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Water quality is essential for the survival of aquaculture species, making it a prominent issue
in the aquaculture sector. Traditional aquaculture operations require substantial manpower and
time to monitor water quality variations in fishponds, leading to operational challenges. An
automated water quality monitoring system can relieve farmers of this burden and provide them
with accurate information and assistance. Given the expansive nature of fishponds, it is
necessary to employ long-range communication technologies to boost wireless signal coverage.
Therefore, in this study, we incorporate a range of water quality sensors and LoRa long-range
wireless communication technology to create a Fuzzy-logic-based Long-range Aquaculture
System to address these issues. Upon deployment in fishponds, the system successfully
monitored water quality and controlled dissolved oxygen levels. It is expected that this system
will serve as a prototype for future aquaculture system innovations.

1. Introduction

Taiwan’s traditional fishpond aquaculture relies heavily on farmers’ experience to manage
water quality and environmental conditions by monitoring parameters such as water
temperature,(!~? pH,®7 water level,® dissolved oxygen,®!9 and salinity.') Aquaculture
species are highly sensitive to even slight variations in these parameters, which can directly
affect production efficiency and yield. However, traditional aerator controls, often based on
experience, can result in aerators operating even after dissolved oxygen levels have reached
saturation, leading to unnecessary energy consumption and increased farming expenses.
Traditional aquaculture methods require constant monitoring and long hours of operation, which
can place a considerable burden on farmers. As a result, the implementation of automation
technology for accurate water quality monitoring to optimize the farming environment and
reduce electricity consumption and labor costs has emerged as a major challenge in modern
aquaculture.
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In the field of aquaculture automation, Singh et al. proposed an loT-based intelligent
monitoring and control system for freshwater recirculating aquaculture systems.(!2 The system
integrates multiple sensors and data analysis algorithms to control actuators for water quality
regulation, with the goal of real-time monitoring and maintaining optimal water conditions.(1?)
Fu et al. proposed an intelligent water quality monitoring system for marine aquaculture based
on a ZigBee backbone, where ZigBee is used to transmit water parameters to issue risk alerts.()
Zou et al. integrated ZigBee with a 32-bit embedded controller to implement a fuzzy intelligent
control system for aquaculture.’®) This system monitors water quality parameters to intelligently
regulate the flow of micro-water and adopts an energy-saving wake-up strategy to manage
sensor power supply.)) Sung et al. utilized Wi-Fi to construct a wireless sensor network (WSN)
and implemented real-time monitoring applications for aquaculture.!®) The literature highlights
that, although some automated aquaculture technologies boost farming efficiency, most still
encounter issues related to transmission distance and reliability, failing to adequately solve
energy consumption and labor problems inherent in traditional aquaculture methods.(>)

The automated water quality monitoring and aerator control systems can effectively address
the issues of energy waste and high labor demands associated with traditional aquaculture
practices. These systems should feature real-time monitoring and intelligent decision-making
capabilities to ensure that the farming environment remains optimal at all times. A critical
component of the automated system is its ability to continuously monitor key water quality
parameters such as dissolved oxygen, water temperature, pH, and salinity. From this data, the
system can automatically adjust the relevant equipment, reducing the need for manual
intervention and minimizing decision-making errors. Furthermore, the automated system should
incorporate long-range, low-power data transmission technologies to enable broader application
scenarios while reducing operational costs and energy consumption. By integrating fuzzy logic
into the water quality decision-making process, traditional binary logic can be replaced with
membership function values ranging from 0 to 1, providing a more nuanced description of water
quality conditions.(!*) Fuzzy logic is particularly well suited for representing the current status of
water quality in fishponds, enabling the system to implement appropriate corrective actions as
needed.

On the basis of the background of the aforementioned research, in this paper, we propose a
Fuzzy-logic-based long-range Aquaculture System (FLAS) utilizing IoT technology. The goal is
to overcome the transmission distance limitations of existing technologies while improving
system reliability and energy efficiency. FLAS employs a LoRa communication module for the
low-power, long-range data transmission of water quality measurements. The system’s fuzzy
logic controller determines the optimal timing for aerator activation based on real-time water
quality data. This approach not only prevents energy waste from excessive aerator operation but
also ensures that dissolved oxygen levels in the water are maintained, contributing to the
modernization and sustainable development of the aquaculture industry.



Sensors and Materials, Vol. 38, No. # (2026) 3

2. Architecture

The architecture of FLAS is presented in Fig. 1. FLAS distinguishes between the fishpond
sensing side, responsible for measuring water quality data, and the monitoring side at the
backend, which collects and processes this information. The fuzzy controller subsequently
generates outputs to manage the Aerator Control Side, ensuring optimal dissolved oxygen levels
in the water.

2.1 Fishpond sensing side

FLAS integrates sensors for pH, dissolved oxygen, salinity, water temperature, water level,
and environmental temperature/humidity to measure the water quality and environmental
conditions of the fishpond. The collected data are transmitted to the monitoring side via LoRa
wireless communication.

2.1.1 Sensors

The fishpond sensing side employs multiple high-precision sensors to measure six types of
water quality data, including pH. These data are used to represent the overall water quality and
environmental conditions of the fishpond. The sensors utilized in this study are listed in Table 1.

2.1.2 Microcontroller

In addition to utilizing six sensors to measure water quality and environmental conditions in
the fishpond, the sensing side also employs a LoRa module for data transmission. Therefore, in
this study, we adopted the Arduino Mega 2560 microcontroller,*!) which provides a higher
number of I/O interfaces, to integrate these devices.

Fishpond Sensing Side Aerator Control Side
Water i
PH Micro-
Temperature Sensor controller <
Sensor *
Water Level = | Micro- Salinity R.elay ‘fnd .
Sensor = | controller Sensor Device Circuit
Dissolved * Air Temperature
Oxygen LoRa and Humidity Aerator
Sensor Module Sensor
T
. _LoRaRF Signal __
! Monitoring Side
|
i Monitoring Computer
N
~ LoRa User Local Alarfn Fuzzy
Gateway Interface Database Function Controller

Fig. 1.  Architecture diagram of FLAS (adapted from Ref. 25).
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Table 1

Integrated sensors in FLAS.

Sensor Model Measurement information (range) Accuracy

pH SEN1611>) pH (0 to 14) +0.1
Dissolved oxygen EZO-DOU® Dissolved oxygen (0 to 100 ppm) +0.05 ppm
Salinity Electrical conductivity!”) Elei(t)ri(c)a;(c): ?rrllg;lc(;qtl)v 1ty +5% FS

Water temperature DS18B20!® Water temperature (—55 to +125 °C) +0.5 °C

Water level 95501 Water level (0 to 3 m) <0.1% FS
Environmental DHT2220 Air temperature (—40 to 80 °C) Temperature: £0.5 °C
temperature/humidity Air humidity (0 to 100% RH) Humidity: £2-5% RH

2.1.3 LoRa wireless module

The LoRa wireless module used in this study is iL-LoRa 1272, which can achieve a
transmission distance of more than 15 km in suburban areas.*? FLAS utilizes iL-LoRa 1272,
which operates in the low-frequency 915 MHz band and has a standby current of less than 1 pA,
making it ideal for long-distance, low-power wireless communication applications.

2.2 Monitoring side

Visual Studio C# was used to develop the user interface (Ul) for FLAS, while the aerator
control in FLAS was implemented using Matlab R2017 to design the fuzzy controller.

2.2.1 Fuzzy controller

In the FLAS fuzzy controller, Matlab is used to perform fuzzy operations such as
“fuzzification”, “rule base establishment”, “fuzzy inference”, and “defuzzification” to generate
the final output indicators. As shown in Fig. 2, the inputs to the fuzzy controller include the
dissolved oxygen level at the water surface (DO), bottom water temperature (TO), pH, and
salinity (S), while the output corresponds to the operational status of the aerator (Aerator). Here,
the parentheses for the output and input indicate the variable names.

In this study, we utilized the triangular membership function (Trimf) to convert clear input

values into fuzzy values between 0 and 1. Equation (1) represents this membership function z(x).

0, ifx<aorx>c
x—a
x)= , ifa<x<b 1
#x)=1— (1)
7Y ifb<x<c
c—b

Here, a, b, and ¢ represent the three vertices of the triangular membership function, which are
used to design the fuzzy membership relationship. On the other hand, the coefficients for the
relevant inputs and outputs are defined in Table 2.
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Fig. 2. (Color online) Design of the fuzzy controller.

Table 2
Input and output definitions.
Variable No. Name (unit) Value range definition
State Very low Low Normal
1 D
© (ppm) Range DO <3 3<DO<6  5<DO<20
) 70 °C) State Low Normal High
Input Range T70<20 20<T70<32 32<T70<50
Py 3 PH(-) State Low Normal High
Range PH<T 6<PH<9 8<PH<14
State Low Normal High
4 S(mSiem) Range §<0.7 07<S<15  145<S<2
Output 1 Aerator State OFF ON —
P erato Range Aerator <0.32 0.3 < Aerator <1 -

After consultations with experienced aquaculture experts in Chiayi County, Taiwan, each
with over 20 years of farming experience in white shrimp and milkfish, we developed a rule
base of 81 fuzzy rules. The experts’ practical knowledge guided the definition of input—output
relationships under varying conditions of dissolved oxygen, temperature, pH, and salinity. The
rule base was then configured and refined through MATLAB simulations of multiple water
quality scenarios to ensure that the inferred aerator operations aligned with the experts’
recommendations. This design enables the fuzzy controller to infer the activation strength using
the minimum value for the AND operation, as shown in Eq. (2).

Hactivation = min (luAl (xl )"qu (x2 )’/'1143 (X3 )" Hy, (xn )) @)
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Here, A4, 4,, ..., 4, represent the fuzzy sets of input variables, and ,.;,qsi0n denotes the
activation strength of the rules. Furthermore, the “max-min composition method” of the
Mamdani fuzzy model is employed for fuzzy inference. Finally, Eq. (3) represents the Center of
Gravity (CoG) method used in this study for defuzzification, resulting in a clear quantifiable
output that serves as the control command for the aerator.

J‘ymaxy ‘g (y)dy
y — Yimin (3)
ymax
J. Up (y)dy

min

Here, y is the clear output for controlling the aerator, B is the fuzzy set of the output variable, and
up(y) is the corresponding fuzzy membership function for the output variable. y,,,. and y,,i,
denote the upper and lower bounds of the output range. Subsequently, using the input data [DO,
70, PH, S§] = [10, 25, 7, 1] as an example, the fuzzy controller processes the information and
yields the results shown in Fig. 3, indicating that the aerator output is 0.16, signifying an off
state.

2.2.2 User interface and LoRa gateway

The monitoring computer integrates the iL-LoRa 1272 gateway to receive water quality
information from the fishpond sensing side, enabling users to monitor the current water quality
data in real time, as shown in Fig. 4(a). Additionally, Fig. 4(b) shows the UI of FLAS, which
provides the real-time visualization of the water quality information.

2.2.3 Alarm function and database

Dissolved oxygen is the most critical parameter affecting water quality. Insufficient dissolved
oxygen levels can cause immediate harm to aquatic life in fishponds. Figure 5 illustrates the
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Fig. 3. (Color online) Fuzzy logic inference results.
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Fig. 4.  (Color online) (a) Monitoring computer and LoRa gateway. (b) User interface of FLAS.
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Fig. 5. Alarm function flowchart.

alarm function workflow, which is activated when the dissolved oxygen levels in the fishpond

are inadequate. In addition to using Microsoft Access to implement a local database for

recording data, FLAS also employs Google Spreadsheet to create a cloud database.

2.3 Aerator control side

The aerator control side and the monitoring computer are both located within the power

control room. The electrical wiring for the fishpond controls multiple aerators, each consuming

746 W per hour. The monitoring computer activates the corresponding aerator by switching the

state of the solid-state relay via the MCU, which in turn controls the distribution panel circuit.

Figure 6 illustrates the setup of the aerator control side.
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Fig. 6. (Color online) Monitoring computer and aerator control side.
3. Experiments

In this section, we will describe how FLAS was installed in the fishpond to conduct
experiments, serving as the foundation for subsequent analysis and discussion.

3.1 Experimental setup

The field experiment was conducted at commercial fishponds in Chiayi City, Taiwan, where
white shrimp and milkfish are routinely cultured. Following our prior study,?> the fishpond
sensing device (equipped with pH, dissolved oxygen, salinity, water temperature, water level,
and air temperature/humidity sensors) was deployed on the pond levee, while the monitoring
computer and LoRa gateway were installed in the power-control room. As illustrated in Fig. 7,
the sensing device was mounted in a weatherproof enclosure with probes immersed at
manufacturer-recommended depths. The relative distance between the sensing device and the
monitoring side was approximately 200 m (Fig. 8).

3.2 Experimental scenarios

In Cases 1, 2, and 3, the experimental scenarios comprised 300000 shrimp, 600000 shrimp,
and 600000 shrimp combined with 5500 milkfish, respectively. These scenarios were
determined in consultation with aquaculture practitioners to capture representative biomass
levels and mixed-species farming conditions. In each case, dissolved oxygen was sampled at 1
min intervals for 120 min under two operational phases: aerator-on and aerator-off. Owing to
operational constraints at the commercial pond (e.g., continuous production and limited
intervention windows), each case was recorded once (single field run per phase).

To avoid overstating the degrees of freedom, minute-wise observations were not treated as
independent replicates. Instead, each trajectory was summarized using curve-level metrics, and
uncertainty was estimated via a residual-preserving block bootstrap (10 min blocks; 1000
resamples) to derive 95% confidence intervals and one-way analysis of variance (ANOVA) with
Tukey post-hoc comparisons, which respects temporal autocorrelation. Specifically, for the
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aerator-on phase, we report the initial 0—20 min slope and the time-to-threshold metrics 7 (6
ppm) and 7 (7 ppm); for the aerator-off phase, we report the 0—60 min decline slope and the
120-min-depletion area-under-the-curve (AUC). Group comparisons across cases were then
performed on the bootstrap replicates.

4. Results and Discussion

Figure 9 presents the minute-by-minute decline in dissolved oxygen over 120 min. Case 3
exhibits the most rapid depletion and approaches 3 ppm earlier than the other groups, whereas
Case 1 declines most slowly and Case 2 lies between them. To avoid pseudoreplication, we
summarize each trajectory using curve-level metrics. The decline slopes over 0 to 60 min were
—0.032, —0.033, and —0.037 ppm/min in Cases 1, 2, and 3, respectively; the 120-min-depletion
AUCs were 209.4, 232.8, and 249.8 ppm'min in the same order. ANOVA based on bootstrap
replicates indicated no significant between-case effect for either metric (slope: F = 2.45,
p=0.087, AUC: F'=0.18, p = 0.832).

Dissolved oxygen recovery after aeration is shown in Fig. 10. The initial increases during the
first 20 min were 0.102, 0.098, and 0.040 ppm/min in Cases 1, 2, and 3, respectively, indicating
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Fig. 10. (Color online) Increase in dissolved oxygen level with aerator activated.

comparable early-phase rates in Cases 1 and 2 and a lower early-phase rate in Case 3. The times
to 6 ppm (7) were 33, 43, and 60 min, with a significant between-case effect (ANOVA F =
87.97, p < 1 x 1073%; Tukey’s HSD: all pairwise p < 0.001). For the time to 7 ppm (7), Cases 2
and 3 reached 7 ppm at 80 and 82 min, respectively, whereas Case 1 did not reach 7 ppm within
120 min (right-censored and reported as “>120 min”); the between-case difference in 7; was not
significant.

From the experimental and statistical results, the DO trajectories show that stocking
composition and density primarily determine the speed of recovery to an operationally safe
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level, with Ty (time to 6 ppm) providing the most discriminative and operationally relevant
indicator under this field setting, whereas decline-phase metrics do not differ significantly
across cases. Beyond these primary findings, the minute-wise series also reveals qualitative co-
variation consistent with aquaculture physiology and our fuzzy design: higher water temperature
and salinity are associated with tighter DO safety margins, and departures of measured pH from
the neutral range tend to coincide with slower DO recovery. These relations are implicitly
encoded in the membership partitions and antecedent structure of the DO-T,—PH-S rule base.
Given the single-run limitation, we refrain from formal multi-factor correlation/effect
decomposition; replicated multi-pond, multi-season campaigns will enable rigorous correlation
modeling in future work.

Moreover, the LoRa module achieved an effective transmission distance of 621 m, as
referenced from previous experimental results.?3) Figure 11 illustrates the actual experimental
scenario, showing that FLAS significantly outperforms Wi-Fi with a range of 100 m and ZigBee
with a range of 75 m.2% In addition, LoRa exhibits lower power consumption per transmission
(less than 50 mW) than Wi-Fi (more than 200 mW) and ZigBee (about 100 mW). This advantage
directly reduces the overall system energy demand, which is critical for long-term aquaculture
deployment. Consequently, FLAS offers clear advantages for water-quality monitoring in large
fishponds that require reliable long-range, low-power data links.

5. Conclusions

In this study, we presented FLAS, an automated aquaculture water-quality system that
integrates multi-parameter sensing with long-range LoRa communication and fuzzy-logic
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control. Deployed in a commercial fishpond in Chiayi, Taiwan, the system reliably captured
dissolved oxygen dynamics under aerator-off depletion and aerator-on recovery, and actively
improved water quality via data-driven aerator actuation. Curve-level analyses established that
stocking composition and density primarily affect recovery speed to operational safety,
underscoring the value of responsive control in real-world ponds. Beyond the field trial, FLAS
offers practical pathways for scaling: multi-pond networking over long distances, energy-aware
aeration to reduce operating costs, predictive control using historical time series, and integration
with cloud/edge dashboards for real-time decision support and alerts. Future work will extend
evaluation with replicated trials across seasons and species mixes, broaden the rule base with
expert-informed or data-driven optimization, and incorporate additional sensors (e.g., ammonia
and nitrite) to support comprehensive health management and sustainability reporting. Taken
together, these advances position FLAS as a deployable foundation for intelligent, resilient, and
cost-effective aquaculture operations.
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