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ABSTRACT

The spatial variation in water quality might adversely affect fish productivity, mortality, and sustainability of float-
ing net cage aquaculture. Traditional floating net cages are often fixed and rely on manual environmental monitor-
ing, which restricts their responsiveness to varying water conditions. To solve this problem, this study developed
and tested a self-propelled floating net cage that can automatically move in real time in response to water quality
conditions. The suggested system includes water quality monitoring, waypoint selection using particle swarm op-
timization (PSO), fuzzy logic-based navigation, and cooperative formation control with autonomous sensor buoys.
The system constantly checks environmental conditions to find proper relocation routes to locations of better water
quality. Three fuzzy controller structures with 3, 5, and 7 membership functions were constructed and evaluated by
field trials in aquaculture ponds. The results indicate that real-time water quality monitoring, PSO-based waypoint
optimization, fuzzy navigation control, and cooperative formation maintenance may be successfully integrated into
a single autonomous framework. The system identified the best spot out of four monitored regions and navigated to
it based on the observed water quality. Among the investigated controllers, the configuration with seven member-
ship functions showed the highest performance, lowering the average positioning error from 3.79 m to 1.25 m, while
delivering smoother trajectories and more stable formation control. The results demonstrate that adaptive autono-
mous repositioning is technically feasible for floating net cage aquaculture under the field conditions evaluated. Still
a proof-of-concept and needing long-term validation and broader performance comparisons, the study shows the
potential of integrating real-time environmental monitoring, optimization-based navigation, fuzzy decision-making,
and cooperative autonomous control to enable more adaptive and intelligent aquaculture management.

Keywords: autonomous floating net cage, adaptive repositioning, fuzzy logic control, particle swarm optimiza-
tion, aquaculture environment, water quality.

INTRODUCTION fisheries in natural waterways is declining (Boyd
et al., 2022). Floating net cages (KJA) are one of

One of the fastest-expanding food areas  the most common fishery production methods in

in the world is aquaculture. Aquaculture is es-  Indonesia because of their relatively inexpensive
sential to meet the world’s protein needs as the  operational costs, installation flexibility, and ad-
world’s population increases and the harvest from  aptation to different water conditions (Astuti et
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al., 2023; Kumar and Karnatak, 2014). The ap-
proach is more efficient in the use of water bodies
compared to conventional ways of farming. The
growth of Indonesia’s aquaculture sector is also
predicted to continue to rise in the next decades
to fulfill the needs of both domestic and interna-
tional markets. However, environmental concerns
are also becoming more and more problematic
with the increasing development of fish farming
(Arisanty et al., 2021). Activities for growing in
floating net cages might lead to the accumulation
of residual feed, fish excrement, and other organic
debris that can degrade water quality near the cul-
tivation site (Syandri et al., 2020; Harjoyudanto
etal., 2020). These conditions can eventually lead
to greater risks of eutrophication, lower dissolved
oxygen (DO) levels, changes in pH, and higher
concentrations of contaminants, all of which are
detrimental to fish health and aquatic ecosystems.

In addition, the management of modern aqua-
culture systems is challenged by the dynamic
changes in environmental circumstances, such
as variation in temperature, water currents, wind
speed, and the spatial distribution of water quality
indices (de Lima et al., 2022). Previous research
has shown that floating net cage cultivation ac-
tivities can lead to deterioration of water quality
around the cultivation area if the environmental
capacity is exceeded. (Andayani et al., 2021;
Araujo et al., 2022). This problem is exacerbated
by the fact that most currently used marine cage
systems are static. The position of the cages is
generally determined during initial installation
and rarely changes during operation. As a re-
sult, the cultivation system is unable to respond
adaptively to deteriorating environmental quality
at a particular location. Under these conditions,
management processes remain heavily reliant on
periodic human observation and intervention, of-
ten delaying responses to environmental changes.
From the perspective of ecological engineering,
there is a need for a growing system that can auto-
matically adjust to changing environmental con-
ditions. Such a system should not only be able to
continually monitor the water quality but also be
able to conduct corrective actions based on real-
time environmental information.

The development in sensor technology, inter-
net of things (IoT), wireless communications, and
artificial intelligence has resulted in the develop-
ment of many water quality monitoring systems
for aquaculture applications (Wei et al., 2020; Ag-
grey Shitsukane et al., 2024; Ike Bayusari et al.,

2021). These systems offer the ability to measure
environmental factors in real time, allowing the
operator to get information on the water condi-
tions faster and more accurately than convention-
al approaches. Advances in intelligent monitoring
technology have increased the capacity for envi-
ronmental monitoring in aquaculture systems and
even in the open sea. Additionally, the combina-
tion of [oT with water quality sensors has made
continuous data collection possible to assist oper-
ational decision-making. Computer vision-based
monitoring technology has also been utilized to
detect the status of aquaculture infrastructure
and activities taking place surrounding the aqua-
culture area (Akbar et al., 2018; Priyanto et al.,
2020). Apart from the research linked to environ-
mental monitoring, many other studies have been
carried out to assess cage structural deformation,
hydrodynamic behavior, and system robustness
to harsh environmental conditions (Liao et al.,
2022; Bai et al., 2021). These studies have made
important contributions to improving the safety
and reliability of aquaculture systems. However,
most research still focuses on monitoring and an-
alyzing environmental conditions, without con-
sidering the system’s ability to directly respond
to detected changes in conditions. In other words,
most currently available technologies still func-
tion as environmental observation systems. Infor-
mation obtained from sensors is used to support
decision-making by human operators, while the
ability to automatically take adaptive actions re-
mains very limited.

In recent years, the concept of autonomous
systems has begun to be widely applied to vari-
ous environmental and marine applications. The
use of autonomous surface vehicles (ASVs), un-
manned surface vehicles (USVs), and multi-agent
systems has shown great potential in supporting
environmental monitoring, data collection, and
adaptive navigation (Wang et al., 2024; Liu et al.,
2022; Wang et al., 2024).

To support these navigation capabilities,
various computational intelligence methods have
been developed. Fuzzy logic is popular because
of its ability to handle the uncertainty and non-
linearity of systems (Kamis et al., 2019; Wei et
al., 2019). On the other hand, particle swarm opti-
mization (PSO) is an effective technique to solve
trajectory optimization, waypoint planning, and
multi-agent coordination problems (Altun and
Aydin, 2025; Dy et al., 2025; Hoang et al., 2018;
Huan Liu et al., 2021). The combination of these

439



Ecological Engineering & Environmental Technology 2026, 27(8), 438-457

two technologies provides the possibility to cre-
ate navigation systems that are more adaptive to
the changes of the environment.

The application of fuzzy logic and PSO in
autonomous cars and robotic systems has been
proven successful in different research. However,
its implementation in autonomous floating net
cage systems is less common. Most of the present
research is centered on simulations, laboratory
testing, or just ambient sensors as monitoring in-
struments without the ability to adaptively reposi-
tion according to water quality conditions.

Furthermore, there have been very limited re-
search efforts to integrate water quality monitoring,
waypoint optimization, autonomous navigation,
and multi-agent formation control inside a single
aquaculture platform and evaluate such work in the
field. This incident underscores the need to design
aquaculture systems that can autonomously moni-
tor and respond to environmental changes. While
there have been substantial advances in water qual-
ity monitoring, autonomous navigation, and intel-
ligent control systems, current research usually
studies these functions separately. Table 1 com-
pares exemplary studies on aquaculture monitor-
ing, autonomous navigation, optimization-based
control, and floating agent coordination to better
show the contributions of this research.

The previous studies were mostly focused
on environmental monitoring, intelligent naviga-
tion, or formation control as independent research
subjects, as shown in Table 1. Generally, studies

Table 1. State-of-the-art comparison

on water quality monitoring lack autonomous en-
vironmental reaction capability, and navigation-
oriented studies prioritize trajectory optimization
without integrating real-time environmental in-
formation. Furthermore, multi-agent coordination
has mostly been investigated in robotic or autono-
mous vehicle applications rather than in floating
net cage systems. Experimental validation under
practical aquaculture conditions is also limited.
Unlike earlier studies which considered wa-
ter-quality monitoring, autonomous navigation,
waypoint optimization, or multi-agent coordina-
tion individually, this study presents an integrated
environmental-response framework that connects
environmental sensing with autonomous correc-
tive actions. The uniqueness resides in the com-
bination of real-time water-quality assessment,
PSO-based waypoint optimization, fuzzy-logic
navigation control and cooperative formation
maintenance in a closed-loop fashion in one in-
telligent aquaculture platform. The suggested
framework is not just an environmental monitor-
ing system, but also enables autonomous floating
net cages to continuously assess environmental
conditions and to autonomously move to advanta-
geous environmental areas. This environmental-
response mechanism upgrades the function of
smart aquaculture systems from passive monitor-
ing to adaptive environmental management.
Despite recent advances in autonomous aqua-
culture systems, most research considers envi-
ronmental monitoring, autonomous navigation,

. Water quality | Autonomous Adaptive Multi-agent Field
Reference Research topic - S M ’ o
monitoring navigation repositioning formation validation
(Wei et al., 2020) | !Ntelligent monitoring Yes No No No No
and control cage
Integrating fuzzy logic,
(SHITSUKANE; |solar power and loT for
et al., 2024) real-time water quality Yes No No No Yes
monitoring in cage fish
Intelligent damage
(Liao et al., 2022) | detection of far-sea No No No No Yes
cage
Formation of multiple
(R Wang etal, biomimetic underwater No Yes No Yes No
2020) .
vehicles
Controlling GPS-
(Zhangetal., |} clligent buoy (GIB) No Yes Yes No No
2020)
systems
Water unmanned
surface vehicle using
(Dy et al., 2025) PSO method for water Yes Yes No No No
quality monitoring
Proposed system Autonomous floating Yes Yes Yes Yes Yes
net cage
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or formation control as independent components.
Limited emphasis has been dedicated to the cre-
ation of an integrated framework capable of in-
tegrating real-time water quality monitoring,
adaptive decision-making, waypoint optimiza-
tion, and coordinated autonomous repositioning
under a single operational system. This gap inhib-
its the independent response of floating aquacul-
ture platforms to dynamic environmental changes
and sustainable aquaculture management. Hence,
the present study aims at developing and experi-
mentally evaluating a unified adaptive decision-
making framework for an autonomous floating
net-cage system that integrates real-time water
quality assessment, PSO-based waypoint optimi-
zation, fuzzy logic navigation, and cooperative
formation control. The purpose of this study is
to fill the current gap in integrated autonomous
aquaculture systems by studying whether the in-
tegration of these components into a single sys-
tem may improve adaptive repositioning and en-
vironmental monitoring in dynamic water quality
circumstances. It is expected that an integrated
strategy such as this will provide improved navi-
gation performance, stable construction of sens-
ing buoys, and improved autonomous aquaculture
management compared to current approaches that
treat these functions independently. It is hypoth-
esized that the proposed integrated system will
improve the accuracy of autonomous reposition-
ing while maintaining stable formation among the
sensing buoys, thereby enabling more effective
environmental monitoring and supporting adap-
tive aquaculture management under changing en-
vironmental conditions.

MATERIALS AND METHODS

Study area and experimental setup

This research was conducted in an aquacul-
ture environment as seen on the map in Figure
1, namely at points -2.988545, 104.742687. This
location was used as a testing ground for the au-
tonomous floating net cage system. This area is
a testing pond with fairly clear, clean water and
no trash, and fish live in this pond. Water param-
eters are also good; pH and DO are standard,
which can be seen with the naked eye, and the
number of fish and plants living in this pond. The
autonomous floating net cage system consists of
one main floating net cage unit and four sensor

buoys placed around the observation area. Each
buoy is equipped with a water quality sensor to
monitor environmental data in real time, includ-
ing temperature, pH, and DO. The water quality
data acquired from the sensor buoys serve as the
foundation for decision-making in selecting the
optimal site for the floating net cage. All the ex-
periments were performed in real operational situ-
ations to verify the system’s ability to change the
location adaptively according to changes in the
ambient conditions.

Autonomous floating net cage system
architecture

The proposed system architecture seeks to
integrate environmental monitoring, adaptive
decision-making, and autonomous navigation
into a single smart aquaculture platform. The sys-
tem consists of a central floating net cage (KJA)
unit that serves as a decision-making center and
the primary unit for monitoring water quality, as
these cages are used for fish farming. Around the
floating net cages, four buoys are placed as sen-
sors that act as environmental monitoring agents.
If the water quality sensor on the cage is bad, the
system compares sensors on each buoy and then
travels to the buoy with good water quality.

From an environmental standpoint, the main
role of the system is to get information on water
quality at different sites concurrently, enabling a
more representative mapping of water conditions
than single-point measurements. This method
permits detecting locations with superior water
quality to support aquaculture activity. Each buoy
is fitted with sensors to measure real-time water
environment conditions such as temperature, pH,
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Figure 1. Location testing of autonomous
floating net cage
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and DO. The data generated is then communicat-
ed to the main floating net cage through a wire-
less communication system. This information is
then utilized to calculate the best target location
by comparing the measurements from each buoy
to the cage. The suggested system differs from the
usual static cage systems and can respond physi-
cally to changes in the environment through an
automatic repositioning procedure. Thus, the sys-
tem operates as a water quality monitoring system
and also as an environmental management system
that can adapt to dynamic water circumstances.

The autonomous floating net cage system
was designed to be a floating platform that can
move around based on the weather. The mechani-
cal construction was made with SolidWorks. The
frame of the cage was composed of light steel,
while the sections that made it floated were made
of high-density polyethylene (HDPE). In each
corner of the cage, there was an HDPE float and
a propulsion motor that worked as an actuator for
planar motion. On one side of the cage, there was
a sealed component box that held the embedded
controller, power management system, and com-
munication modules.

The net cage that floated was 4 x 4 m on the
outside and 3 x 3 m on the inside. There were
many autonomous buoys spaced out around the
cage that checked the water quality. The cage was
fitted with a GPS sensor and a digital compass so
that it could tell you where it was and where it was
going in real time. Figure 2 illustrates the overall
system setup and the layout of the formation.

The autonomous floating net cage system is de-
signed as a multi-agent structure consisting of one
main floating cage and four autonomous buoys.
The water quality sensor system, which includes
pH, DO, and temperature sensors, a positioning

system (GPS and compass), and a drive mecha-

nism (motor and propeller), is placed on the float-

ing net cages and on each float. Within this sys-

tem, all elements communicate with one another

and transmit sensor readings that are used to move

in a specific formation. This autonomous floating

net cage system has four main components:

e sensor units, including water quality sensors (pH,
DO, and temperature), GPS, and compass.

e control unit, a microcontroller embedded with
fuzzy logic and PSO control algorithms.

e drive unit, a motor equipped with a propeller.

e decision-making unit, consisting of a com-
munication system (LoRa and TCP/IP) and an
algorithm embedded in the microcontroller to
select the ideal direction point based on water
quality conditions.

Environmental monitoring and decision-
making framework

This environmental monitoring and decision-
making framework was created to enable the sys-
tem to respond autonomously to water quality
changes in the autonomous floating net cage sys-
tem. The method starts with the measurement of
water quality parameters using sensors installed
on the cages and buoys placed around the cages at
a distance of 20 meters from each other.

Water quality data from the cages and all
buoys are gathered and evaluated to assess envi-
ronmental conditions at each location. The result
of the analysis is utilized for identifying areas with
the most suitable water quality for the relocation of
floating net cages. If the water quality of the cages
is low, the environmental monitoring and decision-
making framework will advise the cage system to
migrate to an area with good water quality.

Figure 2. System design and formation: a) design of an autonomous floating net cage,
b) formation of the autonomous floating net cage system
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This method enables the system to make
adaptive judgments based on the actual environ-
mental state and no requirement for the manual
operator observation. This enables the system to
adapt more quickly to changes in water quality
during agriculture.

Figure 3 illustrates a flowchart related to the
performance of the autonomous floating net cage
system. The use of sensors based on real-world
field data provides real-time input for the intel-
ligent controller to control the movement of the
cages and floats to positions with good water qual-
ity. The synergy between sensor readings in the au-
tonomous floating net cage system, PSO, and logic
control will improve the system’s performance.
Evidence of its performance can be seen from the
position of the autonomous floating net cage sys-
tem in a location where the water quality is good.

The sensor readings on water quality will be
sent to a microcontroller containing a decision-
making algorithm. If the water quality readings
are poor, this algorithm will analyze and compare
sensor data transmitted from surrounding autono-
mous buoys. This algorithm will identify buoys
with optimal water quality, which will be used
as the target position for the autonomous float-
ing net cage system. The combined PSO-fuzzy
system will regulate the movement of the autono-
mous floating net cage system based on GPS and
compass data readings, so that the autonomous
floating net cage system will be directed to the
specified target position. This navigation process
will repeat continuously in a closed loop until the
distance error between the cage and the target lo-
cation is less than 1 meter. Then, this system will
re-evaluate the water quality parameters.

Figure 3(a) illustrates the flowchart where the
combined PSO-fuzzy algorithm will begin sys-
tem initialization, namely, activating sensors, ac-
tuators, and controller parameters. Real-time GPS
and compass data will be read, indicating location
and orientation. This data is used to determine
deviations from the desired target waypoint. The
PSO method will identify the optimal position of
the specified target. The fuzzy logic controller will
generate adaptive control signals based on differ-
ences in distance and orientation to the target. The
signals from the sensor readings are then transmit-
ted to the actuator. This process will be repeated
until the target position is reached.

Meanwhile, Figure 3(b) illustrates the flow-
chart carried out by the decision-making algorithm
based on water quality sensor readings. The main

indicators of water quality read are water tempera-
ture and pH. If the water quality is in accordance
with the predetermined setpoint specifications, the
system will remain stationary. However, if it is not
in accordance, then the water quality sensor data
from the buoys scattered around the floating net
cages is analyzed to identify the optimal location.
After that, a new waypoint is obtained as a target to
be reached, and the system will begin autonomous
navigation towards the target while maintaining

Initialize hardware
and software

v

Read water quality
sensor and GPS

Temperature and pH
values

s water quality at the
autonomous floating net
cage good ?

Y

Yes

Initialize hardware
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¢ Look for the best No
water quality at  |g
»| Read GPS and buoy

Compass

i§ there any buo

Coordinate
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Optimize using
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_ Fuzzy system gives a
inference new waypoint.
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Autonomous floating
net cage moves to a
new waypoint
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Figure 3. Autonomous floating net cage flowcharts:
(a) PSO—fuzzy-based control flow; (b) water-quality-
based decision flow
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the position between the floating net cage and the
buoy. Once the specified target waypoint has been
reached, the system will stop and continue moni-
toring the water quality again. This workflow dem-
onstrates the integration between environmental
observations containing water quality, parameter,
and position optimization, with intelligent control
to create an autonomous floating net system.

Water quality parameters

In this study, three key water quality indices,
including temperature, pH, and DO, were used.
The choice of these three factors was due to the
fact that they directly influence fish health, feed
consumption efficiency, and the success of the cul-
tivation process. DO is a measure of the amount
of oxygen that is dissolved in water. Physiologi-
cal stress in fish and reduction in aquaculture pro-
ductivity can result from lowered DO levels. pH
is also used to describe the acidity or alkalinity of
water, and this influences the biological activity
of aquatic creatures. Water temperature is also a
major determinant of metabolic rates and growth
rates of fish and the activity of microorganisms
in aquatic ecosystems. So, these three factors are
employed as the main parameters in the process
of environmental quality evaluation and in the de-
termination of the target location for the proposed
autonomous floating net cage system.

Kinematic model of floating agents

The motion behaviour of the autonomous
floating net cage and auxiliary floating buoys or
floating agents is modelled using a planar kine-
matic representation. Since the system operates at
low speed on the water surface and is primarily
influenced by control inputs rather than high-fre-
quency wave dynamics, a kinematic model is ad-
opted to describe the position and heading evolu-
tion of each floating agent. This modelling method
is widely used in floating autonomous systems and
surface robotic platforms because it is simple and
effective for control design and trajectory tracking

Table 2. Water quality parameters used in the decision-
making process

Parameters Optimal range
pH 6.5-8.5
Temperature 26-32
Dissolved oxygen (DO) 5 mg/L
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analysis (Fu et al., 2023; Wang et al., 2024). It is
assumed that each floating agent moves in a two-
dimensional horizontal plane, which is defined
by its Cartesian position and heading angle. The
floating agent’s state vector is shown as:

x(t)
x(t) = [y(®) (1)
Y(t)

The planar position coordinates in the glob-
al reference frame represents the heading angle
measured with respect to the north direction ob-
tained from the compass sensor. The kinematic
equations governing the motion of the floating
agent are given by:

x(t) = v(t)cosp(t) )
y(t) = v(t)siny(t) 3)
P(t) = w(t) (4)

The linear velocity of the buoy, namely the
angular velocity, generated by the propulsion sys-
tem. This control input is generated by the fuzzy
logic controller based on distance and direction
errors, which are relative errors to the desired
waypoint and are interpreted as follows:

ea(t) =/ (xa —x()* + Ga —y()? ()
ey(t) = atan2(yg —y(t), xq —x(®)) —P(@) (6)

The error variable serves as input to the fuzzy
inference system, enabling the generation of con-
trol commands that are adaptive to environmen-
tal conditions, in this case, varying water quality.
The target coordinates of the desired waypoint
can be obtained from the PSO process, where the
optimal target position is selected based on water
quality information and spatial constraints. For
formation control between the floating net cage
and multiple autonomous buoys, each buoy is
modelled using the same kinematic structure, al-
lowing coordinated motion within the formation.
The relative position error between the cage and
the -th buoy is expressed as:

eri(t) = /0 (0) — x: (D)% + () — v (D)2 (7)

The navigation process is carried out by
maintaining the relative distance between buoys
and the floating cages within a predetermined dis-
tance limit, followed by formation stability until
the target is reached. The kinematic model serves
as the basis for controller design and performance
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evaluation. Separation of low-speed planar mo-
tion from complex hydrodynamic effects will en-
able the proposed model to implement effective
intelligent control strategies. These modelling
assumptions have been validated in autonomous
surface vehicles and floating multi-agent sys-
tems operating under moderate environmental
disturbances.

Waypoint optimization based on PSO

The PSO technique is employed to ascertain
the ideal waypoint or goal position for the move-
ment of the autonomous floating net cage. PSO
was chosen because the system utilizes GPS co-
ordinates, spatial information, and the environ-
ment. PSO is a stochastic optimization technique
based on population dynamics, inspired by the
social behaviour of swarms, wherein potential
solutions develop through collaboration and
information exchange among particles. Each
particle signifies a target location delineated by
latitude and longitude coordinates. The distance
between the cage and the target is minimized,
and the system also ensures smooth trajectory
convergence. In the proposed framework, each
particle represents a candidate waypoint de-
fined by geographic coordinates obtained from
the global positioning system (GPS). In naviga-
tion, the Haversine Theorem is an essential tool
for determining the arc distance between two
points on a sphere, such as the Earth’s surface.
The “Haversine Law” is a unique way of ex-
pressing spherical trigonometry. The Haversine
Theorem allows us to calculate the distance be-
tween two locations on the Earth’s surface using
longitude and latitude as input variables. In this
formula, the great circle distance between two
points on a sphere is calculated using the Haver-
sine Theorem. This formula assumes the Earth’s
radius is a constant, with an average value of
approximately 6,367.45 km. The coordinates of
the two points whose distance is to be measured
are represented by their longitude and latitude
values, namely lonl, latl for the first point, and
lon2, lat2 for the second point. Using the Ha-
versine Theorem, we can calculate the distance
between two points on the Earth’s surface with
accuracy using the latitude and longitude data
of both points. Finally, the Haversine Theorem
can be written as the following equation (Alko-
dri et al., 2025):

a — sin? (AT‘P) + cos(@q).cos(¢y). sin? (A?A) )

¢ —2.atan2(Va, V1 —a) )
d—R.c (10)

Along = (long1 + long2)cos (@) (11)

Alat = lat2 — latl (12)

where: ¢, ¢, are the latitudes of the two points,
4., A, are the longitudes of the two points,
Ap = ¢, — ¢, is the difference in latitudes
between the two points, AL = A, — 4, is
the difference in longitudes between the
two points, R is the radius of the Earth
(6371 km), Along — change in longitude
value, long1 — prototype longitude value,
long?2 — destination longitude value, Alat
— change in longitude value, lat1l — pro-
totype latitude value, lat2 — destination
latitude value.

The position of the i-th particle at iteration k&
is expressed as:

P =

k
izc]

where: x;‘ and yé‘ denote the latitude and lon-
gitude components of the candidate way-
point, respectively.

The velocity of each particle is defined as:
k
vy
k x,i
Vi = (14)
' L’;‘:,i]

The particle velocity and position are updated
according to the standard PSO update equations:

Vik-'-1 = wvik + 1T (pg‘,best - pic) +
+ €272(Pgioba — PF) (15)
pitt = p¥ + vjH (16)

Where is the inertia weight controlling the
balance between exploration and exploitation,
and are the cognitive and social acceleration co-
efficients, and are uniformly distributed random
numbers in the range. The terms and denote the
personal best position of the particle and the glob-
al best position of the swarm, respectively.
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] = a\/(xd - xc)z + (yd - YC)Z + ﬂQ_l (17)

The objective of optimization is to minimize
the distance between the autonomous floating net
cage and the candidate waypoint while satisfying
environmental suitability constraints. Where rep-
resent the candidate waypoint coordinates, denote
the current position of the floating net cage, and
is a normalized water quality index derived from
sensor measurements. Weighing factors and regu-
lating the trade-off between spatial proximity and
environmental quality. The optimized waypoint
coordinates obtained from the PSO algorithm
serve as reference inputs to the fuzzy logic con-
troller. Since waypoint optimization will be sepa-
rated from motion control, the proposed method
will increase the flexibility and robustness of the
system, thus enabling adaptive repositioning of
floating net cages in response to dynamic envi-
ronmental conditions. Methods using PSO-based
waypoint or target optimization have demon-
strated their effectiveness in autonomous marine
vehicles and multi-agent systems operating un-
der uncertain conditions (Altun and Aydin, 2025;
Sellers et al., 2022). The PSO calculates the ideal
waypoints according to the given environmental
quality values, which serve as navigation targets
for the floating net cages (KJA).

Fuzzy-based navigation and formation
control

The movement of a floating net cage during
the repositioning procedure to a place with high-
er water quality is controlled with a fuzzy logic
controller (FLC). Fuzzy logic is used to enable
the system to navigate more flexibly in response
to changes in the target position, external distur-
bances, and ambiguity in sensor measurements.

In this study, the membership functions em-
ployed are 3, 5, and 7, the inference mechanism
of the fuzzy logic controller is the Sugeno type.

Table 3. Water quality parameters used in the decision-
making process

Heading direction (error 6°) Variable
-90—(-46) Turn left
-45—(-15) Tilt left

-15-15 Straight
16-45 Tilt right
46-90 Turn right
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Increasing the number of membership functions
will improve the accuracy of the control actions
but at the expense of the computations, which be-
come more difficult and slower. The fuzzy rule
base is developed based on basic IF-THEN rules
that relate distance and course mistakes to the
associated speed commands. The fuzzy control-
ler output is a PWM to control the speed of the
propulsion motor to drive the floating net cage
to the waypoint obtained by the PSO algorithm.
The fuzzy inputs are the distance to the destina-
tion point error and the course error. This strategy
provides a smoother and more stable reposition-
ing procedure compared to conventional control
approaches. Besides helping in navigation to the
target, the fuzzy controller also plays an impor-
tant role in keeping the coordination of the main
net cage and the buoy during the repositioning
operation. The capacity to maintain this forma-
tion is vital to ensure the continued coverage of a
representative observation area by the dispersion
of sensors, so that information on water quality
can be gathered more correctly and continuously.

In this study, triangular and trapezoidal mem-
bership functions are utilized due to their sim-
plicity and computational efficiency, which are
suitable for real-time embedded implementation.
The input membership functions are presented in
Tables 1 and 2, and Table 3 presents the output
membership function. Distance data were ob-
tained from the calculation of the latitude and lon-
gitude coordinates of the origin and destination
points using the Haversine formula. The sensor
readings for water quality, distance, and heading
direction served as input values for the cage to
maintain its position and formation, or to navigate
to the buoy with the best water quality, utilizing
fuzzy logic as the control system. The final phase
in the fuzzy system is defuzzification, which aims
to convert the output of the inference engine, pre-
sented as a fuzzy set, into a crisp numerical value.
The defuzzification process in this study utilizes
the weighted average method and Sugeno’s zero-
order fuzzy rules, starting with the average value
based on membership functions.

In the present study, fuzzy logic is utilized as
a method of navigation control; nevertheless, the
main purpose of the application of fuzzy logic
is not only to increase the precision of move-
ment but also to support the system to respond to
changes in environmental quality in an adaptive
way. Hence, fuzzy logic is useful in designing a
more intelligent and responsive. In this process,
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Table 4. Input membership function (distance)

Distance (m) 7 members Distance (m) 5 members Distance (m) 3 members Variable
0-2 0-1.5 - Very close
1-3 1-3 0-2 Close
2-4 - - Slightly close
3-5 2.54 1.5-4 Medium
4-6 - - Slightly far
5-7 6 6 Far
6-8 - - Very far

Table 5. Output membership function (Pulse Width Modulation/PWM)
PWM 7 members PWM 5 members PWM 3 members Variable

100 100 - Very slow
150 150 150 Slow
170 - - Slightly slow
190 190 190 Medium
210 - - Slightly fast
230 230 230 Fast
255 255 - Very fast

fuzzy rules are determined as a reference for
obtaining the motor speed output. In this study,
three conditions were used, each with 3 members,
5 members, and 7 members, so that the rules ob-
tained and used in this test can be seen in Table
6. The final phase in a fuzzy system is called defu-
zzification, and its goal is to convert the inference
engine‘s output, presented as a fuzzy set, into ac-
tual numbers. Using the weighted average method
and the Sugeno zero-order fuzzy rule, the defuzzi-
fication process in this study takes the membership
function-based average value as its starting point.

Performance evaluation metrics

System performance is evaluated using sev-
eral parameters representing navigation capabil-
ity, formation coordination, and response to envi-
ronmental changes. These evaluation parameters
are used to measure the system’s effectiveness in
carrying out monitoring and adaptive reposition-
ing functions.

Positioning error

Positioning errors are used to measure the
level of accuracy of KJA navigation to the speci-
fied waypoint.

PE=\(x,— )2+ (@, —y2  (18)

Formation error

The formation error is used to evaluate the
ability of the system to maintain the correct dis-
tance between the main floating net cage and the
sensor buoy during the repositioning procedure.
This metric is calculated as a difference between
the actual distance and a predefined reference
distance. A small formation error number sug-
gests that the system can maintain strong coor-
dination between agents and the sensor distribu-
tion is appropriate to allow spatial water quality
monitoring.

FE = [Dg — Dyl (19)

where: D, is the desired distance, and D is the
actual distance; F'E is formation error.

Convergence time

The convergence time measures the time
the system needs to reach a destination after a
waypoint has been selected. This metric char-
acterizes the effectiveness of the navigation
process and the ability of the system to adjust
to changing environmental conditions. The less
the convergence time, the more quickly the
system can be transferred to a place with water
quality better suitable for supporting aquacul-
ture activities.
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Table 6. Output membership function (pulse width modulation — PWM)

Rul 3 membership function 5 membership function 7 membership funtion
ules
Direction Distance PWM Direction Distance PWM Direction Distance PWM
1 Turn__left Close Slow Turn__left | Very_Close | Very_Slow | Turn__left | Very_ Close Very Slow
2 Turn__left Medium | Medium | Turn__left Close Slow Turn__left Close Slow
. . Slightly .
3 Turn__ left Far Fast Turn__left Medium Medium Turn__left close Slightly_ slow
4 Slanted_ left Close Slow Turn__left Far Fast Turn__ left Medium Medium
5 Slanted_ left | Medium |Medium | Turn__left Very_ Far Very_Fast | Turn__left | Slightly_far | Slightly_ fast
6 Slanted_ left Far Fast Slanted_ left | Very_ Close | Very_Slow | Turn__left Far Fast
7 Straight Close Slow | Slanted_ left Close Slow Turn__ left Very_ far Very_ fast
8 Straight Medium | Medium | Slanted_ left Medium Medium Slanted_ left | Very_ close Very Slow
9 Straight Far Fast Slanted_ left Far Fast Slanted_ left Close Slow
10 | Slanted_ right Close Slow | Slanted_left | Very_ Far Very_Fast | Slanted_ left s'é?c:];g— Slightly_ slow
11 | Slanted_right| Medium |Medium Straight Very_Close | Very_Slow | Slanted_ left Medium Medium
12 | Slanted_ right Far Fast Straight Close Slow Slanted_ left | Slightly_far | Slightly_ fast
13 Turn__ right Close Slow Straight Medium Medium Slanted_ left Far Fast
14 Turn__ right Medium | Medium Straight Far Fast Slanted_ left | Very_Far Very_ fast
15 Turn__ right Far Fast Straight Very_ Far Very_ Fast Straight Very_ Close Very Slow
16 - - - Slfigftd— Very_ Close | Very_ Slow Straight Close Slow
17 ; ; - Slanted_ Close Slow Straight | SMIMY_ | gignty slow
right close
18 - - - S"’;‘igtﬁtd— Medium Medium Straight Medium Medium
19 ; ; ; S'?igtr‘:'td— Far Fast Straight | Slightly_far | Slightly_fast
20 - - - Sle:igtﬁtd— Very_ Far Very_ Fast Straight Far Fast
21 - - - Turn__right | Very_ Close | Very_ Slow Straight Very_ Far Very_ fast
22 - - - Turn__ right Close Slow Slfigt'id— Very_ Close Very Slow
23 - - - Turn___ right Medium Medium Slz:ir;t:td_ Close Slow
. Slanted_ Slightly_ .
24 - - - Turn__ right Far Fast right close Slightly_ slow
: Slanted . )
25 - - - Turn__right | Very_ Far Very_ Fast right - Medium Medium
Slanted_ . .
26 - - - - - - right Slightly_ far | Slightly_ fast
27 - - - - - - SIa_nted_ Far Fast
right
Slanted_
28 - - - - - - right Very_ Far Very_ fast
29 - - - - - - Turn__ right | Very_ Close Very Slow
30 - - - - - - Turn___ right Close Slow
. Slightly .
31 - - - - - - Turn__ right close Slightly_ slow
32 - - - - - - Turn__ right Medium Medium
33 - - - - - - Turn__right | Slightly_ far | Slightly_ fast
34 - - - - - - Turn__ right Far Fast
35 - - - - - - Turn__right | Very_ Far Very_ fast
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CT = [Ty — To| (20)

where: T, is target, time reached, 7| is waypoint
creation time, C7T is convergence time.

Environmental response capability

The environmental response capability is ad-
opted to assess the capacity of a system to adap-
tively respond to changes in environmental quality
by decision-making and repositioning. This value
reflects the integration of water quality monitoring,
waypoint optimization, and autonomous naviga-
tion into a single integrated system. This capac-
ity is important as it shows that the system is not
simply a monitoring platform but is also able to
automatically take corrective action when the envi-
ronmental conditions in the crop area change.

Implementation details

To improve the transparency and repeatability
of the proposed framework, the implementation
parameters of the optimization and control algo-
rithms are presented in this subsection. In the pres-
ent work, the PSO algorithm has been implemented
with a swarm size of 30 particles and a maximum
of 100 iterations. The inertia weight was set to 0.7,
while the cognitive and social coefficients were set
at 1.5. These parameters were selected according
to preliminary experiments and recommendations
from earlier PSO-based navigation research. In
this study, the data collected included distance and
water quality sensor values (temperature and pH).
The longitude and latitude values obtained from
the GPS sensor were then converted into distance
using the Haversine equation as PSO input. The
PSO algorithm was used to obtain the best Pbest
and Gbest values for use in the fuzzy logic control-
ler (FLC). The working system or flowchart of the
PSO algorithm can be seen in Figure 4.

The variables used by the PSO algorithm are
selected during the initialization phase. Swarm
initialization also uses longitude and latitude po-
sition data with random values determined dur-
ing data collection. The first variable is position,
representing the initial position of the buoy and
floating net cage. The data collected consists of
the longitude and latitude values for each buoy
and floating net cage. The next variables are tar-
getlatpso and targetlongpso, which represent the
target position between the buoy and floating net
cage, obtained from the particle swarm optimiza-
tion algorithm. And also, the next variables are the

targetlat and targetlong variables which represent
the target position or destination position that the
buoy and also the floating net cage will aim for.
The final variable is velocity, which plays a crucial
role in determining how particles in the population
move within the search space. Furthermore, there
are constant variables whose values are predeter-
mined, such as inertia (w), cognitive learning (c1),
and social learning (c2). The next step is to con-
duct a fitness evaluation to determine the ratio of
the error between the particle’s actual distance and
its position coordinates. The fitness evaluation in
this study involved converting the longitude and
latitude values obtained from the GPS sensor into
distance units using the haversine formula. Next,
the optimal particle position is determined, which
will be stored in the position variable and recal-
culated using the existing fitness function. This

Initial particle swarm

{

Initialize PSO
parameters

A

Y

Evaluate fitness function

|

Update Pbest and Gbest

!

Update velocity and position

No Convergence
criteria met?

Figure 4. PSO algorithm flowchart
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will then update the Pbest values for each particle.
After obtaining the Pbest results for each particle,
the PSO algorithm searches for the global optimal
position (gbest) using the smallest fitness value
of each particle in each iteration. The parameters
used in the PSO algorithm can be seen in Table 7.

The fuzzy logic controller has two input vari-
ables, distance error and heading error, and one
output variable, propulsion motor PWM com-
mand. Three controller configurations consisting
of 3, 5, and 7 membership functions were evaluat-
ed. A Sugeno-type inference mechanism was uti-
lized together with a weighted-average defuzzifi-
cation method to generate smooth control actions
suitable for real-time embedded implementation.
The fuzzy rule base consisted of 15, 25, and 35
rules for the 3-, 5-, and 7-membership-function
configurations, respectively.

RESULT AND DISCUSSION

Water-quality-based adaptive repositioning
performance

This research designed a floating net cage
system that can adaptively reposition using water
quality information from the cage and four buoys,
as illustrated in Figure 5. The decision-making
procedure was based on the data of temperature,
pH, and DO to find more ideal destination areas
for aquaculture activities.

The test findings showed that the system can
incorporate environmental monitoring, PSO-
based waypoint optimization, and fuzzy logic-
based navigation in one continuous operational
cycle. This allows the cage to be repositioned
automatically to better environmental conditions
without operator interaction. In this study, the
main hardware components include the HMC5883L
compass, LoRa-02 module, DS18B20 temperature

sensor, DFRobot pH sensor, ESP32 DevKit, and DC
motor, as shown in Figure 6.

The DS18B20 temperature sensor operates
over a supply voltage range of 3—5.5 VDC and is
capable of measuring temperatures from —55 °C
to 125 °C with a programmable resolution of 9 to
12 bits. Since the sensor is factory calibrated, it
was used directly in this study without requiring
additional calibration.

The DFRobot pH sensor operates with a 5 V
power supply and requires approximately 1 min-
ute to stabilize before providing reliable measure-
ments. It has a measurement range of 0—14 pH and
an operating temperature range of 0—60 °C, making
it suitable for water quality monitoring applications.

Table 7. Implementation parameters of PSO

Parameters Value Description
Swarm size 30 Number of particles
Maximum Optimization stopping
. ) 100 o
iteration criterion
Inertia weight 05 Exploration-exploitation

balance
Cognitive 0.5 |Individual learning factor
coefficient
Social coefficient 0.5 |Global learning factor
Velocity limit +2 m/s Prevent excessive particle
movement
‘ Power Source

U

GPS Ublox
Neo MEN E:)

E:) DC Motor

Microcontroller

HMC 5883L E:>

Figure 6. Hardware design

Figure 5. Autonomous floating net cage system: (a) autonomous floating net cage; (b) buoy;
(c) autonomous floating net cage moves to the target position
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Prior to the experiments, the pH sensor was
calibrated using three standard buffer solutions
with pH values of 4.01, 6.86, and 9.18, repre-
senting acidic, neutral, and alkaline conditions,
respectively. Each buffer solution was prepared
by dissolving the corresponding buffer powder in
250 mL of water. This calibration procedure was
performed to ensure accurate and reliable pH mea-
surements throughout the experiments (Figure 7).

Based on the tests carried out, water quality
data was obtained as shown in Table 8.

Navigation performance analysis

Direct testing of the autonomous floating net
cage using fuzzy logic control is shown in Figure
8. It shows a graphical comparison of the target co-
ordinates and route coordinates on an autonomous
floating net cage using 3 membership functions in
Figure 8a, 5 membership functions in Figure 8b,
and 7 membership functions, as in Figure 8c. The
target coordinates and those traversed by the au-
tonomous floating net The target coordinates and
those traversed by the autonomous floating net
are shown in the graph, which features a red and
blue line, with the former representing the target
coordinate route to be followed by the autonomous
floating net and the latter representing the route
actually followed by the autonomous floating net
using the fuzzy logic control method. The x-axis
displays the longitudinal and latitudinal values,
respectively. Figure 8 shows that the three images

Figure 7. Movement of the autonomous floating net
cage based on water quality sensor readings

are similar to each other. However, the 7-member-
ship function exhibits more similar points than
the others. Furthermore, from the test, the longi-
tude and latitude values are obtained, respectively,
shown on the x-axis and y-axis. The latitude and
longitude coordinate points are used to calculate
the distance, where the calculation is based on the
Haversine formula, namely, based on the coordi-
nates of the autonomous floating net cage. The
initial coordinate point is established before the
autonomous floating net cage moves towards the
target point. The experimental results showed that
the three-membership fuzzy arrangement had the
most placement errors, with an average of 3.79 m.
This behaviour happened because the control ac-
tions had a limited resolution, which made speed
changes less accurate and made course changes
take longer. As a result, the system showed more
deviation in its trajectory and less accuracy in its
positioning, which is bad for real-world aquacul-
ture uses. The five-member arrangement greatly
improved positioning accuracy, bringing the aver-
age error down to 1.25 m. Adding more member-
ship functions makes it easier to switch between
control modes, which leads to better speed regu-
lation and better trajectory alignment. Because of
this, the system got to the target waypoint more
quickly and with fewer oscillations. The seven-
member setup had an average positional error of
1.25 m. The five-member design has slightly larger
numerical errors, but the overall trajectory is much
smoother compared to the three-member design.
Because of this, the system showed more trajectory
deviation and less accuracy in positioning, which
is not good for real-world aquaculture uses. The
five-member arrangement made positioning much
more accurate, lowering the average error to 1.25
m than three-membership. Adding more member-
ship functions makes it easier to switch between
control states, which leads to better speed control
and better course alignment. As a result, the system
got closer to the goal waypoint more quickly and
with fewer oscillations. The seven-member group
had an average location error of 1.25 meters. With

Table 8. Output membership function (pulse width modulation — PWM)

Sensor DO (mg/L) pH Temp (°C) Decision
Cage (KJA) 5.7 7.5 33.56 Bad
Buoy 1/ Point 1 5.5 7.5 33.25 Bad
Buoy 2 / Point 2 5.8 7.6 33.1 Slightly good
Buoy 3/ Point 3 5.65 7.6 32.6 Bad
Buoy 4 / Point 4 53 7.3 31.5 Good
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its smaller numerical error compared to the five
and three-member cases, the overall trajectory is
much smoother. As illustrated in Figure 8, the cage
follows a more continuous and stable path with
minimal overshoot. From an engineering stand-
point, a smoother trajectory is preferable because
it reduces mechanical stress on the drive compo-
nents and increases the system’s durability during
long-term operation.

The relatively modest amount of the error re-
flects the ability of the system to reach the given
waypoint with high accuracy, allowing to reposi-
tion effectively to sites with improved water quali-
ty. In addition, the smaller the inaccuracy, the more
fluid and consistent the movement. The smoother
trajectory generated by the proposed controller
may reduce sudden mechanical disturbances dur-
ing cage repositioning. However, fish behavioral
responses were not quantitatively evaluated in the
present study. Future studies should therefore spe-
cifically investigate the possible effect of adaptive
repositioning on fish welfare.

Formation maintenance performance

The capacity to maintain formation is an
important feature of the proposed system since
the distribution of buoys defines the breadth of
the water quality monitoring. The technology
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maintains the agents at a successful distance dur-
ing the relocation process and allows the agents
to continue to acquire information about the en-
vironment from several locations simultaneously.

From the environmental monitoring stand-
point, the capability of maintaining formation
provides geographically precise water quality
monitoring and eliminates the danger of loss of
information owing to sensor concentration at
a particular place. Formation testing between
floating net cages (KJA) and swarm buoys was
performed using the PSO programming ap-
proach to search for the optimum position be-
tween the KJA and swarm buoys in this work.
The PSO algorithm was employed to allow the
KJA and swarm buoys to move collectively, like
a flock of birds or swarm. Testing was performed
to determine the formation produced by the KJA
and swarm buoys by traveling between the KJA
and swarm buoys.

Figure 9 shows the test route for the autono-
mous floating net cage formation control system’s
movement along the target route and the actual
route based on the decision-making system. This
decision-making system guides the autonomous
floating net cage formation and buoys to move to-
ward the target coordinate point and then return
to the starting coordinate point based on the best
water quality among the buoys.
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Figure 8. Comparison graph of the target coordinates and the coordinates routes taken by the autonomous
floating net cage with (a) three members, (b) five members, and (c) seven members
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Figure 9. Testing route coordinates for the formation
of autonomous floating net cage

The blue graph in Figure 10 represents the co-
ordinate route followed by the floating net cage us-
ing the seven-member fuzzy logic control method,
which produces more accurate results for decision-
making. The red graph depicts the intended target
route followed by the floating net cage.

Based on the route coordinates in Figure 10,
the fish cage will move to buoy 3 when the deci-
sion-making algorithm detects poor water quality
and then shift to buoy 1. When the water quality
at buoy 1 is better than at buoy 3, this research
tested the movement of the buoy swarm or agents
to assess the ability of the autonomous floating net
cages and the buoy swarm to move in unison in a
specific formation to reach a designated point and
maintain this formation until the target is reached.

The performance of formation control is mea-
sured by how well the autonomous buoys can
keep their relative positions to the main floating
net cage while they are moving. The experimental
results show that the proposed kinematic model

-2.98852

and control strategy can keep the formation stable
during the whole navigation process. The buoys
follow the motion of the main cage but also main-
tain track of their desired relative positions. The
fuzzy controller swiftly corrects slight errors in
acceleration and turning, showing good coopera-
tion between the agents. To accurately monitor the
environment, it is necessary to be able to maintain
formation such that water quality measurements
are taken over the same area each time. From an
applied engineering perspective, the shown for-
mation stability verifies the suitability of the pro-
posed system for multi-agent surface applications
in aquaculture environments. Then, to strengthen
the experimental validation, several test results
are shown in Tables 9, 10, and 11.

The difference between the predetermined
target and actual coordinates of the autonomous
floating net cage upon reaching the destination is
presented in Table 9. The distance was computed
using the Haversine formula to determine the dis-
tance between the latitude and longitude points.
As indicated in table, the average distance error
of the KJA is 3.79 m. The distance was computed
using the Haversine formula in a CPP program,
based on latitude and longitude points. As indi-
cated in Table 10, the average distance error of
the KJA was 1.125 m, which was lower than that
of the three-membership system.

The distance was computed using the Haver-
sine formula in a CPP program, based on the lati-
tude and longitude points. The average distance
error of the autonomous floating net cage was
1.25 m, as indicated in Table 11. The evaluation
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Figure 10. Comparison graph of routes taken by the formation of an autonomous floating net cage
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Table 9. Distance error autonomous floating net cage- 3 members

Point Autonomous floating net cage coordinates to target Dist
Lat now Long now Lat now Long target (m)
1 -2.988569 104.742729 -2.988571 104.742725 0.50
2 -2.988641 104.742722 -2.988645 104.742730 0.99
3 -2.988643 104.742683 - 2.988645 104.742730 5.22
4 -2.988644 104.742729 -2.988648 104.742653 8.45
Table 10. Distance error autonomous floating net cage- 5 members
Point Autonomous floating net cage coordinates to target Dist
Lat now Long now Lat now Long target (m)
1 -2.988564 104.742727 - 2.988571 104.742725 0.81
2 -2.988651 104.742727 - 2.988645 104.742730 0.75
3 -2.988643 104.742674 - 2.988645 104.742730 1.22
4 -2.988641 104.742727 - 2.988648 104.742653 1.72
Table 11. Distance error of the autonomous floating net cage utilizing the seven members
Point Autonomous floating net cage coordinates to target Dist
Lat now Long now Lat now Long target (m)
1 -2.988566 104.742727 -2.988571 104.742725 0.60
2 -2.988653 104.742728 - 2.988645 104.742730 0.92
3 -2.988645 104.742674 - 2.988645 104.742730 1.64
4 -2.988643 104.742727 - 2.988648 104.742653 0.94

aimed to assess the overall system performance
by incorporating decision-making programming
from prior assessments. The test utilized the fuzzy
logic method with seven membership functions,
demonstrating a superior average error rate when
compared with the other two membership options.
Furthermore, to show the performance of the net

-2,9884

cage system, a comparison was made with the
basic method or alternative method to show the
superiority of the proposed PSO—fuzzy approach
as shown in Figure 11. Figure 11 compares the
trajectories generated by the proposed Fuzzy PSO
controller and the conventional Fuzzy controller
against the predefined target route. The Fuzzy
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Figure 11. Comparison graph of routes taken by the formation of an autonomous floating net cage
using Fuzzy-PSO, and only using Fuzzy Logic
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PSO controller successfully follows the desired
path with only minor oscillations around the
turning waypoint, demonstrating accurate path-
tracking performance and rapid convergence. In
contrast, the conventional Fuzzy controller exhib-
its considerable deviation after approaching the
waypoint, eventually diverging from the intended
route. The accumulated positional error indicates
insufficient corrective action and reduced trajec-
tory stability. These results demonstrate that opti-
mizing the fuzzy controller parameters using Par-
ticle Swarm Optimization significantly enhances
navigation accuracy, minimizes tracking error,
and improves overall path-following stability.

In this study, water current, wind, and sensor
noise were assumed to be constant, as the primary
objective was to develop an adaptive floating net
cage capable of autonomously positioning itself
based on water quality. Consequently, water qual-
ity was the only factor considered during the ex-
perimental evaluation. Future work will address
this limitation by incorporating the effects of wa-
ter current, wind noise, and sensor uncertainty to
evaluate the robustness of the proposed system
under more realistic environmental conditions.

Environmental implications of adaptive
repositioning

The adaptive repositioning capability estab-
lished in this research has crucial significance
in aquaculture environment management. The
proposed system is able to react to water quality
variations automatically by migrating to a better
place, unlike traditional stationary cage systems.
This capacity could help reduce fish exposure to
sub-optimal environmental circumstances, such
as reduced dissolved oxygen levels, variations in
pH, and temperature swings, which can affect fish
health and growth. In addition, the adaptive repo-
sitioning capacity permits a more equitable distri-
bution of aquaculture activities and hence leads to
a reduction in the accumulation of organic waste
at a given place. This technique has the potential,
from an ecological engineering point of view, to
allow for more sustainable water quality manage-
ment, with integrated environmental monitoring
and automatic remedial actions. The tests given
demonstrate that the proposed approach is valid
under the environmental conditions examined.
The experiments were performed in South Suma-
tra which has a tropical climate and rather high
temperature. However, more long-term trials with

different wind, current, and weather conditions
are needed to fully evaluate the robustness and
generality of the suggested system.

CONCLUSIONS

The experimental results demonstrate that the
objective of this study was achieved. The pro-
posed integrated framework successfully com-
bined real-time water quality monitoring, PSO-
based waypoint optimization, fuzzy logic naviga-
tion, and cooperative formation control within a
single autonomous aquaculture platform capable
of adaptive repositioning under the investigated
environmental conditions. The obtained results
generally support the research hypothesis that
integrating environmental sensing, adaptive deci-
sion-making, and autonomous navigation within
a unified framework can improve repositioning
performance while maintaining stable coordina-
tion among distributed sensing agents.

This work contributes to filling an important
gap in autonomous aquaculture research, where
environmental monitoring, navigation, and for-
mation control have been traditionally studied
as separate functions. The feasibility of adap-
tive environmental response based on continuous
water-quality assessment and autonomous deci-
sion-making is demonstrated in this work by in-
tegrating these capabilities in a single operational
framework and validating it under real aquacul-
ture conditions.

The results provide a basis for the future de-
velopment of intelligent aquaculture systems that
can autonomously respond to dynamic environ-
mental changes and reduce dependence on manu-
al operator intervention. Yet, the current study is
a validation of proof-of-concept under the operat-
ing conditions investigated. Future work should
include long-term field validation and statistical
evaluation of performance, robustness to different
environmental disturbances and comparison with
other navigation and optimization methods.
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