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Abstract

Water quality, particularly pH, temperature, and turbidity parameters, plays an important role in
maintaining the health of ornamental fish in aquariums. Fluctuations in these parameters can
cause physiological stress and even death in fish if not properly controlled. This study aims to
design an Internet of Things (IoT)-based water quality monitoring and control system using the
Mamdani type Fuzzy Inference System (FIS) method. The system utilizes pH, temperature, and
turbidity sensors connected to an ESP32 microcontroller to acquire data and transmit it in
real-time to a cloud-based platform. Sensor values are processed through fuzzification, inference
using the MIN operator and MAX aggregation, then defuzzification using the centroid method to
produce decisions on fish conditions in the categories of healthy, sick, or dead. Simulation results
using MATLAB Fuzzy Logic Toolbox show that the system is capable of providing a more stable
non-linear response compared to conventional threshold methods. The integration of IoT and
fuzzy logic enables more adaptive, proportional, and effective control in maintaining water quality
within the optimal range for ornamental fish.

Keywords: Internet of Things, Fuzzy Logic, Mamdani, Water Quality Monitoring, pH Control,
Aquaculture, ESP32.
INTRODUCTION

Water quality management is a fundamental aspect of sustainable aquaculture systems because
environmental parameters directly influence the growth, health, and survival of aquatic organisms.
Among these parameters, pH plays a particularly important role in maintaining ecological balance and
supporting biological processes in aquatic environments. Unstable pH levels may cause physiological
stress in fish and can disrupt the metabolic processes necessary for normal growth and survival.
Therefore, maintaining optimal pH conditions is essential for ensuring environmental stability and
improving aquaculture productivity. The importance of maintaining stable water quality conditions in
aquaculture environments has been widely discussed in previous studies (Li et al., 2023).

Aquaculture systems involve complex environmental interactions where multiple physical and
chemical parameters must be monitored simultaneously to maintain stable water conditions.
Variations in environmental factors such as temperature, dissolved oxygen, and pH can significantly
affect aquatic ecosystems and influence the sustainability of aquaculture operations. Effective water

quality assessment therefore requires integrated monitoring and evaluation approaches that consider
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the dynamic nature of aquatic environments. Previous studies have highlighted the need for systematic
water quality evaluation models that can capture the complexity of aquaculture ecosystems (Trach et
al., 2022).

In recent years, the development of Internet of Things (IoT) technology has provided new
opportunities for improving environmental monitoring systems in aquaculture. IoT enables real-time
data acquisition through interconnected sensors that can continuously measure environmental
parameters and transmit the collected data to digital platforms for analysis and visualization. This
capability allows aquaculture operators to monitor water conditions more efficiently and respond
more quickly to environmental changes that may affect fish health and productivity. The use of IoT
technologies has therefore become an important approach for modern aquaculture monitoring systems
(Rastegari et al., 2023).

Several studies have also demonstrated the potential of IoT-based systems for real-time water
quality monitoring in fish farming environments. Sensor networks integrated with IoT platforms allow
continuous observation of water parameters and enable automated data collection without requiring
constant manual measurement. Such monitoring systems help improve the accuracy and reliability of
environmental data while reducing operational workload in aquaculture management. These
technological developments contribute to more efficient monitoring practices and improved
aquaculture system performance (Chen et al., 2022).

In addition to monitoring technologies, intelligent computational methods have been increasingly
applied to support environmental decision-making processes. Machine learning techniques, for
example, have been widely used for environmental data analysis and prediction in agricultural
systems. These computational approaches allow the identification of complex patterns within
environmental datasets and support more accurate prediction of environmental conditions. As a result,
intelligent data processing techniques play an important role in improving the efficiency of
environmental monitoring and management systems (Pathak et al., 2023).

Among intelligent control approaches, fuzzy logic has gained significant attention because of its
ability to handle uncertainty and represent human reasoning using linguistic rules. Unlike
conventional control methods that rely on fixed numerical thresholds, fuzzy logic systems allow
flexible decision-making based on qualitative knowledge and rule-based reasoning. This capability
makes fuzzy logic particularly suitable for environmental systems where parameters often fluctuate
and cannot be represented accurately using rigid mathematical models (You et al., 2021).

The application of fuzzy logic in aquaculture monitoring systems has demonstrated promising
results in improving environmental control mechanisms. Fuzzy-based systems can evaluate multiple
environmental parameters simultaneously and determine appropriate control actions to maintain stable
water conditions. Such systems are capable of translating sensor data into linguistic variables and
applying rule-based reasoning to generate adaptive control responses for water quality management
(Bautista et al., 2022).

One commonly used fuzzy inference model in environmental control systems is the Mamdani

fuzzy inference system. This method is widely applied because of its intuitive rule structure and its



capability to represent expert knowledge in decision-making processes. Mamdani fuzzy logic has
been successfully implemented in water quality regulation systems, including pH control and water
recirculation management in aquaponic environments, demonstrating its effectiveness for
environmental parameter control (Rahayu et al., 2021).

Recent research has also explored the integration of IoT technology with fuzzy logic to create
intelligent aquaculture management systems. By combining real-time monitoring with adaptive
control algorithms, these integrated systems are capable of automatically adjusting environmental
conditions based on sensor measurements. Such approaches enable more efficient system operation
and improve the stability of aquaculture environments through automated decision-making processes
(Indrawati et al., 2025).

Furthermore, recent review studies indicate that IoT-based sensor networks are becoming
increasingly important for maintaining optimal water quality in aquaculture systems. The integration
of sensors, communication technologies, and intelligent data processing methods provides new
opportunities for developing advanced monitoring and control systems that can support sustainable
aquaculture practices (Flores-Iwasaki et al., 2025).

Despite these technological advancements, many existing systems primarily focus on
environmental monitoring rather than implementing adaptive control mechanisms specifically
designed to maintain stable pH conditions in ornamental fish aquaculture environments. Ornamental
fish species are generally more sensitive to environmental fluctuations compared to food fish species,
making stable water conditions particularly important in aquarium-based cultivation systems.
Therefore, the development of adaptive control mechanisms capable of maintaining stable pH
conditions remains an important research challenge in smart aquaculture systems.

Based on these considerations, this study proposes the development of an loT-based water pH
monitoring and control system for ornamental fish using the Mamdani Fuzzy Inference System. The
proposed system integrates real-time sensor monitoring, intelligent fuzzy-based decision-making, and
automated control mechanisms to maintain optimal water quality conditions. Through the
combination of IoT connectivity and adaptive control algorithms, the system is expected to improve
environmental stability, enhance fish health conditions, and increase operational efficiency in

ornamental fish aquarium management.

METHODS
This study applies an loT-based monitoring system approach as implemented in modern

aquaculture systems (Rastegari et al., 2023). A pH sensor is used as the primary input to periodically
measure water acidity levels in the monitoring system (Chen et al., 2022). The system architecture
integrates a microcontroller, communication modules, and a cloud server for real-time data
transmission (Irawan et al., 2021).

The Mamdani-type Fuzzy Inference System method is used as the core decision-making
mechanism of the system (Rahayu et al., 2021). The Mamdani inference structure allows processing

of input variables into control decisions based on linguistic rules (Bautista et al., 2022). The



fuzzification stage converts crisp values into membership degrees based on triangular and trapezoidal
functions (Li et al., 2023).

Rule evaluation is performed using the MIN operator to determine the activation strength of each
rule (Santosa et al., 2021). The aggregation process uses the MAX operator to combine all activated
fuzzy outputs (You et al., 2021). Defuzzification uses the centroid method to generate a stable crisp
value (Nagothu et al., 2025). All measurement data are stored in a cloud-based system for continuous

performance analysis (Shete et al., 2024).

Fuzzy Rule Base Construction

The fuzzy rule base is constructed by formulating cause—effect relationships between water pH
conditions and corrective system actions in the form of IF-THEN linguistic rules. Each rule is
designed based on the fuzzy sets acidic, neutral, and alkaline that were previously defined. For
example, the rule “IF pH is Acidic THEN Add pH Up” indicates that the higher the membership
degree in the acidic set, the greater the intensity of the corrective action to increase the pH level.
Likewise, the rule “IF pH is Alkaline THEN Add pH Down” is used to decrease pH levels when water
becomes alkaline, while the neutral condition produces the action “No Change.” The rule evaluation
process uses the MIN operator to determine the activation strength of each rule and the MAX operator
at the aggregation stage to combine all fuzzy outputs, in accordance with the classical Mamdani Fuzzy

Inference System approach (Rahayu et al., 2021).

Control Implementation and Data Storage

The defuzzification result using the centroid method produces a crisp value in the form of pump
activation duration (in seconds), which is used to control the addition of pH Up or pH Down solutions
automatically. The ESP32 microcontroller sends control signals to the peristaltic pump based on this
value, ensuring that pH adjustment is carried out gradually and proportionally. After the control action
is executed, the sensor re-measures the pH value to ensure that the system moves toward a stable
condition. All pH readings, pump activation times, and system status data are stored in a cloud-based
database for real-time monitoring and historical analysis. This data storage integration enables
continuous system performance evaluation and supports the development of more adaptive control

systems in the future (Rastegari et al., 2023).

RESULTS AND DISCUSSION
The implementation results show that the loT-based monitoring system is capable of displaying

real-time pH data with remote access through a web dashboard. This improves monitoring efficiency
compared to manual methods and enables rapid responses to changes in water quality (Hidayat et al.,
2023). From the control perspective, the fuzzy logic method provides a more stable response
compared to simple threshold methods. The system does not only respond to extreme conditions but
also provides proportional control to small changes in pH values so that fluctuations are more

controlled and no drastic environmental changes occur (Santosa et al., 2021).



Basis for Determining Parameter Range

1. pH Range

The pH range of 4-9 was established as the universe of discourse in the fuzzy system because it
encompasses variations in water conditions from highly acidic to highly alkaline environments
commonly found in freshwater aquaculture systems. The optimal range of 6.5-7.5 was selected as the
neutral category because most tropical ornamental fish demonstrate optimal growth and metabolism
under these conditions. Values below 6 are categorized as too acidic and may cause physiological
stress, while values above 8 indicate overly alkaline conditions that can disrupt the biological balance
of fish. The determination of these limits was adjusted according to fuzzy-based water quality control

studies in modern aquaculture systems (Li et al., 2023).

2. Temperature Range
The temperature range of 20-35°C was used as the system domain because it reflects common

temperature variations in aquariums and tropical fish farming systems. The ideal range of 24-28°C
was categorized as normal because it supports optimal metabolic activity, appetite, and immune
system performance in fish. Temperatures below 24°C were classified as cold because they may slow
metabolism and growth, whereas temperatures above 30°C were categorized as hot because they may
increase stress and oxygen demand in fish. The determination of this range refers to IoT monitoring

studies in tropical aquaculture systems (Rastegari et al., 2023).

3. Turbidity Range
The turbidity range of 0-100 NTU was defined as the universe of discourse to represent water

clarity levels in aquarium systems. The categories clear, moderate, and turbid were designed based on
fuzzy water quality index classification approaches that allow gradual transitions between conditions
without rigid boundaries. High turbidity may indicate an increase in suspended particles and potential
health disturbances in fish, therefore it is included as one of the evaluation parameters in the fuzzy
system. The determination of this domain follows fuzzy-based water quality evaluation approaches

that integrate multiple environmental parameters simultaneously (Trach et al., 2022).

Fuzzy set design iDesign of Input Fuzzy Sets

The membership function design was implemented using trapezoidal (trapmf) and triangular
(trimf) functions because they are commonly used in Mamdani FIS and are compatible with
MATLAB Fuzzy Logic Toolbox. Domain values were determined based on water quality ranges

reported in modern aquaculture literature.

Type Variable Fuzzy Set Universe Domain
Acidic 4-9 [4,4,5.5,6.5]
pH Neutral 4-9 [6.5,7,7.5]
Alkaline 4-9 [7.5,8.5,9,9]
Input Cold 20-35 [20, 20, 22, 24]
Temperature (°C) Normal 20-35 [24, 26, 28]
Hot 20-35 [28, 32, 35,35]
Clear 0-100 [0, 0, 20, 30]
Turbidity (NTU) Moderate 0-100 [20, 40, 60]
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The pH range of 6.5-7.5 was defined as neutral because many aquaculture studies state that

freshwater ornamental fish grow optimally within this interval (Li et al., 2023). Values below 6 were

categorized as acidic and values above 8 as alkaline following fuzzy water quality index evaluation

(Trach et al., 2022).

The temperature range of 24-28°C was selected as normal because it corresponds to environmental

standards for tropical fish based on IoT monitoring systems (Rastegari et al., 2023).

Turbidity categories were determined using a fuzzy water quality classification approach dividing

water clarity into clear, moderate, and turbid within a 0—100 NTU scale (Trach et al., 2022).

Design of Output Fuzzy Sets

The output range of 0—100 was selected to ensure compatibility with the centroid defuzzification method.

Type Variable Fuzzy Set Universe Domain
Dead 0-100 [0, 0, 20, 40]
Output Fish Condition Sick 0-100 [30, 50, 70]
Healthy 0-100 [60, 80, 100, 100]

The 0-100 scale was used to facilitate centroid defuzzification and quantitative interpretation of
fish health level. The division into low—medium-high categories follows fuzzy classification concepts

in water quality evaluation systems (Bautista et al., 2022).

Penyusunan Rule Base

The rule base was constructed based on the combination of three input variables (3 x 3 x 3 =27 rules).

No pH Temperature Turbidity Condition
1 Neutral Normal Clear Healthy
2 Neutral Normal Moderate Healthy
3 Neutral Normal Turbid Sick
4 Neutral Cold Clear Healthy
5 Neutral Cold Moderate Sick
6 Neutral Cold Turbid Sick
7 Neutral Hot Clear Sick
8 Neutral Hot Moderate Sick
9 Neutral Hot Turbid Dead
10 Acidic Normal Clear Sick
11 Acidic Normal Moderate Sick
12 Acidic Normal Turbid Dead
13 Acidic Cold Clear Sick
14 Acidic Cold Moderate Sick
15 Acidic Cold Turbid Dead
16 Acidic Hot Clear Sick
17 Acidic Hot Moderate Dead
18 Acidic Hot Turbid Dead
19 Alkaline Normal Clear Sick

20 Alkaline Normal Moderate Sick

21 Alkaline Normal Turbid Dead
22 Alkaline Cold Clear Sick
23 Alkaline Cold Moderate Sick
24 Alkaline Cold Turbid Dead
25 Alkaline Hot Clear Dead
26 Alkaline Hot Moderate Dead
27 Alkaline Hot Turbid Dead




The rule base was constructed based on the principle that optimal conditions occur when all
parameters are in ideal categories, whereas extreme combinations such as acidic pH and high
temperature with turbid water increase the risk of fish mortality. The inference structure uses the MIN
operator for implication and the MAX operator for aggregation according to the classical Mamdani

method.

Fuzzifikasi Variable Input

Az

§
i
H
i

; i
HE ]
I |
H

The figure shows the MATLAB Fuzzy Logic Designer interface representing a Mamdani-type
Fuzzy Inference System (FIS) structure. Three input variables are displayed: pH, Temperature, and
Turbidity, each defined with triangular and trapezoidal membership functions. These inputs are
connected to the Mamdani inference engine block located in the center, which processes the fuzzy
rules. On the right side, the output variable represents the fish condition. At the bottom of the
interface, the inference configuration is shown: the AND operator uses the min method, the OR
operator uses max, implication uses min, aggregation uses max, and defuzzification applies the
centroid method. This configuration confirms that the system follows the classical Mamdani approach

to convert crisp sensor inputs into adaptive and non-linear decision outputs.



1. ph

=) ==

Suhu

XX

Kekeruhan

4| Membership Function Editor: Untitled — O X
File Edit Wiew
lot points:
et et 181
Membership function plots
FIS Variables T T T T T T T
Asam Metral Basa
A I
=
outputi

18]

=
| 1 | | 1 |

input variable "pH"

The system utilizes three fuzzy sets for the pH variable: Acidic (trapmf), Neutral (trimf), and

Alkaline (trapmf) within the range of 4-9. The trapezoidal membership function is applied to the

extreme categories (Acidic and Alkaline) to provide a plateau region where the membership degree

(W) equals 1. Meanwhile, the triangular membership function is used for the Neutral category to

represent the ideal condition with a single peak at pH 7. This design enables smooth transitions

between categories so that small changes in pH values do not immediately result in drastic changes in

control decisions. Therefore, the system can respond proportionally to gradual environmental

variations..
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The temperature variable consists of three fuzzy categories: Cold (trapmf), Normal (trimf), and
Hot (trapmf) within the range of 20-35°C. The Normal category has a peak around 26°C, representing
the optimal environmental condition for tropical ornamental fish. The trapezoidal membership
functions for Cold and Hot are used to stabilize system responses under extreme thermal conditions.
This approach allows the fuzzy system to gradually distinguish between optimal conditions and

thermal stress conditions without producing abrupt control outputs.

3. Turbidity
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For the turbidity variable, three fuzzy sets are defined: Clear (trapmf), Moderate (trimf), and
Turbid (trapmf) within the range of 0-100 NTU. The triangular function used in the Moderate
category allows the system to detect water quality changes sensitively within transition ranges.
Meanwhile, the trapezoidal functions applied to Clear and Turbid provide stability when the water is
completely clear or highly turbid. This structure enables the system to realistically integrate the effect

of suspended particles on fish health conditions and produce smooth, adaptive decision outputs.



Output Aggregation

1. Condition
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Three output categories are defined: Dead, Sick, and Healthy, within the range of 0—100. The
aggregation process is performed using the MAX operator to combine the results of each rule
implication. The resulting fuzzy output is a combination of areas that are clipped based on the a value
(obtained from the MIN operator during rule evaluation). This method ensures that the final decision

considers all activated rules rather than relying on a single rule only..

2. Surface
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The surface view illustrates the relationship between two input variables (pH and Temperature)
and the output variable (fish condition). The three-dimensional surface shows that the highest output
value (Healthy) occurs when pH is neutral and temperature is normal. In contrast, extreme

combinations result in lower output values (Dead). This visualization demonstrates that the fuzzy



system produces a non-linear response that is more flexible and realistic compared to conventional
threshold-based methods..

Calculation
Fuzzifikasi

1. Ph

Acidic Domain:
[4,4,5.5,6.5]

Since 6.2 lies on the descending side:

_ 65-62 _ 03 _
uAcidic( -2) = 6555 -~ 1 - 03
Neutral = 0
Alkaline =0
2. Temperature
Hot Domain:
[28, 32, 35, 35]
Since it lies on the ascending side:
2928 1
uHot(29) = 32-28 = = = 0.25
Normal =0
Cold=0
3. Turbidity
Moderate Domain:
[20, 40, 60]
Since it lies on the descending side:
— 60-55 _ 5 _
p'Moderate(SS) T 60-40 T 20 0.25
Turbid Domain:
[50, 70, 100, 100]
Since it lies on the ascending side:
55-50 5
Mrurpia®®) = 7050 = 20 = 0-25

Inference (MIN Operator)

1. Active Rule:
IF pH is Acidic AND Temperature is Hot AND Turbidity is Moderate
THEN Sick
a = min(0.3,0.25,0.25) = 0.25



2. Second Rule:
IF pH is Acidic AND Temperature is Hot AND Turbidity is Turbid
THEN Dead
a, = min(0.3,0.25,0.25) = 0.25

Determination of Qutput Area

1. Sick Output

Domain:
[30, 50, 70]

Affected by o = 0.25
Since it is triangular, it is clipped at height 0.25.

Intersection point on ascending side:

0.25 =-==-0.25 = =%

T 30730 =5z=35

Intersection point on descending side:

70—z

0.25 =—;-70 —z =5z = 65

Active region:
35<z<65

2. Dead Output

Domain:
[0, 0, 20, 40]

Affected by o =0.25

Intersection point on ascending side:

—0

Z
0.25 =———Fz =5

Active region:
5<z<40

Centroid Calculation

Since there are two areas (Sick and Dead), MAX aggregation is applied.
Weighted average approach:

Area of Sick= 0.25 x30=17.5

Mid Point = 50

Area Of Dead =~ 0.25 x 35=8.75

Midpoint = 20

*
_ (7.5x50)+(8.75%x20) _ 375+175 _ 550
Z = 7.5+8.75 ~ 1625 T 1625 ~33.8




CONCLUSION

Based on the design and simulation results using the MATLAB Fuzzy Logic Toolbox, the
loT-based water quality monitoring and control system employing the Mamdani-type Fuzzy Inference
System has been successfully implemented effectively. The design of membership functions using a
combination of trapezoidal and triangular shapes allows the system to proportionally represent
extreme conditions as well as ideal conditions.

The inference process using the MIN operator and MAX aggregation produces smoother responses
compared to conventional threshold methods. The simulation results and manual calculations
demonstrate that the system is capable of integrating pH, temperature, and turbidity parameters
simultaneously to determine fish health conditions in the categories of healthy, sick, or dead.

The Surface Viewer visualization confirms that the system exhibits non-linear characteristics that
correspond to the dynamics of aquatic environments. Therefore, the Mamdani fuzzy approach
provides an adaptive, stable, and realistic solution for maintaining aquarium water quality and

improving the efficiency of ornamental fish maintenance..
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