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This study presents an Internet of Things (IoT)-enabled real-time water quality monitoring
and classification system that integrates a lightweight McCulloch—Pitts neural network for
on-device inference on resource-constrained hardware. The proposed system employs pH,
turbidity, Total Dissolved Solids (TDS), and temperature sensors connected to an Arduino-
based platform, while measured data are transmitted to the ThingSpeak cloud for remote
visualization and monitoring. A key contribution of the study is the embedded
implementation of the classification model, which requires less than 5 KB SRAM and
performs inference in under 10 ms per sample without relying on cloud-based computation.
Experimental evaluation was conducted at three locations in Central Sulawesi, Indonesia,
in order to assess both sensing performance and practical classification capability under real
operating conditions. The results show that the sensing module achieved measurement
accuracy ranging from 85% to 97% compared with a commercial reference device, and the
proposed system successfully classified water into three practical categories: potable,
suitable for washing, and unsuitable for daily use. In addition to supporting local display,
the system enables remote and continuous monitoring through cloud-based data
visualization. The developed framework provides a low-cost, real-time, and location-
independent solution for water quality assessment. However, because the model relies on
fixed threshold-based weighting, its adaptability to changing water conditions remains
limited, indicating the need for future refinement through more adaptive classification

strategies and the inclusion of additional water quality parameters.

1. INTRODUCTION

Water is a fundamental requirement for human and
ecological life. In daily activities, water is used for drinking,
cooking, bathing, washing, and in industrial and agricultural
processes. However, rapid population growth and
industrialization have led to declining water quality in many
regions. Poor water quality can serve as a medium for the
transmission of diseases, particularly those affecting the
human digestive system. Therefore, water quality monitoring
has become a crucial concern across multiple aspects of life,
from household use to aquaculture practices [1]. Contaminated
water may contain toxic compounds, leftover feed, organic
materials, and pathogenic substances that can harm fish [2].
The government has established water quality standards
through the Indonesian Ministry of Health Regulation No.
492/ MENKES/PER/IV/2010, which includes parameters such
as pH, temperature, Total Dissolved Solids (TDS), and
turbidity [3]. Turbidity itself is not inherently hazardous, but it
can indicate the presence of potentially harmful chemical
compounds. These concerns drive researchers to develop
innovative methods for reliably measuring water quality
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parameters, shifting from conventional methods to more
efficient approaches [4]. One promising approach involves
applying machine learning [5] to recognize environmental
phenomena and improve water-quality assessment [6].

Several prior studies have focused on measuring basic water
parameters [7]. Some have introduced monitoring systems to
facilitate water quality observation through custom or existing
web servers, enabling data storage and real-time monitoring
via personal computers or smartphones [7, 8]. For instance, an
IoT-based water monitoring system with pH, turbidity,
salinity, temperature, and ultrasonic sensors [9, 10] connected
to an Arduino Uno microcontroller has been developed to send
data to Firebase and display real-time results in an Android
application [5, 11]. However, these systems are often limited
to local monitoring and lack robust remote access [9]. Other
studies have developed online pH monitoring systems using
the PH-4502C module and a web server, providing real-time
visualization via a browser interface [12].

IoT-based systems present a modern solution for real-time
water quality monitoring. Deploying sensor devices in the
environment transforms it into a smart system capable of
interacting with other devices via network connections [13,


https://orcid.org/0000-0003-4075-1362
https://orcid.org/0000-0002-6857-3257
https://orcid.org/0000-0003-1205-8819
https://orcid.org/0009-0009-8317-1297
https://orcid.org/0009-0004-9884-6051
https://orcid.org/0009-0002-1483-3671
https://orcid.org/0009-0004-1176-0918
https://crossmark.crossref.org/dialog/?doi=https://doi.org/10.18280/isi.310206&domain=pdf

14]. For example, a system using pH, temperature, and TDS
sensors connected via an ESP32 microcontroller can be
accessed through the Blynk application [15, 16]. Improving
monitoring efficiency and preventing losses caused by
fluctuations in water quality, particularly in aquaculture
applications [17].

Beyond data acquisition, intelligent methods are needed for
classification and decision-making regarding water quality.
Artificial Neural Networks (ANNs), especially the
McCulloch-Pitts model, can effectively classify water quality
status. ANNs are classification algorithms that emulate the
working principles of human neural networks [18]. They map
input data to target outputs via neurons arranged across input,
hidden, and output layers [19]. ANNSs are highly effective for
modeling complex, non-linear relationships [20]. The
McCulloch-Pitts model represents one of the simplest ANN
architectures, yet it remains effective for binary processing and
basic classification tasks [21].

Intelligent computing methods, including fuzzy logic, have
also been applied to water quality classification [22].
However, such methods often face limitations in field
efficiency, especially in remote or hard-to-access locations,
hindering real-time data acquisition. To overcome these
limitations, this study proposes an loT-based water quality
detection and monitoring system using a McCulloch-Pitts
Neural Network model. The system automatically collects
sensor data and transmits it to a web-based server, enabling
monitoring anytime, anywhere on computers or smartphones
[23]. By integrating IoT technology with neural network
methods, the proposed system aims to improve the efficiency
of water quality classification, expand monitoring coverage,
and help ensure the availability of safe water in accordance
with health standards [24].

2. METHODS
2.1 System design

The design of the water quality detection and monitoring
system was carried out to simplify the integration and
assembly of components for an Internet of Things (IoT)-based
system. The design includes a complete system block diagram
and an illustration of the system's primary components. A key
feature of this study is the implementation of a McCulloch-
Pitts Neural Network model directly on the microcontroller,
enabling real-time, on-device water quality classification
without relying on cloud-based computation.

Figure 1 shows the overall system design. The system
consists of four primary sensors: a TDS Sensor, a pH Sensor,
a Turbidity Sensor, and a Temperature Sensor. These sensors
measure the essential parameters of water quality. The raw
data collected by the sensors is sent to an Arduino
microcontroller equipped with an integrated neural network
algorithm [25]. The hardware components were selected based
on availability, cost efficiency, and compatibility with
embedded implementation. The Arduino Uno microcontroller
was chosen due to its low power consumption and sufficient
computational capability for implementing simple neural
network inference. The McCulloch—Pitts neural network
model was implemented using integer-based arithmetic to
minimize memory usage and execution time. The total
memory consumption required for neural network
computation was less than 5 KB of SRAM, enabling stable
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operation on resource-constrained hardware.
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Figure 1. Diagram of the water quality monitoring system
based on McCulloch-Pitts Neural Network

To support remote monitoring, the system uses an ESP8266
Wi-Fi module to transmit data to the ThingSpeak IoT
platform. This architecture allows the local neural network
model to perform water quality classification independently of
cloud-based artificial intelligence, resulting in faster
processing, reduced bandwidth usage, and the ability to
operate offline. A local LCD interface provides instant visual
feedback by displaying both sensor readings and water quality
classification results.
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Figure 2. System flowchart of the water quality monitoring
process



The water quality output is displayed in two ways, as shown
in Figure 2:

1. Locally, via the LCD, showing sensor parameter values
and the classified water quality category: Potable
(drinking water), Suitable for washing, Unsuitable for
daily use.

2. Online, by transmitting data to the ThingSpeak cloud
server through the ESP8266 module. The data is
visualized in real-time graphs, allowing users to observe
trends and historical changes in water quality.

2.2 Neural network model for water quality classification

Water quality classification is performed using a
McCulloch—Pitts neural network model due to its simplicity
and suitability for embedded implementation. Figure 3
indicates that the input parameters include pH, turbidity
(NTU), TDS, and temperature, which are key indicators of
drinking water quality. Each parameter is first categorized into
three numerical classes: potable (2), suitable for washing (1),
and unsuitable for daily use (0), based on the drinking water
quality standards.

The neural network processes the classified inputs by
calculating the weighted sum at each neuron. The net input
value is determined using the following equation:

net = in w;

where, x; represents the classified input value, and w; denotes
the corresponding weight. The weight values were manually
assigned based on the relative importance of each parameter
according to drinking water quality standards. pH and TDS
were given higher weights (w1 = 1, ws = 1) because they
directly affect human health, while turbidity and temperature
were assigned lower weights (w2 = 0.25, wa = 0.25) as
supporting indicators. Compared to multilayer perceptron
(MLP) models, the McCulloch—Pitts model offers lower
computational complexity, deterministic behavior, and
suitability for real-time embedded implementation, though it
lacks adaptive learning.

Figure 4 illustrates the structure of the proposed
McCulloch—Pitts neural network. The first neuron combines
the pH and turbidity inputs to produce an intermediate output,
which is then forwarded to the second neuron along with the
TDS input to generate the final water quality classification.
This hierarchical structure enables efficient classification
while maintaining low computational overhead, making it
suitable for deployment on resource-constrained IoT devices.

(1

3. RESULTS AND DISCUSSION

The developed water quality detection and monitoring
system was tested to verify its functionality and accuracy in
real conditions. System performance was evaluated based on
sensor accuracy testing and water quality classification in
accordance with the Indonesian Ministry of Health
Regulation, No. 492/MENKES/PER/IV/2010 [3]. Table 1
shows the reference standard for drinking water quality, as
defined by the Ministry of Health.

Before system testing, individual sensor calibration and
accuracy tests were conducted by comparing the readings with
a commercial standard device (HANNA brand). The results of
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the sensor testing are shown in Tables 2 to 4. These results
indicate that the sensors have an accuracy range between 85%
and 97%, which is acceptable for loT-based water quality
monitoring.

Figure 3. Water quality detection and monitoring prototype

Table 1. Standard drinking water quality

No. Parameter Standard Value Unit
1. TDS <500 Ppm
2. pH 6,5-38,5 pH
3. Turbidity <5 NTU

Table 2. Total Dissolved Solids (TDS) sensor accuracy

Sample TDS TDS Accuracy
(Standard) (Prototype) (%)
1. 129 153 81.4
. 1741 1361 78.17
3. 377 385 97.88
Average 85.82
Table 3. pH sensor accuracy
Sample pH (Standard) pH (Prototype) Accuracy (%)
1. 6.6 6.3 95.45
2. 7.3 7.2 98.63
3. 7.8 8 97.44
Average 97.17
Table 4. Temperature sensor accuracy
Temp (°C Temp (°C Accuracy
Sample Standard) Prototype) (%)
1. 279 27.5 98.92
2. 324 31 95.68
3. 335 323 96.42
Average 97.01

The data generated from the sensors is used as the basis for
water quality classification using the Neural Network method
with the McCulloch-Pitts model. Water quality is classified
into three categories: potable (suitable for drinking), suitable
for washing, and unsuitable for daily use. The classification
table for each parameter is presented in Table 5. The values of



each parameter are entered into a mathematical function,
multiplied by their respective weights, to produce an output
that is then activated to generate the final classification.
Consequently, each parameter classification is represented

numerically as follows:
1. Potable =2
2. Suitable for washing =1
3. Unsuitable for daily use =0

Table 5. Water parameter classification

Classification A Classification Classification
pH Description No. Turbidity (NTU) Description No. TDS (ppm) Description No.
4-<6,5 Washing 1 0-5 Potable 2 0-500 Potable 2
6,5-8,5 Potable 2 >5-20 Washing 1 >500-100 Washing 1
>8,5-11 Washing 1 Other Unsuitable 0 Other Unsuitable 0
Other Unsuitable 0

Activation function

<&
<

Activation function

=

Output

A
A 4

Figure 4. Water quality neural network structure

Each parameter value, represented numerically as 0, 1, or 2,
is treated as an input to the neuron and multiplied by its
corresponding weight (w) to produce an intermediate output.
The McCulloch-Pitts model then sums the weighted inputs
according to the following formula:

net = Z xl-j Wij

where, x;; is the input value from the classified water parameter
(pH, turbidity, or TDS); w; is the weight assigned to the
corresponding input.

The resulting net value is then passed through an activation
function to determine the final classification output of the
system. In this study, the weights for the McCulloch-Pitts
neural network were assigned manually as w; = 1, w, = 0.25,
ws = 1 and ws = 0.25. The water quality neural network
structure is shown in Figure 4. The first neuron combines the
pH and turbidity (NTU) inputs, each multiplied by its
respective weight, to produce an intermediate output. This
output is then activated by the following formula:

2

2, jika netl = 2,5
f(netl) {1, jlka 1 <netl <2<netl <2,5 (3)
0, jika netl < 1,netl =2

The intermediate output is then activated and passed to the
second neuron, which combines it with the TDS input to
produce the final water quality classification. The activation
function is as follows:

2, jika net2 = 2,5
f(net2) {1, jilka 1< net2<2<net2<2,5 4)
0, jika net2 < 1,net2 =2

The system was tested in three locations in Palu City,
Central Sulawesi, Indonesia:
1. Palu Bangga Streat (Location 1)

2. Tondo sub-District (Location 2)

3. Duyu, Tatanga District (Location 3)

The measurement results for Locations 1, 2, and 3 are
presented sequentially in Tables 6, 7, and 8, respectively.
Meanwhile, the monitoring graphs displayed on the web
interface are shown in Figures 5, 6, and 7.

Table 6. Water quality at Location 1

TDS H Turbidity Temp System
(ppm) P (NTU) (°C) Output
153 6,3 1012993 27,597 Unsuitable
156,6 5,85 97,0661 26,117 Unsuitable
1871 5,5 93,1508 27,413 Unsuitable
156,6 5,5 92,1404 26,958 Unsuitable
190,1 5.6 92,8982 26,359 Unsuitable
156,6 5,82 99,7184 26,585 Unsuitable
159,6 5.6 96,0557 26,161 Unsuitable
159,6 5,64 96,0557 27,2 Unsuitable
199,3 5,87 98,4554 27,547 Unsuitable
168.8 5.4 93,1508 2745 Unsuitable
1718 5.3 93,5297 27,245 Unsuitable
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The final water quality classification at Location 2 is
unsuitable, due to the very high TDS level, indicating a high
concentration of dissolved particles in the water. The turbidity
and pH, which range between 6 and 7, are relatively acceptable
for drinking water. Therefore, this water quality can be
classified as suitable for washing or can be consumed after
proper treatment.

The final water quality classification at Location 3 is
suitable for washing. The TDS values in the samples are below
500 ppm, with pH values ranging between 7 and 8, indicating
that the water is generally in good condition for drinking
purposes. However, the turbidity at Location 3 is slightly
higher, so the water quality is classified as suitable for
washing, although it can still be consumed after appropriate
processing.
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Table 7. Water quality at Location 2

TDS H Turbidity Temp System
(ppm) P (NTU) (°O) Output
1294,000 6,84 9,8447 32,359  Unsuitable
1361,042 7,175 8,0765 29,166  Unsuitable
1361,042 7,19 8,0765 30,368  Unsuitable
1357,993 6,965 8,0765 31,953  Unsuitable
1357,993 6,965 8,2028 31,143 Unsuitable
1357,993 7,055 8,3291 32,645  Unsuitable
1357,993 6,98 8,0765 29,642  Unsuitable
1297,007 6,92 9,971 32,903  Unsuitable
1361,042 6,98 8,2028 30,679  Unsuitable
1357,993 6,965 8,2028 32,445  Unsuitable
1357,993 6,965 8,3291 30,783  Unsuitable
1357,993 7,205 8,2028 29,281  Unsuitable
1357,993 6,965 8,3291 32,982  Unsuitable
1357,993 7,205 8,2028 30,46 Unsuitable
1354,944 7,055 8,3291 32,911  Unsuitable
1354,944 6,965 8,4554 32,353 Unsuitable
1357,993 7,205 8,3291 29,364  Unsuitable
1354,944 6,950 8,4554 30,405  Unsuitable
1357,993 6,965 8,2028 32,390  Unsuitable
1354,944 6,965 8,4554 30,719  Unsuitable
1351,894 7,190 8,4554 32,875  Unsuitable
1354,994 7,100 8,4554 29,005  Unsuitable
1354,994 6,950 8,4554 29,642  Unsuitable
1351,894 7,205 8,3291 31,013 Unsuitable
Table 8. Water quality at Location 3
TDS Turbidity Temp
(ppm) pH (NTU) ©C) System Output
431,006 7,53 7,95 323 Washing
418,808 7,41 10,10 32 Washing
385,266 7,56 10,98 32,5 Washing
385,266 7,56 9,97 29,3 Washing
385,266 7,49 10,60 304 Washing
388,315 7,56 10,10 29,8 Washing
388,315 7,46 10,22 32,7 Washing
388,315 7,53 10,60 29,9 Washing
391,365 7,56 11,23 30,6 Washing
391,365 8,08 10,73 29,2 Washing
391,365 7,94 10,98 31,2 Washing
379,167 8,09 10,60 31,3 Washing
388,315 7,73 11,99 29,2 Washing
385,266 7,96 12,12 29,6 Washing
388,315 8,09 11,36 30,9 Washing
391,365 8,09 11,49 324 Washing
4218587 8,08 11,23 32,3 Washing
424,907 8,09 11,49 29,4 Washing
421,858 8,08 11,36 31,1 Washing
421,858 8,09 11,11 32 Washing
421,858 8,09 11,49 31,2 Washing
421,858 8,11 11,12 293 Washing
421,858 7,96 11,61 31,6 Washing
403,562 8,09 10,60 31,2 Washing
382,217 8,09 10,86 30,1 Washing
379,167 8,05 11,23 30,6 Washing
345,625 7,03 11,12 304 Washing
342,578 7,07 10,60 31,1 Washing

Some misclassification cases were observed, particularly
when turbidity sensor readings were unstable due to
calibration drift or environmental interference. High turbidity
values occasionally dominated the classification outcome
despite acceptable pH and TDS levels. This limitation
highlights the sensitivity of threshold-based neural models to
sensor noise. Nevertheless, the classification results remain
consistent with local water usage practices, where water with
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high turbidity is typically avoided for direct consumption.

e Sample 1 Analysis

The first sample shows significant sensor value fluctuations
due to unstable network conditions. The measured TDS is low
with pH between 5-6, but the turbidity reading experienced
calibration errors. In general, the water could still be used after
treatment, but the neural network model classified it as not
suitable.

a. Neural Network Formulation:

netl = x_pH-w; + x_NTU - w, (5)
net2 =9, -ws + x_TDS - w, (6)
b. Calculation results:
netl = (1.0 x 1.0) + (0.0 x 0.25 x) = 1.0 )
- f(netl) = 0.0
net2 = (0.0 x 1.0) + (2.0 x 0.25x) = 0.5 )

— f(net2) = 0.0 (Not suitable)

Interpretation: The final classification is 'Not Suitable'
because the NTU error reduced the output. Practically, the
water could still be used for washing or even drinking after
proper treatment.

e Sample 2 Analysis

The second sample shows stable monitoring results with
good network conditions. The pH value is between 6—7 (good),
NTU is good, but TDS is very high. The final neural network
output classified the water as not suitable.

a. Neural Network Formulation:

netl = x_pH-w; +x_NTU - w, 9
net2 =9y, -ws +x_TDS - w, (10)
b. Calculation results:
netl = (2.0x1.0) + (0.0 x0.25x) =2.5
- f(netl) = 2.0 an
net2 = (2.0 x 1.0) + (0.0 x 0.25 x) = 2.0 (12)

— f(net2) = 0.0 (Not suitable, exact threshold)

Interpretation: Although pH and NTU are good, the very
high TDS dominates the final decision. The net2 value being
at the threshold produced a strict 'Not Suitable' classification.

e Sample 3 Analysis

The third sample provides stable data with TDS < 500 ppm
and pH 7-8 (good), but NTU is slightly higher. The neural
network classified the water as suitable for washing.

a. Neural Network Formulation:
netl = x_pH-w; + x_NTU - w, (13)

(14)

netz = 5/\1 * W3 + X_TDS * W4_



b. Calculation results:

netl = (2.0 x 1.0) + (1.0 x 0.25 x) = 2.25 (15)
- f(netl) = 1.0
net2 = (1.0 x 1.0) + (2.0 x 0.25 x) = 1.5 (16)
— f(net2) = 1.0 (Suitable for washing)
Interpretation: The combination of good pH and TDS was
limited by higher NTU, resulting in the final classification
'Suitable for Washing'. Practically, the water could still be
consumed after turbidity treatment.

4. CONCLUSION

The IoT-based Water Quality Monitoring System designed
using the Neural Network method implemented in the Arduino
IDE, was successfully developed and functioned effectively.
The system can reliably determine the classification of water
quality parameters for drinking water. This reliability is
achieved because the neural network-based classification
utilizes fixed value ranges referring to drinking water quality
standards, although it does not provide flexible classification
outside these ranges.

The real-time monitoring of water quality parameters
through the ThingSpeak web server significantly facilitates
remote observation of water conditions. However, the stability
of the network connection greatly affects the speed and
success of data transmission to the web server. Overall, the
integration of IoT technology with a lightweight neural
network model provides a cost-effective, real-time, and
location-independent solution for water quality detection and
monitoring, contributing to better decision-making in water
utilization and public health protection.

Despite its effectiveness, the proposed system has several
limitations, including dependence on fixed classification
thresholds, limited adaptability to varying water conditions,
and sensitivity to sensor calibration errors. Future work will
focus on incorporating adaptive weight mechanisms,
additional water quality parameters such as dissolved oxygen
and conductivity, and comparative evaluation with more
advanced neural network models while maintaining low
computational complexity. These improvements are expected
to enhance classification robustness and system scalability.
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NOMENCLATURE
. Classified input value of water quality parameter
¢ (pH, turbidity, TDS, temperature)
w; Weight assigned to input parameter
net Weighted sum input of neuron
TDS Total Dissolved Solids concentration
pH Potential of hydrogen
NTU Turbidity value
Temp  Water temperature

SRAM Static Random Access Memory usage

Subscripts

i
1
2

Index of input parameter
First neuron (pH and turbidity processing)
Second neuron (final classification neuron)





