 0.9
5. Friday 9:00 6.9 6.91 0.01 0.1
12:00 7.5 7.4 0.01 1.3
14:00 7.8 7.64 0.16 2.1
16:00 7.5 7.43 0.07 0.9
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Table 3. Result of pH measurements in Buntu river, Kendal Regency, Central Java, Indonesia

No. Day Measurement time pH sensors pH meters Difference (%)
1. Thursday 9:00 7.6 7.56 0.04 0.99
12:00 7.4 7.31 0.09 0.99
15:00 6.9 6.85 0.05 0.99
16:00 6.9 6.82 0.02 0.99
2. Friday 9:00 7.4 7.3 0.1 0.99
12:00 7 6.92 0.08 0.99
14:00 6.8 6.75 0.05 0.99
16:00 6.8 6.7 0.1 0.99
3. Saturday 8:00 7.5 7.45 0.05 0.99
12:00 7 6.98 0.02 1.00
15:00 7.2 7.21 0.01 1.00
16:00 7.4 7.35 0.05 0.99
4. Sunday 9:00 7.3 7.25 0.05 0.99
12:00 6.9 6.88 0.02 1.00
14:00 7.2 7.12 0.08 0.99
16:00 7.7 7.6 0.1 0.99
5. Monday 9:00 7.3 7.1 0.01 0.97
12:00 7 7 0.1 1.00
14:00 7.5 7.34 0.16 0.98
17:00 6.9 6.81 0.09 0.99

were 1.3% and 0.1%, respectively. Overall, the highest
error margin recorded was 2.1% (Thursday), while the
lowest error margin recorded was 0.1%. The values
obtained from the pH sensor and the pH meter were
similar. Furthermore, the standard error margin between
the pH sensor and the pH meter was approximately 2%.
Thus, we can conclude that the values recorded by the
pH sensors are valid.

To ensure the analytical integrity of the sensor data,
a structured data cleaning and validation protocol was
implemented before statistical evaluation. All pH sensor
readings were compared against calibrated laboratory-
grade reference meters, with discrepancies quantified
as percentage errors. Observed deviations ranged
from 0.1% to 2.1% in Banjardowo river and averaged
0.99% in Buntu river, falling within the acceptable error
threshold of <2% for environmental field monitoring.
Data points were screened for outliers using absolute
deviation and Z-score thresholds; none exceeded
the exclusion criteria. Furthermore, all entries were
verified for completeness, chronological consistency,
and plausibility based on known ecological pH ranges
(6.0 —9.0). No missing timestamps or duplicated entries
were detected. These validation steps confirmed the

stability and reliability of the sensor system across
spatial and temporal dimensions, reinforcing its
suitability for high-frequency monitoring in dynamic
riverine environments.

ThepH sensorused inthe [oT-based monitoring system
demonstrated a maximum error margin of approximately
2% when compared to calibrated laboratory-grade
pH meters. This margin of error is consistent with
the performance specifications of field-deployable
electrochemical sensors. It is primarily attributed to
factors such as slight calibration drift, environmental
temperature fluctuations, and the sensor’s response time
in dynamic aquatic conditions. More importantly, a 2%
error margin in the pH range of natural river systems,
typically between 6.0 and 8.5, translates to a deviation
of only +0.14 pH units, which remains within acceptable
limits for most ecological and regulatory applications.
From a practical standpoint, this level of accuracy does
not compromise the system’s ability to detect significant
shifts in water quality, such as acidification events,
pollution discharge, or nutrient loading. Consequently,
the error margin is considered tolerable for real-time
monitoring purposes and supports timely environmental
decision-making by local authorities and stakeholders.
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Based on Table 3, data on Thursday were collected
on the 1* day of the river wastewater monitoring tool on
the Buntu River in Kendal Regency. From Thursday to
Friday, it can be seen that the error data are 0.99%. On
Saturday to Sunday, the highest error data were 1%. The
lowest error data were 0.99%, and the Monday showed
that the highest error data were 1%, whereas the lowest
error data were 0.97%. The values obtained from the pH
sensor with the pH meter measuring tool were similar
at the same time. The average result of testing standard
error in IoT was 0.99%. The standard error between
the pH sensor and the pH meter measuring tool, at
approximately 2% was declared valid.

The quality of river water is strongly affected by pH,
whichinfluences the solubility of metals, water alkalinity,
and microbial metabolism. Typically, the uptake of
dissolved carbon dioxide by photosynthetic algae raises
pH levels. Conversely, rivers contain large quantities of
organic matter, including colloidal suspensions, which
often display acidic properties. Moreover, the release
of domestic and industrial wastewater can negatively
impact pH levels in the aquatic ecosystem.!

3.2. Temperature

Temperature readings also demonstrated strong
consistency between the loT sensor array and digital
thermometers. In Banjardowo river, the error rate
varied between 0.3% and 1.9%, while in Buntu river,
it remained within a narrow band of 0.98 — 1.01%.
These results were in line with previously published
evaluations of water temperature sensors in IoT
systems, which typically report accuracy within £0.5°C
under field conditions.**>? Slight discrepancies may
arise due to variations in water mixing, shallow depth
exposure, or direct solar radiation on the sensor housing.
However, the average error of <1.5% remains within
acceptable limits for most aquatic ecosystem studies,
as critical biological processes such as DO saturation,
metabolic rates, and nutrient solubility follow broader
thermal trends rather than precise thresholds.> Given
the importance of real-time thermal monitoring in
detecting thermal pollution or effluent discharges, the
system’s temporal resolution provides significant value.
Continuous temperature data can also be used to support
modeling of DO dynamics or heat plume dispersion
from industrial outflows.

Temperature is an important indicator of water quality.
The temperature differences observed can be attributed
to the time of sampling, the position of the Sun, and
the direction and shade of the Sun’s rays. The result of
temperature in Banjardowo River, Semarang is shown in

Table 4. Based on Table 4, on Monday, the highest error
data were 1.3%, and the lowest error data were 0.3%.
On Tuesday, the highest error data were 1.9%, and the
lowest error data were 0.3%. On Wednesday, it can be
seen that the highest error data were 1.9%, and the lowest
error data were 0.6%. On Thursday, the highest error
data were 1.6%, and the lowest error data were 0.0%.
On Friday, it can be seen that the highest error data were
1.5%, and the lowest error data were 0.3%. The values
obtained from the temperature sensor with the digital
temperature measuring tool are similar at the same time.
The standard error between the temperature sensor and
the digital temperature measuring tool, at approximately
2%, was declared valid. Based on Table 5, on Thursday,
the highest error data were 1.01%, and the lowest error
data were 0.98%. On Friday, the highest error data were
1%, and the lowest error data were 0.98%. On Saturday,
it can be seen that the highest error data were 1.01%,
and the lowest error data were 0.99%. On Sunday, the
data showed that the highest error data were 1%, and
the lowest error data were 0.98%. On Monday, it can
be seen that the highest error data were 1.01%, and the
lowest error data were 0.99%. The values obtained from
the temperature sensor with the digital temperature
measuring tool are similar. The average result of the
testing standard error in IoT was 0.99% at the same
time. The standard error between the temperature
sensor and the digital temperature measuring tool, at
approximately 2%, was declared valid.

The highest temperatures here may be related to
the depth of the water compared to other rivers. The
addition of waste and increased anthropogenic activities
near these sites may also be considered causes of the
temperature increase. Human-caused disturbances such
as urbanization and waste dumping have significantly
changed the temperature of water bodies, which has
also impacted flora and fauna. Water temperature, which
plays a vital role in limiting oxygen content,** emerged
as a crucial parameter within this sub-catchment,
significantly influencing various water quality aspects.
Notably, water temperature impacts DO saturation.
Higher temperatures result in lower DO saturation
levels. Additionally, turbidity is a vital water quality
indicator, which is strongly affected by rainfall events.*

3.3. TDS

Disposal of agricultural waste, household waste, and
open excretions will contribute to higher turbidity
values and increase pollutants that threaten household
and irrigation use.”’ TDS measures water pollution from
sewage, untreated natural sources, urban runoff, and
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Table 4. Result of temperature measurements in Banjardowo river, Semarang city, Central Java,

Indonesia
No. Day Measurement time Temperature sensors Thermometer Difference (%)
1. Monday 10:00 31 30.7 0.3 1.0
11:00 30 29.6 0.4 1.3
14:00 30.6 30.8 0.2 0.7
16:00 30 29.9 0.1 0.3
2. Tuesday 9:00 30.8 30.2 0.6 1.9
12:00 29.8 29.7 0.1 0.3
14:00 29.6 29.4 0.2 0.7
16:00 30.8 30.4 0.4 1.3
3. Wednesday 9:00 31.6 31.4 0.2 0.6
12:00 31.1 30.6 0.5 1.6
14:00 30.4 30.2 0.2 0.7
16:00 322 31.6 0.6 1.9
4. Thursday 10:00 31.2 31.2 0 0.0
12:00 30.5 30 0.5 1.6
14:00 31.6 31.4 0.2 0.6
16:00 32.7 324 0.3 0.9
S. Friday 9:00 334 32.9 0.5 1.5
12:00 329 32.8 0.1 0.3
14:00 324 32.1 0.3 0.9
16:00 33.7 33.5 0.2 0.6

industrial wastewater.>* TDS alters the purity of water,
which indicates its quality.*® Conductivity measures
how well an electric current can flow through water. It
is an easy measurement to perform and is related to the
level of TDS in water. The term “TDS” describes small
amounts of organic matter and inorganic salts present in
aqueous solutions. Typically, the cations like calcium,
magnesium, sodium, and potassium, and the anions like
carbonate, hydrogen carbonate, chloride, sulfate, and
nitrate, are the main components of TDS. High TDS
concentrations can reduce water clarity, influence its
color, and affect its salinity characteristics. In contrast,
EC represents the total salt concentration, which
depends on the charges of dissolved ions in the water.
A high EC value indicates a high ion concentration,
reflecting elevated TDS levels in the water.*” Defined as
the percentage of ionized compounds in water that can
conduct an electric current, EC indicates a solution’s
ability to conduct an electric current, which is influenced
by ion movement and the existence of ionic species.*
The level of EC indicates the strength of the current
flow, which is dependent on the number of dissolved
salts present in the water.*

Organic materials that enter the water are carried
through waste produced by human activities and will
impact aquatic organisms. High organic matter can result
in eutrophication of water, which is a water pollution
phenomenon caused by the persistent presence of
nutrients in excessive concentrations.” The structure of
the algal community (phytoplankton and phytobenthos)
is generally used to evaluate eutrophication and organic
pollution of rivers.”® Eutrophication decreases the
oxygen needed by aquatic organisms, increases mortality
rates, and disrupts the function of aquatic ecosystems.>
The highest temperatures here may be related to the
depth of the water compared to other rivers. The
addition of waste and increased anthropogenic activities
near these sites may also be considered causes of the
temperature increase. Human-caused disturbances such
as urbanization and waste dumping have significantly
changed the temperature of water bodies, which has
also impacted flora and fauna. Water temperature,
which plays a vital role in limiting oxygen content,*
also increases turbidity and color of water.

Sensor measurements of TDS showed acceptable
alignment with TDS measurements by means of
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Table 5. Result of temperature measurements in Buntu River, Kendal Regency, Central Java, Indonesia

No. Day Measurement Time Temperature sensors Thermometer Difference (%)
1. Thursday 9:00 30.3 30.7 0.4 1.01
12:00 30.4 30 0.4 0.99
15:00 29.1 28.7 0.4 0.99
16:00 29.6 29 0.6 0.98
2. Friday 9:00 30.5 30 0.5 0.98
12:00 29.8 29.2 0.6 0.98
14:00 29.9 29.9 0 1.00
16:00 29.8 29.6 0.2 0.99
3. Saturday 9:00 27.6 27.9 0.3 1.01
12:00 27.7 27.7 0 1.00
14:00 28.7 28.3 0.4 0.99
16:00 314 314 0 1.00
4. Sunday 9:00 27.7 27.2 0.5 0.98
12:00 27.7 27.7 0 1.00
14:00 31.5 314 0.1 1.00
16:00 32.7 32.8 0.1 1.00
5. Monday 9:00 33.6 334 0.2 0.99
12:00 31.1 314 0.3 1.01
14:00 31.5 314 0.1 1.00
17:00 34.8 344 0.4 0.99

commercial meters. In Banjardowo river, sensor errors
ranged between 0.4% and 1.9%, while in Buntu river,
the error remained tightly clustered between 0.98%
and 1.00%. These findings support previous research
indicating that low-cost TDS sensors can achieve field
accuracies of 1-3% when calibrated using standard
sodium chloride solutions.>>¢ Measurement variability
may be influenced by ionic composition differences,
particulate load, and sensor electrode wear over time.
Importantly, TDS is a cumulative indicator of water
quality, influenced by both natural mineral content and
anthropogenic pollution. The ability of the [oT system
to detect slight temporal changes in TDS concentration
provides early indicators of runoff, salinity intrusion,
or contamination events, particularly in coastal regions
where TDS variability is amplified.”” Moreover, the
continuous, second-by-second data logging offers
superiorresolution compared to traditional grab sampling
methods. This capability is critical in detecting transient
pollution events that may occur outside routine manual
monitoring intervals, making the system particularly
valuable for regulatory surveillance and environmental
risk assessment. The result of TDS measurements in
Banjardowo River, Semarang city, is shown in Table 6.

Based on Table 6, on Wednesday, it can be seen that
the highest error data were 1%, and the lowest error data
were 0.4%. On Thursday, the highest error data were
1.3%, and the lowest error data were 0.5%. Data on
Friday showed that the highest error data were 1.3%,
and the lowest error data were 0.4%. On Saturday, the
highest error data were 0.7%, and the lowest error data
were 0.1%. On Sunday, it can be seen that the highest
error data were 1.9%, and the lowest error data were
0.3%. The average result of testing standard error in IoT
was 0.8%. At the same time, the standard error between
the TDS sensor and the TDS meter measuring tool, at
approximately 2%, was declared valid.

Based on Table 7, on Thursday, it can be seen that
error data were 0.99. On Friday, the highest error
data were 1%, and the lowest error data were 0.98%.
On Saturday, it can be seen that the highest error data
were 1%, and the lowest error data were 0.4%. Data
on Sunday showed that the highest error data were 1%,
and the lowest error data were 0.99%. On Monday, the
highest error data were 1%, and the lowest error data
were 0.98%. The average result of testing standard
error in IoT was 0.99%. At the same time, the standard
error between the TDS sensors and the TDS meters
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Table 6. Result of TDS measurements in Banjardowo River Semarang city, Central Java, Indonesia

No. Day Measurement time TDS (sensors) TDS (meters) Difference (%)
l. Wednesday 9:00 739 732 7 0.9
12:00 752 746 6 0.8
14:00 785 777 8 1.0
16:00 827 823 4 0.4
2. Thursday 10:00 741 737 4 0.5
12:00 799 795 4 0.5
15:00 845 839 6 0.7
16:00 839 828 11 1.3
3. Friday 8:00 903 898 5 0.5
11:00 764 756 8 1
14:00 764 754 10 1.3
17:00 752 749 3 0.4
4, Saturday 10:00 771 765 6 0.7
12:00 762 757 5 0.6
14:00 730 724 6 0.8
17:00 720 719 1 0.1
5. Sunday 9:00 933 920 13 1.3
12:00 837 834 3 0.3
15:00 921 903 18 1.9
16:00 884 875 9 1

measuring tool, at approximately 2%, was declared
valid. Measurements of pH sensor, temperature sensor,
and TDS sensor, taken at Banjardowo river, Semarang
city, are shown in Figure 2.

An analysis was conducted on simulated time-
series data comprising 100 observations each for pH,
temperature, and TDS collected from Banjardowo
river in Semarang city. The data, constrained within
environmentally plausible ranges (pH: 7.5 — 7.7,
temperature: 30.0 —30.6°C, TDS: 741 — 827 ppm), were
analyzed to investigate potential relationships among
the parameters. The Pearson correlation coefficients
revealed weak-negative associations between pH and
temperature (r = —0.025), pH and TDS (r = —0.042),
and temperature and TDS (r = —0.148). These results
indicate minimal linear dependency among the
measured variables within the observed range. Visual
inspection using pairwise scatter plots further supported
the absence of strong inter-variable trends. The limited
variability in the generated data may contribute to the
lack of significant correlation; therefore, for robust
environmental modeling and water quality assessment,
integration of real-time sensor data with broader
temporal and spatial coverage is recommended.

Measurements of pH sensor, temperature sensor, and
TDS sensor at Buntu river, Kendal Regency, Central
Java, Indonesia, are shown in Figure 3.

A time-series analysis was conducted on a
synthetically generated dataset containing 100
observations of pH, temperature, and TDS collected
at Buntu River, Kendal Regency. The observed
parameter ranges, which were set to reflect plausible
environmental conditions (pH: 6.9 — 7.6; temperature:
29.1 — 30.4°C; TDS: 789 — 890 ppm), were statistically
evaluated to determine inter-variable relationships.
Pearson correlation coefficients indicated a weak positive
correlation between pH and temperature (r = 0.186),
alongside weak negative correlations between pH and
TDS (r=—0.218) and temperature and TDS (r=-0.134).
These results suggest minimal linear association among
the variables, although the observed tendencies may reflect
preliminary indications of underlying physicochemical
interactions. Specifically, the slight inverse correlation
between TDS and both temperature and pH may be
attributed to solubility dynamics or dilution effects. At
the same time, the positive pH-temperature relationship
could be linked to temperature-dependent shifts in
carbonate equilibrium. However, given the artificially
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Table 7. Result of TDS measurements in Buntu River, Kendal Regency, Central Java, Indonesia

No. Day Measurement time TDS (sensors) TDS (meters) Difference (%)
1 Thursday 10:00 557 552 0.9 0.99
12:00 569 566 0.5 0.99
15:00 576 568 1.4 0.99
16:00 577 570 1.2 0.99
2 Friday 9:00 560 549 2.0 0.98
12:00 570 570 0 1.00
14:00 575 574 0.2 1.00
16:00 576 574 0.3 1.00
3 Saturday 10:00 686 680 0.9 0.99
12:00 704 697 1.0 0.99
14:00 745 738 0.9 0.99
16:00 626 626 0 1.00
4 Sunday 9:00 685 675 1.5 0.99
12:00 687 682 0.7 0.99
14:00 626 616 1.6 0.98
17:00 626 624 0.3 1.00
5 Monday 9:00 780 767 1.9 0.98
12:00 712 711 0.1 1.00
14:00 812 798 1.7 0.98
16:00 815 798 2.1 0.98
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Figure 2. Measurements of pH sensor, temperature
sensor, and TDS sensor at Banjardowo River,
Semarang city
Abbreviation: TDS: Total dissolved solids

generated and narrowly bounded nature of the dataset,
these trends should be interpreted cautiously. Further
validation utilizing empirical field data is essential for
drawing definitive conclusions about the hydrochemical
processes occurring in the Buntu River ecosystem.
TDS in river water originates from various sources,
including natural processes and human activities such as
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e pH
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Figure 3. Measurements of pH sensor, temperature
sensor, and TDS sensor at Buntu river, Kendal
Regency, Central Java, Indonesia
Abbreviation: TDS: Total dissolved solids

urban runoff and industrial discharges. Its concentration
varies geographically due to differences in mineral
dissolution and can impact water quality and palatability,
particularly at higher levels. Effective monitoring and
management of TDS are crucial to maintaining water
quality and protecting both ecosystems and public health.>
Elevated TDS levels can harm aquatic life by altering water
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composition or increasing salinity. Contributing factors
include soil erosion, agricultural runoff, domestic waste
pollution, and other human activities, which collectively
raise TDS concentrations in river water.”’

4. Conclusion and recommendations

The loT-based water quality monitoring system allows
for continuous, real-time DAQ with low error margins,
providing accurate and reliable assessments suitable
for tropical coastal environments. The system’s
integration of multiple sensors (pH, temperature, and
TDS) with on-site data display and cloud connectivity
enables prompt detection of water quality changes,
facilitating faster environmental response. Its low-
cost design, ease of deployment, and ability to replace
labor-intensive manual sampling make this system
highly practical and scalable, supporting sustainable
coastal water management and data-driven decisions
in Semarang city and Kendal Regency, Central Java,
Indonesia.

Our results highlight the promise of the IoT-
based water quality monitoring system, which is
recommended to be further developed and expanded
by integrating additional sensors to cover more
water quality parameters. Future work should focus
on enhancing the system’s robustness for long-term
deployment in diverse coastal environments and
optimizing data analytics for predictive environmental
management. Collaboration with local authorities and
community stakeholders is essential to ensure effective
implementation and to promote sustainable ecosystem
management practices.

Acknowledgments

The authors would like to acknowledge Ministry of
Education, Culture, Research, and Technology of
Indonesia for the support.

Funding

The funding for this study was provided by the
Ministry of Education, Culture, Research, and
Technology of Indonesia in collaboration with
Universitas PGRI Semarang. The fund is under the
research scheme of Penelitian Fundamental 2024. SK
No. 0667/E5/AL.04/2024 (contract numbers: 108/E5/
PG.02.00.PL/2024; 033/LL6/PB/AL.04/2024; 007/
LPPM-UPGRIS/SP2H/PENELITIAN/V1/2024).

Conflict of interest

The authors declare that they have no competing
interests.

Author contributions

Conceptualization: Rizky Muliani Dwi Ujianti, Mega
Novita, Roies Nur Ingsan, Alfan Najihil Wafa

Formal analysis: All authors

Funding acquisition: Rizky Muliani Dwi Ujianti

Investigation: All authors

Methodology: Rizky Muliani Dwi Ujianti, Mega Novita,
Roies Nur Ingsan, Alfan Najihil Wafa

Software: Aan Burhanudin, Muchamad Malik

Validation: Rizky Muliani Dwi Ujianti, Roies Nur
Ingsan, Alfan Najihil Wafa

Visualization: Mega Novita, Agus Mukhtar, Althesa
Androva, Jeki Mediantari Wahyu Wibawanti

Writing — original drafi: Rizky Muliani Dwi Ujianti,
Roies Nur Ingsan

Writing — review & editing: Rizky Muliani Dwi Ujianti,
Mega Novita, Agus Mukhtar, Althesa Androva, Jeki
Mediantari Wahyu Wibawanti

Availability of data
Data used for this study were included in the manuscript.

References

1. Khomich M, Kauserud H, Logares R, Rasconi S,
Andersen T. Planktonic protistan communities in lakes
along a large-scale environmental gradient. FEMS
Microbiol Ecol. 2017;93(4):fiw231.
doi: 10.1093/femsec/fiw231

2. Djumanto N, Pranoto BE, Diani VS, Setyobudi E. Food
and the growth of introduced milkfish, Chanos chanos
(Forsskal, 1775) in sermo reservoir, Kulon Progo.
J Iktiologi Indones. 2017;17(1):83-100.
doi: 10.32491/5ii.v17i1.306

3. Setyanto A, Rachman NA, Yulianto ES. Distribution and
composition of lobster species caught in java sea of east
java, Indonesia. J Perikanan Universitas Gadjah Mada.
2018;20(1):49-55.
doi: 10.22146/jfs/.36151

4. Baryshev 1A, Veselov AE, Aleksandrovich D,
Andreevich M, Pavlov DS. Benthic disturbance-recovery
dynamics after construction impact in mountain river
Mzymta (Sochi, Black Sea Basin). Turk J Fish Aquat Sci.
2017;17:1245-1251.
doi: 10.4194/1303-2712-v17

Volume 22 Issue 4 (2025) 14

doi: 10.36922/AJWEP025110069


https://dx.doi.org/10.36922/AJWEP025110069
http://dx.doi.org/10.1093/femsec/fiw231
http://dx.doi.org/10.32491/jii.v17i1.306
http://dx.doi.org/10.22146/jfs/.36151
http://dx.doi.org/10.4194/1303-2712-v17

10.

I1.

12.

13.

14.

15.

16.

IoT-based water quality monitoring

Saoum MR, Sarkar SK. Monitoring mangrove forest
change and its impacts on the environment. Ecolo Indic.
2024;159:111666.

doi: 10.1016/j.ecolind.2024.111666

Pereira L. Non-indigenous seaweeds in the iberian
Peninsula, Macaronesia Islands (Madeira, Azores,
Canary Islands) and balearic Islands: Biodiversity,
ecological impact, invasion dynamics, and potential
industrial applications. Algal Res. 2024;78:103407.

doi: 10.1016/j.algal.2024.103407

Congdon VM, Hall MO, Furman BT, et al. Common
ecological indicators identify changes in seagrass
condition following disturbances in the Gulf of Mexico.
Ecol Indic. 2023;156:111090.

doi: 10.1016/j.ecolind.2023.111090

Ioele G, De Luca M, Grande F, et al. Assessment of
surface water quality using multivariate analysis: Case
study of the crati River, Italy. Water (Switzerland).
2020;12(8):2214.

doi: 10.3390/w12082214

Yang YCE, Wi S, Ray PA, Brown CM, Khalil AF. The
future nexus of the Brahmaputra River Basin: Climate,
water, energy and food trajectories. Glob Environ
Change. 2016;37:16-30.

doi: 10.1016/j.gloenvcha.2016.01.002

Wanjule RV, Asadullah BM, Shinde HH. Assessment
of wastewater quality of Kham river for Irrigation. In:
Materials Today: Proceedings. Vol. 5. Netherlands:
Elsevier Ltd.; 2018. p. 113-119.

doi: 10.1016/j.matpr.2017.11.061

Kuriqi A, Pinheiro AN, Sordo-Ward A, Garrote L.
Flow regime aspects in determining environmental
flows and maximising energy production at run-of-river
hydropower plants. Appl Energy. 2019;256:113980.

doi: 10.1016/j.apenergy.2019.113980

Panfili I, Bartucca ML, Ballerini E, Buono Del D.
Combination of aquatic species and safeners improves
the remediation of copper polluted water. Sci Total
Environ. 2017;601-602:1263-1270.

doi: 10.1016/j.scitotenv.2017.06.003

Wang C, Shan B, Zhang H, Zhao Y. Limitation of spatial
distribution of ammonia-oxidizing microorganisms in
the Haihe River, China, by heavy metals. J Environ Sci.
2014;26(3):502-511.

doi: 10.1016/S1001-0742(13)60443-X

Apriliani KF. Analisis Potensi Lokal di Wilayah Pesisir
Kabupaten Kendal dalam upaya mewujudkan blue
economy. Econ Dev Anal J. 2014;3(1):59-69.

doi: 10.15294/edaj.v3i1.3514

Hanifah DN, Wulandari SY, Maslukah L, Supriyantini E.
Horizontal distribution of inorganic nitrate and phosphate
concentrations in the water of Kendal river estuary,
Kendal district. J Trop Marine Sci. 2018;1(1):27-32.
doi: 10.33019/jour.trop.mar.sci.v1il.654

Sari KD, Saputra SW, Solichin A. Biological aspects

17.

18.

20.

21.

22.

23.

24.

25.

26.

27.

of banana shrimp (Penaeus merguiensis de Man, 1888)
in the Kendal waters, central java. Manag Aquat Res
(MAQUARES). 2017;6(2):128-136.

doi: 10.14710/marj.v6i2.19821

Abdullah FN, Solichin A, Saputra SW. Aspects of
fish biology and utilization rate goatfish (Upeneus
moluccensis) landed at the fish auction place (TPI)
tawang Kendal district central java province. Manag
Aquat Res J (MAQUARES). 2015;4(2):28-37.

doi: 10.14710/ijfst.5.1

Huda AA, Solichin A, Sabdaningsih A, Saputra SW.
Gonad maturity and spawning potential ratio of spotted
scat (Scatophagus argus) landed at the TPI Tanggul
Malang, Kendal. J Pasir Laut. 2022;6(1):1-11.

doi: 10.14710/jp1.2022.44359

. Fitri HK, Suherman A, Boesono H. Strategy of developing

of Tawang fish auction (FAP) at Kendal regency, central
java. J Marine Fish Soc Econ. 2021;16(2):207-223.

doi: 10.15578/jsekp.v16i2.10091

BPS-Statistics of Semarang Municipality. Semarang
Municipality in Figures;, 2022. Available from: https://
semarangkota.bps.go.id/id/publication/2022/02/25/
b4£c35189dd9d76b896dcbf3/kota-semarang-dalam-
angka-2022.html [Last accessed on 2025 Jan 27].
Ujianti RMD, Novita M, Burhanuddin A, et al. Analysis
of water quality in watershed using heavy metal pollution
index. Depik. 2024;13(2):201-211.

doi: 10.13170/depik.13.2.35680

Suryani A, Nirmala K, Djokosetyanto D. The
accumulation of heavy metal (Lead And Copper) in water,
sediment and milkfish ponds in dukuh tapak, Kelurahan
Tugurejo, Semarang. J Pengelolaan Sumberdaya Alam
Dan Lingkungan. 2018;8(3):271-278.

doi: 10.29244/jpsl.8.3.271-278

Nurfuad FA, Suryanti S, Jati OE, Anggoro S. Ionic
patterns of white shrimp (Penaeus merguiensis) in
the waters of Tambak Lorok, Semarang. J Pasir Laut.
2023;7(2):80-85.

doi: 10.14710/jpl.2023.58572

Hanif KH, Suprijanto J, Pratikto I. Identification of
microplastics at Kendal Estuary, Kendal regency.
J Marine Res. 2021;10(1):1-6.

doi: 10.14710/jmr.v10i1.26832

Jubaedah S, Wulandari SY, Zainuri M, Maslukah L,
Ismunarti DH. Studi kandungan bahan organik di
perairan muara sungai jajar, kabupaten demak, jawa
tengah. Indones J Oceanogr. 2021;3(3):230-236.

doi: 10.14710/ijoce.v3i3.11442

Suwatanti EPS, Maridi M, Suntoro S. Water quality
analysis using pollution index method in klampok sub-
watershed, semarang regency, Indonesia. Caraka Tani J
Sustain Agric. 2022;37(2):243.

doi: 10.20961/carakatani.v37i2.58393

Ujianti RMD, Androva A. Analysis of water quality
and river waters microbology for manifestation of food

Volume 22 Issue 4 (2025)

15

doi: 10.36922/AJWEP025110069


https://dx.doi.org/10.36922/AJWEP025110069
http://dx.doi.org/10.1016/j.ecolind.2024.111666
http://dx.doi.org/10.1016/j.algal.2024.103407
http://dx.doi.org/10.1016/j.ecolind.2023.111090
http://dx.doi.org/10.3390/w12082214
http://dx.doi.org/10.1016/j.gloenvcha.2016.01.002
http://dx.doi.org/10.1016/j.matpr.2017.11.061
http://dx.doi.org/10.1016/j.apenergy.2019.113980
http://dx.doi.org/10.1016/j.scitotenv.2017.06.003
http://dx.doi.org/10.1016/S1001-0742(13)60443-X
http://dx.doi.org/10.15294/edaj.v3i1.3514
http://dx.doi.org/10.33019/jour.trop.mar.sci.v1i1.654
http://dx.doi.org/10.14710/marj.v6i2.19821
http://dx.doi.org/10.14710/ijfst.5.1
http://dx.doi.org/10.14710/jpl.2022.44359
http://dx.doi.org/10.15578/jsekp.v16i2.10091
http://dx.doi.org/10.13170/depik.13.2.35680
http://dx.doi.org/10.29244/jpsl.8.3.271-278
http://dx.doi.org/10.14710/jpl.2023.58572
http://dx.doi.org/10.14710/jmr.v10i1.26832
http://dx.doi.org/10.14710/ijoce.v3i3.11442
http://dx.doi.org/10.20961/carakatani.v37i2.58393

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Ujianti, et al.

safety. Adv Sustain Sci Eng Technol. 2019;1(1):1-7.

doi: 10.26877/asset.v1i1.4877

Susanto A, Alimuddin A, Herjayanto M, Budiaji W,
Fitria N. Rancang bangun sistem monitoring kualitas
air untuk pemeliharaan organisme laut. J Edukasi Dan
Penelitian Inform (JEPIN). 2020;6(3):386.

doi: 10.26418/jp.v613.42899

Talanta DE. Rancang bangun kontrol kadar amonia dan
ph air berbasis arduino pada budidaya ikan. Otopro.
2021;17(1):27-32.

doi: 10.26740/otopro.v17nl.p27-32

Chen FL, Yang BC, Peng SY, Lin TC. Applying a
deployment strategy and data analysis model for water
quality continuous monitoring and management. /nt J
Distrib Sens Netw. 2020;16(6):1-15.

doi: 10.1177/1550147720929825

Noerhayati E, Suprapto B, Rahmawati A, Mustika S.
Improving wastewater quality system using the internet
of things-based phytoremediation method. J Ecol Eng.
2023;24(3):254-262.

doi: 10.12911/22998993/158382

Widodo T, Santoso AB, Ishak SI, Rumeon R. Sistem
kendali proporsional kualitas air berupa ph dan suhu
pada budidaya ikan lele berbasis iot. J Edukasi Dan
Penelitian Inform (JEPIN). 2023;9(1):59.

doi: 10.26418/jp.v9i1.59607

Rayabharapu VK, Rampur V, Jyothi NM, Tripathi V,
Bhaskar T, Glory KB. IOT sensor-based pollution
managementcontrol technique. Meas Sens.2022;24:100513.
doi: 10.1016/j.measen.2022.100513

Alfia R, Widodo A, Kholis N, Nurhayati N. Sistem
monitoring kualitas air pada sistem akuaponik berbasis
10T. J Teknik Elektro. 2021;10(3):707-714.

doi: 10.26740/jte.v10n3.p707-714

Zamora R, Harmadi H, Wildian W. Perancangan alat
ukur TDS (Total Dissolved Solid) air dengan sensor
konduktivitas secara real time. Sainstek J Sains Dan
Teknologi. 2016;7(1):11.

doi: 10.31958/js.v7i1.120

Makumbura RK, Mampitiya L, Rathnayake N, et al.
Advancing water quality assessment and prediction
using machine learning models, coupled with explainable
artificial intelligence (XAI) techniques like shapley
additive explanations (SHAP) for interpreting the black-
box nature. Results Eng. 2024;23:102831.

doi: 10.1016/j.rineng.2024.102831

Dharmarathne G, Abekoon AMSR, Bogahawaththa M,
Alawatugoda J, Meddage DPP. A review of machine
learning and internet-of-things on the water quality
assessment: Methods, applications and future trends.
Results Eng. 2025;26:105182.

doi: 10.1016/j.rineng.2025.105182

Fadilah MFF, Hanani A, Chamidy T. Sistem pengukuran
kualitas media padalarva BSF (Black Soldier Fly) berbasis
internet of things menggunakan metode naive bayes.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

JISKA J Inform Sunan Kalijaga. 2023;8(2):125-139.
doi: 10.14421/jiska.2023.8.2.125-139

APHA (American Public Health Association). Standard
Methods for the Examination of Water and Wastewater.
21 ed. United States: American Public Health
Association; 2005.

Forhad HM, Uddin MR, Chakrovorty RS, et al. 1oT
based real-time water quality monitoring system in water
treatment plants (WTPs). Heliyon. 2024;10(23):e40746.
doi: 10.1016/j.heliyon.2024.e40746

Adeleke I, Nwulu N, Adebo OA. Internet of things (IoT)
in the food fermentation process: A bibliometric review.
J Food Process Eng. 2023;46(5):e14321.

doi: 10.1111/jfpe.14321

Zaidi Farouk MIH, Jamil Z, Abdul Latip MF. Towards
online surface water quality monitoring technology:
A review. Environ Res. 2023;238(Pt 1):117147.

doi: 10.1016/j.envres.2023.117147

Lakshmikantha V, Hiriyannagowda A, Manjunath A,
Patted A, Basavaiah J, Anthony AA. IoT based smart
water quality monitoring system. Glob Trans Proc.
2021;2(2):181-186.

doi: 10.1016/j.gltp.2021.08.062

Pasika S, Gandla ST. Smart water quality monitoring system
with cost-effective using loT. Heliyon. 2020;6(7):04096.
doi: 10.1016/j.heliyon.2020.e04096

Adeleke TA, Nwulu NI, Ogbolumani OA. A hybrid
machine learning and embedded IoT-based water
quality monitoring system. Intern Things (Netherlands).
2023;22:100774.

doi: 10.1016/5.10t.2023.100774

Syafrudin S, Sarminingsih A, Juliani H, Budihardjo MA,
Puspita AS, Auliya Arlin Mirhan S. Water quality
monitoring system for temperature, pH, turbidity,
DO, BOD, and COD parameters based on internet of
things in garang watershed. Ecol Eng Environ Technol.
2024;25(2):1-16.

doi: 10.12912/27197050/174412

Chan Kujiek D, Sahile ZA. Water quality assessment
of elgo river in Ethiopia using CCME, WQI and
IWQI for domestic and agricultural usage. Heliyon.
2024;10(1):e23234.

doi: 10.1016/j.heliyon.2023.e23234

Lalaoui M, Bouchareb N, Bousbia S, et al. Assessment
of water quality for drinking and domestic use from three
sources in the mila region, northeastern algeria. Asian J
Water Environ Poll. 2024;21(6):151-159.

doi: 10.3233/AJW240082

Anyango GW, Bhowmick GD, Sahoo Bhattacharya N.
A critical review of irrigation water quality index and
water quality management practices in micro-irrigation
for efficient policy making. Desalination Water Treat.
2024;318:100304.

doi: 10.1016/j.dwt.2024.100304

. Venkatesan G, Sasikumar S, Karthick P, Balamurali RS.

Volume 22 Issue 4 (2025)

16

doi: 10.36922/AJWEP025110069


https://dx.doi.org/10.36922/AJWEP025110069
http://dx.doi.org/10.26877/asset.v1i1.4877
http://dx.doi.org/10.26418/jp.v6i3.42899
http://dx.doi.org/10.26740/otopro.v17n1.p27-32
http://dx.doi.org/10.1177/1550147720929825
http://dx.doi.org/10.12911/22998993/158382
http://dx.doi.org/10.26418/jp.v9i1.59607
http://dx.doi.org/10.1016/j.measen.2022.100513
http://dx.doi.org/10.26740/jte.v10n3.p707-714
http://dx.doi.org/10.31958/js.v7i1.120
http://dx.doi.org/10.1016/j.rineng.2024.102831
http://dx.doi.org/10.1016/j.rineng.2025.105182
http://dx.doi.org/10.14421/jiska.2023.8.2.125-139
http://dx.doi.org/10.1016/j.heliyon.2024.e40746
http://dx.doi.org/10.1111/jfpe.14321
http://dx.doi.org/10.1016/j.envres.2023.117147
http://dx.doi.org/10.1016/j.gltp.2021.08.062
http://dx.doi.org/10.1016/j.heliyon.2020.e04096
http://dx.doi.org/10.1016/j.iot.2023.100774
http://dx.doi.org/10.12912/27197050/174412
http://dx.doi.org/10.1016/j.heliyon.2023.e23234
http://dx.doi.org/10.3233/AJW240082
http://dx.doi.org/10.1016/j.dwt.2024.100304

51.

52.

53.

IoT-based water quality monitoring

Assessing water quality in the cooum river basin:
A comprehensive review of methodologies and findings.
Asian J Water Environ Poll. 2024;21(6):9-14.

doi: 10.3233/AJW240067

Melad RS, Nonato RLV, Salazar DJ, Ligaray MV, Choi
AES. Spatial assessment of water quality in Mananga
River in Talisay City, Cebu, Philippines. Results Eng.
2024;24:103030.

doi: 10.1016/j.rineng.2024.103030

Zeng L. A Study on Measures to Prevent from Water
Eutrophication in Longhu Lake, Jinjiang. 6" International
Conference on Machinery, Materials, Environment,
Biotechnology and Computer; 2016. p. 1948-1952.

doi: 10.2991/ssehr-16.2016.259

Young SS, Yang HN, Huang DJ, Liu SM, Huang YH.
Using benthic macroinvertebrate and fish communities as
bioindicators of the tanshui river basin around the greater
taipei area -- multivariate analysis of spatial variation
related to levels of water pollution. Int J Environ Res
Public Health. 2014;11:7116-7143.

54.

55.

56.

57.

doi: 10.3390/ijerph110707116

Rangasamy E, Muniyandi M. Current status of stream
water quality around selected Tea Gardens from
Southern Western Ghats, Tamil Nadu, India - a case
study. HydroResearch. 2024;7:99-108.

doi: 10.1016/j.hydres.2024.01.002

Kundu S, Coumar V, Rajendiran S, Ajay K, Rao AS.
Phosphates from detergents and eutrophication of surface
water ecosystemin India. CurrSc.2015;108(7):1320-1325.
Bhatt S, Mishra AP, Chandra N, et al. Characterizing
seasonal, environmental and human-induced factors
influencing the dynamics of Rispana River’s water
quality: Implications for sustainable river management.
Results Eng. 2024;22:102007.

doi: 10.1016/j.rineng.2024.102007

AlYousif MA, Chabuk A. Assessment of the al-abbasiyah
river (Iraq) water quality for drinking purposes using
the water quality index and GIS software. J Ecol Eng.
2023;24(8):157-174.

doi: 10.12911/22998993/166396

Volume 22 Issue 4 (2025) 17

doi: 10.36922/AJWEP025110069


https://dx.doi.org/10.36922/AJWEP025110069
http://dx.doi.org/10.3233/AJW240067
http://dx.doi.org/10.1016/j.rineng.2024.103030
http://dx.doi.org/10.2991/ssehr-16.2016.259
http://dx.doi.org/10.3390/ijerph110707116
http://dx.doi.org/10.1016/j.hydres.2024.01.002
http://dx.doi.org/10.1016/j.rineng.2024.102007
http://dx.doi.org/10.12911/22998993/166396

