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Abstract: Conventional feeders can achieve timed and quantitative feeding, but they cannot optimize feeding strategies on the
basis of actual aquaculture conditions. This study evaluated the feeding intensity of largemouth bass and developed an
intelligent feeder to achieve efficient and precise feeding. A mobile feeding system was built by designing and simulating the
structure of the data acquisition, control, feeding power, storage, and mobile modules of the feeder. The surface water pressure
signals during largemouth bass feeding were collected through pressure sensors and analyzed, and the feeding intensity was
classified into three levels: strong, weak, and none. Signal features were extracted to construct a dataset and input into five
machine learning models for optimal parameter tuning. The precision, recall, F1 score, and average accuracy of the random
forest model were 96.2%, 95.5%, 95.6%, and 93.4%, respectively. The YOLOv5 model was adopted to detect remaining feed
on the water surface. The feeding system was designed to enable the feeder to automatically track and provide feed into the
tank. Experiments were conducted on the intelligent feeding system, with the feed residue rate as the indicator of the
practicality of the feeding system. Verification experiments were also performed on eight tanks, and the average feed residue
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rate was less than 3%, proving that the feeding system has good practicality in actual aquaculture environments.
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1 Introduction

Feeding, as a key step in aquaculture operations, is crucial. At
present, most breeding farms in China still rely on manual feeding
methods. This method has many drawbacks, including low feeding
efficiency, uneven feed distribution, and high feed fragmentation
rate, which lead to feed wastage and water pollution'”. The feeding
method in the breeding industry has gradually transitioned from the
traditional manual method to the use of automatic feeders to
improve production efficiency and expand the breeding scale. Feed
casting machines substantially reduce labor costs by feeding feed at
regular intervals and in fixed quantities. Atoum et al.”! designed a
fully automated fish feeding system for high-density fish farming
environments. This system adopts a two-stage detection mechanism
to automatically identify the specific amount of excess feed on the
surface of the water tank. However, most conventional feeding
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machines lack real-time monitoring capabilities for fish behavior
and aquatic environment variations, making it impossible to
dynamically adjust the feeding plan to achieve optimal feeding
effects. Overfeeding not only causes waste of feed, but also reduces
the benefit-cost ratio®. The accumulation of surplus feed may also
lead to water quality deterioration and eutrophication'. Insufficient
feeding amounts may delay fish growth, cause the body size of the
fish population to be uneven, and even stimulate aggressive
behavior within the group.

The activity level of fish and the intensity and range of their
changes can visually represent the appetite level of fish. The
application of machine vision technology in data processing and
intelligent feeding can improve production efficiency and reduce
breeding costs. This technology promotes the development of
aquaculture management towards automation and intelligence®‘.
The data of fish schools in the feeding state are mainly collected
through devices such as cameras and sonar sensors, and the data
such as feeding images and sounds in the water are processed and
analyzed. When fish conduct feeding behavior, their appetite is
evaluated to quantify the hunger level of fish schools™. Through in-
depth analysis of fish feeding behaviors, feeding management can
be optimized to achieve precise control of feed input, thereby
effectively reducing feed waste. This method allows aquaculture
personnel to adjust the feeding amount and frequency according to
the actual needs of fish schools, ensuring the maximization of feed
utilization rate and avoiding waste caused by excessive feeding®. In
actual aquaculture operations, it is particularly important to
comprehensively monitor the feeding activities of fish schools and
formulate feeding strategies accordingly. Israeli et al.”’ used
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cameras to calculate the area of projected images of fish schools to
evaluate the frequency of fish school jumping behaviors. This
method has opened up a new way to analyze the intensity of fish
school activities. However, this method can only provide a general
and non-specific concept and lacks a numerical representation that
can visually show the behavioral intensity of fish schools. Liu et
al.'! used the adaptive Otsu threshold technology and the linear
time component identification method to accurately count the
remaining feed particles in the water, aiming to reduce the detection
error caused by uneven lighting, and successfully controlled the
error rate within 8%. This method effectively addresses the
challenges under different lighting conditions by intelligently
adjusting the threshold, and improves the detection accuracy. Zhang
et al.'""! proposed an automatic shrimp counting method using local
images and lightweight YOLOv4. The results were consistent with
the true values and played a certain role in achieving reasonable
feeding and improving breeding efficiency. Li et al.'”! analyzed the
local luminance distribution of the image and automatically
adjusted the segmentation threshold. This method is not only
applicable to the detection of residual feed, but also widely used in
other scenarios affected by uneven illumination. Qiao et al.l’!
evaluated the intensity of the fish feeding process by analyzing the
number of fish schools actively competing for food in the images.
However, this method did not track each individual in the fish
school, nor did it consider the possible occlusion effect of the water
splashes produced by the fish school during the feeding process on
the line of sight. The diverse methods for monitoring and evaluating
the feeding activities of fish schools using various technologies are
gradually maturing. Each method provides insights from different
perspectives for understanding the behavior of fish schools.
However, the cost of monitoring devices is relatively high, and their
application rate in actual aquaculture is low. In order to effectively
classify the appetite levels of the perch, the lightweight neural
network model MobileNetV3-Small was introduced. With its
efficient computing speed and small model size, this model is
suitable for rapid and accurate analysis of real-time data, and is
particularly suitable for processing the dynamically changing data
in the aquaculture scene. Good identification effects have been
achieved in complex outdoor breeding environments. Based on
several key parameters such as dissolved oxygen saturation, water
temperature, and feeding ratio, Zhao et al.”! adopted a hybrid
learning strategy to construct the optimal fuzzy rule base and
developed an adaptive fuzzy neural network controller capable of
feeding according to real-time demands. Pan et al."" analyzed the
fluctuations on the surface of the fishpond through a six-axis sensor,
collected the state function curves of the feeding behavior of fish
schools using this sensor, selected representative characteristic
parameters, and further proposed a feeding method according to the
feeding habits of fish schools. Du et al.'” proposed a multimodal
fish feeding intensity fusion model in view of the limitations of the
single-modal method. They used image stitching technology to fuse
these extracted features and processed the fused features through a
classifier. The experimental results showed that the accuracy of this
model increased by 1.5%-10.8%.

Most of the existing feeding methods based on the feeding
activities of fish schools install the data collection devices around
the captive tanks. During long-term continuous monitoring, there
are high equipment maintenance costs, limited monitoring ranges,
and potential hardware failures, making it difficult to guarantee the
stability and accuracy of feeding decision-making. When largemouth

bass are feeding, the dynamics of water flow change correspondingly
due to competition for food or vigorous movements. These changes
in water movement can serve as an effective indicator for judging
the feeding activity of fish schools. Therefore, this study integrates
a mobile chassis into the intelligent feeding system. The mobile
chassis navigates to the designated circular culture tank via line-
tracking control, and the intelligent feeding system determines the
feeding timing and ration based on the aquaculture environment and
real-time fish feeding intensity. Based on the above designs, a
mobile intelligent feeding system is developed to realize efficient
and precise feeding, which is of great significance for improving
fish culture efficiency and feed utilization efficiency.

2 Materials and methods

2.1 Experimental location

The experiment was carried out at a land-based industrialized
aquaculture base in Xinzhou District, Wuhan City, Hubei Province,
China. The experimental facilities included four small-scale
aquaculture tanks (diameter of 3.00 m and depth of 1.18 m) and
four large-scale aquaculture tanks (diameter of 5 m and depth of
1.8 m). The test subjects were largemouth bass, with about 500 fish
in each small tank and 1000 fish in each large tank. All fish were
raised in the rearing environment for more than 4 months.
2.2 Overall structure

The Raspberry Pi 4B was used as the upper computer of the
feeding system to control the data collection process, manage
sensors and external devices, and execute data processing and
control tasks. It has a quad-core ARM Cortex-A72 architecture
CPU, model Broadcom BCM2711, with a main frequency of
1.5 GHz and 8 GB of RAM. It includes 2 USB 2.0 interfaces,
2 USB 3.0 interfaces, an Ethernet port, an HDMI port, and GP1O
pins. The Raspberry Pi 4B runs the Linux-based Raspbian operating
system and can implement various data processing software for real-
time processing and analysis of collected data. The pressure sensor
used in this study was the HM29 digital intelligent pressure
transmitter from Nanjing Hongmu Technology Co., Ltd. The core
component adopted a 24-bit AD MCU microprocessor with an
overall accuracy of 0.05% FS. The image acquisition system
includes a Hikvision CCD high-definition camera (model: MV-
CS060-10GC) and an MVL-HF0628M-6MPE industrial lens. After
assembly, the CCD camera and industrial lens were connected to
the Raspberry Pi via a Gigabit Ethernet port and powered by an
independent 12 V power supply. The mobile feeding system is
composed of five modules: control, data acquisition, feeding power,
storage, and mobile modules. The control module comprises the
STM32F103ZET6 core control board and the Raspberry Pi 4B. The
GPIO pins of Raspberry Pi are connected to the serial pins of
STM32, and communication is implemented through the serial port.
The data acquisition module is composed of sensors and cameras.
The sensor module is connected to an electric push rod with a stroke
of 150 mm, and the camera is connected to an electric push rod with
a stroke of 600 mm. They are synchronously driven by a lifting
platform, which is connected to a ball screw guide rail with a stroke
of 900 mm. The feeding power module consists of a Roots blower
and a feeder, which serve as the power source for the feeding
device. The storage module is a cubic hopper with an inverted
conical structure at the bottom and is connected to the discharger.
The mobile module employs a four-wheel trolley traveling chassis
as the loading platform of the entire device. The structure of the
mobile feeding system is shown in Figure 1.
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1. CCD imaging module 2. 600-mm-stroke linear electric actuator 3. Multimodal sensor array 4. Ball screw linear guideway 5. Roots blower 6. Four-wheel differential

chassis 7. Feed discharge unit 8. Discharge conduit 9. 150-mm-stroke linear actuator 10. Programmable control cabinet

Figure 1

2.3 Design and simulation of the key components of the mobile
feeding system
2.3.1 Structural design and simulation of the storage silo

Under normal circumstances, the feed in the silo relies on its
own gravity to fall to the feeding device. The efficiency and
function of the silo depend on the physical properties of the stored
feed and the geometric shape of the silo design. Therefore, in the
design process of the storage silo, the volume of the silo and the
discharge situation need to be considered to avoid the blockage of
the discharge port. After experimental measurement in this study,
the feed per 150 cm’ of space was approximately 51.92 g. The
average density of the feed was calculated as follows:

p:V (1

where, M is the feed mass, kg and ¥ is the volume at this mass, m°.

The calculated average feed density was 346.13 kg/m’. The
breeding environment in this study had a total of eight breeding
tanks. The daily feed intake for each breeding tank was
approximately 3 kg, the total daily feed intake was 24 kg, and the
total feed intake within three days was 72 kg. Therefore, the
calculated required feed volume was 0.21 m’. Considering the
existence of gaps when storing granular feed, the actual designed
feed storage volume should be larger than the calculated feed
volume to ensure sufficient storage space. Therefore, the effective
volume of the silo was set to 80% of the designed volume, and the
actual volume of the storage silo was 0.27 m’. Figure 2 shows the
overall structure of the storage bin. The storage bin has two parts.
The upper part is a 3D quadrilateral structure with a square cross
section of 700 mmx700 mm and a height of 500 mm. The lower
part is an inverted conical structure with a height of 380 mm. The
discharge port is a 55 mm square outlet with a thickness of 2 mm.
The storage bin is connected to the chassis through four 710 mm
long support columns. The material is 304 stainless steel, which has
excellent corrosion resistance, heat resistance, and mechanical
properties and is suitable for humid and muggy conditions.

In the design of the silo, the main purpose of adopting the
inverted conical structure is to utilize gravity to facilitate the smooth
descent of the feed and ensure that the feed can be discharged
evenly and continuously. The mechanical relationship between the
inner wall of the silo and the granular feed must be analyzed to
optimize this structure and determine the size of the discharge port.
The forces acting on the falling pellet feed are shown in Figure 3.

The friction coefficient between the inner wall and the pellet
feed is a key parameter. Under conditions without lubrication, the
friction coefficient is 0.42, and the critical condition is

Mobile feeding system

f =mgsina = umgcosa (2)

where, frepresents the frictional force of the feed on the inner wall;
mg is the gravitational force of the feed; x4 denotes the friction
coefficient of the inner wall surface; and o represents the inclination
angle of the inclined plane.

Figure 2 Structure diagram of storage bin

+ r:g cos a

mg
Figure 3 Force diagram of pellet feed falling

The minimum inclination angle of the inclined plane is

a = arctan(0.42 = 22.8° 3)

The inclination angle should meet certain requirements in
accordance with the empirical equation:

@ >a+(10° ~17°) (4)

The angle of the inclined plane o' should satisfy the condition
that the component of gravity along the inclined plane is greater
than the frictional force. If the angle is set too small, the maximum
frictional force will prevent the feed from sliding. Therefore, the
inclined angle of the inverted conical structure was designed to be
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50° in this study.
If the size of the discharge port is too small, the feed will be
blocked. The selected size is calculated with the equation

b>6d, Q)

where, b is the size of the discharge port and d, is the equivalent
diameter of the pellet feed (i.e., 10 mm).

This study requires a finite element analysis of the static
storage silo, so the Abaqus/Standard was used for simulation'*. The
mechanical properties of the material in the silo were edited, Young’s
modulus was set to 206 000 MPa, and the Poisson’s ratio was 0.3.
The maximum incremental step number was set to 1000. Load was
applied in the silo to simulate the state of loading feed. The contact
surface between the silo and the feed was selected as the load
application area. The total contact area obtained was 2.2 m?, and the
total weight of the feed was 705.6 N. The applied pressure force
was calculated to be 318 Pa, creating the pressure load. Boundary
conditions were also set. Given that the bottom of the silo was fixed
on the chassis, the contact surface between the bottom and the
chassis was set to a completely fixed constraint. The finite element
model of the silo was meshed, and the mesh type was selected as
tetrahedral mesh with a mesh size of 50 mm. Simulation
calculations were performed, and the results are shown in Figure 4.
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Figure 4 Simulation results of stress in the silo during feed
loading process

Figure 4a shows the front view of the storage bin structure. The
stress distribution of the model is represented by a color scale
diagram, where the stress changes from large to small (from red to
blue). Given the extrusion of the feed and the structural design of

the silo, the results show that the stress was mainly concentrated in
the conical area, and the maximum stress value was 0.135 MPa.
Figure 4b presents the internal stress distribution of the storage bin.
The load and support conditions formed a uniformly distributed
stress field at the bottom. The simulation results indicate that the
overall stress of the silo was small, and the structure had not
undergone deformation. Therefore, the designed storage silo can be
used as the feed transportation device of the feeding system.
2.3.2  Structural design and simulation of conveying pipelines

In consideration of the specific conditions of the test
environment, the feeder was installed above the gas-material mixing
pipeline, and the Roots blower was used to supply power to convey
the feed. The maximum height of the breeding pool was considered
1800 mm, and the height of the chassis carrying the feeding
equipment was 540 mm. Therefore, the vertical height of the
pipeline must be greater than or equal to 1300 mm. Based on
Figure 1, the feeding pipeline of this device is installed on the
feeding machine at a height of 100 mm from the chassis. Therefore,
the vertical height of the pipeline is set at 1200 mm, the cross-
sectional diameter of the pipe was 75 mm, and the inner diameter
was 60 mm. The dimension of the upper surface of the chassis was
1055 mmx743 mm. The fan and gas—material mixing pipeline were
connected through a 180° hose to make rational use of the space.
The angle between the discharge port and the vertical pipe was set
to 60° to prevent the feed from being scattered too far. The
discharge pipe is shown in Figure 5.
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Y

1. Discharge pipe 2. Gas-material mixing pipe 3. 180° hose
Figure 5 Pipeline

Under the working condition of feeding, the interior of the
feeding pipeline has the following movement characteristics. The
fan is connected to the 180° hose, and the air fluid enters the
pipeline. The high-speed flowing air forms the main flow direction
in the pipeline, generating substantial airflow dragging force,
thereby affecting the movement trajectory of the feed particles.
Under the effect of gravity, the feed enters the pipeline. The air flow
interacts with the feed particles. Affected by the air flow, the
particles change their original falling trajectories and start to
accelerate and suspend along the flow direction. In the curved areas
at the bottom and top of the vertical pipe, the fluid generates
changes in turbulence intensity because of centrifugal force and the
inertial effect of the fluid. The feed particles deviate from the center
of the airflow and collide with the inner wall of the pipe. As the
airflow moves within the pipe, the feed eventually reaches the
discharge port along with the air flow.

The feeding pipeline includes 180° hoses, gas—material
conveying pipes, and discharge pipes. Given the substantial
influence of different performance parameters on the performance
of the feeding system, Ansys Fluent software was applied to
conduct  multiparameter
abovementioned designed pipeline to

numerical  simulation of  the

explore its airflow
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performance in the pipeline, assess the movement trajectory of the
feed under the influence of the airflow, and verify the inner
diameter and height of the pipeline design to determine whether the
design is reasonable.

In the numerical simulation of gas—solid two-phase flow in this
study, air was set as the main phase, that is, the continuous phase in
the gas—solid two-phase flow. Under standard atmospheric pressure,
the density was 1.225 kg/m’, and the dynamic viscosity was
1.7894x10~ kg/m-s. The feed was set as the discrete phase, that is,
the discrete solid particles in the gas—solid two-phase flow. The
material type was inert particles, and the density was 346.13 kg/m’.

The established geometric model of the material conveying
pipeline was imported into SpaceClaim. In SpaceClaim, volume
extraction was used to determine the movement space of the fluid.
The model, after volume extraction, was imported into Meshing,
and the wall, outlet, and inlet were labeled and defined. Then, the
“Generate” option was clicked to generate the mesh. After the grid
was imported into Fluent, in the material options, the object
parameters of the gas-solid phase were determined, and the
boundary conditions were set to simulate the movement states of the
gas flow and feed particles in the pipeline.

The main movement characteristics in the pipeline are as
follows. The airflow enters the pipeline from the air inlet, and the
feed falls into the gas-material mixing pipeline by gravity.
Simultaneously, a two-phase flow (gas and solid) is formed and
moves to the air outlet. The purpose of the simulation is to observe
the interaction between the granular feed and the airflow and the
trajectory of the feed in the pipeline, including the behavior of
particles falling into the airflow because of gravity and the
subsequent movement. Therefore, the discrete phase model (DPM)
was employed. This model can simulate the interaction between
particles and airflow, such as the influence of drag force and
turbulence, thereby predicting the motion state and trajectory of
particles accurately. The physical model of DPM uses Saffman lift
force.

In DPM, the fluid is regarded as the continuous phase and
described using the Eulerian method. The discrete phase describes
the dynamic behavior through a series of Lagrange equations”. The
following text shows the basic principles and equations used to
calculate the trajectory of a single particle in DPM. The movement
trajectory of particles is governed by Newton’s second law.

%:FD+FG+FB+FL (6)
where, m, is the mass of the particle, kg; v, is the velocity of the
particles, m/s; F, is the dragging force (N), which is the resistance
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of the fluid to the particles; Fy; is gravity, N; F is buoyancy, N; and
F; is the reaction force that the particle experiences due to the
pressure gradient and viscous force of the fluid, N.

Dragging force is the most notable force affecting the motion of
particles. The calculation equation is as follows:

1
Fp= ECDpfAﬁlvf =V,l(vs=v,) (7

where, Cj, is the drag coefficient, which depends on the Reynolds
number and the shape of the particles; p, is the density of the fluid,
kg/m’; 4, is the projected area of the particle, m’; v, is the velocity
of the fluid, m/s; and v, is the velocity of the particles, m/s.

The geometric model of the material conveying pipeline was
established, an independent system of fluid flow (Fluent) was
created in Ansys Workbench, the geometric structure was edited,
and the geometric model of the material conveying pipeline was
imported into SpaceClaim. In SpaceClaim, via volume extraction,
the side rings of the cross sections of the air inlet and outlet were
selected to determine the movement space of the fluid. The shell of
the model was physically suppressed to prevent the remaining
geometric features in the computational model from interfering in
the fluid simulation.

The model was imported into Fluent. Given that the feed enters
the pipe under the action of gravity, gravitational acceleration of
9.81 m/s’ in the Y direction was defined. In the solver settings, the
pressure base was selected as the type, the absolute speed format
was selected, and transient was chosen as the time. The pipeline
designed in this study had one air inlet, one feed inlet, and one
discharge outlet. All boundary conditions were set as velocity inlet
conditions. The airflow velocity at the air inlet was set to 25.00 m/s,
the feed velocity at the feed inlet was 9.81 m/s’, and the discrete
phase boundary type was selected as “escape,” that is, the particles
leave the calculation area and do not return.

The SIMPLE algorithm was employed for the iterative solver
of pressure-velocity coupling, and the flux type Rhee-Chow was
chosen to reduce the numerical oscillation caused by insufficient
pressure-velocity coupling.

Figure 6a presents the variation in the static pressure of the pipe
from the air inlet to the discharge port. The minimum and maximum
pressures were 1128.62 and 9768.76 Pa, respectively, and the
pressure variation in the flow area was large. In Figure 6a, the air
inlet is shown in red, indicating that the static pressure here is high.
The transition from red to blue along the direction of the pipe
indicates a gradual decrease in pressure, which is caused by
pressure loss due to friction, particle resistance, and backflow when
the airflow passes through the pipe. At the air outlet, the static
pressure is low because of the accelerated airflow leaving the pipe.

Particle trajectory
Particle ID

et

c. Particle trajectory diagram

Figure 6 Simulation diagram of feed delivery device

The flow velocity distribution inside the pipeline is displayed in
a pathline graph. The closer the color is to red, the higher the flow

velocity is; the closer the color is to blue, the lower the flow
velocity is, as shown in Figure 6b. The air velocity at the air inlet
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was set to 25.00 m/s. In the middle part between the air inlet and the
feed inlet, the air flow velocity was stable, and no obvious backflow
or vortex phenomenon occurred. When granular feed was sent to the
conveying pipeline from the feeding port, it collided with the
airflow moving along the X-axis. Meanwhile, the feed moving along
the Y-axis interacted with the airflow, generating vortices inside the
pipeline. These vortices formed high-speed airflows in the local
areas, which are usually identified as red areas in the image.
Because of the effect of the vortex, the particles were drawn into the
airflow and conveyed to the discharge port along with the airflow.
The minimum and maximum speeds were 3.95 and 47.34 m/s,
respectively.

The trajectory of the granular feed in the pipeline was
characterized using the particle trajectory diagram, as shown in
Figure 6¢c. Each point in the figure represents the position of the
particle at a specific time point, and the different colors represent
different particles. The red end in the illustration indicates that the
particles are released in a concentrated manner here and have a high
density when they enter the pipeline. The granular feed moves along
the pipeline with the airflow. The trajectory of the granules begins
to disperse because of the unevenness of turbulence, causing the
granules to move at different speeds. At the end of the outlet pipe,
the particles are spatially dispersed because of the action of varying
degrees of fluid force, making their distribution extensive.

The pellet feed was captured at the air outlet. “Trapped”
indicates the number of pellets captured. When number tracked=
12 666, trapped=40. As the simulation iteration progresses, number
tracked=12 674 means that the new particles have been tracked. At
this time, trapped=55 indicates that an additional 15 feed particles
have been captured by the air outlet.

In conclusion, when the air inlet velocity is 25 m/s, the pressure
parameters and velocity pathlines inside the pipe present good fluid
feedback, and the granular feed can be smoothly transported to the
discharge port through the airflow. Therefore, when this pipeline
design is adopted, the air intake velocity should be >25 m/s, and the
inner diameter should be 60 mm.

2.3.3 Airflow pressure loss and fan selection

The pressure loss of the airflow in the pipeline mainly includes
the friction loss of the wall surface and the local loss of the elbow.
The magnitude of the friction loss is positively correlated with the
length of the pipeline and is usually calculated using the Darcy-
Weisbach equation.

L pV?
APy = i ®

0.0011

£ =0.0125+ )

where, AP, is the frictional loss pressure of the airflow in the
pipeline, Pa; D is the inner diameter of the pipe, which is 60 mm.
The coefficient of friction f; can be obtained with Equation (9). L is
the length of the pipe, which is 245 cm; p is the density of air,
kg/m?; and V is the velocity of the airflow, that is, 25 m/s.

The values are substituted to obtain f,=0.03, AP,= 468.95 Pa.
Both ends of the gas-material mixing pipeline have curved pipes,
and the connection between the discharge port and the vertical pipe
is also a curved pipe. Local losses occur here, which can be

AP, = Z (KPTVZ) (10)

where, K is the local loss coefficient, which is taken as 0.17 here.

calculated as,

Local loss pressure AP, =195.23 Pa is obtained. For data
rationality, a 30% margin is added to achieve AP, = 253.80 Pa.
Total pressure loss:

AP, = AP, + AP, (11)

where, AP, = 722.75 Pa. Given that the collision between the feed
and the pipe wall during the transportation of the feed can also
cause a pressure loss, the margin is increased by 30% to obtain
AP, =939.58 Pa.

The air volume of a fan is the volume flowing through the cross-
sectional area in a unit of time, which can be calculated as:

2
Q=3600%-V (12)

The data are substituted into the equation, and Q = 254.47 m’/h
is obtained. The fan parameters selected based on the air inlet
velocity and air flow rate are listed in Table 1.

Table 1 Fan parameters
Model XGB-1500
Platform frame size (lengthxwidthxheight)/mm’ 350%330%340

Power/kW 1.5

Flow rate/m*-h' 263

Rotational speed/r-min’! 2800
Pressure/kPa 34

Weight/kg 23.5

Outlet velocity/m-s! <32

2.3.4 Design of the data acquisition module

The data acquisition module was used to detect changes in
water surface pressure and the amount of remaining feed on the
water surface. This module is suitable for tanks of different heights,
as shown in Figure 7, and can adjust its parameters to adapt to the
detection environment. Given that the data of the tanks with heights
of 1800 mm needed to be measured in this study, a ball screw guide
rail with a stroke of 900 mm was welded to the shell of the feeding
trolley. The slider on the guide rail moved vertically through the
control of the stepper motor driver and stepper motor. A lifting
platform with dimensions of 200 mmx200 mmx10 mm was
installed on the slider. It was connected to the platform through two
electric push rods with bolts. The 150 mm electric push rod was
connected to the sensor module, and the telescopic rod extended
along the water surface direction to make the sensor contact the
water surface. The 600 mm electric push rod was connected to the
CCD camera. The telescopic rod extended vertically, allowing the
camera to be at an appropriate height to take pictures of the
remaining feed on the water surface.

1. CCD camera 2. 600 mm process electric push rod 3. 150 mm process electric
push rod 4. Sensor module 5. Stepper motor 6. Ball screw guide rail

Figure 7 Data acquisition module


https://www.ijabe.org

April, 2026

Huang H, et al. Design of the intelligent feeding machine for largemouth bass on the basis of feeding intensity

Vol.19No.2 19

2.4 Working process

The mobile, intelligent feeding system includes the data
acquisition and control module and the chassis auto-tracking
module. The data acquisition module is composed of sensors and
CCD cameras. The sensors include pressure and water quality
sensors, which are used to detect the breeding information in the
tank. A CCD camera is used to detect the residual feed on the water
surface after each feeding operation, thereby determining whether
the feeding process is completed. The data acquisition and control
module is used to achieve serial communication between Raspberry
Pi 4B and the STM32 development board and to control the electric
push rod and ball screw guide rail through the GPIO port. The
chassis tracking module detects the navigation trajectory using a
linear CCD sensor. The chassis acquires the trajectory image,
moves to the designated culture tank, and supports other modules to
perform the feeding operation. The overall structural diagram of the
system is illustrated in Figure 8.

‘ Mobile intelligent feeding system ‘

‘ Data acquisition

‘ Control module H Chassis tracking ‘

module module
Tttt
1 1 STM32F103ZET6
! Pressure |
| sensor | ‘—l—
| ettt |
i } i Electric !
| | | |__push rod i Linear CCD
i CCD camera ! ! ! sensor
i | }L guide rail | | Serial port
7777777777777777777777777 communication
Raspberry PI 4B

}_.7

Chassis operation

[
L] L

Data processing
and prediction

I I

Feeding decision

Figure 8 Overall system structure

In accordance with the operation logic of the control system,
the feeding operation is realized through the mutual cooperation of
the feeding device, the horizontal conveying device, and the data
acquisition module. First, the horizontal conveying device moves
along the planned path to the designated tank. Through the forward
rotation of the stepping motor on the ball screw guide rail, the
electric push rod platform is lifted. Second, the transverse electric
push rod is controlled to convey the sensor module to the water
surface. The longitudinal electric push rod lifts the camera to a
certain height. After the sensor and camera receive the data, the data
are transmitted to the Raspberry Pi 4B. Third, the data are cleaned
and input into the machine learning model to obtain a feeding
decision, and precise feeding is implemented accordingly. Finally,
the feeding process is completed and the sensors are reset, and the
stepping motor of the guide rail is reversed to its initial position.
The feeding operation for the current culture tank is completed. This
process is repeated to perform feeding operations in the other tanks.
The working status of the mobile feeding device is shown in
Figure 9.

2.5 Determination of feeding intensity of largemouth bass
2.5.1 Data acquisition method for feeding pressure

During the feeding of largemouth bass, the behavior of

snatching food or intense movement can substantially change the

dynamics of water flow. The resulting changes in the flow field can
be used as an effective indicator to measure the feeding status of
fish schools®™. The variations in these flow fields cause
disturbances in the water body, which in turn manifest in the
pressure characteristics of the water surface. Therefore, by
monitoring the changes in water surface pressure, relevant
information about the feeding behavior of fish schools can be
indirectly obtained. In this study, the changes in water surface
pressure in each round of feeding were measured by immersing
pressure sensors below the water surface. The graphs of water
surface pressure changes during fish feeding and at the end of
feeding are shown in Figure 10.

Figure 9 Working scene of the device
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a. Pressure changes on the surface
during feeding by fish
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b. Changes in water surface pressure during
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Figure 10  Curves of changes in water surface pressure during and
at the end of fish feeding

When the sensor was immersed 2.5 cm below the water
surface, the water surface pressure stabilized at 0.11-0.12 kPa. As
indicated in Figure 10a, 0-5 s was the non-feeding stage, and the
water surface pressure was between 0.11 and 0.12 kPa. The stage of
fish feeding occurred at 5-50 s. At this stage, feeding began. The
variation range of water surface pressure was 0.025-0.400 kPa
because of the movement, aggregation, and intense reaction of the
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fish to the feed. Between 50 and 60 s, at the end of this round of
feeding, the water surface pressure gradually stabilized. As shown
in Figure 10b, drastic changes in pressure occurred during the
periods of 5-10, 15-22, and 30-33 s. This result indicates that the
fish were at the stage of approaching the end of feeding. The fish
did not actively swim toward the feed but consumed the feed in
front of them, causing a brief change in pressure until the feeding
behavior ended and the pressure value stabilized. In conclusion, the
variation in water surface pressure can be used to monitor and
predict the feeding intensity of fish schools.

The feeding intensity of fish schools can be classified by
analyzing the changes in water surface pressure during the feeding
period. In accordance with the classification criteria for the feeding
intensity of fish, combined with the collection of pressure under
actual experimental conditions, the feeding intensity of fish within
1 min after each round of feeding was classified into three grades:
strong, weak, and none".,

Figure 11 shows the pressure curves of each grade during the
feeding of the fish school. The strong grade indicates that the fish
are in a state of hunger. This behavioral characteristic shows that
the fish have a high demand for feed and exhibit obvious food
competition. At this time, the water surface is extremely unstable,
with substantial changes in water surface pressure and a long
duration. Under these circumstances, after completing the first
round of 500 g of feed, another 300 g of feed can be added. The
weak grade indicates that some fish in the tank have completed the
feeding process, but some unfed fish still consume the feed in front
of them. At this time, the water surface fluctuates briefly, with a
moderate change in water surface pressure and a short duration.
After completing this round of feeding, another 150 g of feed can be
added to the tank. The none grade indicates that the fish are in a
state of full feeding, showing no obvious reaction to the feed, and
the water surface pressure is stable within a certain range. After
completing this round of feeding, no further feeding is done.

0.30 035 0.30
0.25 0.30 0.25
g 020t g 0251 | £ 020
£ 015} “ g 0201 n £ 015t
% 0.10 % 0.15 “ \j\/J % W/A/\W
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0 10 20 30 40 50 60 0 10 20 30 40 50 60 0O 5 10 15 20 25 30 35
Time/s Time/s Time/s
a. Fish schools show obvious stress b. Fish schools do not actively approach the c. The fish have no obvious reaction
responses and actively compete for food food but eat the food in front of them to the food
Figure 11  Pressure curves for each grade

The sensor data were visualized in real time by using PyQt5
and Matplotlib, and the data were classified using the random forest
model. A line graph was created, and the start plot method was
employed to plot the pressure data. Given that the sensor data
collection frequency was once every 0.3 s, animation-
FuncAnimation was used to set the animation and update the chart
once every 0.3 s. The trained random forest model car.pkl was

loaded, the calculated feature data were converted into the
DataFrame format, and predictions were made using the loaded
model. The classification prediction result labels were updated
based on the prediction results. The measurement time for each
round was set to 1 min. After the measurement was completed, the
next step was implemented on the basis of the results on feeding
intensity. The pressure acquisition module is shown in Figure 12.
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a. Intense hunger

b. Weak hunger

c. Absence of hunger

Figure 12 Pressure measurement module

2.5.2  Selection of pressure signal characteristics

Pressure data were recorded every 0.3 s in the test, and the
recording duration for each round was 1 min. Theoretically, each set
of data has 200 data points. However, delays occur in data
serialization and deserialization during data transmission and
processing, resulting in the actual collection of 179 data points for
each set of data. A total of 81 sets of data and 14 499 data points
were collected. The levels of strong, weak, and none had 27 sets of
data each.

Considering that the feeding intensity of fish schools varies

substantially at different feeding stages, this study identified and
extracted seven key pressure signal characteristics that can reflect
the differences. The time-domain characteristics were pressure
change frequency, pressure change duration, standard deviation, and
mean energy. The statistical characteristics were difference and
peak number, and the complexity feature was sample entropy.

The calculation process of the frequency of pressure change is
as follows:

Let P=[pi,ps,....p,] be a round of pressure measurement
values, where n is the total number of measured values, and n =
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179. The differences between adjacent measured values are
calculated as,

AP =[py=Pp1, D3 = P2 - D179 — Pi3s] (13)

A difference sequence containing 178 elements generates AP.
The frequency of pressure change, that is, the number of non-zero
differences, can be expressed as,

Jar =|ApilAp; #0, Ap, € AP (14)

where, f,, represents the frequency of pressure change and Ap; is
the i-th element in the sequence of differences AP.
The calculation of the duration of pressure change is as follows:
1) Set the pressure change threshold to 0.015 kPa. For adjacent
measured values, calculate the absolute value of the difference as,

Api=1|pi—pi-l (15)

2) Determine the positions of Ap; for the first time and the last
time and calculate the duration of the pressure change as,

D= ieml - imm (16)

The calculation of the standard deviation is as follows:
1<
=- ; 17
/Jl n Zl P: ( )

179

1 >
79 Z(Pi—ll)
i=1

where, p; represents the i-th measurement value in the pressure data
and u; is the average value of all the measured values. Their

(18)

calculation equations are shown as Equations (17) and (18).
The calculation equation of the mean energy is as follows:

179

_ 1 2
Em_ﬁzl)i (19)

where, 179 is the number of pressure data points measured per
minute.

The pressure difference value is used to measure the difference
between the maximum and minimum water pressure in one round of
measurement. It reflects the fluctuation range during the fish
feeding period and can be used as a direct indicator to evaluate the
feeding intensity of fish. The calculation equation is as follows:

R= Pmax — Pmin (20)

where, pn.c 1s the maximum pressure value in one round of
measurement; p,,i; is the minimum value of pressure in one round of
measurement.

The peak number is the number of times the water pressure
signal passes through the threshold line in each round. The
threshold of the peak height is set as 7 = 0.20 kPa, and the
calculation equation is as follows:

Cr =Wilp; > T, p; > pi-1, pi > Pin1» Vi€ [2,n—11}] (21

Let the water pressure data collected in each round be set as
P=[pi,ps....,p.], where n = 179. Lag parameter m for comparing
the vector length of the water pressure signal is defined. Similarity
degree 7 is also defined and set as 0.2 times the standard deviation
of the original data. Vector sequence P, (i) =[P, Pisis-+es Piem-1]OF
length m is then constructed. For i=1,2,..,n—m+1, for each
P, (i), the maximum point-to-point distance from all P, (i),
i=1,2,...,n—m+1 is calculated, and the number that satisfies the

condition max|p;_ — pju_i|l <r is counted; this count is called
=1,...m
Cr(r).

n—m

1
C'(N=—— ) (22)

These steps are repeated to construct vector sequence P, (i)
with a length of m + 1 and calculate C"*' (r). The sample entropy of
the water pressure signal of this round is

lelas! ( r) >
CIH (r)

SampEn = —n ( (23)

The feature selection was conducted on the seven initially
extracted signal features with the aim of eliminating features that
have a low correlation with the recognition of feeding intensity.
This could ensure the practicability and effectiveness of the selected
feature set and to help simplify the structure of the model and
improve its operational efficiency. The XGBoost algorithm was
adopted to conduct the feature selection, that is, the calculation of
feature importance. XGBoost operates within the gradient boosting
framework and employs the additive training strategy. In each
iteration step, a new decision tree is introduced to learn the residuals
of all previous learners. The gradient boosting process is

37 =50 +nfi(x) (24)
where, 3" is the predicted value of the model after the t-round
iteration, f; is the decision tree newly added to the model, and 7 is
the learning rate.

The objective function of XGBoost consists of two parts. One
is the loss function L(8), and the other is the regularization term
Q(6). The regularization term is expressed as,

1 — ,
_Q(fl)zyTl+§/lij (25)

j=1

where, f| represents a single tree; 7} is the leaf node tree of the tree;
w; is the score of the j-th leaf node; y and A are the regularization
parameters.

The objective function of XGBoost is expressed as:

0bj )= 1(y37)+> Q) (26)
i=1 k=1

0bjO) = 1(y5) + > Q)
i=1 k=1
A(t)

where, 3, is the predicted value of the model for the i-th instance; y;
is the corresponding true value; / is the loss function; f; is the k-th
tree; and K is the total number of trees in the model.

The XGBoost model was built, and the dataset containing all
the feature attributes was taken as the input for classification
training. The model parameters were meticulously adjusted until the
optimal classification accuracy was achieved. On this basis, the
importance of the features was calculated, and a ranking graph of
the importance of the features was generated. The feature
importance ranking diagram is shown in Figure 13.

A high score indicates that the feature has a strong ability to
distinguish variables for the model. The mean energy and sample
entropy exhibited
performance in terms of feeding intensity, and the difference,
standard deviation, and peak number acceptable
classification performance in terms of feeding intensity. Meanwhile,

characteristics excellent  classification

showed
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the expression ability for change frequency and duration was weak.
The use of feature combinations and different model strategies in
comparative experiments revealed that retaining the five excellent
and good features provided abundant information under specific
conditions, thereby improving the overall model performance. The
final retained features were mean energy, sample entropy,
difference, standard deviation, and peak number. They were
adopted as the data sample of the machine learning model to
identify the feeding intensity of fish schools. Some characteristic
values are listed in Table 2.

Frequency of variation 10
Duration 11
Number of peaks 20
Standard deviation 21
Difference 26
Sample entropy | 36

Mean energy | 49

0 10 20 30 40 50

Score

Figure 13 Ranking of feature importance

Table 2 Characteristics and partial characteristic values of
five pressure signals

Order Mean Sample . Standard ~ Number Class
no. energy entropy Difference deviation of peaks label
1 0.039 6059 -1.3644526  0.371 0.086 261 9 38 0
2 0.0315947 -2.6390573  0.285  0.0813967 29 0
3 0.0213874 —0.6216882 0303  0.066 544 7 2 1
4 0.0202693 -0.8109302  0.260  0.051 5466 2 1
5 0.0147063 —0.8893979  0.041 0.009 653 1 0 2
6 0.0158556 —0.9911920  0.034  0.006 657 2 0 2

2.5.3 Selection of data processing models and image acquisition
methods

Machine learning, as a core branch in the field of artificial
intelligence, occupies an important position in computer science*.
The application of machine learning in aquaculture has become
important in promoting technological progress in the industry and
achieving precise aquaculture management. In the feeding
management of largemouth bass, the application of machine
learning can optimize the feeding strategy. The optimal feed feeding
frequency can be accurately calculated by analyzing the feeding
intensity of fish schools™), thereby helping the feeding system make
intelligent feeding decisions.

In this study, five traditional machine learning models, namely,
decision tree, random forest, gradient boosting, k-nearest neighbor
(KNN), and support vector machine (SVM), were selected based on
the dataset of the constructed pressure signal characteristics. The
feeding intensity of fish schools was identified and analyzed™-*.
The main function of the image acquisition module was to capture
water surface images through a CCD camera and conduct target
detection using YOLOvS. In this module, the Software
Development Kit (SDK) package of Hikvision cameras was used,
and image acquisition was implemented with MvCameraControl
class.

The open_camera function was defined to initialize the camera
device, the MV_CC_CreateHandle method was used to create the
camera handle, the start camera method was applied to start the
image capture process by using the data buffer of the camera, and

the transformation of the camera from the initialization state to
image capture was completed. The storage space required for each
frame of image data was determined by obtaining the payload (the
size of each frame image in bytes), and the buffer was allocated
accordingly to prepare for the storage and processing of the image
data. A frame of the image data was obtained using SDK, and the
data were converted into a NumPy array to create the image.

Next, the detect objects function was defined to conduct real-
time object detection by using YOLOVS, the project path of
YOLOVS was imported, the captured image was taken as a variable
pointing to the trained model weight file, a captured frame of the
image was preprocessed, and its width was adjusted to 800x600
pixels to reduce the computational load of model processing. The
subprocess module in Python was used to call the object detection
script, a command string was constructed to call the model
execution file detect.py, and the specified weight file best.pt was
employed to perform object detection on the temporarily saved
image. Given that Raspberry Pi has limited memory for running
models, after YOLOvVS had processed the images, the cv2.imshow
function of OpenCV was used to display the original images in the
window, and the processing results were saved by default in the
runs/detect directory of the model project.

3 Results and discussion

3.1 Results and analysis of feeding intensity of largemouth
bass
3.1.1 Evaluation of machine learning models

The feeding intensity of fish schools was classified using the
machine learning model, and the preprocessed dataset was divided
into three categories and inputted into the model. To
comprehensively evaluate the performance of different models in
identifying the feeding intensity of fish schools, this study
employed four key indicators as evaluation criteria; these are
average accuracy, precision, recall, and F1 score™.

Average accuracy is the ratio of all correctly predicted
instances to the total number of instances. It can be calculated as:

TP+TN

A= —— 2
TP +FP+ TN+ FN 27

Precision is the ratio of true positive samples to all samples
predicted as positive. The calculation equation is as follows:
TP

P=——
TP +FP

(28)

Recall measures the proportion of actual positive samples
correctly identified by the model, which can be calculated as:
TP
" TP+FN

The F1 score is the harmonic mean of precision and recall,
providing a balanced measure, which can be calculated as:
2PR

R 29

where, TP means true positive (an instance that the model correctly
predicts as the positive class), FN stands for false negative (an
instance that the model wrongly predicts as a negative class), FP
denotes false positive (an instance that the model wrongly predicts
as a positive class), and TN stands for true negative (an instance that
the model correctly predicts as a negative class).

The constructed dataset of five features and three categories
was trained and classified by KNN, SVM, decision tree, gradient
boosting, and random forest machine learning models. Table 3
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presents the classification effect of the constructed dataset and the
various machine learning models compared.

Table 3 Classification results of various models

Model Precision/  Recall/  F1 score/ Mean
% % % accuracy/%
KNN 83.3 82.2 82.5 75.4
SVM 85.0 82.2 82.5 83.1
Decision tree (DT) 89.7 88.9 89.0 90.7
Gradient boosting (GB) 94.7 933 93.5 91.0
Random forest (RF) 96.2 95.5 95.6 93.4

Among the five models, KNN and SVM showed low
performance because of the influence of the data distribution and
neighbor parameter settings. Gradient boosting and random forest
are ensemble learning algorithms based on decision trees, so their
classification performance in this study was better than that of
decision tree. The performance indicators of random forest were
slightly higher than those of gradient boosting. Its precision, recall,
F1 score, and average accuracy were 96.2%, 95.5%, 95.6%, and
93.4%, respectively, indicating that it has excellent performance in
accurately predicting and identifying samples. Moreover, the water
surface pressure data may have some noise. Random forest has
certain robustness against noisy data and overfitting. Therefore, the
random forest model was selected to classify the pressure data and
used to guide the feeding decision.

3.1.2 Target detection of remaining feed on the water surface

Object detection algorithms constitute a core research area in
computer vision. The main task of object detection algorithms is to
identify specific objects in image or video materials and accurately
label the categories of these objects and their specific positions in
the image. With the advancement and application of deep learning
technology, current object detection technologies can be divided
into two directions: two-stage and single-stage detection algorithms.

The two-stage object detection algorithms, including region-
based convolutional neural network (R-CNN), Fast R-CNN, and
Faster R-CNN, generate a series of candidate regions from image
data and classify or regression-predict these regions. Two-stage
algorithms usually have high accuracy, but because their operation
is complex, their processing speed is low. Single-stage object
detection algorithms, such as YOLO and single-shot detector, can
simplify the detection process by directly performing object
classification and bounding box prediction on the image and omit
the step of extracting candidate regions. Their advantage lies in their
high speed and suitability for application scenarios that require real-
time processing’.

Given the performance of the core processor Raspberry Pi 4B,
lightweight YOLOVS was selected as the model for implementing
feed target detection. In the process of object detection, the
accuracy and consistency of data are crucial and directly influence
the effect of object detection. In view of the complexity of the water
surface flow field and the variable detection environment involved,
this study created custom datasets that covered the environment
under various detection conditions. The purpose of this method is to
maximize the diversity and accuracy of the dataset.

The image acquisition camera adopts the Hikvision MV-CS060-
10GMGC industrial camera. During the feeding test, the CCD
camera was fixed at 1.5 m above the water surface. At the
beginning of each round of feeding, because of the fierce feeding
behavior of fish schools, a large number of water splashes were
produced on the water surface, making the water surface situation
extremely complex. This situation increased the difficulty of

observing the remaining feed situation. However, as each round of
feed release approached its end, the fish’s rush for food gradually
decreased. At this point, the water splashes and ripples on the water
surface correspondingly decreased, and the water surface state
became calm, which is convenient for observing and evaluating the
remaining feed situation. As shown in Figure 14, when the amount
of leftover feed was excessive, block-shaped feed accumulated on
the water surface, and the remaining amount of feed could be
monitored clearly. The observation results could be used to assess
the current feeding desire level of the fish schools accurately.

a. Static feed accumulation

b. Dynamic feed accumulation

Figure 14 Feed stacking images

During the experimental stage of this study, a total of 2522
images showing the accumulation of feed were collected. By
programming, these images were automatically allocated into the
training and test sets at a ratio of 8:2. The training set contained
2018 images, and the test set contained 504 images. The Labellmg
tool was used for manual annotation to label the feed accumulation
in all images and effectively annotate the images. After the
annotation work was completed, the annotation information of each
image was automatically saved as a corresponding xml file. These
files record in detail key information, including the image name,
image size, and type and specific location of the target object.

In target monitoring, the indicators for evaluating the
performance of algorithms provide key information on the
effectiveness of the models. Commonly used evaluation metrics
include precision, recall, and mean average precision (mAP). mAP
is used to evaluate the overall performance of the model on multiple
categories. First, the area AP under the independent precision—recall
curve of each category is calculated. This area represents the
average performance of the model’s precision during the recall
change process in that category. Second, mAP is obtained by
calculating the average of the AP values of all categories. The
specific calculation equation is as follows:

AP= [ p(rdr (31)

Ny
1
mAP = N ;AP,- (32)

where, p(r) is the precision given the recall 7; N, is the total number
of categories; and AP; is the AP value of the i-th category.

During mAP calculation, the default intersection over union
(IoU) threshold is 0.5, which means the prediction is considered a
correct detection only if the IoU of the predicted bounding box is
greater than 0.50 compared with the actual bounding box. The mAP
value calculated based on this criterion is called mAP@0.5. IoU
ranges from 0.50 to 0.95, with a step size of 0.05, and the mAP
values under different IoU thresholds are calculated. The final
average obtained is called mAP@0.50:0.95. The specific
identification results are listed in Table 4. The training results of
importing the data into the model are shown in Figure 15.
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The YOLOvVS model produced excellent experimental results
during training. The model was fast and highly accurate and could
run on Raspberry Pi 4B with limited computing resources.
Therefore, the YOLOv5 model has good measurement accuracy
when it runs on Raspberry Pi 4B. After the training was completed,
the generated best model weight file, best.pt, was adopted to
evaluate the test part in the self-constructed dataset. The results of
this detection process are presented in Figure 16.
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metrics/precision
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The results show that the YOLOvV5 model with best.pt weights
gives a relatively high confidence score on the test set and has a
certain degree of robustness, and it has a good recognition ability
for different distributions and densities of feed on the water surface.

Table 4 Experimental data of the YOLO algorithm

Algorithm  Precision/%  Recall/% mAP@0.5/% mAP@0.5:0.95/%
YOLOV5 93.3 79.7 93.1 57.9
metrics/mAP@0.5 metrics/mAP@0.5:0.95

0 50 100 0 50 100
c. mAP@0.5 d. mAP@0.5:0.95

Figure 15 YOLOVS training results of feed accumulation images
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Figure 16 Detection results of uneaten feed on water surface

3.2 Test results and verification of the practicability of the
mobile feeding system

Two feeding system tests were designed to verify and evaluate
the practical performance and effect of the mobile intelligent
feeding system. The test environment was indoor culture tanks.
Tanks 1-4 were 3 m in diameter and 1 m in water depth; tanks 5-8
were 5 m in diameter and 1.6 m in water depth. The experimental
fish were largemouth bass. Approximately 500 fish were placed in
the tanks with 3 m diameter, and about 1000 were placed in the
tanks with 5 m diameter. All of them had been raised in the
breeding environment for more than four months. The fish were
assumed to have adapted to the tank environment, minimizing the
effect of the breeding environment on the test. An appropriate
feeding speed was set through actual feeding scenarios, and the
accuracy of the fish school feeding intensity prediction model was
tested.

Feeding speed directly affects the uniformity of the feed
distribution, the coverage area, and the feeding efficiency of the
fish. By calculating the feeding time and speed, the distribution of
feed in the water area of the tank can be controlled to make it
uniform and reduce the concentrated accumulation of feed.
Moreover, by accurately controlling the feeding amount, the
breeding cost can be effectively reduced. Therefore, determining the
relationship between the feeding speed and the feeding time of the
feeding system is essential.

STM32 and the feeding device of the system are connected by
two relays to effectively control the feeding device in the intelligent
feeding system. The serial port pin of STM32 is connected to the

control input terminal of the relay module, and the fan and feeder
are connected to the output terminals of the two relays. STM32
outputs a 5 V control signal to the coil of the relay module. The coil
generates magnetic force, which makes the contacts close, thereby
powering on the 220 V main circuit. When the GPIO port outputs a
high level, the relay is energized, and the fan and feeder start. When
the GPIO port is at a low level, the relay is disconnected, and the
fan and feeder stop working.

In the experiment, No. 5 extruded feed for largemouth bass
with a diameter of approximately 6 mm was used. The feeding
amounts of the feeding system were measured at five time periods:
0.5, 1.0, 3.0, 5.0, and 10.0 s, and the experiment was repeated five
times. At the end of each period, the fed feed was collected and
weighed. The feed amounts of the feed systems obtained at different
periods are listed in Table 5.

On the basis of data in Table 5, the coefficient of determination
(r*) was introduced as an important indicator for regression analysis
to quantify the influence of feeding time on the feeding amount.
The range of 7 is from O to 1, which is interpreted as the proportion
of the independent variable in the change in the dependent variable.
When 7* = 1, the independent variable can fully explain the changes
in the dependent variable; > = 0 means they are irrelevant.

Z()’n _5)[)2
2o
' Z(yil _)_’i)z

where, y;, is the actual feeding amount measured in the experiment;

(33)
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$; is the predicted value of the regression model and y, is the
average value of the actual feeding amount.

After calculation, 7 = 0.9987 was obtained, indicating that a
linear relationship existed between feeding time and the output
amount. With the data in Table 5, the linear relationship between

feeding time and feeding amount was obtained as

y=155.03x—31.46 (34)

where, y represents the expected amount of feed, x is the feed time,
and the intercept of 31.46 is the feeding error. The slope indicates
that the feeding speed of the feeding system was 155.03 g/s, and the
precise feeding of the feeding system was achieved based on this
speed.

Table 5 Feed dosage at different times

Time/ Feed measurement values/g

S First time Second time Third time Fourth time Fifth time Mean value

0.5 64.1 64.8 66.4 63.9 64.5 64.7

1.0 135.3 136.2 135.6 137.4 133.7 135.6
3.0 404.9 406.9 405.3 404.5 407.4 405.8
5.0 726.3 722.1 726.7 728.9 722.9 725.3
10.0  1532.6 1536.2 1533.1 1533.4 1535.5 1534.2

This study adopted the method of multiround feeding in a
single field. Specifically, the feeding device used 500 g of feed for a
tank in the first round. Then, the system model identified the
feeding intensity. If the intensity was judged to be in a state of
strong hunger, 300 g of feed was fed in the second round. In the
case of weak hunger, 150 g of feed was added. When the fish were
no longer hungry and the camera captured the accumulation of feed
at this time, the feeding work for this tank was considered
completed. The use of multiple rounds of feeding for the same tank
in the abovementioned manner aimed to precisely control the
distribution of feed, meet the feeding needs of fish at different
times, and improve the utilization rate of feed and the efficiency of
aquaculture.

After the feeding work in each captive tank was completed, if
feed floated on the water surface inside the tank, then the fish were
in a state of fullness. At this time, the uneaten feed was collected,
dried, and weighed. Aquaculture efficiency and feed utilization
efficiency were measured by calculating the feed residue rate.

The uneaten feed needed to be retrieved from the tanks to
calculate the feed residue rate, but the retrieved feed had already
been soaked in water, which would affect the calculation result.
Thus, a vacuum drying oven was used to dry the feed after retrieval.
Drying experiments were conducted on feeds with capacities of
approximately 150 mL, 250 mL, and 500 mL to verify that the dried
feed did not substantially affect the calculation error of the feed
residue rate. The masses of the feeds with capacities of 150 mL,
250 mL, and 500 mL were 52.79 g, 90.07 g, and 203.09 g,
respectively; after soaking in water, the masses became 63.81 g,
111.53 g, and 242.15 g, respectively, and they were placed in a
vacuum drying oven for baking. The temperature of the drying oven
was set to 100°C. Given the different amounts and surface areas of
the three types of feed, the heating times varied. The drying process
was considered complete when the change in feed mass did not
exceed 1 g every 30 min.

The water content after drying was determined using the water
absorption rate, which provides the proportion of the increment in
water absorption relative to the initial mass of dry feed™". The water
absorption rate of the three types of feed was calculated after
drying. The calculation equation is as follows:

W.—
WUR = TW % 100% (35)

where, WUR represents the water absorption rate, W. is the mass of
the dried feed, and W, is the mass of the feed before soaking.

The water absorption rates of the feed in the three containers
were calculated. The water absorption rates of the 150, 250, and
500 mL feed were 2.1%, 3.3%, and 3.9%, respectively.

According to the calculation results, the water absorption rates
were all lower than 4%, indicating that the volume expansion and
weight increase of the feed in water were not substantial. The
weight of the dried feed was approximately equal to the weight of
the original dry feed and can thus provide a basis for accurately
calculating the feed residue rate.

The objective of the intelligent feeding system is to adjust the
amount of feed given on the basis of the real-time hunger demand
of fish schools, collect the pressure values during each round of the
feeding process, and quantify the hunger degree of fish schools by
using the random forest model. Corresponding feeding decisions
were made for the three different hunger degrees of strong, weak,
and none to maximize the feed utilization rate and improve the
overall aquaculture efficiency. Given that the retrieved feed
contained the mass of absorbed water, the mass of dried feed was
used for calculation to improve the reliability and rationality of the
feed residue rate as an assessment indicator of breeding efficiency
and feed utilization efficiency. The higher the feed residue rate was,
the more excessive the feeding amount was and the poorer the
feeding decision was. Conversely, the lower the feed residue rate
was, the more accurate the feeding decision was. The calculation
equation for the feed residue rate (FRR) is as follows:

FRR = (%) X 100% (36)

where, M, represents the amount of feed that has not been consumed
and M, represents the total amount of feed released during this
period.

To ensure the accuracy of the feeding amount data, this study
used an intelligent feeding system to conduct a three-day feeding
operation on largemouth bass in eight captive tanks. This duration
was based on eliminating the influence of contingency on the
evaluation of the feed effect, thereby producing stable and reliable
data. The results of the feeding test are listed in Table 6.

Table 6 Feed residue rate test results

Tank ID Item Dayl/g  Day2/g  Day3/g ﬁs\f‘fegfaf:?;
0
Feed input 800 800 800
Tank 1 0
Feed residue 0 0 0
Feed input 650 650 650
Tank 2 0
Feed residue 0 0 0
Feed input 650 650 650
Tank 3 0
Feed residue 0 0 0
Feed input 800 800 800
Tank 4 0
Feed residue 0 0 0
Feed input 1550 1550 1700
Tank 5 2.31

Feed residue 31.20 26.93 53.94

Feed input 1700 1850 1850
Tank 6 2.64
Feed residue 40.41 48.48 54.14

Feed input 1550 1700 1550
Tank 7 2.68
Feed residue 44.44 52.10 32.47

Feed input 1700 1700 1700
Tank 8 2.03
Feed residue 33.77 31.93 37.61
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The table includes the feeding amount and the remaining
amount during the three-day test process. The residue rate of the
feed for the three days was calculated, and the average value was
obtained. The average residue rate of the feed was less than 3%,
indicating the effectiveness of the feeding system in accurately
assessing and meeting the actual feeding needs of the fish. Based on
aquaculture practices and research, largemouth bass typically cease
feeding when the water temperature drops below 10°C. Therefore,
this device is programmed to halt feed delivery when the water
temperature falls below 10°C to prevent feed waste and maintain
water quality. The intelligent feeding decision-making model based
on the feeding intensity of fish schools constructed in this study has
good practicability. It can improve aquaculture efficiency and the
feed utilization rate and has a good application prospect.

4 Conclusions

1) Structural design and simulation analyses were conducted on
the mobile feeding system. On the basis of the loading requirements
of actual feed quantity, the overall structure of the storage silo was
designed, and Abaqus software was applied for stress simulation to
verify the strength of the storage silo. A gas—solid two-phase
simulation test was performed through Fluent software to determine
the air intake velocity of the material conveying pipeline at 25 m/s
and the inner diameter of the pipeline at 60 mm. The XGB-1500
model fan was selected as the power source for feeding on the basis
of the intake air velocity. The mobile device adopted a four-wheel
trolley chassis. The data acquisition module used DC electric push
rods and ball screw rails to transport sensors and cameras to the
working area.

2) A data acquisition system was built. Raspberry Pi 4B was
employed as the upper computer for data acquisition. An HM29
pressure sensor was used to collect water surface pressure data, and
a CCD camera was utilized to collect water surface image
information. The pressure sensor was connected to Raspberry Pi 4B
through the ttyUSBO serial port, and the CCD camera was
connected to Raspberry Pi 4B for communication through the
Ethernet port. The feeding intensity of fish schools was quantified
through the pressure data, and the pressure data under different
feeding states were analyzed. The more intense the feeding of fish
schools was, the more obvious the pressure change was. The
feeding intensity of the fish schools was classified as strong, weak,
and none, and the collected pressure data were divided in
accordance with the classification. Then, the feeding rules were
specified. After the first round of feeding, when the pressure was
judged to be in a strong feeding state, another 300 g of feed was fed
in the next round. If it was judged as weak, another 150 g of feed
was added. If it was judged as none, no feed was placed. The
XGBoost algorithm was used to score each feature. Mean energy,
sample entropy, difference, standard deviation, and peak number
were retained as the data samples of the machine learning model,
and a dataset was constructed.

3) The feed decision-making model was constructed. The
dataset was evaluated using five machine learning models, and the
optimal parameters were set. The performance indicators of the
random forest model were higher than those of the four other
models. Its precision, recall, F1 score, and average accuracy were
96.2%, 95.5%, 95.6%, and 93.4%, respectively. Moreover, the
random forest model showed certain robustness to noise data and
overfitting. Therefore, the random forest model was selected to
classify the pressure data and used to guide the feeding decision.
The YOLOVS algorithm was adopted for the target detection of

feed, and the dataset was divided into training and test sets at an 8:2
ratio for training. The trained best.pt weight was used to recognize
the test set and showed good recognition ability.

4) Practicability verification tests were conducted on the
feeding system. The feeding speed of the feeding system was
assessed, and the feeding amounts at different periods were
recorded to ensure accurate feeding during operation. Using the
feed residue rate as the indicator of the practicability of the feeding
system, a feed drying test was conducted to improve the authenticity
of the feed residue rate. Then, verification tests were performed on
eight tanks, and the average feed residue rate obtained was less than
3%. These results demonstrate that the feeding system has good
practicability in actual breeding environments.
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