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Abstract

To address the challenges of low automatic leveling efficiency and insufficient control
precision for small tracked operation chassis navigating uneven terrain in hilly and moun-
tainous areas, this study proposes a leveling control system that integrates a dual-layer
threshold strategy with a BP neural network algorithm. The system is developed based on
a four-point lifting leveling mechanism. Building upon this foundation, the conventional
single-threshold angle error compensation control strategy was optimized to meet the spe-
cific leveling demands of chassis operating in such complex environments. A co-simulation
platform was established using Matlab/Simulink-AMEsim for subsequent simulation and
comparative analysis. Simulation results demonstrate that the proposed method achieves
a 15.6% improvement in leveling response speed and a 21.3% enhancement in leveling
accuracy compared to the classical single-threshold PID control algorithm. Static test results
reveal a smooth leveling process devoid of significant overshoot or hysteresis, with the
leveling error consistently maintained within 0.5°. Field tests further indicate that at a
travel speed of 3 km/h under a 50 kg load, the platform stabilization time is reduced by an
average of 1.3 s, while the leveling angle error remains within 0.5°. The proposed system
not only improves leveling response speed and precision but also effectively enhances the
overall leveling efficiency of the tracked chassis system.

Keywords: dual-layer threshold; chassis leveling; control system; neural network

1. Introduction

Hilly and mountainous regions constitute crucial agricultural production areas in
China, accounting for over 50% of the nation’s total land area [1]. However, constrained by
challenging terrain characterized by steep slopes and rugged surfaces, existing agricultural
machinery chassis commonly lack adaptive leveling capabilities [2,3]. This deficiency
not only significantly elevates operational safety risks and degrades equipment stability,
but also impairs operational quality and efficiency due to platform tilting. Furthermore,
it accelerates the wear and tear of critical components. Consequently, this adaptability
gap has emerged as a critical bottleneck constraining the advancement of agricultural
mechanization and intelligence in hilly and mountainous areas [4,5]. Therefore, the research
and development of high-quality automatic leveling control systems for tracked operational
chassis in these regions are crucial for enhancing the level of agricultural mechanization.
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In recent years, scholars have dedicated efforts toward the design and research of
automatic leveling mechanisms and control algorithms for agricultural machinery, yielding
notable achievements. Commonly employed mechanical leveling mechanisms encompass
parallel-link leveling, hydraulic height-differential leveling, articulation/torsion leveling,
and adjustable-center-of-gravity mechanisms. The leveling chassis system mainly con-
sists of a sensor network, actuating components, and an intelligent control module [6,7].
By facilitating real-time perception and dynamic adjustment of vehicle posture, this system
effectively mitigates the decline in operational performance caused by uneven terrain and
steep slopes [8-10]. It significantly enhances the operational stability and efficiency of
machinery engaged in harvesting, crop protection, and orchard operations within complex
terrains such as hilly regions, mountainous areas, and orchards [11-13]. The leveling
performance of operational chassis in hilly and mountainous terrain is contingent upon the
control strategies applied to different leveling mechanisms and their corresponding control
algorithms. John Deere (USA) developed a simplified electromechanical-hydraulic leveling
system for uneven terrain [14]. However, its solenoid valves are controlled by mechanical
switch contacts, which impedes precise regulation of hydraulic oil flow. Consequently,
accurate leveling of the chassis cannot be achieved. Yang Fuzeng’s team [15] implemented
lateral attitude adjustment utilizing a “parallel-link mechanism”. Building upon a kine-
matic model, they devised a coordinated control system to manage both the chassis and
implement posture. A PID algorithm was employed to effectively regulate chassis posture,
meeting fundamental balance requirements. Nevertheless, the controller lacks a parameter
adjustment mechanism, resulting in limited leveling precision. Zhao proposed a stepwise
leveling control algorithm termed the Adaptive Dual-Loop Compound Control Strategy
(ADLCCS-SLM) for a three-wheeled agricultural robot chassis [16]. While this algorithm
demonstrates significantly improved control performance compared to traditional PID
control, the inherent instability of the three-wheeled chassis structure becomes apparent
under conditions such as substantial loading or traversing steep slopes during operation.
Chen designed and investigated an automatic leveling control system for a developed
tracked tractor leveling mechanism [17]. Utilizing a PLC controller, the system employs a
closed-loop fuzzy PID control algorithm to regulate the extension/retraction speed of servo
electric cylinders and motors, thereby achieving tractor leveling. Although the system
meets its design objectives and requirements, it fails to account for self-oscillation during
tractor operation. This oversight leads to system overshoot and sustained oscillation around
the target leveling angle. Wrat et al. [18] implemented fuzzy PID control with leakage
compensation in off-road vehicles, achieving significant energy savings. This demonstrates
the potential of intelligent control strategies to enhance both system efficiency and control
performance. Jiao et al. [19] developed a four-point support automatic leveling system for
an electromechanical vehicle platform. Precise control of solenoid valves directs hydraulic
oil to cylinders, adjusting the extension length of four support legs to achieve automatic
body leveling while the vehicle is stationary. However, this system is confined to stationary
conditions and does not address leveling during vehicle motion. Ou Deming [20] proposed
a predictive control method based on state equations, establishing a predictive model for a
rigid platform and the system state equations. This approach enhances leveling speed and
precision. Similarly to the system in [21], it is restricted to stationary operation and does
not resolve leveling issues during motion.

In summary, despite considerable progress in automatic leveling technologies for
agricultural machinery, research on leveling systems specifically designed for hilly and
mountainous operating environments remains insufficient. Wrat et al. [22] applied su-
pervised neural networks for the efficient detection and classification of internal leakage
faults in hydraulic actuators, demonstrating the ability of such networks to handle the
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complex nonlinear dynamics inherent in hydraulic systems. This capability aligns with
the core objective of the present study: to achieve autonomous high-precision leveling
in dynamic and nonlinear environments characterized by time-varying factors such as
complex terrain, variable slope gradients, surface unevenness, and changing loads. In
such conditions, conventional fixed-gain PID controllers are unable to maintain consis-
tently optimal performance and often fail to satisfy steady high accuracy simultaneously.
92 specifically optimized for hill terrain operation requirements. The primary contribution
lies in innovatively achieving system-level integration through intelligent mode switching
to coordinate control processes. The specific working principle is as follows: When the ab-
solute value of the tilt angle exceeds the high threshold (4), the system initiates a full-power
output coarse leveling mode, which skips complex algorithms to achieve rapid initial cor-
rection and prioritize response speed. Conversely, when the tilt angle falls between the low
threshold (2) and high threshold, the system switches to a fine leveling mode, employing
a fusion of BP neural networks and PID control algorithms for precise adjustment. This
hierarchical architecture is the key innovation, ensuring both swift leveling under large-
angle conditions and high accuracy during small-angle adjustments, effectively solving
the speed-precision trade-off prevalent in conventional methods. The effectiveness of this
integrated control strategy was ultimately validated through comprehensive simulation
and full-machine testing.

2. Design of Leveling System for Tracked Operational Chassis
2.1. Leveling System Design Requirements and Overall Scheme

The terrain in hilly and mountainous regions is complex, characterized by fragmented
plots, significant slope variations, and rugged surfaces. These conditions impose stringent
requirements on the chassis’s trafficability, maneuverability, and slope operation stabil-
ity. Existing leveling chassis often suffer from limitations such as a restricted leveling
range, slow response, and insufficient stability under dynamic operating conditions, which
significantly hinders their effectiveness in hilly and mountainous applications.

To address these challenges, this study presents the development of a tracked chassis
equipped with a four-point lifting hydraulic leveling mechanism, specifically designed for
small-scale operations in hilly and mountainous terrain. The leveling system is required to
meet the following core design specifications [23]:

(1) Basic Machine Parameters: The chassis dimensions should be compact, and the
overall weight should be lightweight to adapt to confined working environments. Spe-
cific requirements are: overall dimensions not exceeding 1188 mm x 700 mm X 677 mm
(L x W x H), ground pressure of the track < 0.031 MPa, and a minimum turning ra-
dius < 1m.

(2) Leveling Performance Indicators: The system must maintain a level operating plat-
form on slopes. The design targets a maximum lateral leveling angle > 20°, a smooth level-
ing process without significant overshoot or hysteresis, and a steady-state error within £2°.

(3) Dynamic Operation Capability: While traversing slopes at a speed of 3 km/h, the
leveling system must respond in real time to changes in vehicle attitude, swiftly executing
leveling actions to ensure operational safety and quality.

Based on the aforementioned requirements, the designed hilly and mountainous
tracked operational chassis primarily comprises a tracked driving system, a hydraulic
leveling system, a control system, and a leveling platform. The overall structure is shown
in Figure 1.
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Figure 1. Structural Diagram of Tracked Chassis for Hilly and Mountainous Orchards (1). Hydraulic
system. (2). Leveling mechanism. (3). Inclination sensor. (4). Control system. (5). Power supply
system. (6). Tracked driving system.

The leveling system employs a four-point lifting scheme, which achieves active lev-
eling of the platform on lateral slopes by controlling the extension and retraction of four
hydraulic actuators. The main technical parameters of the chassis are summarized in
Table 1.

Table 1. Key Technical Specifications of the Tracked Chassis for Hilly and Mountainous Orchards.

Technical Parameters Numerical Value
Rated Power of Locomotion System 1 kW
Overall Dimensions (Length x Width x Height) 1,188,700,677 mm
Track Ground Contact Length 540 mm
Track Gauge 520 mm
Ground Pressure 0.031 Mpa
Leveling Angle Range 0~22.3°
Maximum Lifting Height 252.3 mm

2.2. Stability Analysis

For hilly and mountainous chassis operating on slopes, the leveling system essentially
functions as an active rollover prevention system. Its stability directly dictates the safety and
reliability of operations. In this study, the anti-rollover stability is analyzed by establishing
a static mechanical model of the chassis.

2.2.1. Master Controller

The stability of the chassis on lateral slopes is primarily determined by the position of
the center of gravity (Point O) relative to the track grounding profile (support polygon).
As shown in Figure 2, when the chassis experiences lateral tilting, the overall center of
gravity shifts accordingly. The critical condition for preventing chassis rollover is that the
projection of the center of gravity must remain within the track support area.

Taking the lateral stability analysis as an example, assuming the total machine mass
is M, the vertical height of the center of gravity from the ground is /, and the distance
between the centers of the two tracks is B. When the chassis is stationary on a transverse
slope with an inclination angle &, the anti-rollover stability moment M, and the rollover
moment M, can be expressed as follows:

B
Ms = Mg x > X cosw 1
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M, = Mg x h x sina )

When M; > M,, the chassis maintains stability. The critical rollover angle «;, can be
derived from the moment equilibrium equation as follows:

B
Mg x 5 X COS&pay = Mg X h X Sinttyay 3)

which simplifies to the following;:

B
Xmay = arctan (2h> 4)

Figure 2. Mathematical Model for Rollover of Tracked Operation Chassis.

2.2.2. Enhancement of Stability by the Leveling System

The leveling system developed in this study actively adjusts the platform attitude to
maintain horizontality while operating on slopes. This process is functionally equivalent to
pulling the elevated center of gravity—caused by the slope—back toward the uphill side,
thereby reducing the lever arm of the rollover moment Mr and significantly increasing the
critical rollover angle &y y.

Based on the design parameters specified in Section 2.1, the track gauge B measures
520 mm. Theoretical calculations reveal that the critical lateral rollover angle of the chassis
in its unleveled state is & static. When the leveling system is activated and restores the
platform to a horizontal position, the effective center-of-gravity height h is reduced, thereby
yielding a significantly larger dynamic critical rollover angle « level. Both simulation
and theoretical calculations demonstrate that « level substantially exceeds & static and
fully covers the system’s maximum leveling angle of 22.3°. This indicates that, within the
designed leveling range, the system not only maintains platform horizontality but also
proactively ensures overall vehicle stability, fundamentally preventing rollover incidents.

In summary, the lifting-type leveling mechanism elevates the vehicle frame during
operation, thereby shifting the overall center of gravity upward along the slope. This mo-
tion effectively reduces lateral sway and roll sensation of the tracked chassis, consequently
enhancing the vehicle’s rollover resistance. By incorporating active posture control, the
proposed system inherently prioritizes stability as a core design objective, thereby estab-
lishing a safety-oriented foundation for the development of subsequent control strategies
and algorithms.

2.3. Leveling Operational Principle

The tracked operational chassis features a longer overall length compared to its width,
providing greater structural space for longitudinal arrangements. Consequently, the level-
ing system achieves a larger leveling angle in the longitudinal direction than in the lateral
direction. Specifically, the system designed in this study enables a lateral leveling capability
of 22.3°.
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The chassis propulsion system is controlled independently via remote operation, while
the leveling platform is regulated by a hydraulic lifting mechanism. An inclination sensor,
fixed on the upper surface of the vehicle frame with its longitudinal axis aligned with the
platform’s y-axis, continuously monitors the vehicle’s attitude. The upper and lower ends
of the hydraulic push rods are hingedly connected to the tracked traveling mechanism and
the platform frame, respectively.

When the sensor detects platform tilt, it sends a signal to the controller. The leveling
system then actuates the corresponding hydraulic push rods to extend or retract, as illus-
trated in Figure 3. This action causes the entire frame to rotate about its pivot axis, while
the push rods on the opposite side remain retracted. This unilateral lifting continues until
the platform reaches a horizontal orientation, at which point the control process terminates.

Tilt data ‘

Roll Anglelnclinometer

Pressure control
command

A

Measured inclinationis
compared with preset

; Raspberry Pi 5 i
Hydraulic poerry leveling target
Pump
PWM signals

e e e e e e i .
! The left hydraulic cylinder The right hydraulic
1 has been raised. cylinder has been raised.

analog signals I horizontal line _ S . . .
1 al A7 ;4 —a

! ! Hydraulic I
1 .— -—l 1 flow
- P
1

Figure 3. Schematic Diagram of Four-Point Lifting Leveling Mechanism.

As illustrated in Figure 3, transverse chassis inclination triggers real-time detection by
the roll angle inclinometer. The sensor acquires tilt status with a resolution of £0.1° and
transmits digitized data to the main control unit (Raspberry Pi 5) for error quantification.

The Raspberry Pi 5 executes the following control sequence:

e  Error Calculation: Compares the measured inclination angle with the preset leveling
target value.

e  Algorithm Execution: Implements the BP-PID fusion control algorithm to generate
optimized control parameters.

e Signal Conversion: Generates PWM signals for the electro-hydraulic proportional
valves. Converts digital PWM signals to analog through a power amplifier.

e  Flow Regulation: Modulates hydraulic flow rates via the proportional valves based on
the amplified control signals.

This coordinated control action drives precise extension/retraction of the hydraulic
cylinders, progressively reducing the displacement differential (Ah) between lateral support
points. Using left-side leveling as the representative case, the following holds:

Ah =W -tanw 5)

where:
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Ah—Vertical Displacement Difference, mm.

W —Transverse Platform Length, mm.

x—Ground Slope Angle, °.

Based on geometric relationships, the functional correlation between cylinder stroke
length S and tilt angle « can be derived as follows:

$2 =212+ M?> — 2L - /L2 + M2 - cos(ag + a) (6)
0 = arccos (L . SZI’Z;X + M> (7)

where:
S—Instantaneous length of the hydraulic cylinder, mm.
L —Horizontal center-to-center distance between transverse cylinders, mm.
M-—Initial length of the hydraulic cylinder (fully retracted state), mm.
ap—Initial mounting angle between hydraulic cylinder and locomotion unit, °.
o —Angular displacement of the hydraulic cylinder during leveling, °.

3. Design of Automatic Leveling Control System
3.1. Hardware Design of Control System

The hardware architecture of the control system forms the foundational infrastruc-
ture and performance guarantor for the automatic leveling system in hilly /mountainous
agricultural machinery. Core components—including high-precision inclinometers, high-
performance controllers, and high-torque actuators—directly determine the system’s mea-
surement accuracy, computational real-time performance, and leveling load capacity. Con-
currently, IP67-rated enclosures, extended operational temperature range, and interference
immunity design (e.g., CAN bus isolation) ensure operational reliability under harsh
field conditions.

3.1.1. Core Hardware Components

The system employs a Raspberry Pi as the master controller, chosen for its compact
design and high-performance quad-core Cortex-A72 processor, which supports real-time
execution of complex algorithms such as BP neural networks. Its versatile interfaces
(GPIO/CSI/DSI) enable multi-sensor integration, including 6-axis IMUs. For attitude
sensing, the JY901B inclinometer (Table 2) provides +0.1° static accuracy and 100 Hz
update rates, with robust environmental suitability (IP67 rating, —40 to 85 °C operating
range) essential for harsh hilly terrain. These components collectively establish the sensing
and processing foundation for precise leveling control.

Table 2. Key Technical Specifications of the JY901B Attitude Sensor.

Technical Parameters Numerical Value
Measurement Range X: +180°, Y: +180°
Inclination accuracy (static) +0.1°
Inclination accuracy (dynamic)/° +0.5°
Resolution 0.0055°
Temperature drift £0.5~1°
Serial communication interface baud rate 4800~921,600 bps
Output rate 0.2~200 Hz
Startup time 1000 ms
Operating temperature —40~85 °C

Impact resistance 20 kg
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3.1.2. Position Limit Switch

As illustrated in Figure 4, simultaneous extension of dual hydraulic cylinders creates
an unstable parallelogram linkage in the leveling mechanism, inducing lateral instability
due to loss of structural determinacy. To enforce kinematic stability, one actuator must
remain fully retracted and constrained within the U-channel base, establishing a fixed
pivot point.

Figure 4. Schematic Diagram of Lateral Instability Mechanism in Leveling Platform.

Consequently, limit switches are integrated to verify hydraulic actuator retraction to
this mechanical datum, preventing unsafe configurations while enhancing system relia-
bility under high-frequency leveling cycles (>2 Hz). To eliminate field vibration-induced
false triggering—particularly under ISO 5008 [19]: 2002-defined PSD-random vibration
exceeding 0.04 g2 /Hz—Omron V-15 micro switches with roller-lever mechanisms were
implemented. Their torsion spring-assisted reset maintains dynamic equilibrium according
to the following;:

Ty < Ki - Gmax

8
Ky =045 ®)

where:

Ky—Spring torque constant, N-m/rad.

fmax—The lever angular tolerance, N.

T,—The interference torque caused by vibration, N-m.

Bmax = 15° is the lever angular tolerance, ensuring immunity to shocks up to 15 g.
Field validation confirmed zero false triggers during 200 km traversals on Class C terrain
while achieving 1.2 x 10° operational cycles without mechanical failure.

3.2. Design of Dual-Layer Threshold Intelligent Control Strategy

In automatic leveling mode, the tracked chassis achieves real-time autonomous level-
ing in response to road slope variations. The performance of this system is fundamentally
governed by its control strategy.

To address the dynamic working conditions of hilly and mountainous terrain, this
control system employs a dual-layer threshold strategy, developed as an improvement
over conventional dual-threshold methods [24]. Traditional dual-threshold approaches
typically assign the lower threshold as an “activation threshold” and the higher threshold
as a “target level,” thereby categorizing execution actions into two simple types: those
outside and inside the threshold range. In contrast, the proposed strategy intelligently
classifies the leveling process into three distinct modes—“Coarse-leveling”, “Fine-leveling,”
and “Dormant”—based on threshold layering, tailored to the specific demands of dynamic
operations in undulating terrain. The intelligent selection mechanism for these modes is
illustrated in Figure 5.
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Fine-leveling
(Activate the BP-PID fusion algorithm)

Coarse-leveling

Figure 5. Flowchart of Dual-Layer Threshold Intelligent Control Strategy.

3.2.1. “Dormant” Control Strategy for Level Terrain

To minimize unnecessary energy consumption and mechanical wear caused by fre-
quent activation due to inherent chassis vibration or minor bumps on level ground, the
system implements a “Dormant” control strategy under such conditions, suspending
leveling operations.

3.2.2. Determination of the Inner-Layer Threshold

To determine the inner-layer threshold for the “Dormant” state, field tests were con-
ducted using the prototype tracked chassis. With the automatic leveling function deacti-
vated and both hydraulic push rods retracted to their lowest balanced position, under the
standard 50 kg operational load, the prototype was driven at constant speeds of 3 km/h
and 5 km/h for 120 s on three distinct types of level roads. The test site is illustrated in
Figure 6.

Figure 6. Data collection test site diagram. (a). Inter-row pathway. (b). Transport pathway. (c). Paved
road.

During these tests, roll angle data were recorded using the attitude sensor, with the
acquired dataset presented in Figure 7.
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Figure 7. Changes in roll angle over time during operation under three different road conditions.
(a) 3 km/h; (b) 5 km/h.

Based on the collected data, the maximum absolute roll angle value measured during
the chassis’s operation in orchard inter-row pathways, field transport roads, and paved
roads was 0 = 1.875°. Consequently, the inner-layer threshold was established at 0i = 2.0°.
Leveling actions are not triggered when the detected roll angle remains below this value.

3.2.3. “Coarse-Leveling” and “Fine-Leveling” Strategies for Slope Conditions

When the system detects an absolute roll angle exceeding the 2.0° inner threshold, it
identifies a slope condition and immediately initiates the angle deviation control strategy
for leveling.

To optimize both leveling efficiency and precision on slopes, an outer-layer threshold
is introduced, differentiating between “Coarse-leveling” and “Fine-leveling” phases. The
“Coarse-leveling” phase employs full-power output to the electro-hydraulic proportional
valve, rapidly reducing the roll angle to within the outer threshold, thus prioritizing speed.
Subsequently, the “Fine-leveling” phase engages a fused BP neural network and PID control
algorithm to achieve high-precision control of the proportional valve for final adjustment.

3.2.4. Determination of the Outer-Layer Threshold

The outer threshold is a critical parameter dictating the transition from the high-
efficiency “Coarse-leveling” mode to the high-precision “Fine-leveling” mode. To optimize
performance by minimizing leveling time while constraining overshoot, the optimal value
was determined experimentally.

With the inner-layer threshold fixed at 2.0°, leveling tests under the same 50 kg load
were conducted on slopes of 20° and 10° using a set of candidate values for the outer-
layer threshold: 6, =7.0°, 6.0°, 5.0°, 4.0°, and 3.0°. For each candidate value, the leveling
control system was activated on both the 20° and 10° slopes, and real-time roll angle data
were collected. The leveling time T (s)—defined as the duration from the initiation to the
completion of the leveling action—and the maximum overshoot 68, (°)—the maximum
absolute reverse deviation of the inclination angle from the desired steady-state value
during the process—were recorded.The test results are shown in Table 3.

The results indicate that as 6, decreased from 7.0° to 4.0°, leveling time shortened
significantly. This is attributed to the “Coarse-leveling” mode correcting a larger portion
of the deviation before switching. However, further reduction to 6, = 3.0° increased
leveling time due to excessive kinetic energy from prolonged full-power operation, causing
significant overshoot that required additional time for the “Fine-leveling” mode to correct.
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Table 3. Experimental Results for Outer-Layer Threshold Determination.

Starting Experiment Outer-Layer Leveling Time T (s) Maximum
Angle 0 (°) Number Threshold 6, (°) Overshoot 0y (°)
01 7.0° 6.31s 0.10°
02 6.0° 5.57 s 0.12°
20° 03 5.0° 491 s 0.31°
04 4.0° 4.20 s 0.41°
05 3.0° 6.11s 0.94°
06 7.0° 3.63s 0.18°
07 6.0° 3.11s 0.22°
10° 08 5.0° 295s 0.40°
09 4.0° 290s 0.45°
10 3.0° 3.72s 0.63°

In summary, the selection of the outer threshold inherently represents a trade-off be-
tween efficiency and stability. An excessively high threshold, while minimizing overshoot,
results in inefficient performance due to the premature engagement of the fine-leveling
mode. Conversely, an excessively low threshold introduces significant overshoot, which
compromises both system stability and operational efficiency. Within the experimental
framework of this study, 6, = 4.0° was identified as the optimum. This value allows for
the full utilization of the coarse-leveling mode’s rapid response, while ensuring a timely
transition to the fine-leveling mode before system inertia induces substantial overshoot.
This strategy yielded the shortest average leveling time (T = 4.2 s) while maintaining the
overshoot within an acceptable limit (6, < 1.0°). Consequently, 4.0° was selected as the
outer threshold for the system.

3.3. “Lower-First Then Raise” Control Strategy

While the angle deviation and dual-layer threshold control strategies effectively enable
the leveling function of the tracked chassis, an unstable parallelogram configuration can
form between the hydraulic cylinders and the platform frame during actuator movement.
To ensure platform stability, the leveling action is therefore optimized into a “Lower-First
Then Raise” control strategy.

Limit switches are installed beneath the U-shaped grooves of the support base on both
sides. These switches detect whether the pivot shaft of the single-side platform frame is
constrained at its lowest point within the base, thereby guaranteeing structural stability
during the leveling process.

Taking a positive leveling action (triggered by a detected positive roll angle) as an
example, the hydraulic cylinders on both sides execute the “Lower-First Then Raise”
strategy according to the sequence outlined in Figure 8. This procedure ensures a stable
and controlled leveling operation.

Left-side limit
witch is activated

Vehicle roll angle is Retract the left-side Extend the right-side
positive hydraulic cylinder hydraulic cylinder

Y

Figure 8. Flowchart of “Raise-First Then Lower” Operational Strategy for Positive Leveling.
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4. Optimization and Simulation of Chassis Control Algorithms

To enhance the leveling performance of the tracked chassis, the control algorithms
were designed and optimized using the established control strategy. A hydraulic system
model of the chassis was constructed based on AMEsim, and a leveling system controller
was developed in Simulink for subsequent simulation analysis.

4.1. Hydraulic System Model Construction

The hydraulic leveling system primarily comprises components including a fuel tank,
safety valve, hydraulic pump, electric motor, pressure-stabilizing valve, on-off valve,
proportional directional control valve, and hydraulic cylinders. The hydraulic principle
operates as follows: the dual hydraulic push rods on each side are connected via a synchro-
nizing valve to ensure simultaneous extension and retraction. The leveling system regulates
the inflow and outflow of hydraulic oil to the cylinders through the proportional directional
control valve. A positive control current directs pressurized oil into the hydraulic cylinder,
while a negative current reverses the flow direction. Each hydraulic cylinder’s circuit is
controlled by an on-off valve.

Specifically, when oil is supplied to the left rodless cavity and the right rod cavity, and
simultaneously drained from the left rod cavity and the right rodless cavity, the left side of
the chassis elevates. The reverse process raises the right side.

Based on the operational principle of the hydraulic leveling system for the hilly and
mountainous tracked chassis and the experimental platform for body posture leveling, a
hydraulic system simulation model was established within AMEsim. In this model, the
four leveling hydraulic cylinders in the simulation correspond to the left-front, left-rear,
right-front, and right-rear leveling positions on the simulated tractor body. An Interface
Block module was created for interfacing with Simulink to facilitate co-simulation analysis.
The co-simulation hydraulic model is illustrated in Figure 9. The system uses the fuselage
inclination angle as the input and outputs control signals to command the two proportional
solenoids, enabling leveling simulation analysis on lateral slopes.

hydraulic cylinders

@ S
S i i —
] i
L

[
al |A Al B
mims e i
electro-hydraulic proportional valve group s

P o<

hydraulic pressure station

Figure 9. Hydraulic system simulation model.
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Following model establishment, appropriate mathematical models were selected for
each component in the submodel mode. Parameters for these mathematical models were
then configured according to the specific parameters of each hydraulic component in the
chassis, such as applying the static gravitational load of the chassis through the hydraulic
cylinder module and setting the dynamic inertial load of the chassis using an external force
application module. The key parameters are listed in Table 4 below.

Table 4. Main technical parameters of the chassis leveling hydraulic system.

Parameter Value
Rated Power of Pump Motor/kW 0.8
Motor Voltage/V 48
Tank Capacity/L 3
Piston Rod Stroke/mm 125
Cylinder Bore Diameter/mm 40
Piston Rod Diameter/mm 25
Peak Pressure of Hydraulic Cylinder/MPa 14
Rated Pressure of Proportional Valve/MPa 25
Peak Operating Flow Rate of Proportional Valve/(L/min) 65

4.2. PID Control Algorithm Modeling

To ensure high-precision adjustment capability in the chassis leveling system, this
study integrates PID control with a BP neural network-based algorithm. A comparative
analysis was conducted between the PID controller and the BP neural network-based
adaptive PID controller to evaluate their respective leveling performance characteristics.

Based on the PID control principle, a dedicated PID control algorithm was developed
for attitude leveling of the tracked chassis operating in hilly and mountainous terrain. Its
control output is given by the following:

Au(k) = Kple(k) —e(k —1)] + Kie(k) + Ky[e(k) — 2e(k — 1) +e(k — 2)] )

u(k)—Control variable.

e(k) = r(k) — y(k)—System error.

Kp—Proportional gain.

Ki—Integral gain.

Kj—Derivative gain.

A PID control algorithm was implemented in MATLAB2024b/Simulink, with the
simulation model shown in Figure 10. The PID parameters were set to Kp =10, K; =5,
and K; = 2. The output values from the synchronous control algorithm for same-side
cylinders were used to make online adjustments to the PID output. These final values were
then sent to the AMESim controller module to regulate the spool movement of the electro-
hydraulic proportional valve, thereby executing the leveling action through hydraulic
cylinder adjustment.

PID controller

- Electro-hydraulic proportional
W solenoid valve ’ . 4’@

Figure 10. PID control algorithm.
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4.3. Self-Adaptive PID Control Algorithm Based on BP Neural Network

The proportional, integral, and derivative parameters in PID control exhibit interde-
pendent and mutually constraining characteristics. Leveraging the ability of BP networks
to approximate nonlinear functions enables the self-learning of optimal combinations of
these three parameters. Figure 11 shows the closed-loop block diagram of the BP neural
network-based PID controller.

Learning
I -

Algorithm
Neural
Network
Kp| Ki| Kd
Yy vy

© PID u
o . e Actuator Output y
Controller

Figure 11. Closed-loop block diagram of the BP neural network-based PID controller.

Reference

Input r

The controller comprises two main components: a conventional PID controller, which
provides closed-loop feedback control of the plant, and a neural network, which dynami-
cally adjusts the PID parameters based on system states and specific learning algorithms to
achieve optimal performance. The structure of the neural network used in this controller is
shown in Figure 12. The design procedure is outlined as follows:

BP neural figure of performance u(k)
network

u(k) (k)

PID controller
final controlling element

hidden output
layer layer

Figure 12. The structure of the neural network.

4.3.1. Determining the Structure of the BP Neural Network

The number of nodes in the input layer (M), the number of nodes in the hidden layer
(Q), and the number of hidden layers themselves should be minimized to reduce system
complexity and shorten learning time. The number of neurons in the input and output
layers depends on the specific application. For the PID controller, the neural network
output layer contains three nodes, corresponding to the three PID parameters K, K;, and
K,;. The hidden layer serves to extract features from the input signals. While increasing
the number of hidden layers can enhance network capability in applications like image
processing, one or two hidden layers are typically sufficient for PID control applications.
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4.3.2. Network Implementation Details: Structure and Training

To ensure the reproducibility and clarity of the proposed adaptive PID controller, the
detailed structure, parameters, and training process of the employed BP neural network
are specified as follows.

A three-layer feedforward structure, denoted as 3-6-3, is adopted for the BP neural
network. This configuration comprises:

Input Layer (M = 3): Three nodes that receive the system error and its recent history:

x = [e(k),e(k—1),e(k —2)], where e(k) = r(k) — y(k) is the roll angle error at the k-th
sampling instant.

Hidden Layer (Q = 6): Six neurons. This number was determined empirically to
balance model complexity and computational efficiency on the Raspberry Pi platform,
providing sufficient nonlinear approximation capability without overfitting.

Output Layer (3 nodes): Corresponding to the three adjustable parameters of the PID
controller: O = [K,, K;, K4].

Selection of Activation Functions:

Using the Sigmoid function as the activation function can lead to minimal weight
modifications when neurons operate in the saturated regions of the curve (where the
gradient is small), significantly slowing the learning process.

Considering the nonlinear characteristics of the dynamic leveling process in hilly
terrain, the hyperbolic tangent function (tanh) was selected for the hidden layer due to its
symmetry, which aids in accelerating convergence.

netgz) 7e—text{net}l.{(2>} i
e (i=12,...,Q) (10)

net; —net;
e i +e i

o = f(neti(z)) = tanh(netgz)) =¢

1

Its derivative is as follows:

2
%tanh(met) =1— tanh®(net) =1 — (0?)) (11)

Because the output layer nodes correspond to K, K;, Kz, which must be non-negative, a
non-negative version of the tanh function is applied as the activation function for this layer.

e (3)
01(3) = g(netl(3)) =11+ tanh(netl<3))) = % (I1=1,23) (12)

enefl +e—netl

Its derivative is as follows:
g’(netl(B)) = Zg(netl(3))[1 — g(netl(3))] = 201(3)(1 — OI(B)) (13)

The initial connection weights wl(]z) (from input to hidden layer) and w§].3) (from hidden
to output layer) were randomly assigned small values within the range [—0.5, 0.5].

Learning Rate: An excessively high learning rate tends to induce oscillations during
training and compromises robustness, whereas an excessively low rate significantly slows
convergence. Therefore, through experimental tuning, the learning rate was set ton = 0.2.

Training Mechanism: The performance index function E(k) = (r(k) —y(k) )2
(Equation (21), defined later) is formulated according to the neural network learning
paradigm to guide the adjustment of weighting coefficients and drive the reduction in the
fuselage inclination control error. The network performs online learning via the gradient
descent rule, adjusting weights in real time.
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Offline Pre-training: Prior to deployment, the network was also pre-trained for 1000 it-
erations offline using simulated data representing typical slope leveling scenarios. This
process initializes the weights to a favorable starting point, enhancing the initial perfor-
mance and convergence speed of the online controller.

4.3.3. Control Algorithm Calculation Procedure

Based on the aforementioned network design, the online calculation procedure of the
adaptive PID control algorithm is as follows.

The system setpoint r(k) and actual output y(k) at the current sampling time k are
acquired. The error e(k), along with the inputs and outputs of the network’s input layer,
hidden layer, and output layer, are then computed sequentially.

The output of the input layer is as follows:

O]':x]', (jZl,Z,...,M) (14)

The input and output of the hidden layer are as follows:

nett? (k) = Y w(? (k)0 (k) (15)
j=1
0% = f(net?), (i=1,2,......,Q) (16)

The input and output of the output layer (i.e., the PID parameters) are as follows:

net|”) (k) = ﬁl w ()0 (k) 17)
o) (k) = g (neti (k)), (1=1,2,3) (18)

Here, 053) = Kp, Og’) =K;, Oés) = Kj.
According to the incremental PID algorithm, the controller output is calculated
as follows:
u(k) =u(k—1)+ Au(k) (19)

Au(k) = Kple(k) —e(k —1)] + Kie(k) + Ky[e(k) — 2e(k — 1) +e(k — 2)] (20)

Here, u(k) is the voltage control signal for the proportional directional valve at time
k; u(k — 1) is the voltage control signal at time (k — 1); e(k), e(k — 1), e(k — 2) are the control
errors between the desired and actual fuselage roll angles at time k, (k — 1), and (k —2),
respectively.

Backpropagation for Weight Adjustment (Online Learning): To guide the weight
adjustment and drive the reduction in the fuselage inclination control error, the perfor-
mance index function, formulated according to the neural network learning paradigm,
is introduced as follows:

E(k) = 3(r(k) — y(k))* = Lerr(k)* 21)

where (k) denotes the desired fuselage inclination input and y(k) represents the actual
fuselage inclination output.
The connection weights are adjusted based on the gradient descent rule. Given the
(3)

learning rate n, the adjustment amount for the output layer connection weights w;;” is
calculated as follows:

3 JE(k
By (k) = —1y 2550 22
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Applying the chain rule and leveraging Equations (13) and (18), this simplifies to
the following:

3 3 2
By (k) = 13" O (k) 3)
3 ay(k dAu(k 3
61( ) — err(k) ~sgn(aggk;> . 3(31((3)) g (netl( )(k)) (1=1,2,3) (24)
H ay(k) . . . oAu(k)
ere, 5, can be estimated using the system model or approximated as 1, and o0
1
is readily derived from Equation (20).
The output layer connection weights at time k are updated as follows:
3 3 3
w2 (k) = 0P (k1) + Awl) (k) (25)

Similarly, the adjustment for the hidden layer connection weights wi(jz), derived ac-
cordingly, is calculated as follows:

@) (1) = _,, 9E(K)
Aw;:” (k) = 00 (26)
aw? (k) = pa 0 (k) 27)
where f’ (netl(z) (k)) is calculated using Equation (11).
The hidden layer connection weights at time k are updated as follows:
2 2 3.3, (3 .
5P = f (net§ )(k)) 3 8PP (k) (i=1,2,...,Q) (28)

As demonstrated by the foregoing derivation, during the leveling control process,
any discrepancy between the actual fuselage inclination angle 6 and the desired angle 6
triggers automatic, real-time adjustments to the weighting coefficients across all neural
layers according to Equations (23)—(28). These adjustments progressively reduce the output
error E(k) and modify the outputs of the output layer, thereby enabling self-tuning of the
PID parameters and consequently enhancing the overall leveling performance.

4.4. Neural Network Control Simulation Model

The simulation model is depicted in Figure 13. A self-adaptive PID controller based
on a BP neural network was developed within the MATLAB/Simulink environment.
During the simulation, the entire machine was under no-load conditions, with structural
components such as the work platform treated as lightweight parts; consequently, the
influence of external disturbances was neglected. The system outputs the actual lateral
inclination angle y(k). This value is compared with the desired lateral inclination angle r(k)
to obtain the lateral /longitudinal inclination error e(k). This error signal is then fed into
the BP neural network PID leveling controller.

The controller executes its control program and dynamically outputs parameters for
the three nodes (K, K;, K;). These parameters are used to generate voltage signals for the
two proportional directional valves, regulating the valve port flow rates. These signals are
consequently transformed into displacement control signals for the hydraulic cylinders.
The hydraulic cylinders then execute the leveling action, driving the fuselage inclination
error toward 0°. This process completes the leveling of the tracked chassis frame.
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Figure 13. Neural Network Control Simulation Model.

4.5. Simulation Results: Analysis and Comparison

A comparative model integrating both a classical PID controller and the self-adaptive
PID controller based on a BP neural network was established within the control framework
(Figure 14). A comparative analysis of the leveling performance of these two controllers was
subsequently conducted. To validate the effective leveling range of the system’s fuselage
inclination angle adjustment, a leveling simulation was performed with the chassis initially
positioned on a 20° slope, taking the right-side leveling as an example. The corresponding
simulation results are presented in Figure 15.

Angle comparison

PID controller

(i S

Speed Comparison

Electro-hydraulic proportional E B @
0 solenoid valve

BP neural network controller

ﬂk)

i )

e

|

u(k)|
yik)

Electro-hydraulic proportional I . displacement comparison
| solenoid valve = H ﬂ p p

Figure 14. Comparative Simulation Model of Two Control Algorithms.
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Figure 15. Simulation Results of Slope Automatic Leveling. (a) Fuselage Roll Angle Variation;
(b) Variation in Hydraulic Actuator Motion Displacement; (c¢) Variation in Hydraulic Actuator
Motion Velocity.

As illustrated in Figure 15, the hydraulic actuator velocity increases rapidly at the
initiation of the leveling process. Following a period of adjustment, it gradually decreases
from its peak value and eventually stabilizes at zero upon completion of leveling.

Under PID control, the chassis leveling stabilization time is 3.8 s, with a maximum
inclination overshoot of 3.1° and a steady-state error of 0.35°.

In contrast, the BP neural network PID control achieves a stabilization time of 2.5 s,
a maximum inclination overshoot of 1.9°, and a steady-state error of 0.16°.

In summary, the simulation results demonstrate that for the hilly and mountainous
tracked chassis under a 20° lateral slope scenario, the proposed BP neural network PID
control outperforms the conventional PID control by reducing the stabilization time by
1.3 s (a 34.2% improvement) and the maximum overshoot by 0.7°. Furthermore, it en-
hances leveling accuracy by 36.8%, with the average leveling error consistently remaining
within £0.5°.

The superior performance of the BP-PID controller in simulations and experiments
stems from its adaptive capability. While conventional PID parameters are fixed and
struggle with nonlinear disturbances on hilly terrain, the BP neural network adjusts K, K;
and K; online based on real-time error, compensating for system dynamic variations and
achieving a better balance between response speed and stability.

5. Field Experiments
5.1. Test Equipment and Setup

The tracked operational chassis measures 677 mm in height, 1188 mm in length, and
700 mm in width. It is powered by a 4 x 12 V 52 Ah lead-acid battery pack, which supplies
energy to both the propulsion system and the leveling system, enabling a maximum
operating travel speed of 5 km/h. All field tests were conducted under a typical operating
load of 50 kg.

For attitude sensing, a JY901B attitude sensor is mounted above the leveling platform
along the central axis of the chassis. This sensor provides a dynamic measurement accuracy
of £0.5° and monitors in real time the vehicle’s lateral tilt angle as well as the ground slope.

The control system centers on a Raspberry Pi 5 serving as the main control unit for the
chassis. Its quad-core Cortex-A72 processor meets the computational demands of complex
algorithms such as the BP neural network in real time. The system acquires sensor data
via CSI/DSI interfaces, processes these data using the control algorithm, and subsequently
transmits signals through a dedicated circuit to generate PWM voltage control signals
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for two high-precision electro-hydraulic proportional solenoid valves, thereby achieving
dynamic leveling of the vehicle body.

To evaluate the operational performance of the leveling system for the tracked chassis
under study, both static and dynamic tests were conducted on the prototype.

Static tests were performed on sloped terrain within the orchard. Manual leveling
control was activated while the tilt sensor continuously monitored the vehicle’s attitude
angle, thereby validating the fundamental leveling functionality.

Dynamic tests involved driving the prototype on a natural slope with a lateral inclina-
tion of 20. The prototype traveled at a speed of 3 km/h under automatic leveling mode.
An onboard data logger recorded the vehicle’s attitude data for subsequent analysis of the
slope leveling response.

5.2. Static Leveling Test

Static tests were conducted on sloped orchard terrain (Figure 16). The prototype was
positioned on a 20° slope with its automatic leveling function deactivated. Following this,
the leveling control system was manually initiated. Throughout the process, an inclination
sensor continuously monitored the vehicle’s attitude angle. A comparative analysis was
performed to evaluate the leveling accuracy and leveling speed between the PID and the
BP neural network PID controllers under an identical dual-layer threshold strategy.

Figure 16. Static test site.

The JY901B inclination sensor was employed for real-time data acquisition throughout
each trial, operating at a sampling frequency of 10 Hz. The leveling duration was defined
as the period from the initial change to the stabilization of the attitude angle recorded by
the sensor. Five trials were conducted for each control algorithm—the conventional PID
and the BP neural network PID—to collect the leveling time for every individual process
(Figure 17).

As illustrated in the corresponding figure, the BP neural network PID algorithm
achieved an average leveling time of 3.6 s across the five trials. This represents a reduction
of 1.7 s compared to the traditional PID controller. Furthermore, the overshoot remained
below 0.5° in all cases. These results collectively demonstrate a high degree of repeatability
and consistency, thereby validating the effectiveness and superior performance of the
proposed system.
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Figure 17. Static test results.

5.3. Dynamic Leveling Tests

The dynamic tests were conducted on a transition from level ground to a natural
lateral slope of approximately 20°. The prototype traversed this path at a speed of 3 km/h
with the automatic leveling system activated. A vehicular data recorder, installed along the
longitudinal axis of the tracked chassis, simultaneously recorded the real-time inclination
of the ground and the leveling platform. The test site and the corresponding acquired data
are presented in Figure 18.

—— Leveling Stand angle
——— Ground angle

T

0 10 20 30
Time (s)

(b)

Figure 18. Dynamic Leveling Tests. (a) Dynamic test site; (b) Dynamic test results.

Analysis of the field-acquired data confirmed the system’s dynamic performance.
Upon detecting a slope with an absolute inclination exceeding the 2° threshold, the leveling
system initiated the leveling action within 0.3 s. Conversely, the system correctly remained
dormant when the chassis encountered road conditions with inclination angles below this
2° threshold, effectively preventing unnecessary actuation.

6. Conclusions

This study designed and evaluated a lateral leveling control system for tracked op-
eration chassis in hilly and mountainous terrain which integrates a dual-layer threshold



Agriculture 2025, 15, 2534

22 0f 23

References

strategy with a BP neural network. The system’s leveling performance was rigorously
assessed through co-simulation modeling and comprehensive field tests.

Simulation results demonstrate that under a 20° lateral slope condition, the BP neural
network PID controller outperformed the conventional PID controller by reducing the
stabilization time by 1.3 s (a 34.2% improvement) and the maximum inclination overshoot
by 0.7°. Furthermore, leveling accuracy was enhanced by 36.8%, with the steady-state error
consistently confined within £0.5°.

Field trials validated that the dual-layer threshold strategy (4.0° outer layer, 2.0°
inner layer) optimally balanced leveling speed with precision, effectively preventing spu-
rious activations. The BP neural network PID algorithm significantly enhanced leveling
stability on complex terrain through its dynamic parameter adjustment capability. The
system confirmed its effectiveness in meeting the operational requirements for hilly and
mountainous areas, thereby providing a viable and effective technical solution and lay-
ing a solid foundation for the development of intelligent automatic leveling systems in
such environments.

The control architecture proposed in this study exhibits strong transferability and
scalability potential. Subsequent work may focus on the following directions: first, port-
ing the system to other agricultural machinery such as hilly and mountainous orchard
platforms and combine harvesters to verify its functional effectiveness and parameter
adaptability across different platforms; second, addressing more complex dynamic sce-
narios by investigating adaptive threshold adjustment and coordinated control between
leveling and traveling, thereby enhancing the system’s overall performance in continuously
rugged terrain; third, conducting long-term durability testing and pursuing lightweight,
cost-effective engineering design to advance the technology from laboratory prototypes
toward industrial products, providing a reliable solution for intelligent leveling in hilly and
mountainous agricultural machinery.
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