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To address the problem that current rice fertilization devices rely on experience-
based settings of fertilizer application rates and are unable to dynamically adjust
according to soil fertility, resulting in low fertilizer use ef� ciency, a rice side-deep
variable-rate fertilization control system based on real-time soil electrical
conductivity (EC) detection was designed. First, a three-factor, four-level full
factorial experiment was conducted to investigate the effects of soil moisture
content, electrode insertion depth, and soil temperature on soil EC, and an EC
calibration model was established based on an RBF neural network. Second, a
fertilization strategy was developed and a fertilizer application model was
constructed based on real-time EC, target yield, and implement forward
speed; meanwhile, an incremental PID algorithm was adopted to achieve
closed-loop control of variable-rate fertilization with motor speed as the
control objective, completing the control system design. Finally, the system
was deployed on a pneumatic groove-wheel fertilizer metering device and � eld
experiments were carried out. The performance of the soil EC detection system
and the variable-rate fertilization system was validated through EC detection
accuracy tests and variable-rate fertilization system response tests. The results
showed that the average relative error of EC was 2.70%, the maximum coef� cient
of variation of the fertilization system response stability was 3.98%, the maximum
response time was 1.60 s and the average was 1.28 s, and the average fertilizer
reduction rate was 12.39%. These results indicate that the proposed soil EC
detection and variable-rate fertilization system can achieve rapid and accurate
variable-rate fertilization operations. This study can provide equipment and
technical support for rice side-deep variable-rate fertilization.
KEYWORDS

current– voltage method, electrical conductivity, neural network, precision
agriculture, rice, variable fertilization
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1 Introduction
As a major rice-producing country (Zhou et al., 2025), China

has traditionally adopted �xed-rate fertilization in paddy �elds,
where application rates are largely determined by experience. This
practice is prone to over-fertilization, leading to low fertilizer use
ef�ciency. Taking nitrogen fertilizer—the most commonly used
type—as an example, the utilization rate in developed countries is
approximately 50%–60%, whereas that in China is about 30%–50%,
which is markedly lower than in developed countries (Ren et al.,
2023). Excessive fertilizer application not only diminishes the
marginal yield gains of grain production and increases input
costs, but also imposes adverse impacts on water resources, soil
quality, and the environment (Xing and Wang, 2024). Variable-rate
fertilization (VRF) systems are a key component of precision
agriculture and can effectively reduce fertilizer waste while
improving the economic performance of agricultural production
(Vergara-Dõ�az et al., 2016; Wang et al., 2024; Cai et al., 2025). In
general, a VRF system consists of a sensing (detection) subsystem
and a fertilization (application) subsystem: the sensing subsystem
acquires in-�eld physicochemical information to support decision-
making and guide the application subsystem to execute
corresponding operations. Common approaches for acquiring
such in-�eld information include soil EC sensing, prescription
map generation, and crop growth status monitoring.

Soil EC is a key parameter characterizing the soil environment
(Scudiero et al., 2025). It directly re�ects the salt content in the soil
(Kim and Park, 2024) and is in�uenced by various physicochemical
properties of the soil (Yu and Kurtural, 2020; Benke et al., 2020; Xu
et al., 2016). In recent years, soil EC has been increasingly applied in
the detection subsystems of variable fertilization systems as an
effective indicator for assessing soil fertility and productivity due
to its economic feasibility and practicality (Stadler et al., 2015; Gao
et al., 2021). In Western countries, soil EC detection has been
primarily applied to expand the spatial coverage of detection
systems. For example, online EC mapping devices such as the
Veris system (USA) and DUALEM (Canada) (Serrano et al.,
2014) can collect large-scale soil EC data. However, these systems
are bulky and expensive, making them unsuitable for small or
medium-sized farmlands or complex terrains. In Japan, Iseki Co.,
Ltd. developed a rice side-deep fertilization machine (Morimoto
et al., 2013) equipped with an onboard soil EC detection system to
evaluate soil fertility and guide subsequent fertilization operations.
However, its data fusion and decision-making algorithms are
relatively simple, and the detection accuracy remains limited. In
China, research has mainly focused on improving the accuracy of
soil EC detection. Han Changjie (Han et al., 2022) designed a
vehicle-mounted rapid soil EC detection and data acquisition
system and established a regression model for calculating the
leachate EC. However, the system was tested under dryland
conditions, where EC measurements were easily affected by soil
moisture �uctuations, leading to reduced detection accuracy and
model stability. At present, most high-precision soil EC detection
systems are designed as independent units, lacking integrated
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studies that combine high-accuracy EC detection with variable
fertilization control systems.

Prescription-map–based approaches generally provide high
accuracy for guiding fertilization, and Western countries have
established relatively mature work�ows for prescription-map
generation using remote sensing and historical �eld-operation
data, enabling �eld zoning and automated variable-rate control. A
hydraulically driven variable-rate fertilization system developed by
AMAZONE (Germany) based on prescription maps (Chen et al.,
2017) has demonstrated good application performance and can
signi�cantly increase crop yield; however, it is associated with high
costs and considerable operational complexity. In China, Zhang
et al. (2021) implemented demand-driven variable fertilization
according to soil fertility using prescription-map information and
achieved proportioned application of single-nutrient fertilizers,
with an application accuracy exceeding 97%. Nevertheless, soil
sampling and laboratory measurements are required prior to
fertilization, resulting in limited operational �exibility. In general,
prescription-map generation relies on technically demanding
procedures with high production cost and stringent operational
requirements. Moreover, because prescription maps are prepared
before fertilization, they typically need to be regenerated for each
�eld and each fertilization event, which further constrains real-time
applicability and operational �exibility in �eld conditions.

Crop growth information–based detection systems rely on
canopy re�ectance characteristics to guide fertilization operations,
primarily using spectral and leaf-surface imaging technologies.
Dammer et al. (2008) in Germany developed a variable sprayer
based on the leaf area index (LAI) of cereal crops. The system
employs a portable spectrometer to monitor crop growth density in
real time and integrates GPS data with a hydraulic control valve to
achieve automatic spray regulation. However, due to spatial
heterogeneity in crop density, when the variation scale is smaller
than the boom section width, the system cannot accurately respond
to local differences, potentially leading to under-application in high-
density zones and over-application in low-density zones. In China,
Shi Yinyan et al. (Shi et al., 2018) developed a centrifugal variable-
rate fertilization machine for rice, which uses a GreenSeeker
spectral system to obtain real-time NDVI values of rice canopies
for precise fertilization control. Nevertheless, the NDVI of the
canopy only re�ects information from the upper leaves, making it
dif�cult to monitor the conditions of lower plant layers.
Furthermore, machine-vision-based fertilization systems are easily
affected by environmental factors such as water surface re�ection
and leaf occlusion in paddy �elds, which reduces decision-
making accuracy.

In recent years, given that soil EC is jointly affected by multiple
factors such as moisture content, temperature, and electrode
insertion depth, and exhibits highly nonlinear relationships,
studies have begun to introduce neural-network models for EC
calibration and inversion. Compared with conventional linear or
polynomial regression methods, neural networks can better capture
the complex mapping between soil physicochemical factors and EC,
thereby improving prediction accuracy (Qi et al., 2024) In addition,
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intelligent optimization methods such as particle swarm
optimization (PSO), and genetic algorithms have been combined
with RBF networks to optimize the network structure and
parameters via global search, and this strategy has been applied in
multiple �elds with promising performance (Du, 2023).

With the advancement of precision agriculture, a series of
improved PID-based algorithms have been proposed, including self-
tuning PID, fuzzy PID, and feedforward–feedback integrated PID, to
enhance dynamic performance and robustness under operating
disturbances and load variations (Wang et al., 2014; Xue et al., 2015).
Meanwhile, considering that agricultural equipment is typically
controlled by embedded controllers and operates in complex �eld
environments with limited maintenance conditions, many engineering
applications still favor PID control and its incremental form due to
their relatively simple structure, clear physical interpretability of
parameters, and ease of tuning and maintenance (Dong et al., 2025).

Therefore, this study aims to improve the accuracy of soil EC
detection and proposes a rice side-deep variable fertilization control
system based on soil EC measurement. The system investigates the
response of soil EC measured by the current–voltage method under
different in�uencing factors and establishes an RBF neural network
regression model for soil EC prediction. Combined with the target
yield and corrected EC values, a fertilizer application model is
constructed. Based on the machine’s forward speed and an
incremental PID control algorithm, the motor speed is adjusted
to achieve closed-loop control of variable fertilization. This study
integrates a high-precision soil EC detection device with a variable
fertilization system, providing both technical and hardware support
for rice side-deep variable fertilization.
2 Study on soil EC detection system

To establish a calibration model for the soil EC detection
system, soil samples were collected from the Balidian Town area
Frontiers in Plant Science 03
in Huzhou City, and the response patterns of soil EC under
different in�uencing factors were investigated. The experimental
data were analyzed using Origin Pro software through analysis of
variance (ANOVA) to evaluate the signi�cance of each factor
and to plot response surface diagrams revealing the interaction
effects among factors. On this basis, an RBF neural network-
based soil EC calibration model was developed to provide
accurate and re l iab le data support for the var iab le
fertilization system.
2.1 Principle of soil ECa detection

Common soil apparent electrical conductivity(ECa) detection
methods mainly include the current-voltage method (Mazur et al.,
2022), soil extract method (Kremer et al., 2021, time domain
re�ectometry (TDR) (Lian, 2009), and electromagnetic induction
method (Wang et al., 2025). Since the primary working
environment of this detection system is paddy �elds, where the
�eld conditions are complex, the EC detection system must not
interfere with the operation of the rice transplanter, and its
installation position is limited to a single wheel. The current–
voltage method features high sensitivity and strong integration
capability; therefore, this system adopts a soil EC detection
approach based on the current-voltage method.

In the current-voltage-based soil ECa measurement, a two-
electrode electrical conductivity sensor (ECS) applies a constant
excitation signal to a pair of electrodes. Variations in the EC of the
soil medium cause corresponding changes in the current �owing
through the electrode pair. By using conductivity instead of
resistivity, and conductance instead of inter-electrode resistance,
the ECa of the soil medium can be accurately measured, as shown
in Figure 1.

The EC � between the electrodes is the reciprocal of the
resistance R. Thus, � is calculated according to Equation 1.
FIGURE 1

Schematic diagram of conductivity test structure.
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� = 1
R = I

U (1)

Where R is the soil resistance; U is the voltage; I is the current.
The current-voltage method has the advantages of being

structurally simple and reliable, but the measurement error of
ECa is relatively large. Soil EC is in�uenced by soil temperature,
soil moisture content, and the depth of electrode insertion.
Therefore, it is necessary to investigate the effects of these factors
on EC in order to maintain a simple detection structure while
improving measurement accuracy.
2.2 Study on the response patterns of soil
EC to different factors

To explore the response patterns of soil EC under different
in�uencing factors, it is necessary to identify the main factors
affecting EC measurement. Previous studies have shown that soil
temperature, soil moisture content, and electrode insertion depth
are all correlated with EC (Corwin and Lesch, 2005; Seo et al., 2022).

Hence, this study selects these three factors to investigate their
effects on EC. According to the characteristics of paddy �eld soil
during the irrigation period, soil moisture content is maintained
between 70% and 80% (Deshabandu et al., 2024). Therefore, four
levels of soil moisture content were selected: 70%, 75%, 80%, and
85%. When the electrode insertion depth in the soil layer is within
0–100 mm, the sensor output voltage is proportional to the
insertion depth. When the depth exceeds 100 mm, the sensor
output voltage remains nearly constant (Liang et al., 2022).
Accordingly, four levels of electrode insertion depth were selected:
40 mm, 70 mm, 100 mm, and 130 mm. Studies also indicate that an
increase in temperature enhances the ion diffusion coef�cient and
thus the conductivity (Zhao et al., 2025). Considering the
environmental temperature variation during rice transplanting,
four levels of soil temperature were selected: 15°C, 20°C, 25°C,
and 30°C. The experimental factor levels are listed in Table 1.

To eliminate the interference of variations in soil moisture
content on the experimental results, soil samples were collected
from Balidian Town, Huzhou City, and dried in a 105°C constant-
temperature oven for 24 h. The dried samples were then ground and
sieved to ensure uniform moisture distribution in the
experimental materials.

To guarantee the accuracy of the experimental factor levels, the
experiments were conducted in late November 2024 at the Key
Frontiers in Plant Science 04
Laboratory of Agricultural Resources Intelligent Management and
Application, Huzhou Normal University. Samples were prepared
using water spraying with plastic �lm sealing and stored in a
constant-temperature oven. Each individual soil sample was
sealed according to its classi�cation, and the indoor temperature
was maintained at 22°C.

According to the experimental design requirements, the soil
surface was sprayed with water and left to stabilize under a plastic
cover. Soil moisture content was measured using an FK-QX08
meteorological environment detector. If the moisture content did
not reach the target experimental level, the spray-settle-measure
cycle was repeated.

To ensure the physical consistency between the sample soil and
�eld soil, the pretreated soil samples were weighed and placed into 5
L beakers. The bulk density of the soil for each trial was maintained
at 1.2-1.3 g/cm�. The bulk density (r b) was calculated using
Equation 2.

r b = m
v (2)

where r b is the bulk density of the soil, m is the mass of the soil
in the beaker, and v is the volume of the soil in the beaker.

After con�rming the consistency of soil bulk density, the beakers
were sealed with plastic �lm and placed in a constant-temperature
oven for 1 h. Subsequently, the temperature levels of the soil samples
were checked to ensure stability, completing the preparation of the
soil samples. ECa measurement was then carried out. According to
the experimental levels in Table 1, a self-developed paddy �eld soil
ECS was inserted into the corresponding soil samples, and the sensor
data were recorded as the measured soil ECa values. Soil samples were
collected from each beaker at four electrode insertion depths using a
ring knife method, and the soil EC was determined using the soil
extract method (Bai et al., 2013), which served as the standard soil EC
value. To reduce measurement errors, three points were randomly
selected on the same sample for repeated measurements, and the
mean value was taken as the experimental measurement result.

Based on the experimental results, a quadratic polynomial
response surface model was established. ANOVA was performed
to test the signi�cance of the main effects and interaction effects, as
shown in Table 2. According to the p-values, soil moisture content
(A), soil temperature (B), and electrode insertion depth (C), all had
highly signi�cant effects on soil EC (P< 0.01). Based on the F-values,
the order of in�uence of the three factors on soil EC was electrode
insertion depth > soil moisture content > soil temperature. Among
these, electrode insertion depth had the most signi�cant impact on
measurement accuracy, and a reasonable insertion depth could
effectively improve measurement stability. Moisture content played
a dominant role in EC variation and was a key factor affecting soil
ion mobility. Although temperature was a secondary factor, it still
signi�cantly promoted ion migration rate and electrolyte activity.

Response surface plots showing the interaction effects of these
factors on soil EC were drawn using Origin Pro, as illustrated in
Figure 2. The slope of the response surface re�ects the degree of
in�uence of each factor on EC—the steeper the slope, the greater
the impact.
TABLE 1 Levels of experimental factors.

Level Soil moisture
content(%)

Soil
temperature

(°C)

Electrode
insertion depth

(mm)

1 70 15 40

2 75 20 70

3 80 25 100

4 85 30 130
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On this basis, to overcome the limitations of traditional
response surface models in �tt ing complex nonlinear
relationships, an RBF neural network algorithm was introduced
to establish a soil EC calibration model. The data obtained from
preliminary experiments were used as training samples, and
network optimization algorithms were applied to adjust model
parameters, achieving high-precision EC Prediction. This method
combines the interpretability of statistical analysis with the
nonlinear �tting capability of neural networks, providing both
theoretical and data support for soil EC prediction.
2.3 Construction of the PSO– RBF soil EC
calibration model

To minimize the interference of uncontrollable environmental
factors, a radial basis function (RBF) neural network—known for its
strong capability in handling nonlinear relationships—was
employed to construct a soil EC calibration model. The coef�cient
of determination (R�) and the root mean square error (RMSE) were
used as the performance evaluation metrics for the model.

A three-layer RBF neural network (input layer, hidden layer,
and output layer) was established to develop the soil EC calibration
model based on the current–voltage method. Soil temperature,
Frontiers in Plant Science 05
electrode insertion depth, soil moisture content, and soil ECa

were selected as the four input variables, resulting in four neurons
in the input layer. The output layer contained one neuron,
representing the optimized soil EC. After repeated testing, the
number of neurons in the hidden layer was determined to be eight.

To further enhance the model’s global optimization capability,
the particle swarm optimization (PSO) algorithm was introduced to
optimize the parameters of the RBF network. The core concept of
PSO is inspired by the cooperative foraging behavior of bird �ocks
(Qiu et al., 2024). Each particle carries both velocity and position
information, where the position represents a potential optimal
solution to the problem. During the search process, particles
iteratively update their velocity and position based on their
individual best solution and the global best solution of the swarm,
as described in Equations 3, 4, thereby achieving a global optimum.

V (t+1)
i = WV (t)

i + c1r1(Pib � X(t)
i ) + c2r2(gb � X(t)

i ) (3)

X(t+1)
i = X(t)

i + V (t+1)
i (4)

Where i is the historical index, t is the number of iterations, W
is the inertia weight, Pib is the individual best, gb is the global best, c1

and c2 are the acceleration coef�cients, and r1 and r2 are random
numbers between 0 and 1.

Due to the simplicity of implementation and strong global
search capability of the particle swarm algorithm, it effectively
avoids the randomness and local optimum problems in selecting
the centers, widths, and weight parameters of the traditional RBF
network. By globally optimizing network parameters, the PSO-RBF
model demonstrates superior performance in nonlinear mapping
capability, convergence speed, prediction accuracy, and robustness.

To obtain a PSO con�guration that balances predictive
performance and computational ef�ciency, this study performed
parameter optimization and sensitivity analysis for the particle
number, inertia weight, and maximum iteration count. Based on
prior studies and preliminary experiments, the initial search ranges
were set to 20–60 particles, an inertia weight of 0.4–0.9, and a
maximum iteration count of 20–100. Within these ranges, models
were trained under different parameter combinations. RMSE and R�
on the validation set were used as the primary evaluation metrics,
while convergence speed and computation time were also
considered to identify parameter intervals with favorable
overall performance.

The coarse-tuning results indicated that when the particle
number was below 20 or the iteration count was below 30, the
swarm search was insuf�cient and model accuracy deteriorated
markedly. As the particle number and iteration count increased, the
validation RMSE decreased gradually; however, when the
maximum iteration count approached 50, the reduction in
validation error slowed substantially, suggesting that PSO was
entering a convergence regime. Considering both accuracy and
TABLE 2 Signi� cance analysis of the regression model of electrical
conductivity.

Sources
of error

Square
of sum

Degrees
of
freedom

Mean
square

F
value

P
value

Model 65285.41 9 7253.93 111.00
<
0.0001

A- Soil
Moisture
Content

21700.05 1 21700.05 332.06
<
0.0001

B- Soil
Temperature

9926.45 1 9926.45 151.90
<
0.0001

C- Electrode
Insertion
Depth

31285.83 1 31285.83 478.75
<
0.0001

A2 144.02 1 144.02 2.20 0.1812

B2 333.01 1 333.01 5.10 0.0586

C2 1495.67 1 1495.67 22.89 0.0020

Residual 457.44 7 65.35

Lack of Fit 323.55 3 107.85 3.22 0.1440

Pure Error 133.90 4 33.47

Corrected
Total

65742.85 16
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computational cost, the parameter ranges were further narrowed to
20–40 particles, an inertia weight of 0.4–0.6, and a maximum
iteration count of 30–60.

Within the reduced parameter space, sensitivity analysis was
conducted for the particle number, inertia weight, and iteration
count. The particle number was set to 20, 25, 30, 35, and 40; the
Frontiers in Plant Science 06
inertia weight was set to 0.4, 0.5, and 0.6; and the iteration count was
set to 30, 35, 40, 45, and 50.

Figure 3 shows that the PSO algorithm converges after
approximately 30–50 iterations, with the optimal number of
iterations determined to be 48. According to Table 3, when the
particle number is 30, inertia weight is 0.5, and the number of
iterations is 48, the model performs best on the validation set.
Therefore, the �nal parameters for the PSO-RBF soil conductivity
prediction model are selected as a particle number of 30, inertia
weight of 0.5, and a maximum iteration count of 48.

The PSO-RBF model was trained using Matlab R2023a, with
data obtained from the soil EC in�uencing factor experiment
described in Section 2.2. A total of 64 sets of data were used, of
which 45 sets were employed for model testing. The optimized RBF
neural network model adopts a 4-8–1 structure with normalization
in the range [0,1]. When the network output error meets the
condition �0.000001, the model performance is shown in
Figure 4, and the model data are presented in Table 4.

To further assess the performance gains brought by PSO-based
optimization, data from the sampling experiments that were not
used for model training were selected as the test set to evaluate the
neural-network models. A no-model condition, de�ned as using the
raw output without applying any calibration model, was adopted as
the baseline. Table 5 presents a comparison of the no-model
baseline, the conventional RBF model, and the PSO-RBF model
FIGURE 2

Response surface of various factors affecting EC: (A) Response surface of soil moisture content and soil temperature; (B) Response surface of soil
moisture content and electrode insertion depth. (C) Response surface of soil temperature and electrode insertion depth.
FIGURE 3

Fitness Evolution Curve during the PSO Algorithm Iteration.
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across the evaluation metrics. The results show that the PSO-
optimized RBF model outperformed both the conventional RBF
model and the no-model baseline in terms of RMSE and R�,
indicating a substantial improvement in prediction accuracy.
2.4 Hardware design of the soil EC
detection system

To meet the system requirements for multi-source sensor data
fusion and high-frequency computation of the neural network
model, this study adopts a distributed control architecture,
dividing the system into two functional modules: the decision
control unit and the execution control unit. The decision control
Frontiers in Plant Science 07
unit is responsible for detecting soil ECa, performing real-time
computations of the calibration model, sensing depth parameters
and operating speed, collecting environmental information,
generating variable fertilization control commands, and managing
human-machine interaction and communication. The execution
control unit handles tasks such as driving the fertilizer dispensing
mechanism, controlling motor speed, providing status feedback,
and interpreting and responding to control commands. The
distributed architecture reduces the computational load on the
main control chip, thereby improving the overall system response
speed and operational ef�ciency. The control core adopts the
STM32F103ZET6 microcontroller based on a 32-bit ARM
Cortex-M3 core, which meets the requirements for real-time
computation and multitask scheduling. The control system is
shown in Figure 5, and the circuit schematic is shown in Figure 6.
The overall hardware structure of the system consists of the power
supply unit, ECa detection module, information sensing unit, main
control unit, variable fertilization execution unit, and display and
interaction unit. The system uses a 12 V lead-acid battery as the
main power source, which is regulated by a voltage conversion
module to provide stable voltage output for each functional unit.

The ECa detection module is designed based on the current-
voltage method and includes a constant-current excitation source,
electrodes, and a differential signal acquisition circuit. During �eld
operations, it continuously acquires in-situ soil ECa signals, which
are then transmitted to the main control unit after differential signal
processing. The main control unit synchronously collects tillage
depth data from the ultrasonic sensor and soil environmental data
from the temperature and humidity sensor. These data are used to
dynamically correct the soil ECa value using the calibration model,
and variable fertilization control commands are then generated
through the fertilization decision model.
3 Variable fertilization system design

3.1 Structure design of the fertilization
system

A Kubota rice transplanter was used as the main body, and a
rice transplanting and simultaneous side-deep fertilization
integrated machine was improved accordingly. The temperature
and humidity sensors and the depth detection sensor in the
information perception unit are responsible for real-time
monitoring of soil conditions and tillage depth during machine
operation. Together with signals from the ECa detection module,
these data are provided as inputs to the main control unit. The
encoder continuously monitors the fertilizer discharge status and
feeds back the information to the fertilizer control system, forming
a closed-loop control mechanism. The OLED display module
presents key operational parameters in real time, such as
operating status, EC values, and fertility indices, enabling
operators to monitor the fertilization process conveniently. The
system also supports parameter con�guration and remote
management via a serial communication interface with the host
TABLE 3 PSO-RBF prediction performance under different PSO
parameter settings.

Group
number

Number of
particles

Inertia
weight

Number of
iterations RMSE

1 20 0.4 48 26.58

2 25 0.4 48 22.12

3 30 0.4 48 20.61

4 35 0.4 48 17.87

5 40 0.4 48 19.11

6 20 0.5 48 23.93

7 25 0.5 48 21.55

8 30 0.5 48 10.32

9 35 0.5 48 12.56

10 40 0.5 48 13.11

11 30 0.6 48 24.09
FIGURE 4

Model structure diagram. x1 represents the soil temperature
measured by the temperature and humidity sensor; x2 represents
the soil moisture measured by the temperature and humidity sensor;
x3 represents the tillage depth measured by the ultrasonic sensor; x4

represents the soil ECa measured by the ECS; s1–s8 represent the
hidden layer nodes; y1 represents the optimized soil EC.
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computer, achieving intelligent scheduling of the entire variable
fertilization control system.

As shown in Figure 7, the integrated machine equipped with an
EC-based side-deep variable fertilization control system mainly
consists of a Kubota riding-type rice transplanter, an ECa detection
sensor, temperature and humidity sensors, an ultrasonic sensor, a
speed sensor, a control system, a power supply system, an external-
groove-wheel variable fertilizer-discharging device, and a pneumatic
fertilizer-delivery device. The control system includes three functional
modules: an ECa detection subsystem, a decision-making unit, and an
execution unit for the variable fertilization system.

The external-groove-wheel fertilizer-discharging device is
composed of a fertilizer tank, housing, chain drive–lead screw
mechanism, groove-wheel movable baf�e, and fertilizer outlet pipe.
The pneumatic fertilizer-delivery device consists of a high-power DC
centrifugal fan, air delivery pipe, and fertilizer transport pipe. After
receiving control commands from the main controller, the execution
unit drives the DC motor to adjust the rotational speed of the fertilizer
shaft. Through the chain drive-lead screw mechanism, the fertilizer
discharge rate is precisely and dynamically controlled. The stability and
real-time performance of the control system are key to improving the
overall performance of the variable fertilization system. Therefore, it is
necessary to establish a fertilization system model and optimize the
closed-loop control algorithm.
3.2 Establishment of the fertilizer
application amount model

The main methods for calculating fertilizer application amount
include the nutrient balance method, the nutrient abundance-
de�ciency index method, and the fertilizer effect function method.
Among them, the nutrient balance method estimates the nutrient
supply capacity of the soil by measuring its nutrient content and the
Frontiers in Plant Science 08
corresponding basic yield. Compared with the other two methods,
the soil nutrient content shows a stronger correlation with soil EC.
Therefore, the nutrient balance method was adopted in this study to
calculate the fertilizer application amount (Sun, 2024), and the
fertilizer application amount was calculated using Equation 5.

Q = VN S���(0:19k�+�3:4)mN
wf hNf

(5)

where Q represents the fertilizer application amount
corresponding to the current soil EC; VN is the nutrient uptake
per unit crop yield (VN = 0.006); S denotes the target yield; k is the
current soil EC; mN is the correction coef�cient of available nutrients
(mN = 0.5); wf is the nutrient content in the fertilizer (wf = 0.46);
and hNf is the fertilizer utilization rate (hNf = 0.3).

The fertilization mechanism of this system adopts an external
groove wheel metering device. A relationship model was established
between the rotational speed of the control motor and the
fertilization amount (Wang et al., 2023). The target motor speed
in the operating area is calculated as follows:

Q = nmq
10LV (6)

where Q is the target fertilization amount, n is the number of
fertilizer dispensers, m is the amount of fertilizer discharged per
revolution of the dispenser, L is the working width of the machine,
and V is the travel speed of the implement.

q = q0K1K2 (7)

Where q0 is the rotational speed of the fertilization control
motor, K1 is the reduction ratio of the planetary gearbox (K1 = 1/
19), and K2 is the transmission ratio between the output shaft of the
gearbox and the external groove-wheel fertilizer shaft (K2 = 1).

By combining Equations 6, 7, we obtain

q0 = 190LVQ
nm (8)

During operation, the environmental data of the working area
are collected and, combined with the soil EC Calibration model, are
input into the fertilization amount model to obtain the target
fertilization amount, Q. By monitoring the operating speed V of
the variable-rate fertilization machine in real time and substituting
it into Equation 8, the target rotational speed q0, of the application-
control motor can be calculated. The central controller converts the
target motor speed into a PWM duty cycle signal to generate the
control signal. The PWM signal is then sent to the fertilizer
discharge controller to drive the motor. Simultaneously, the
encoder monitors the actual rotational speed of the control motor
and feeds it back to the central controller. Through closed-loop
control of the motor speed, precise regulation of the fertilizer
application amount is achieved.
3.3 Closed-loop control algorithm of the
fertilization control system

The PID control algorithm, as a classical feedback control method
(Liu et al., 2024; Huang et al., 2024; Huai et al., 2015; Kamgar et al.,
TABLE 4 Parameter settings for neural network model.

Relevant parameter RBF model PSO-RBF model

Training Epochs 1000 1000

Training Target 0.005 0.005

Learning Rate 0.01 0.01

Number of Particles / 30

Number of Iterations / 48

Inertia Weight / 0.5

Search Space Dimension / 300
TABLE 5 Results of the model comparison.

Model RMSE R2

No-model baseline 31.4 0.87

RBF Model 19.1 0.93

PSO-RBF Model 10.32 0.97
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FIGURE 6

Circuit diagram of EC measurement device.
FIGURE 5

Physical diagram of control system hardware.
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2015; May and Kocabiyik, 2015), has various types to adapt to
different system requirements. Incremental PID control offers
practical engineering advantages, including a simple structure, ease
of implementation, and relatively convenient parameter tuning and
maintenance (Jia et al., 2022). In contrast, advanced control methods
such as fuzzy control and model predictive control generally provide
stronger adaptability under complex operating conditions, but their
algorithmic complexity is higher and they impose greater demands on
computational resources and implementation conditions, making it
dif�cult to achieve stable, real-time deployment in large-scale
agricultural production. Therefore, this study selected incremental
PID as the closed-loop control strategy for the actuation motor.
FIGURE 8

PID system block diagram.
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To improve the accuracy of fertilization and the control
performance at low travel speeds, a high-precision magnetic
encoder was installed at the end of the fertilization control
motor. The encoder operates in the central controller ’s
encoder mode, counting at four times the frequency to
monitor the actual rotational speed of the control motor. The
actual motor speed information is fed back to the central
controller, where the deviation from the theoretical motor
speed is calculated. This deviation is processed through
proportional, integral, and derivative operations to form a
closed-loop control for the fertilization control motor. The
control system block diagram is shown in Figure 8.
FIGURE 7

Variable rate fertilization system.
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