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Abstract

The hard-bottom layer in paddy fields significantly impacts the driving stability, operational quality,
and efficiency of agricultural machinery. Continuously improving the precision and efficiency of
unmanned, precision operations for paddy field machinery is essential for realizing unmanned smart
rice farms. Addressing the unclear influence patterns of hard-bottom contours on typical scenarios
of agricultural machinery motion and posture changes, this paper employs a rice transplanter chassis
equipped with GNSS and AHRS. It proposes methods for acquiring motion state information and
hard-bottom contour data during agricultural operations, establishing motion state expression
models for key points on the machinery antenna, bottom of the wheel, and rear axle center. A
correlation analysis method between motion state and hard-bottom contour parameters was
established, revealing the influence mechanisms of typical hard-bottom contours on machinery
trajectory deviation, attitude response, and wheel trapping. Results indicate that hard-bottom
contour height and local roughness exert extremely significant effects on agricultural machinery
heading deviation and lateral movement. Heading variation positively correlates with ridge height
and negatively with wheel diameter. The constructed mathematical model for heading variation
based on hard-bottom contour height difference and wheel diameter achieves a coefficient of
determination R? of 0.92. The roll attitude variation of the agricultural machinery is primarily
influenced by the terrain characteristics encountered by the rear wheels. A theoretical model was
developed for the offset displacement of the antenna position relative to the horizontal plane during
roll motion. The accuracy of lateral deviation detection using the posture-corrected rear axle center
and bottom of the wheel center improved by 40.7% and 39.0%, respectively, compared to direct
measurement using the positioning antenna. During typical vehicle entrapment events, a segmented
discrimination function for entrapment states was developed when the terrain profile steeply
declines within 5 seconds and roughness increases from 0.008 to 0.012. This method for analyzing
how hard-bottom terrain contours affect the position and attitude changes of agricultural machinery
provides theoretical foundations and technical support for designing wheeled agricultural robots,
path-tracking control for unmanned precision operations, and vehicle-trapping early warning
systems. It holds significant importance for enhancing the intelligence and operational efficiency of
paddy field machinery.

Keywords: hard-bottom contour; agricultural machinery posture; trajectory deviation; attitude
response; vehicle bogging warning
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1. Introduction

Rice serves as the primary food source for over half of the world's population [1,2], serving as a
vital food crop for achieving the United Nations' Sustainable Development Goal 2030 of Zero Hunger
[3]. China ranks second globally in rice cultivation area, with a perennial planting area of 30 million
hectares [4]. In mechanized rice cultivation, the paddy field bottom layer serves as a critical
component within the tillage soil structure, bearing the operational loads of agricultural machinery.
During operation, machinery encounters vibrations, bouncing, and bogging due to uneven pits and
ruts in the bottom layer, significantly impacting both the passage of machinery and the quality of
field operations [5,6]. As agricultural production rapidly advances toward intelligent and labor-
saving practices, the autonomous navigation and precise control capabilities of paddy field
machinery have become critical for realizing smart farms with reduced labor requirements in rice
production [7]. However, the complex and variable contour of paddy field hard bottom layer surfaces
[8] remains poorly understood in terms of its impact on the position and attitude changes of
agricultural machinery. This lack of clarity constrains the optimization of operation control strategies
and hinders the advancement of intelligent operation levels. [9,10], it is imperative to elucidate the
influence patterns of typical hard bottom layer contours on the position and attitude changes of
agricultural machinery. Early terrain mechanics theories provided the foundation for modeling
wheel-ground interactions. Bekker and Wong systematically established mathematical models for
soft soil bearing capacity, settlement, and rolling resistance, offering theoretical support for vehicle
dynamics response research. [11,12]. Jia et al. proposed a wheel-terrain interaction model based on
wheel dynamics and terrain mechanics, effectively simulating wheeled movement in soft soil and
enabling numerical simulations for off-road mobile robots [13]. Misaghi et al. employed the
International Roughness Index (IRI) to model road surface irregularities in truck-road interactions,
quantifying the effects of truck suspension systems and road conditions on pavement damage [14].
Zheng et al. identified the driving environment as the most significant external factor influencing
vehicle dynamics. They investigated the effects of varying road roughness, adhesion coefficients, and
road gradients on the dynamic performance of dual-clutch transmission vehicles [15]. Inotsume and
Kubota proposed an adaptive terrain passability prediction method based on multi-source transfer
Gaussian process regression. This approach utilizes limited data from low-risk terrain within the
target environment, combined with prior travel experience across diverse terrain surfaces [16].
Golanbari identified soil deformation as a key factor affecting off-road vehicle performance. They
investigated soil deformation caused by the interaction between pneumatic tires and track wheels
with the ground. The fitted surfaces obtained using optimization algorithms effectively predicted soil
deformation induced by different wheel types [17].

In studies examining the impact of complex farmland topography on agricultural machinery
operations, Tu et al. proposed methods for quantifying paddy field hard bottom layer contours,
tillage layer thickness, and their characteristics based on machinery pose information. They
developed a method for quantifying hard bottom layer contour features, providing a driving
environment map for agricultural machinery [8,18,19]. The primary factor affecting autonomous
agricultural machinery path tracking accuracy is lateral deviation caused by skidding under terrain
influence [20,21]. To address terrain-induced lateral deviation in agricultural machinery, Bevly, Ryu,
and Anderson et al. employed a dual-antenna Global Navigation Satellite System (GNSS) system and
Inertial Navigation System (INS) sensors to establish a kinematic model-based heading Kalman filter.
This approach enabled the estimation of center-of-mass lateral deviation angles and front-rear wheel
lateral deviation angles, further facilitating the estimation of wheel lateral deviation stiffness [22-24].
To suppress disturbances from wheel lateral deviation, researchers treated lateral deviation as a
disturbance term in linear motion models and employed robust control techniques for mitigation [25].
Alternatively, they developed vehicle dynamics and kinematic models incorporating lateral
deviation parameters, applying nonlinear control techniques to design path-tracking control laws
[26,27]. Lenain et al. developed front and rear wheel yaw angle observers based on extended
kinematic equations for front-wheel steering and four-wheel steering agricultural vehicles, utilizing
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dual-antenna GNSS and INS. They applied the estimated values to path tracking control, effectively
enhancing tracking accuracy [28]. Regarding operational effectiveness, Zhou et al. addressed the
tilting and height fluctuations of leveling machines caused by uneven hardpan layers in rice fields.
They designed a leveling machine based on dual-antenna GNSS positioning and orientation,
achieving horizontal and elevation control of the leveling blade after terrain-induced attitude changes
[29]. He Jing et al. proposed a real-time terrain-aware dynamic adjustment method for rice row
detection by integrating 2D LiDAR, Attitude and Heading Reference System (AHRS), and Real-Time
Kinematic Global Navigation Satellite System (RTK-GNSS) data fusion [30].

The above research demonstrates that terrain undulations significantly impact vehicle driving
stability and agricultural machinery operation quality. Relevant studies have laid a solid foundation
for analyzing the operational characteristics of agricultural machinery in complex terrain conditions,
covering aspects such as terrain mechanics modeling, vehicle dynamics response, path tracking
control, and terrain perception. These studies enable real-time acquisition of agricultural machinery
attitude information, construction of paddy field operation environment maps, extraction of hard-
bottom contour features, and quantitative description of unevenness. They have also partially
revealed the patterns of terrain undulation affecting the operational stability and work precision of
agricultural machinery. However, research remains limited on the coupling relationship between
local contour features of the hard bottom layer and the motion state of agricultural machinery, the
response patterns of key attitude parameters, and the mechanisms of vehicle entrapment. Particularly
in typical ridge-and-furrow and vehicle-trapping scenarios, systematic experimental analysis and
theoretical support are lacking regarding how characteristic parameters of the hard bottom layer—
such as height, height differences, and local roughness—influence machinery trajectory deviation,
attitude response, and escape capability.

To address the aforementioned issues, this paper focuses on paddy field machinery and designs
an integrated platform for acquiring agricultural machinery position/orientation information and
hard-bottom contour data based on GNSS and AHRS sensor fusion technology. It proposes a method
for simultaneously obtaining the motion state of agricultural machinery during operation and hard-
bottom contour information, constructs motion state datasets for key points such as the antenna,
bottom of the wheel, and rear axle center, and establishes a correlation analysis method between
motion state and hard-bottom feature parameters. Building upon this foundation, the study analyzes
the mechanism by which typical hard-bottom layer contours influence agricultural machinery
movement trajectory deviation, attitude response, and bogging behavior. It reveals the patterns of
how hard-bottom layer contour characteristics affect the operational stability and precision of
agricultural machinery. This research aims to provide theoretical foundations and technical support
for optimizing structural design, improving path-tracking control algorithms, and developing
vehicle-stuck early warning strategies for paddy field machinery. It holds significant importance for
enhancing the intelligence and operational efficiency of wheeled agricultural robots and advancing
smart rice production.

2. Materials and Methods

2.1. Agricultural Machine Position and Orientation Information with Bottom Layer Contour Acquisition
Platform

Using a wheeled agricultural machine equipped with an autonomous driving system as the
mobile platform, a GNSS and an AHRS are installed on the machine's chassis. The GNSS measures
the real-time spatial position and heading information of the machine during operation, while the
AHRS measures the motion attitude of the chassis. A time-stamp synchronization method is
employed to synchronously collect the machine's position and attitude data. During field operations,
the wheels contact the hard bottom layer of the paddy field. Continuous contact points between the
bottom of wheels and the hard bottom layer form a point cloud of the hard bottom contour. Based on
measured position and attitude information—including the machinery's spatial position, heading
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angle, and chassis pitch angle—the Euler transformation method establishes a bottom of the wheel
motion trajectory model in the global coordinate system [8]. GNSS spatial positioning and orientation
data, combined with AHRS roll and pitch attitude information, are processed through sensor
calibration and outlier handling to reconstruct the hard-bottom contour terrain traced by the
machine's wheels. A visualizable hard-bottom contour digital model is then constructed using a
triangulated mesh method based on the collected point cloud. The designed agricultural machinery
pose information and hard-bottom contour perception platform is illustrated in Figure 1.

L >
X
= Hard Bottom Contour
3

Numerical Modeling

Figure 1. Platform for collecting agricultural machinery pose information and bottom layer contour data.

2.2. Correlation Analysis Method Between Agricultural Machinery Operational Motion States and Contour
Feature Parameters

2.2.1. Method for Extracting Agricultural Machinery Operational Motion State Parameters

The onboard GNSS dual-antenna satellite positioning system enables the main antenna to
capture the spatial position of the agricultural machinery antenna installation point within a local
tangent plane coordinate system, along with the working speed and heading angle between the two
antennas. The integrated AHRS system measures the pitch and roll angles of the agricultural
machinery chassis. During actual operations, the agricultural machinery undergoes frequent attitude
changes. The position of the main antenna cannot fully represent the machinery's motion state when
it is not level. Therefore, the motion states of the bottom surfaces of the left and right rear wheels and
the center of the rear suspension are used to express the machinery's true motion. By establishing a
vehicle coordinate system, coordinate increments relative to the main antenna installation position
are obtained for the bottom of the left and right rear wheels. Real-time motion information for the
rear wheel bottoms is derived through continuous conversion based on the main antenna position
and the vehicle's current attitude. The relationship between the local tangent plane coordinate system
{t}, the vehicle coordinate system {b}, and the position of the rear wheel bottoms is illustrated in
Figure 2.

Figure 2. Schematic diagram showing the relationship between the local cutting plane coordinate system {t}, the
vehicle body coordinate system {b}, and the position of the rear bottom of the wheel of the vehicle body.
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Due to the rotational relationship between the bottom of wheel and wheel hub, the effect of
rotation on the bottom of wheel position must be considered. This involves analyzing the change in
coordinate increments of the bottom of wheel within the vehicle body coordinate system during
body pitch. The positional relationship during body pitch is illustrated in Figure 3.

Figure 3. Left View During Vehicle Pitching.
Let the right wheel's base point be %, with coordinates (=834 A%,5 /25, /24 By, =h + A0 4
the vehicle body coordinate system. Expressed as a matrix:

d, .
s, + Ax —s3+?-sm¢9
s, S s, S
B =|2L-2+Ap|=|L-2+0 1
P ) 4 25 @D
—h+ Az —hl—i-cosﬁ

S
Among these, " ! denotes the distance between the two positioning antennas, %2 represents

the distance between the left and right wheel hubs, h is the vertical distance from the antenna

positioning center point to the right rear wheel hub D, and % is the distance projected along the X-
axis of the vehicle coordinate system from the antenna positioning center point to the right rear wheel
hub D. Ax, & and Az represent the incremental coordinates of the bottom of the wheel relative to
the wheel hub in the x, y, and z directions of the vehicle coordinate system, respectively. € denotes
the rotation angle of the vehicle coordinate system relative to the local tangent plane coordinate

o is the wheel diameter.

system's X-axis, and
Let the transformation matrix for converting point set coordinates in the vehicle body coordinate
system to the local tangent plane coordinate system be R . The rotation matrix about the Z-axis is R

, the rotation matrix about the Y-axis is R-’, and the rotation matrix about the X-axis is . Then:
cosly —siny 0

R =|smmy cosy O (2)
0 0 1
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—sin@ 0 cosd |
1 0 0
R ={0 cos¢ —sing 4)
0 sing cos¢ |
cos@cosy singsinfcosyy—cos@siny  cos @sinGcosy+sin @siny
R=RRR =|cosfsiny singsin@sinyy+cos@cosy cos@sinGsinyy—sinpcosy (5)

—sin@ singcos @ cos pcos @

Taking the bottom of right wheel as the sampling point, let the position coordinates of the main
antenna in the global coordinate system {e} be <Pa(B, L, H). After Gauss projection transformation to
the local tangent plane coordinate system {t}, the coordinates become Pa(xat, yai, zat). Let the set of
tPa coordinate points for point A of the main antenna in the local tangent plane coordinate system be

G, and the coordinate set of the bottom of right wheel point in the local tangent plane coordinate

system after Euler transformation is 7’;’. Then:

I,=R-B,+G, ©)

o . . B . B, . .
Similar to setting the left wheel center point as ~”, the coordinates of ~# in the vehicle
coordinate system are expressed as a matrix:

—s3+ﬂ-sin¢9
2
s, S
P15 T @)
—hl—i-cosﬁ
L 2 A

The set of points T obtained by Euler transformation of the base point coordinates of a revolver
in the local tangent plane coordinate system satisfies:

T, :R'Blp"'Gd 8)

B,

Let the center point of the rear axle be B, The coordinates of B: in the vehicle coordinate

system are expressed as a matrix:
I.=R-B.+G, ©)

The <Pa point cloud undergoes Gaussian projection and Euler transformation to obtain the

T

coordinate matrices Ylb, b and T, for the right rear wheel bottom layer, left rear wheel bottom
layer, and rear axle center in the local tangent plane coordinate system. Based on these coordinate
positions, the displacement, velocity, and acceleration of the agricultural machinery's wheel bottoms
and rear axle center are derived. These provide the motion-related input variables for analyzing how
hard-surface contour excitation influences the agricultural machinery's pose.

By applying differential operations to the positional time series data from the bottom of the left
and right wheels and the center of the agricultural machinery's rear axle, the corresponding kinematic
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parameters of the machinery can be derived. Specifically, performing first-order differentiation on
the displacement time series of the left and right wheel bottoms yields the linear velocity of the right
wheel bottom, the linear velocity of the left wheel bottom, and the velocity of the agricultural
machinery's rear axle center, respectively.

Taking the calculation of the right wheel's baseline motion parameters as an example, let the

right wheel's baseline velocity be Y and its baseline accelerationbe 7 . Using a discrete difference
form, the calculation yields:

T,[n]-T,[n- 1]”
At

v,,[n] = (10)

vyl =v,[n=1] _ |1, [n]= 2T, [n =11+ T,,[n = 2]|
At - (A1)’

a,ln]= (11)
were, n denotes the time step index, and At represents the sampling interval. For the 10 Hz frequency
data acquisition in this paper, this value is 0.1 seconds.

Similarly, the linear velocity Vi and linear acceleration % of the revolver can be calculated as
follows:

=BTl 1 -

vyl =vyln=1] _|Ty[n1=2T,[n =11+ T, [n - 2]|

a,[n]=-2 13
Center vehicle velocity v", center vehicle acceleration ac, where:
T.[n]-T.[n—1]
v [n]="= - (14)
[7] At
— -1 T 2T [n=11+T.[n-2
o ()= elr1=vLn =11 _[Tn)= 2T [n =)+ 7,0 =2 -

At (At)’
To represent the instantaneous directional change during agricultural machinery movement, the

lateral bottom of the wheel velocity difference AV, and acceleration difference Aa, are
introduced, where:

Av,[n]=vy[n]=v,[n] (16)

Aay[n]=ay[n]-a,[n] 17)

Based on data acquired from satellite positioning and attitude sensors, a complete mathematical
mapping relationship is established through differential operations. This relationship transforms
observational data from various parts of the agricultural machinery into parameters describing the
motion state of the bottom of the wheels and the center of the rear axle. This provides input for
analyzing the relationship between the motion state of the agricultural machinery and the contour
characteristics of the hard bottom layer.

2.2.2. Method for Extracting Contour Feature Parameters of Hard Bottom Layer

Agricultural machinery operates on hard bottom layers, with wheels exerting force upon the
hard bottom layer contour. Due to the absence of shock-absorbing suspension on the rear axle, the
contour surface of the hard bottom layer directly impacts the vehicle's wheels. This force induces
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displacement and attitude changes in the wheels contacting the hard bottom layer. By utilizing GNSS
position and AHRS attitude data from the machinery, discrete point clouds T, (Equation 6) and

Ty (Equation 8) representing the bottom of left and right wheels are reconstructed. Through
automatic sensor calibration, outlier removal, and 3D spline curve denoising of the contour trajectory,
a digital model of the hard bottom layer contour traversed by the machinery is constructed. In
practical field operations, agricultural machinery primarily follows planned straight sections. The
quality of straight-line segment operations critically impacts overall field performance. To extract
representative hard bottom layer trajectory patterns, straight-line segments were isolated from the
full-field hard bottom layer contour. The full-field wheel-bottom trajectory is illustrated in Figure 4.
The actual hard bottom layer contours of the left and right wheels of the agricultural machinery were
isolated. Continuous scattered points were then fitted with spline curves to form smooth hard bottom
layer contours, as shown in Figure 5.

250
-~ Chassis right rear wheel bottom acquisition track ----Chassis left rear wheel bottom acquisition track

[
=]
T

Y-North distance (m)
2

50

1 1 ]
0 50 100 150 200 250
X-East distance (m)

Figure 4. Full-field wheel track pattern.
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Figure 5. Hard bottom layer contour curve: (a) Segmented trajectory; (b) 3D spline curve fitting.
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Based on the coordinate points connecting the 3D spline curve of the hard bottom layer contour,
isolate the contour points of the hard bottom layer in contact with the bottom of left wheel. In the

. . : X, . . X,
local tangent plane coordinate system, the X-axis coordinate valueis “%, Y-axis coordinate value ~*
. . z . . . X . .
, and Z-axis coordinate value “#. Additionally, the X-axis coordinate value ~’*, Y-axis coordinate

value ¥, and Z-axis coordinate value 7> of the hard bottom layer contour points contacting the
bottom of right wheel in the local tangent plane coordinate system, along with the Z-axis coordinate

height difference Az, between the hard bottom layer contours contacting the bottom of left and

right wheels.
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To further analyze the impact of localized characteristics of the hard bottom layer on the
movement state of agricultural machinery, the surface roughness of the hard bottom layer is
introduced to represent the degree of localized undulation. Based on the contour information of the
hard bottom layer, a section spanning the agricultural machinery's wheelbase length was selected
locally. A straight line was fitted using the least squares method, and the height of each point relative
to this fitted line was calculated. The relationship between the hard bottom layer contour, the locally
fitted line segments, and the height of contour points relative to the fitted line is illustrated in Figure
6.

| Local contours | ‘ Local fit line segment ‘

AT,
\V/ %}, s g
[ Distance from the contour poin fo the fit

ed line

Y-Hight (m)

X-Time(s)

VY

DO

Figure 6. Relationship between hard bottom layer, local fitted line segments, and height of contour points

relative to the fitted straight line.

Let the coefficient of the linear term (slope) of the locally fitted line based on the least squares

method be 4, the constant term (intercept) be B, and the distance from the th contour point within
the local region to the fitted line be S Then:
|d%n,—z,+B]
‘Sii — Y 1

VA* + B

where, ' denotes the distance from the i-th contour point to the fitted straight line; '* represents

(18)

the index of the i-th contour point; % denotes the height of the i-th contour point.

Let the local surface roughness at the j-th point on the hard bottom layer be denoted as 4G,

calculated using the following formula:

I (n 1<
Rdj:n—zj‘0 S|dx:n—z;|Si| (19)

where, " represents the sample size within the specified range.

By performing a traversal calculation on the hard-bottom contour collected from the field
according to Equation (19), the continuous surface roughness characteristic values of the hard-bottom
contour traversed by the agricultural machinery can be obtained.

2.2.3. Correlation Impact Analysis Method

When agricultural machinery performs path-following operations, the degree of deviation in
vehicle posture from the planned path serves as a key parameter for evaluating the operational
quality of autonomous agricultural machinery and determining decision-control output. To analyze
how the motion state parameters and hard bottom layer contour feature parameters of agricultural
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machinery affect the deviation of its posture from the planned path, real-time position and heading
are obtained via GNSS. These are then compared with the expected values of the planned path to
derive the perpendicular distance between the vehicle position and the expected path (lateral
deviation) and the angular difference between the vehicle direction and the expected path direction
(heading deviation). Schematic diagrams of lateral deviation and heading deviation are shown in
Figure 7.

0 X

Figure 7. Schematic diagram of lateral deviation and heading deviation in agricultural machinery. Note: In the

(041 (06 Lat

figure, denotes the heading angle deviation, and ¢
indicates the lateral position deviation. The target navigation line is formed by points A and B , with P

represents the target heading angle,

serving as the target navigation point.

The installed GNSS and AHRS systems continuously capture real-time position and attitude
parameters of the agricultural machinery, including antenna elevation, velocity, heading angle, pitch
angle, and roll angle. Building upon the sensor-derived data, the agricultural machinery operational
motion state parameter extraction method described in Section 2.2.1 is employed. Through Euler
transformation, the following motion state parameters are obtained: the bottom of left wheel velocity,
the bottom of right wheel velocity, the bottom of left-right wheel velocity difference, left wheelbase
acceleration, right wheelbase acceleration, left-right wheelbase acceleration difference, vehicle center
velocity, and vehicle center acceleration. Section 2.2.2's hard bottom layer contour feature extraction
method is used to obtain the 3D coordinates of contact points between the agricultural machinery
and the hard bottom layer contour, along with local elevation differences and surface roughness
characteristics. A segmented straight working path was selected. Continuous data sets synchronously
collected by the vehicle-mounted autonomous driving system —including vehicle pose sensors and
operational parameters—were used as the test dataset. Numerical sets for hard bottom layer contour
features and agricultural machinery pose parameters were calculated. The lateral deviation and
heading deviation recorded during operation were analyzed in relation to the hard bottom layer
contour feature parameters and agricultural machinery pose parameters, respectively. To quantify
the linear correlation strength and direction between hard bottom layer contour features and
agricultural machinery motion parameters as multivariate pairwise continuous variables, this study
employs the classical Pearson correlation analysis method. This method calculates the correlation
coefficient between each pair of variables by computing the ratio of the covariance between the
agricultural machinery motion parameters and the hard bottom layer contour feature parameters to
their respective standard deviations multiplied by the position deviation and heading deviation. The
calculation formula is as follows:
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_cov(X,.7)

Px, Y, (20)
0, 0y,

In the equation, ! denotes the sequence number of the variable type representing the contour

feature parameter of the hard bottom layer for agricultural machinery motion parameters; J denotes

Px,y,

the sequence number of the deviation type for agricultural machinery motion; denotes the

cov(X,,Y,)

correlation coefficient between the two variables; denotes the covariance between the

X, Y, oy

. o .. X, Y.
i and ~/ wvariables; . and ¥ denote the standard deviations of the i and "/

variables, respectively.

The correlation coefficient Px., ranges from -1 to 1, where 0 indicates no linear relationship
between two variables, 1 indicates perfect positive correlation, and -1 indicates perfect negative
correlation. By observing the degree of correlation, significant factors influencing lateral deviation
and heading deviation during agricultural machinery movement are analyzed and extracted. Based
on the identified significant factors, field experiments are conducted to analyze how the hard bottom
layer contour characteristics affect the position and orientation of agricultural machinery.

2.3. Extraction of Agricultural Machinery States During Typical Bogging Processes

During paddy field operations, agricultural machinery often becomes bogged down in mud or
soft soil while maneuvering at field edges or working on an unknown hard bottom layer. Unable to
extricate itself, the vehicle becomes stuck, severely reducing operational efficiency. This issue is
particularly critical during unmanned intelligent farming operations, as it necessitates halting the
work program and disrupts continuous operation. Field observations during the application and
promotion of intelligent farm machinery in paddy fields reveal that vehicle entrapment
predominantly occurs when the destruction of the hard bottom layer increases wheel trapping depth.
Farm machinery wheels become embedded in this layer, unable to extricate themselves through their
own propulsion. This typical type of paddy field entrapment is related to the depth and local
characteristics of the hard bottom layer. A schematic illustration of vehicle entrapment is shown in
Figure 8.

(b)

Figure 8. Schematic diagram of a typical vehicle entrapment process.

To analyze the typical vehicle entrapment process of agricultural machinery under hard bottom
layer conditions, operational data from production trials exhibiting typical entrapment scenarios
were extracted for analysis. A digital model of the hard bottom layer in the entrapment field was
constructed using a hard bottom layer digital modeling method. Based on typical bogging incidents
occurring during actual agricultural machinery operations, the hard bottom layer contour was
captured and its characteristic parameters were extracted using the method described in Section 2.2.2.
This process yielded a localized contour model of the hard bottom layer and its characteristic
parameters under typical bogging conditions. The resulting bogging contour model and its locally
magnified region are shown in Figure 9.
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Figure 9. Digital model of hard bottom layer in fields where vehicle trapping occurred.

To analyze the dynamic characteristics of the hard bottom layer contour before and after the
moment of agricultural machinery becoming stuck, the contour feature parameters of the hard
bottom layer were extracted from data collected within 15 seconds before and after the incident. The
data system was configured with a sampling frequency of 10 Hz, enabling the extraction of 300 data
sets for analysis. The study focused on the contour height at the tire-hard bottom layer interface and
the local roughness of the hard bottom layer. Through numerical analysis, a dynamic variation model
of the hard bottom layer contour characteristics under typical entrapment scenarios was constructed.

3. Results and Discussion

3.1. Test Scenario

3.1.1. Paddy Field Operation Test Scenario

An unmanned direct-seeding machine was deployed in rice fields at Guangzhou's Zengcheng
District unmanned farm. The machine integrated agricultural machinery position and attitude data,
and hard bottom layer information collection system integrated onto the unmanned rice direct seeder
to collect real-time position and attitude data. Utilizing hard bottom layer contour acquisition and
feature extraction methods, corresponding contour information was synchronously obtained during
machinery movement. The unmanned rice direct seeder performed automated mechanical seeding
while concurrently collecting hard bottom layer and mud surface data. The planned working path of
the direct seeder is shown in Figure 10(a), and the operational site is depicted in Figure 10(b).

(b)

Figure 10. Planned working path and field site for unmanned direct seeding machine: (a) Planned working path;
(b) Field site.
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3.1.2. Hard Road Surface Test Scenario

Furthermore, to analyze the impact of agricultural machinery movement when traveling along
a hard bottom layer contour with a known fixed elevation difference, two sets of 5cm-high
trapezoidal ridges and two sets of 10cm-high trapezoidal ridges were laid at equal intervals along
the planned agricultural machinery track on a hard cement road. Using automatic straight-line
driving mode, the machinery's single-side wheels directly rolled over the ridges, causing lateral tilt.
The machinery's position and orientation data were collected to analyze the impact of fixed-height
ground contours on its posture through experimental evaluation. The experimental setup is
illustrated in Figure 11, while the actual field test site is shown in Figure 12.

Figure 11. Schematic diagram of hard road surface testing.

i,

(b)

Figure 12. Schematic diagram of hard road surface test: (a) Driving over a 5cm-high trapezoidal ridge; (b)
Driving over a 10cm-high trapezoidal ridge.

3.2. Analysis of the Relationship Between Agricultural Machinery Movement State and Hard Bottom Layer
Characteristic Parameters

3.2.1. Correlation Analysis Results

During paddy field operation trials, the contour characteristics of the paddy field hard bottom
layer and the impact of agricultural machinery movement were analyzed. Data collected from paddy
field operation scenarios were selected and segmented into straight operation path segments. A
dataset comprising 3,091 sets of synchronously collected data from vehicle-mounted position and
attitude sensors and operation parameters via the vehicle-mounted autonomous driving system was
used as the test dataset. Employing the parameter extraction method described in Section 2.2,
calculating parameter sets for hard bottom layer contour characteristics and agricultural machinery
attitude. These parameters were then analyzed against lateral deviation and heading deviation data
collected during operations, with results presented in Table 1.
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Table 1. Correlation analysis between hard bottom layer contour characteristics and agricultural machinery

motion parameters.

Variable Lateral deviation Hfzac.llng
(m) deviation (°)
Pearson Sig. (2- Pearson Sig. (2-
correlation tailed) correlation tailed)
Hardpan feature parameters
X-coordinate of left Wheel—hardpan _040* 0.021 _ 101+ 0.000
contact point (m)
Y-coordinate of left Wheel—hardpan 040* 0.026 101% 0.000
contact point (m)
Z-coordinate of left Wheel—hardpan 156+ 0.000 056+ 0.002
contact point (m)
X-coordinate of r1gh’f wheel-hardpan 040 0.020 _100% 0.000
contact point (m)
Y-coordinate of r1gh’f wheel-hardpan 040* 0.025 100% 0.000
contact point (m)
Z-coordinate of r1gh’f wheel-hardpan 056+ 0.002 ~0.002 0.917
contact point (m)
Height difference betweejn left and right 140 0.000 075 0.000
wheel contact points (m)
Local roughness of contour .094** 0.000 -118** 0.000
Machinery posture parameters
Antenna height (m) 102** 0.000 14 0.000
Speed (m/s) 152%* 0.000 -0.027 0.129
Heading angle (°) -.341** 0.000 -.999** 0.000
Pitch angle (°) .070** 0.000 A51%* 0.000
Roll angle (°) 142% 0.000 .075** 0.000
Left wheel velocity (m/s) 0.017 0.337 -0.010 0.561
Right wheel velocity (m/s) 152% 0.000 -0.019 0.289
Velocity difference between left and right _ gy 0.000 0.024 0.180
wheels (m/s)
Left wheel acceleration (m/s?) -0.002 0913 -0.013 0.458
Right wheel acceleration (m/s?) 0.006 0.732 0.012 0.493
Acceleratlor'l difference between left and _041* 0.021 _131% 0.000
right wheels (m/s?)
Center velocity (m/s) .088** 0.000 -0.019 0.282
Center acceleration (m/s?) 0.002 0.892 0.000 0.995

KR IT %1

indicates significant correlation at the 0.01 level (two-tailed). “*” indicates significant correlation at the 0.05

level (two-tailed).

The correlation strength and direction between the hard-bottom contour features and the
agricultural machinery's position and attitude parameters were determined by combining the results
of significance tests and correlation coefficients. The lateral deviation and heading deviation during
straight-line operation of the agricultural machinery showed extremely significant correlations with
the Z-axis height and height difference of the hard-bottom contour at the bottom of left and right
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wheels, respectively. Simultaneously, both deviations exhibited extremely significant correlations
with the local roughness of the hard-bottom contour. The lateral deviation also exhibited extremely
significant correlation with the linear velocity difference between the bottom of left and right wheels.
The Pearson correlation analysis results provide a reference basis for further analysis of the
agricultural machinery's motion and posture response under hard-surface layer excitation.

3.2.2. Results of Straight-Line Driving Test on Rigid Pavement with Fixed Elevation Difference

1) Fixed wheel angle through the ridge test

Using the fixed wheel angle of agricultural machinery during straight-line travel, a continuous
ridge-crossing test was conducted. By obtaining rear wheel center trajectory data, the heading and
heading change rate of a single wheel crossing ridges were analyzed. The front wheels of the rice
transplanter's mobile chassis had a diameter of 650 mm, while the rear wheels measured 950 mm in
diameter. The speed was set to the field operation speed of 1 m/s. The front and rear wheels traversed
two 5 cm-high ridges and two 10 cm-high ridges respectively, comprising a total of eight stages
designated as A-1, B-1, A-2, B-2, C-1, D-1, C-2, and D-2. The planar trajectory of the agricultural
machinery traversing the ridge platform during all stages is shown in Figure 13(a), while the heading
changes are depicted in Figure 13(b). Simultaneously, the heading and heading change rate during
the machinery's passage over the ridge platform were acquired, with the results presented in Figure
14. The stage numbers and descriptions for the entire test process are detailed in Table 2.

16 - Agricultural machinery movement trajectory 80 - Real-time heading (?f agricuftural Tachinery
' B-1 A-l
15 - A2 ~
Cil / 82

1.4 3
c 1 c o
g13 4 S84/ T
e 2y 5]
®12 7 2 2
ko] ; = 4
= l‘/ -a ;J
€11 o -86 1
z I :
> ql >

88l _— B2
09- / TA2
— B-1
08¢ /. s ‘ s ; s J 00— A1 ‘ ‘
-14 -12 -10 -8 ) 6 -4 -2 0 0 100 200 300 400 500
X-East distance (m) X-Sample size
(a) (b)

Figure 13. Trajectory curve and heading change rate of agricultural machinery: (a) Trajectory of agricultural
machinery traversing ridge platforms; (b) Heading changes during agricultural machinery traversal of ridge

platforms.

Table 2. Heading variation during ridge crossing.

Stage Heading Maximum heading

Descrioti Headine (¢

ID escription eading () Change (°)  change rate (°/s)

A-1 Front wheel crossing the first 5 cm ridge  -89.15 0.85 6.694

B-1  Rear wheel crossing the first 5 cm ridge  -88.66 0.49 6.039

A Front wheel crossing the second 5 cm 8785 0.81 8259
ridge

B2 Rear wheel crossing the second 5 cm 8737 0.48 7023
ridge

C-1 Front wheel crossing the first 10 cm -85.06 231 13.57
ridge

D-1 Rear wheel crossing the first 10 cm 8372 134 10.49

ridge

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1890.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 November 2025 d0i:10.20944/preprints202511.1890.v1

16 of 27

Stage Heading Maximum heading
Description Heading (°
ID P &0 Change (°)  change rate (°/s)
Front wheel crossing the second 10 cm
c2 g -81.32 2.4 12.88
ridge
Rear wheel crossing the second 10 cm
D-2 8 -80.15 1.17 7.552
ridge
—_ ----Real-time heading of agricultural machinery ---Rate of Heading Change
T -80 \ T \ P s — — 114
Z\ }53;457 'vwzss
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s | w0 =
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Figure 14. Heading and heading change rate during the process of agricultural machinery traversing ridge

platforms.

As shown in Figure 13 and Table 2, the trajectory tracking results for single-wheel crossing of
ridges indicate that when both front and rear wheels continuously traverse a ridge, the agricultural
machinery's heading persistently deviates toward the side with the ridge. The heading variation
range when crossing a 5 cm-ridge was 0.48°-0.85°, while crossing a 10 cm-ridge resulted in a variation
range of 1.17°-2.40°. The heading change caused by a 10 cm obstacle was 2-3 times that of a 5 cm one,
indicating that ridge height is the primary influencing factor —consistent with the correlation analysis
results.

As shown in Figure 14 and Table 2, from the perspective of heading change rate, the front wheel
(diameter 0.65 m) exhibited an average heading change rate of 7.48°/s when traversing a 5 cm
obstacle, while the rear wheel (diameter 0.95 m) averaged 6.53°/s. This indicates a reduction of
approximately 12.6% in the rear wheel's heading change rate compared to the front wheel. When
traversing a 10 cm ridge, the front wheel exhibited a phase-average heading rate of 13.23°/s, while
the rear wheel recorded 9.02°/s, indicating a reduction of approximately 31.8% in the rear wheel's
heading rate compared to the front wheel. Larger-diameter wheels demonstrate greater stability
when traversing ridges than smaller wheels, a characteristic that becomes more pronounced when
navigating higher ridges.

A regression model was developed with ridge height and wheel diameter as independent
variables, and the heading change as the dependent variable, as follows:

Yy = 143667 +22.95x h, —2.40833%d, (21)
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h, d

where Y yaw represents the heading change value, represents the ridge height, and “«
represents the wheel diameter.

The regression model achieved a coefficient of determination (R?) of 0.92356 and a sum of
squared errors (SSE) of 0.30436. The comparison between the measured and predicted heading

change values is presented in Table 3 and Figure 15.

Table 3. Comparison between actual and predicted heading change values.

Sample Ridge Wheel diameter Actual heading Predicted heading
No. height (m) (m) change (°) change(®)

1 0.05 0.65 0.85 1.02
2 0.05 0.95 0.49 0.3

3 0.05 0.65 0.81 1.02
4 0.05 0.95 0.48 0.3

5 0.1 0.65 2.31 217
6 0.1 0.95 1.34 1.44
7 0.1 0.65 24 2.17
8 0.1 0.95 1.17 1.44

. |=—Real Yaw Change(°) —Predicted Yaw Change(°)|

Yaw change (°)

1 2 3 4 5 6 7 8
Sample number

Figure 15. Comparison between measured and model-predicted heading change values.

To further observe the dynamic process of height differences and their rate of change between
the left and right rear axles of agricultural machinery caused by the ridge, the height differences and
their rates of change at each pass stage were extracted, as shown in Figure 16.

As shown in Figure 16, whether traversing a 5 cm or 10 cm ridge, the front wheels exhibit
minimal impact on the rear axle height difference (within 1 cm). However, when the rear wheels pass
over the ridge, the rear axle height difference closely matches the ridge height, measuring 5.5 cm, 5.9
cm, 10.6 cm, and 10.8 cm respectively. Therefore, the front suspension system effectively counteracts
terrain effects on the vehicle body when the front wheels traverse the ridges. The rear axle, lacking
suspension damping, perceives the actual contour features of the hard subsoil layer when the rear
wheels pass over it. The primary factor influencing the roll attitude of the agricultural machinery lies
in the terrain characteristics encountered during rear-wheel traversal. Consequently, when
considering control compensation for the machinery, the focus should be on the rear wheels and the
terrain features they encounter during passage.
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Figure 16. Dynamic process of height difference between left and right rear axles and its rate of change.

2) Straight-line autonomous driving passes ridge test

During straight-line autonomous driving trials on ridges, the agricultural machinery traversed
four ridges of identical specifications using straight-line assisted driving. The planar trajectory of the
positioning antenna is shown in Figure 17. Using the sensor data calibration method(Tu et al., 2023),
the roll system error was determined to be -2.429°, the pitch system error was 0.846°, and the heading
system error was -1.103°. The rear axle center and bottom of the wheel trajectories are shown in Figure
18.

w
()}

- Positioning antenna trajectory —Planned heading

w
o
T
4
7

- N N
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T T T

7
| | L

Y-North distance (m)

-
o
T

I

0 L L L L L
0 02 04 0.6 0.8 1 1.2 1.4

X-East distance (m)
Figure 17. Positioning antenna trajectory and planned heading.

Based on the acquired positioning data, analyze the deviation of the antenna from the expected
path as the agricultural machinery passes through each ridge. Combined with the acquired vehicle
posture data, determine the deviation of the center of the rear axle and the center of the line
connecting the bottom of left and right wheels from the expected path. The acquired antenna
trajectory and its lateral deviation are shown in Figure 19. The acquired rear axle center trajectory
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and its lateral deviation are shown in Figure 20. The acquired centerline trajectory of the bottom of
left and right wheels and its lateral deviation are shown in Figure 21.

+ Main antenna positioning track -~ Chassis right rear wheel bottom acquisition track
-——Chassis left rear wheel bottom acquisition track Rear axle center track

— 7\“""\_
E26 i
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=
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NI‘ o
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Y-North distance (m) -2 X-East distance (m)

Figure 18. Primary positioning antenna, rear axle center, and wheel track.
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Figure 19. Antenna trajectory and its lateral deviation: (a) Antenna trajectory; (b) Antenna lateral deviation.
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Figure 20. Center trajectory of the rear axle on agricultural machinery and its lateral deviation: (a) Center

trajectory of agricultural machinery rear axle; (b) Lateral deviation of agricultural machinery rear axle center.
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Figure 21. Center trajectory of the line connecting the left and right wheel bottoms and its lateral deviation; (a)

Center trajectory of wheelbase connection lines; (b) Lateral deviation of wheelbase connection line center.

Results indicate that when traversing a 5 cm ridge section, the standard deviation of antenna
lateral deviation was 0.0143 m, the standard deviation of rear axle center lateral deviation was 0.0109
m, and the standard deviation of left/right wheelbase center lateral deviation was 0.0108 m. When
traversing the 10 cm ridge section, the standard deviation of antenna lateral deviation was 0.0200 m,
the standard deviation of rear axle center lateral deviation was 0.0107 m, and the standard deviation
of left/right wheelbase center lateral deviation was 0.0112 m; During the entire passage over 5cm and
10cm ridges, the standard deviation of the antenna lateral deviation was 0.0182 m, the standard
deviation of the rear axle center lateral deviation was 0.0108 m, and the standard deviation of the left
and right wheelbase center lateral deviation was 0.0111 m. Detailed information is shown in Table 4
and Figure 22.

Table 4. Standard deviations of lateral deviations for different sections.

Section Antenna lateral Rear axle center lateral Rear wheel midpoint lateral
ecto deviation SD (m) deviation SD (m) deviation SD (m)
5 cm Ridge 0.0143 0.0109 0.0108
10 cm Ridge 0.0200 0.0107 0.0112
Entire section
0182 .01 0111
(5 cm + 10 cm) 0.018 0.0108 0.0

Comparison of lateral deviation standard deviations

0.02,
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—=—Rear axle center
—A—Rear wheel midpoint

0.019
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0.016

Y-Lateral deviation SD (m)
© o o
o o o
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0.012
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Figure 22. Comparison of standard deviations for lateral deviations across different sections.
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As shown in Table 4 and Figure 22, when the agricultural machinery traversed 5 cm and 10 cm
ridges respectively, the standard deviation of the positioning antenna heading deviation increased
from 0.0143 m to 0.0200 m —nearly doubling. Meanwhile, the standard deviation of the heading for
the attitude-corrected rear axle center and bottom of the wheel center remained virtually unchanged
at approximately 0.01 m. This indicates that single-side passage over ridges causes lateral
displacement of the higher-positioned antenna, while the machine itself does not experience lateral
slip. The attitude-corrected rear axle center and bottom of the wheel center more accurately represent
the machine's true real-time position and its actual deviation from the planned path.

The lateral roll angle generated by the height difference between the left and right wheels of the
agricultural machinery can be visualized from the rear view as the machinery rotating about the
center point O at the base of the left and right wheels, as shown in Figure 23.

1 s

Figure 23. Schematic diagram showing antenna position deviation when the agricultural machinery rolls

compared to the horizontal position.

Based on geometric relationships, the theoretical model for the antenna position deviation
relative to the horizontal plane during agricultural machinery rollover is as follows:

hz
o = arctan — (22)
Sy

$H 78 858
———Cosx 23
7 7 ) (23)

[, =h;sino—(

In the equation, & represents the vehicle roll angle caused by the height difference between
the left and right wheels, h denotes the height difference between the left and right wheels, 5
indicates the rear track width of the agricultural machinery, L shows the offset of the antenna

position relative to the horizontal plane during roll, by is the height of the antenna above the bottom

of wheel, and %2 is the symmetrical mounting distance between the dual antennas.

From the theoretical model Equation (23) and numerical results (Table 4 and Figure 22) for
antenna position deviation relative to horizontal during the entire process of agricultural machinery
rolling over ridges, it can be observed that the hard bottom layer contour significantly affects the
lateral deviation of the positioning antenna. The deviation of the antenna position from the horizontal
during machine rollover is proportional to the height difference between left and right wheels and
the installation height of the antenna relative to the bottom of wheel. Specifically, when the machine
rolls 1.91 degrees and 3.81 degrees over the tested 0.05 m and 0.1 m high ridges, the antenna position
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deviates 0.083 m and 0.166 m from the horizontal, respectively. After attitude correction calculations,
the lateral deviation accuracy of the rear axle center and left/right wheel bottom centers relative to
the positioning antenna improved by 40.7% and 39.0%, respectively.

3.3. Analysis of the Impact of Paddy Field Hard Bottom Layer on Typical Agricultural Machinery Bogging
Incidents

During paddy field operation trials, data on the hard bottom layer contour and agricultural
machinery attitude were extracted during the process of machinery becoming stuck due to hard
bottom layer depression. To analyze the complete process of becoming stuck, data from 15 seconds
before and after the incident were extracted for analysis. The surface points of the extracted hard

bottom layer contour are shown in Figure 24.
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Figure 24. Surface points of the hard bottom layer 15 seconds before and after vehicle entrapment.

Referring to the correlation analysis results in Section 3.2.1, under unmanned operation
conditions, the positional deviation of agricultural machinery exhibits extremely significant
correlations with both the hard-bottom layer height and the local roughness of the hard-bottom layer
contour surface. This section analyzes the hard-bottom layer height and local roughness across 300
data sets collected before and after vehicle entrapment. The relationship between hard-bottom layer
height and local roughness changes during the 15 seconds preceding and following entrapment is
illustrated in Figure 25.
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Figure 25. Relationship between hard substrate height and local roughness change before and after 30 s trapping;:
(a) Height variation contour of the hard bottom layer contour; (b) Local roughness variation contour of the hard

bottom layer contour; (c¢) Hard bottom layer contour height variation and local roughness variation curves.

To visually illustrate the changes in the hard bottom layer contour and surface roughness before
and after vehicle entrapment, contour points of the hard bottom layer and local contour points were
plotted at 0.1-second intervals over a 30-second period before and after entrapment. Fitted straight
lines were then calculated for the local roughness, as shown in Figure 26.
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Figure 26. Changes in hard substrate height and local roughness from 15 s before to 15 s after trapping: (a) -15 s
~-10s; (b) -10 s~-5; (¢) -55~0s; (d) 0s~5s; (e) 5s~10s; (f) 10 s~15s.

As shown in Figures 25 and 26, during the normal operation segment (-15 s to -5 s) in paddy
fields, the average elevation of the hard bottom layer contour tends to stabilize. Adjacent local
contour fitting lines exhibit an alternating pattern, with the local roughness of the hard bottom layer
contour fluctuating between 0.002 and 0.008. During the pre- and post-vehicle- trapping segments (-
5 s to 5 s), as the vehicle approaches a low-lying area, the hard bottom contour elevation drops
sharply. Adjacent local contour fitting lines exhibit a rapid downward shift, and the local roughness
of the hard bottom contour increases dramatically. At the moment of initial trapping (“0 s”), the local
roughness value peaks at 0.0125. During the post- trapping phase (5 s-15 s), The slip ratio between
the agricultural machinery wheels and the hard base layer increases to pure sliding. The contour
elevation of the hard base layer decreases gradually, and the adjacent local contour fitting lines
exhibit a slow downward shift. The local roughness of the hard base layer contour decreases sharply,
with the local roughness value dropping to 0.0014, approaching the 0.0011 value observed during
idle parking.

Based on changes in contour elevation and local roughness, construct segmented discriminant
functions for pre- and post-wheel- trapping states. Let the agricultural machinery's motion state at

time [ be $%@%€(?) the hard-bottom layer elevation change rate be (Y, and the local roughness be

R(®) | the local roughness change rate is X(), the upper threshold for roughness is %, and the

contour height change rate threshold is €t Then:

NORMAL, H(t)|<e, AOSR(@)<R,,

State(t) = { RISK, (Imminent vehicle bogging) H (tH)<0A 1.3(1,‘) 20AR(t)=R,, (24)
TRAPPED.,(Trapped vehicle) H (t)<O0A iZ(t) <0
UNKNOWN, Otherwise.

Based on Figures. 25 and 26 and the segmented vehicle-trapping discrimination function (24), it
is evident that in typical vehicle- trapping scenarios on paddy fields, when a decline in the hard-
bottom contour is detected alongside a sharp increase in local roughness exceeding the upper
threshold of 0.01, the agricultural machinery faces a risk of trapping. When a decrease in the hard-
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bottom contour is detected alongside a decrease in local roughness values, it indicates that the
agricultural machinery has become trapped. This provides a basis for predicting trapping incidents
caused by hard-bottom depressions in paddy fields and for designing post-trapping recovery
strategies.

4, Discussion

This study investigates the influence patterns of hard-bottom layer contours on the position and
attitude changes of agricultural machinery. By integrating GNSS and AHRS sensors, a system for
collecting position/attitude and hard-bottom layer information was established, revealing the
mechanism by which typical paddy field terrain features affect the attitude response of unmanned
agricultural machinery during operation. The findings indicate that the geometric characteristics and
local roughness parameters of the hard bottom contour significantly influence the heading stability,
lateral stability, attitude changes, and trapping risk of agricultural machinery. This research provides
crucial theoretical and technical support for path planning and driving control in unmanned
precision agricultural operations.

The proposed method for acquiring hard-bottom contour data and integrating pose information
achieves the acquisition and fusion of motion state data from multiple key points (antenna, wheel
bottom, rear axle center) by mounting GNSS and AHRS on the power chassis of a rice transplanter.
This provides a foundation for dynamic analysis of agricultural machinery's attitude response
characteristics. The study reveals the influence patterns of ridge height and local roughness variations
on heading deviation and attitude response, providing a basis for speed control and path tracking of
agricultural machinery in complex terrain. Notably, the finding that a 10 cm ridge causes 2-3 times
greater heading deviation than a 5 cm ridge indicates terrain undulations significantly impact path
accuracy in autonomous agricultural machinery. Large-diameter tires effectively mitigate this effect,
offering a mechanical design approach to enhance driving stability.

Additionally, after correcting the positional deviations of the rear axle center and bottom of the
wheel center using the attitude correction algorithm, the lateral deviation accuracy improved by
approximately 40% compared to antenna measurements. This demonstrates the feasibility and
necessity of the attitude fusion correction algorithm for enhancing positioning accuracy. These
findings provide practical guidance for optimizing attitude solution models and improving multi-
sensor fusion algorithms in unmanned agricultural machinery.

The results of the vehicle trapping test indicate that when the hard-bottom contour drops
sharply within a short time and the roughness increases to 0.01, agricultural machinery is prone to
trapping. This validates that the hard-bottom contour parameters can serve as key indicators for
predicting trapping risk and establishes a segmented discrimination function for trapping states. This
provides criteria for establishing pre-trapping warnings and escape strategies during unmanned
operations. By integrating real-time hard-bottom contour change rate and roughness threshold
parameters into the autonomous control system, adaptive adjustments to speed and posture response
strategies can be achieved during operations, thereby enhancing operational safety and continuity.

However, since the experimental platform utilizes a rice transplanting power chassis, the
stiffness and vibration characteristics of the sensor mounting location exert a certain influence on
measurement accuracy under bumpy terrain conditions. Future improvements in data stability can
be achieved through structural optimization and high-precision attitude fusion algorithms.
Furthermore, the hard-bottom contour sampling range and temporal resolution in this study remain
confined to offline processing. Integrating real-time data streams for dynamic modeling and feature
recognition could enable online assessment and adaptive control of agricultural machinery operation
status, representing a key direction for future research.

In summary, the proposed method for analyzing the influence of hard bottom contours on the
position and attitude changes of agricultural machinery not only provides a theoretical basis for
revealing the relationship between terrain and the dynamic response of agricultural machinery, but
also offers technical references for unmanned precision operation path planning, vehicle entrapment
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early warning, and agricultural machinery structural optimization. This holds significant importance
for advancing the autonomous perception and intelligent decision-making capabilities of smart
agricultural machinery systems.

5. Conclusions

To reveal the influence patterns of hard bottom contour on changes in the position and attitude
of agricultural machinery during operation, this study utilizes a rice transplanter chassis equipped
with GNSS and AHRS to establish a platform for synchronous acquisition of agricultural machinery
position/attitude data and hard bottom contour information. It proposes a method for analyzing the
correlation between operational movement states and contour feature parameters, revealing the
influence patterns of hard bottom contour characteristics on agricultural machinery attitude response
and the mechanism of vehicle entrapment. Key findings include:

(1) A platform for acquiring agricultural machinery pose information and hard-bottom contour
features was established. Through multi-sensor fusion of GNSS and AHRS, continuous collection of
agricultural machinery operating status and parameters such as hard-bottom elevation and local
roughness was achieved, ensuring high-precision data acquisition and temporal consistency. A pose
response model for key components of agricultural machinery was constructed.

(2) A correlation analysis method was established between the movement state of agricultural
machinery and the contour features of the hard bottom layer. Results indicate that the lateral
deviation and heading deviation of the machinery exhibit extremely significant correlations with the
Z-axis elevation difference between the bottom of left and right wheels and the local roughness of the
hard bottom layer contour, respectively. Changes in ridge height significantly affect the machinery's
heading. A mathematical model for agricultural machinery heading response based on hard-bottom
elevation differences and wheel diameter was constructed, achieving a coefficient of determination
R? of 0.92. Field tests confirmed that when ridge height increased from 5 cm to 10 cm, the magnitude
of heading deviation was 2-3 times greater than at the lower height, validating both the significant
impact of terrain undulations on driving stability and the reliability of the model.

(3) The attitude response and correction characteristics of wheeled agricultural machinery
during ridge crossing were elucidated. Under typical ridge-crossing conditions, large-diameter
wheels effectively mitigate heading rate changes caused by terrain disturbances, demonstrating
superior driving stability. The front axle suspension system reduces the impact of hard-surface
excitation, while the machine's roll attitude is primarily influenced by terrain features encountered
by the rear wheels. A theoretical model was developed to predict antenna position deviation relative
to the horizontal plane during machine roll. Experiments demonstrate that after attitude correction,
lateral deviations at the rear axle center and bottom of the wheel center remain within 0.0108-0.0112
m, improving positioning accuracy by 40.7% and 39.0% respectively compared to direct antenna
measurements, validating the effectiveness of the attitude compensation and motion correction
models.

(4) A vehicle bogging-in identification and early warning criterion based on dynamic changes in
the hard-bottom contour was proposed. In typical bogging-in tests, when a rapid decrease in hard-
bottom elevation accompanied by a sharp increase in local roughness exceeding 0.01 is detected
within a 5-second timeframe, the agricultural machinery is deemed to be in an imminent bogging-in
state. If roughness simultaneously decreases, it indicates that trapping has already occurred. This
reveals the dynamic evolution patterns of hard-bottom elevation and local roughness before and after
trapping, establishing a segmented discrimination function for agricultural machinery trapping
status. This provides a theoretical basis for 5-second advance warning and escape control strategies
before typical trapping events.

This study investigates the influence of hard bottom contours on the position and attitude
changes of agricultural machinery during movement. It establishes quantitative relationships among
hard bottom contour characteristics, agricultural machinery attitude responses, and vehicle
entrapment states. The findings provide theoretical foundations and technical support for intelligent
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path tracking control, chassis structure optimization, and unmanned precision operations in
agricultural machinery. This research holds significant importance for enhancing the intelligence
level and operational efficiency of paddy field machinery.
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