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ABSTRACT

To address the challenges of unstable planting spacing and susceptibility to operational fluctuations during the
operation of electric-driven potato planters, an electric-driven spacing control system based on a BP neural
network—PID controller was designed. The system uses actual output data from the rotational speed sensor,
analog voltage signals from the control terminal, and control error information as inputs. By leveraging the
online learning and adaptive tuning capabilities of the BP neural network, PID parameters are dynamically
generated and optimized for real-time operating conditions, thereby achieving precise speed control of the
seeding actuator. By integrating the structural design of the electric-driven potato planter with the spacing
control mechanism, a mathematical model of the brushless DC motor and transmission system was
established. Based on this model, a BP neural-network-based PID control strategy was developed. A
MATLAB/Simulink simulation platform was constructed for comparative validation. Compared with a traditional
PID controller tuned by empirical trial-and-error, the proposed method demonstrated superior control
performance. The traditional PID exhibited approximately 10%—15% overshoot with oscillations during step
response, whereas the neural network PID maintained a comparable rise time with negligible overshoot and a
smoother response. Finally, both control algorithms were deployed on prototype machines for field trials to
validate their effectiveness and engineering applicability under real-world conditions. Field test results
indicated that under neural network control, the maximum row spacing error was 1.1 cm, with an average
absolute relative error of 2.7%, meeting the row spacing accuracy requirements for electric-driven potato
planters. These findings provide a theoretical basis and practical reference for the design of row spacing
control systems in potato planters.
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INTRODUCTION
China ranks among the world's largest producers and consumers of potatoes. Potatoes offer distinct
advantages as a dual-purpose crop for both grain and vegetable production, with notable cold tolerance and
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ability to thrive in poor soils. They play a vital role in safeguarding national food security and boosting farmers'
incomes. Currently, China's potato planting area remains at a high level (Guan et al., 2019), yet mechanization
in the seeding process remains relatively low (Lu et al., 2024). Existing potato seeders predominantly use
mechanically driven wheel-based seed distribution systems. Adjusting planting spacing requires manual
sprocket replacement (Singh et al., 2024), resulting in poor portability. Maintaining consistent spacing becomes
challenging during frequent speed changes or turns. While a few potato planters employ electric-driven seed
distribution, their control systems primarily rely on rudimentary throttle regulation. This approach suffers from
low precision and insufficient automation/intelligence. During field operations, the control system struggles to
rapidly adapt to changes in working speed; seeding speed adjustments are delayed, leading to spacing errors
that disrupt field population structure and reduce seed potato utilization efficiency. This hinders achieving high
and stable potato yields (Xu et al., 2024).

In response to this challenge, numerous scholars have investigated plant-spacing control strategies for
arange of crops. Liu et al. (2023) developed an adjustable in-row spacing grape seedling transplanter in which
the target plant spacing can be set as a function of forward travel speed. Siemens et al. (2016) compared
vacuum and belt planters for precision lettuce seeding across travel speeds, evaluating spacing uniformity and
closely spaced seeds. Chen et al. (2022) analyzed the key factors influencing seed placement and proposed
a fuzzy PID-based dynamic compensation system for corn seeding position. Zhang et al. (2023) developed a
compact pneumatic precision vegetable seeder for protected greenhouse production; by replacing the seed
plate and divider, the machine can perform single-, double-, or triple-row seeding. Karayel et al. (2008)
evaluated three depth-control components with different furrow openers and quantified effects on in-row
spacing uniformity and seed placement using mean, standard deviation, and coefficient of variation. They
showed these configurations affect spacing consistency and emergence. Yao et al. (2022) investigated a
vacuum-disc corn metering device and designed a fuzzy PID—controlled unit drive for a precision corn planter,
achieving high positioning accuracy. Sharaby et al. (2019) compared representative precision seed planters
worldwide in terms of metering and delivery mechanisms, operating requirements, and their ability to regulate
seeding rate and in-row spacing. Zubrilina et al. (2019) proposed a precision seeding planter with automated
monitoring and control to coordinate seed motion with forward speed. Chen et al. (2022) designed an
electrically driven precision seeding control system based on an STM32 microcontroller and CANopen;
operating speed was obtained via GPS, and after the target plant spacing was specified, a PID controller was
used to match the metering mechanism speed to the travel speed.

To enhance the stability and dynamic tracking capability of the seeding system for electric-driven potato
planters, this paper designs a row spacing control system for electric-driven potato planters based on a neural
network PID algorithm. Grounded in PID control theory and incorporating neural network algorithms, the
system establishes a mathematical model of the control object and conducts MATLAB/Simulink simulation
experiments. Performance metrics—including overshoot, rise time, and steady-state time of the system
response curve—are compared with those of classical PID control. Field trials validate the system's practical
control performance relative to traditional PID control, providing theoretical justification and empirical data for
improving row spacing control systems in electric-driven seeders.

MATERIALS AND METHODS
Potato Electric-Powered Planter Overall Structure
The overall structural design of the potato electric-powered seeder is shown in Figure 1.

Fig. 1 — Schematic diagram of the electric-driven seeder assembly
1 - Electrical Control Panel; 2 - Seedling tray; 3 - Optical rotary encoder; 4 - Covering disc;
5 - Ground wheel; 6 - Ditch digger; 7 - Brushless DC motor; 8 - Gearbox; 9 - Seeding system
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The electric-driven potato planter is a rear-mounted, dual-furrow, dual-row tractor-mounted seeder. The
main components include the frame and mounting assembly, seed hopper and seed delivery mechanism,
electric-driven seed metering device, furrow-opening and soil-covering unit, travel and depth-limiting
mechanism, and electrical control system. The frame employs a welded box-type structure connected to the
tractor's three-point hitch. The upper section houses a large-capacity compartmentalized seed hopper,
featuring an inclined flow-limiting plate and grid at the bottom to ensure uniform seed delivery. Each row in the
middle section is equipped with a chain-scoop seed dispenser driven by a brushless DC motor via a coupling.
The motor speed is continuously adjustable through control signals received by the drive unit, dispensing seed
potatoes into the seed furrows. The front-lower furrow opener digs seed furrows, while a rear pair of soil-
covering discs completes soil backfilling and ridge compaction. The electrical and control system comprises
motor drivers, power supplies, and speed detection units (Lyu et al., 2018). It enables real-time control of seed
dispensing shaft speed based on ground wheel encoder or tractor speed signals, achieving precise plant
spacing control. A reserved human-machine interface module facilitates future expansion for operational status
monitoring and intelligent regulation functions.

Principle of the Potato Electric-Driven Planter Row Spacing Control System

The row spacing control system for the electric-driven seeder primarily consists of a speed detection
unit, a gear transmission system, a SIEMENS S7-200 series PLC, a brushless DC motor, and its corresponding
driver. During field operations, the electric-driven seeder is towed forward by a tractor and rigidly connected to
the tractor via a three-point hitch. A rotary encoder is fixed to the wheel axle of the seeder's ground wheel,
continuously capturing ground wheel rotation speed and converting it into forward speed signals input to the
Siemens S7-200 PLC. Internally, the PLC calculates the desired motor speed based on the target plant spacing
and measured forward speed, executes control algorithms, and outputs an analog voltage signal. The
brushless DC motor driver receives this voltage signal to drive the brushless DC motor to achieve the
corresponding rotational speed. The motor output is reduced through a fixed-ratio gearbox to drive the seeder's
drive shaft. This shaft then drives the seed belt's driven shaft via gear transmission, matching the seed unit's
rotational speed to the machine's forward speed (Gui et al., 2024; Zhu et al., 2021). This achieves precise row
spacing control through the “ground wheel encoder — PLC control — motor drive — mechanical transmission”
system, as illustrated in Figure 2.

+
Desired o tonal Neumlnework | | Driver | | BrushkssDC Transm issin »| seeding stp
speed PID contolbr M obbr System Ll g

RPM Sensor

Fig. 2 — Plant Spacing Control System Schematic Diagram

The seeding mechanism of the planter is illustrated in Figure 3.

Fig. 3 — Schematic diagram of seed placement system operation

1 - Sprocket 1; 2 - Synchronous shaft; 3 - Chain; 4 - Seed scoop;
5 - Sprocket 2; 6 - Seeding area; 7 - Seed strip; 8 - Sprocket 3
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Upon receiving control voltage signals, the brushless DC motor generates torque. This torque is
transmitted through a reduction gearbox, which lowers speed while increasing torque, converting the motor's
high-speed rotation into the low-speed rotation of sprocket 2. Acting as the drive sprocket, sprocket 2 drives
sprocket 3 and sprocket 4 in sequence via the chain drive, synchronizing their rotation and thereby propelling
the seed delivery belt into continuous operation. When the seed scoop reaches the highest point along the
seed distribution belt and enters the seeding zone, its orientation inverts. The scoop tilts downward, allowing
seed potatoes to dislodge from the scoop under gravity and fall into the seed outlet, ultimately completing
placement into the furrow.

Mathematical Model of the Control Object

This design controls a three-phase brushless DC motor with symmetrical parameters. Under conditions
in which nonlinear factors such as magnetic saturation, cogging torque, and viscous damping are neglected,
the three-phase brushless DC motor can be equivalently modeled as a single-input single-output average
model, as shown in Figure 4.

L R
— L
U i QE

Fig. 4 — Equivalent average model

The voltage, electromagnetic torque, and mechanical motion equations of the brushless DC motor was
described by the following Equations (1-3):

U=L%+Ri+kgw (D
T, = ki 2)
dw
JE M, =T, 3)
Simplifying Equations (1-3) yields Equation (4):
_Jdo 1
L= e dt + Km My (4)

Differentiation yields Equation (5):
di ] d*w 1 dMmy,

dt  kpy dt?  kp dt ®)
m m
Substituting Equations (4-5) into the voltage Equation (1) yields Equation (6):
L] d?w R] dw 1 L dM R
/ L 20 h==U- L M, (6)

kakmy dt? kgkm dt kg4 kgkm dt kikm
Applying the Laplace transform to equation (6) and setting the initial conditions to zero yields the motor
angular velocity:

1 L R
et O~ )2
2(s) = I o, R
kgkm~  kgkm
Neglecting load torque disturbances and setting Mi(s)=0 yields the transfer function from motor output
voltage to output angular velocity as:

()

S+1

1

2(s) kg
G = = 8
) =3 2. ®)

where:
U — armature voltage applied to the equivalent circuit, V;
i —armature current applied to the equivalent circuit, A,
R — equivalent resistance, Q;
L — equivalent inductance, H;
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Q - output angular velocity of the motor, rad/s;
ks — reverse voltage constant, V-s/rad;

kn — current-torque constant, N-m/A;

J — moment of inertia, kg-m?;

M, — Load torque, N-m;

Te — Electromagnetic torque, N-m.

Design of BP Neural-network-based PID controller
PID controller

PID control holds significant engineering value in brushless motor speed regulation and servo control
applications. By appropriately adjusting control parameters, it can partially compensate for system
nonlinearities, thereby enhancing control performance and stability. The fundamental architecture of a PID
control system comprises three core components: the controller module, the actuator, and the feedback
detection unit, as illustrated in Figure 5. The controller module performs algorithmic computations, the actuator
implements control outputs, and the feedback detection unit enables real-time monitoring and feedback of the

system's state (Lyu et al., 2021).

D erivative

r(t) e(t) yQ»

Feedback

Fig. 5 — PID control system schematic diagram

Based on the schematic diagram, the system deviation e(t) is as follows:

e(t) =r(t) —y(t) 9
The PID controller adjusts control parameters online based on the system error e(t), thereby generating
the control output u(t) to the target system yields Equation (10):
de(t)

u(t) = Kpe(t) + K; [, e (1) dr + Kq = (10)

By applying discretization and weighting to the integral term, the incremental PID formula is obtained as
shown in Equation (11):

Au(k) = K,(e(k) —e(k — 1)) + Kie(k) + Kg(e(k) —2e(k—1) +e(k—2)) (11)

where:
r(t) is the system input;
y(t) — system output;
u(t) — controller output;
K, — proportionality coefficient;
K; — integral coefficient;
K. — derivative coefficient.

Neural-network-based PID controller

Traditional PID control features a simple structure and mature engineering implementation, delivering
good dynamic and steady-state performance under conditions where the controlled object is approximately
linear and parameters remain relatively constant. However, the row spacing control system of potato planters
is significantly affected by factors such as ground undulations, tire slippage, load fluctuations, and transmission
backlash during field operations. The system's equivalent parameters exhibit time-varying and nonlinear
characteristics as they change with speed and operating conditions. Against this backdrop, traditional PID
controllers with fixed parameters often deliver optimal performance only near specific operating conditions.
When working speed or external disturbances change, control quality deteriorates, manifesting as degraded
tracking performance, increased risk of overshoot and oscillation, and amplified steady-state error. Even
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parameters obtained through repeated offline tuning struggle to simultaneously satisfy the requirements for
rapid response, stability, and disturbance rejection across different operational phases.

To overcome the limited adaptability to operating conditions caused by fixed traditional PID parameters,
a neural-network-based PID control strategy is introduced. BP neural networks have been applied in
agricultural machinery multisensor fusion and control, as well as precision agriculture decision-making
(fertilization and irrigation) (Ji et al., 2023; Xia et al., 2015; Dong et al., 2020). The core concept involves
utilizing a neural network to learn the nonlinear mapping relationship between system operating conditions and
control performance. During operation, PID parameters are dynamically adjusted based on real-time error
feedback and changing operating conditions. This enables the controller gains to adaptively vary with system
state, generating an appropriate analog voltage signal u(k)to control the speed of the brushless DC motor,

u(k)

PID . Brushless V(g .
Controller —> Driver > DC Motor |1 Seeding System

BP Neural Network

Fig. 6 — Neural-network-based PID controller architecture

In this paper, the BP neural network adopts a three-layer (3-8-3) structure, comprising 3 input layer
nodes, 8 hidden layer nodes, and 3 output layer nodes. The neural network inputs include the desired system
output speed r(k), the actual value y(k), and the output error e(k), as illustrated in Figure 6.

The output of the input layer of the BP neural network is:

Qi=x(), =123 (12)
The input and output of the hidden layer are given by Equations (13-14):
3
VICEDWRIAC (13)
=
Q) =f(N;(k)),j=123,..8 (14)

f(x) is the hidden layer activation function, which employs a bipolar sigmoid function. The sigmoid
function was the preferred activation function in early neural networks. By stacking neurons with sigmoid
activation, the network can approximate any continuous function. It possesses certain biomimetic properties,
approximating the response patterns of biological neurons by simulating the “activation-inhibition”

characteristics of neurons. The f{x) function is defined as:
1

f) == (15)
The input and output of the output layer are given by Equations (16-17).
8
M=) @) 16)
]:
Qk) = g(N(K)), 1=1,23 17

The output of the output layer and the output of the backpropagation neural network correspond to the
optimized PID parameters, namely Q;=K,, 0=K;, Os=Ka. In the equation, g(x) represents the output layer
activation function, which employs a unipolar sigmoid function. While sigmoid functions may exhibit vanishing
gradients when inputs are extremely large or small, they maintain good numerical stability when applied to the
output layer. The g(x) function is defined as:

9(0) = 1 (1 + tahn(x)) = ==

eX+e™*

(18)
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Adjust the weighting coefficients to reduce the angular velocity error of the motor output, and take the
neural network performance indicator function E(k):

E(k) = (r(k) — y(k))? = S e2(k) (19)

The gradient descent method is employed to adjust the weight coefficients of each layer in the neural

network. Weights are modified along the negative gradient direction of the error function to progressively

reduce the loss. The weight update amount Awji(k) from the hidden layer to the output layer is given by
Equation (20):

0E (k)

Awj (k) = —nm + adwj;(k — 1) (20)
Taking the partial derivative with respect to wjy, the chain expansion for % is given by Equation
@,
(21):
O0E(k) _ OE(k) de(k) 0y(k) du(k) 0Qi(k) dN,(k) 21
dwp(0 . de(l) ay (o) au(k) 9Qi(k) IN(K) 9w (k) @1
. dy(k) _ y(k)—y(k—l))

Defined _au(k) = sat (—u(k)—u(k—l) (22)

From Equations (20—-22), Equation (23) is obtained:

OE(k) _ y(K)-y(k=1)\ ou(k) _

T = —e(0) sat (S ) S s 0 (N (0)Q; (k) @23

The output error signal is defined as in Equation (24):

51(k) = —e(k) sat (S =2 =2) 250 g (Ny (k) e
From equations (20—-24), Equation (25) is obtained:
Awji (k) =n6,(k)Q;(k) + adwj(k — 1) (25)
Similarly, the weight update Awij(k) from the input layer to the hidden layer is given by Equation (26):
Aw;j(k) =n6;(k)Qi(k) + adw;j(k — 1) (26)

where: r(k) — desired output angular velocity, rad/s;
y(k) — actual output angular velocity, rad/s;
sat(x) — symmetrical clipping function with an amplitude of 1;
n — neural network learning rate;
o— neural network inertia factor.

As shown by the above formula, neural network weight adjustment employs a momentum-based
gradient descent approach, in which the update consists of both the current gradient term and the historical
increment term. The learning rate n determines the step size of the weight along the negative gradient direction,
thereby influencing the convergence speed and stability of the network's output parameters. Combined with
the momentum factor a and the weight increment from the previous moment, it suppresses oscillation, smooths
updates, and accelerates convergence. Considering the practical requirements of the row spacing control
system, the learning rate n is set to 0.1 and the momentum factor a to 0.85.

Simulink Modeling and MATLAB Simulation
The mathematical model of the DC brushless motor under control in this design is given by Equation
(27):
4.065
G(s) =
0.000165%2+0.057s+1

Based on PID control principles, the system was simulated using the Simulink simulation tool in MATLAB
software. The neural network's hidden layer was constructed using the function block. The simulation model
is shown in the Figure 7. To validate the effectiveness and superiority of the BP neural-network-based PID
control strategy on the control object discussed in this paper, both a BP neural-network-based PID control
simulation model and a traditional PID control simulation model with parameters tuned using the empirical trial-
and-error method were established. The output responses of both models were compared, as illustrated in
Figure 8.

(27)
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Fig. 7 — BP neural network simulation model Fig. 8 — BP Neural Network PID vs. Traditional PID
Comparison Model
RESULTS

Simulation results

Through trial-and-error methods, PID parameters were selected for the control object in this paper. The
obtained PID parameters are Kp=30, Ki=0.1, Kd=1, serving as the traditional PID control parameter values. A
step input with an amplitude of one was applied. The simulation time was set to 10 seconds, and the sampling
period was set to 0.01 seconds. The response curves comparing the BP neural network PID and traditional
PID are shown in Figure 9.

In actual field seeding operations, complex seeding conditions may cause imbalances in the plant
spacing control system's performance. To validate the disturbance rejection capability of the BP neural-
network-based PID control method, a transient disturbance signal was introduced at the 6-second mark of the
simulation and rapidly withdrawn once the system stabilized. The resulting changes in response curves under
both control methods are compared, as shown in Figure 10.

12f 1.2 .
1k — | e — BREEEE
0.8 - — BP-PID 0.8 — BP-PID
- — - Traditional PID = — - Traditional PID
0.6 0.6
0.4 0.4
0.2 0.2
0 . : ‘ ol . ‘ ) . ,
o1 2z 3 4 5 6 7 & 9 1 0f—rlT—2— 34— S —ir8=i—9——0
t/s t/s
Fig. 9 — Comparison response curve Fig. 10 — Contrast response curve under disturbance
Table 1
Comparison of Response Curve Data
Control method Steady-state time/s Steady-state error Overshoot
BP-PID 1.76 0.009 0
Traditional PID 3.80 0.015 0.172

Calculations based on the data in Figure 9 and Table 1 indicate that under BP neural-network-based
PID control, the system's steady-state error is reduced by 40% compared to traditional PID control, the steady-
state time is shortened by 53.68%, and there is no overshoot.
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As shown in Figure 10, the response curve of the traditional PID control method stabilizes at 3.20
seconds after disturbance withdrawal, while the BP neural-network-based PID control method achieves
stabilization at 0.93 seconds after disturbance withdrawal. This represents a reduction of approximately 70.94%
in response time. Therefore, the BP neural-network-based PID control method not only demonstrates
significantly superior control performance compared to traditional PID but also exhibits certain advantages in
disturbance rejection.

Field trial

To validate the effectiveness of the simulation-verified neural network PID algorithm in actual field
seeding operations, a field trial was conducted on November 5, 2025, at the experimental field of Hongzhu
Agricultural Machinery Co., Ltd. in Jiaolai Subdistrict, Jiaozhou City, Shandong Province. The trial hardware
included an LPD3806-600BM-G5 rotary encoder, Siemens S7-200 PLC, 110BL168S150-430TKA brushless
DC motor, MSSD-40SMA DC brushless driver, F700A touchscreen, RPM sensor, 24V switching power supply,
48V switching power supply, and high-precision multimeter. The seeder was towed by an Dongfenghong LX-
604 tractor, with its power take-off unit connected to the generator set to supply electricity to all components.

x o “ il
Fig. 11 —Field trial process

To compare the row spacing control capability and stability of an electric-powered potato planter under
two control methods during field operations, performance tests were conducted. The seeder's operating speed
was set at 6 km/h. Six test groups were established based on row spacings of 22 cm, 25 cm, 27 cm, 30 cm,
32 cm, and 35 cm. Fifty seed potato sets were planted in each group. The spacing between adjacent seed
potatoes was measured and recorded throughout the entire process. The average spacing was calculated for
each group, and the spacing error and relative error were subsequently determined.

1
L= ; ?=1 LL' (28)
E,=L—-1L, (29)
E, = ’z— X 100% (30)

0
where:

L — average plant spacing, cm;

L;— actual plant spacing, i=1, 2, ..., 50;
E, - plant spacing error, cm;

Ly — target plant spacing, cm;

E, —relative error.

The experiment employed a Siemens S7-200 PLC as the controller. Programs corresponding to the two
control strategies were downloaded to the PLC, and the aforementioned tests were conducted under identical
experimental conditions. The results were then subjected to comparative analysis. The experimental results
are presented in Table 2.

130



Vol. 78, No. 1 / 2026 INMATEH - Agricultural Engineering

Table 2
Test result data
Target Traditional PID control Neural-network-based PID control
Test 9 Average Plant . Average Plant .
plant . Relative . Relative
number . plant spacing plant spacing
spacing . error . error
spacing error spacing error
1 22 23.7 +1.7 +7.7% 22.6 +0.6 +2.7%
2 25 26.2 +1.2 +4.8% 25.6 +0.6 +2.4%
3 27 25.6 -1.4 -5.2% 27.9 +0.9 +3.3%
4 30 30.9 +0.9 +3.0% 28.9 -1.1 -3.7%
5 32 34.2 +2.2 +6.9% 32.3 +0.3 +0.9%
6 35 334 -1.6 -4.6% 36.0 +1.0 +2.9%

As shown in Table 2, both traditional PID control with parameters obtained through empirical trial-and-
error and neural-network-based PID control achieved planting row spacing close to the target spacing. Under
traditional PID control, the maximum spacing error was 2.2 cm with an average absolute relative error of 5.4%.
Under neural network control, the maximum spacing error was 1.1 cm with an average absolute relative error
of 2.7%. The experimental results demonstrate that neural-network-based PID control exhibits superior
precision in seed spacing regulation compared to traditional PID control, indicating certain advantages.

CONCLUSIONS

This study targets the demand for stable plant spacing control in field operation of an electric-driven
potato planter. The work covers the structural design of the plant spacing control system, the development of
a BP-neural-network-based PID control strategy, and validation via simulation and field experiments. By
establishing a mathematical model of the electric drive transmission chain and a control-system simulation
platform, the relationship between control parameters and planting spacing quality was clarified.

(1) An electric plant spacing control system was developed, consisting of a ground-wheel encoder, a
PLC controller, a brushless DC motor, and a mechanical transmission chain. A mathematical model and
transfer function of the controlled plant—the brushless DC motor—were derived, and the influence
mechanisms of operating speed, transmission ratio, and motor speed-regulation characteristics on plant
spacing uniformity were elucidated.

(2) A BP-neural-network PID control strategy with a 3-input, 8-hidden-neuron, and 3-output architecture
was proposed. MATLAB programming and Simulink modeling were used to conduct comparative simulations
against a conventional PID controller. The results show that, relative to conventional PID, the proposed
controller reduces steady-state error by 40% and shortens settling time by 53.68%, while achieving zero
overshoot. Under disturbance conditions, the recovery time is reduced by 70.94%, indicating improved stability
and dynamic tracking performance.

(3) Comparative field experiments were performed for the BP-neural-network PID strategy and the
conventional PID controller. Under conventional PID control, the maximum plant spacing error was 2.2 cm and
the mean absolute relative error was 5.4%. Under BP-neural-network PID control, the maximum plant spacing
error decreased to 1.1 cm and the mean absolute relative error to 2.7%. These results demonstrate that the
proposed BP-neural-network PID controller provides higher plant-spacing precision than conventional PID
control, and the overall operating quality meets the relevant agronomic requirements and applicable standards.
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