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Abstract: In complex orchard environments, orchard mowing robots are prone to longitudinal
slippage because of the characteristics of tires and the adhesion conditions of the road surface, which
makes it difficult for the robots to maintain high-precision path tracking and autonomous navigation
positioning. This not only affects the accuracy of path tracking but also leads to unstable motion for
the mowing robots. To solve the above problems, we take an orchard mowing robot as the control
object and establish a cascaded path-tracking controller and an adaptive time domain model based
on a kinematics model. By designing a linear error model, an objective function, and constraint
conditions for the mowing robot, the optimal linear velocity and angular velocity of the mower are
obtained and converted into the speed of the driving wheel. Then, an anti-slip driving controller is
designed based on fuzzy control of the slip rate. The slip-rate-based fuzzy controller is constructed
according to the real-time speed of the mower and the reference speed of the driving wheel solved by
the model predictive controller, and anti-slip driving control is implemented through a combination
of a PID controller and a tire dynamics model. To verify the effectiveness of the proposed method,
simulation and field experiments are conducted. The experimental results show that the slip rate
of the driving wheel of the mower remains within the target slip rate range in the orchard working
environment, avoiding excessive driving wheel sliding. Furthermore, the average lateral error of the
path-tracking controller is controlled within 0.05 m, and the average value of the longitudinal error is
kept within 0.04 m, which satisfies the control accuracy requirements of lawn mower operations. The
proposed method provides a reference optimization scheme for improving the path-tracking and
motion stability of a mowing robot.

Keywords: mowing robot; path tracking; model predictive control; fuzzy control; slip rate

1. Introduction

Weeds pose a significant threat to the growth of fruit trees and affect the growth of
fruit in orchards. Orchard weeding is an important part of fruit production, and mowing
machinery can be used to effectively remove weeds and promote fruit tree production.
Traditional weeding machinery has a large manual workload and high labor intensity
and requires large amounts of manpower, funds, and time, seriously affecting the large-
scale development of orchards [1]. In recent years, unmanned lawn-mowing robots have
emerged and have become widely used. With their flexible motion modes and precise
navigation and positioning systems, they have been widely used in work environments
with simple terrain, effectively reducing labor costs and labor intensity [2]. However, the
robot is affected by the complex orchard environment, which makes it easy for it to slip
and pitch, as well as making it prone to other difficulties. During orchard operations,
the posture of the mowing robot fluctuates greatly because of many interference factors.
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Therefore, it is necessary to solve the problem of mowing robots having difficulty carrying
out autonomous operations and maintaining path tracking smoothly.

Safe operations and path tracking are the core research issues related to unmanned
lawn-mowing robots. Among them, control algorithms directly affect the stable operation
of lawn-mowing robots and the accuracy of automatic navigation and positioning systems,
thereby affecting the efficiency of lawn-mowing and fruit tree production. In recent years,
scholars have conducted extensive research on the work efficiency, continuous and stable
operation, and path-tracking control of unmanned agricultural machinery in complex
operating environments, mainly using model predictive control (MPC), fuzzy control,
pure tracking control, PID control, and linear quadratic regulator (LQR) control [3–10].
Yangyang [11] proposed an agricultural machine path-tracking algorithm based on optimal
target points. Compared with the Pure Pursuit algorithm, the tracking error is reduced by
more than 20%, and the tracking accuracy is significantly improved. Chenyuan Sun [12]
proposed a distributed-drive agricultural vehicle based on multi-information fusion, in
which the torque required by the wheels is distributed through a sliding mode control and
incremental proportional integral control so that the total traction coefficient of each wheel
is consistent, and the vehicle runs in a straight line to solve the problem of excessive wheel
sliding, but the accuracy of path tracking is not solved.

However, these algorithms generally ignore the kinematics of agricultural machinery
during driving and the dynamic constraints of the vehicle body. Model predictive control
can establish corresponding models for special problems, consider multiple system con-
straints, predict future times, and conduct rolling optimization online in real time. Numer-
ous studies have shown that the MPC algorithm is well suited for path-tracking problems
with high real-time requirements, high accuracy requirements, and multi-input/output
system constraints [13,14]. Guohai Liu [15] built a path-tracking controller and a self-
tuning controller based on the kinematic model of a four-wheel independent-drive high-
clearance spray. The model predictive controller was used as the main controller to achieve
path-tracking control so that the lateral deviation of the spray could be controlled within
0.0141 m. Jiahong Xu [16] focused on the operational efficiency of agricultural machinery
and proposed a new efficiency-oriented model predictive control (EfiMPC)-based path-
tracking control algorithm to achieve optimal control and further improve the operational
efficiency of agricultural machinery. Manikandan Sundaram [17] proposed an improved
curve perception MPC (C-MPC) algorithm for navigating curved paths; their approach
can effectively eliminate path noise on terrain such as farmland and has low horizontal
and vertical errors. Jie He [18] established a kinematic model based on modifying the
position and pose of agricultural machinery to obtain a linear error model, an objective
function, and constraint conditions for agricultural machinery to perform path tracking,
aiming at the sideration and skidding of agricultural machinery in a complex paddy field
environment. The agricultural machinery body was taken as the control object, and the
agricultural machinery position and pose were taken as the observation values. The av-
erage root-mean-square error of the three-line path-tracking result was 0.043 m, and the
average absolute error was 0.033 m. Huang [19] proposed an integrated kinematics and
dynamics model for unmanned vehicles, proposed a path-tracking controller based on
MPC, and conducted a VE-DYNA-Simmink cosimulation under different speeds and road
friction coefficients. The results showed that the algorithm has good tracking performance.
Linhe Ge [20] designed an offset-free MPC solver that uses MPC to directly solve longitudi-
nal and transverse coupling problems. Simulation results showed that the algorithm could
attain better tracking accuracy and high-speed stability by considering longitudinal and
transverse coupling constraints. The average time required to complete all computations
was only 5 ms.

In summary, a path-tracking algorithm based on MPC can effectively solve the prob-
lems of agricultural machinery in navigation and path tracking, but it does not solve the
problem of the driving wheel skidding in the orchard environment. In this paper, a cascade
path-tracking control method for orchard mowing robots is designed, which is based on
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the linear time-varying kinematic model of a four-wheel mower. The fixed time domain
is difficult to adapt to the complex orchard environment, and to solve that problem, an
adaptive time domain model predictive controller is designed. Aiming at the complex and
varied road conditions of the orchard, a driving anti-skid controller was constructed using
fuzzy control and the PID algorithm to realize driving anti-skid control. The proposed
method improved the stability and the path-tracking accuracy of an orchard mowing robot.

2. Materials and Methods
2.1. Test Materials

To test the proposed path-tracking control method for an orchard mowing robot based
on cascaded MPC and anti-skid drive control, the four-wheel differential mowing robot
developed by the National Lychee and Longan Industrial Technology System Team of South
China Agricultural University, which is mainly composed of a driving system, mowing
system, and control system, is used as the experimental platform. The mowing system
is connected to the body through an electric push rod, and the stubble-height CAN is
adjusted through the electric push rod. The MPC controller is connected to the lower
machine controller through the CAN port, which coordinates with the rotary coding sensor
to control the motion of the mower. Figure 1 shows the mowing robot prototype. Table 1
shows the main technical parameters of the mowing robot.
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Figure 1. Lawn mower and sensors.

Table 1. Main technical parameters of the lawn mower.

Technical Parameters Parameters

Length × width × height 1051 × 831 × 460 (mm)
Wheel track (B) 593 (mm)
Wheelbase (L) 715 (mm)
Working speed 0–1.5 (m/s)

Drive form Four-wheel independent drive
Communication interface CAN

Mowing robot quality 70 ± 1 (kg)
Wheel radius 165 (mm)

Rated motor power 350 (W)
Maximum motor speed 1500 (rad/min)

The position, attitude (heading angle, pitch angle, and roll angle), angular velocity,
acceleration, and traveling speed of the mowing robot are measured using GPS, an IMU,
and a wheeled odometer, as shown in Figure 1. The IMU sensor is installed horizontally
forward inside the body shell, GPS antennas are installed in pairs on the roof, and the
encoder is installed coaxially with the motor. The static measurement accuracy of the
IMU sensor is 0.05◦, the dynamic measurement accuracy is 0.1◦, and the maximum output
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frequency is 400 Hz. During testing, the update frequency of the IMU is set to 50 Hz, and
that of the GPS is set to 10 Hz.

The speed of the four wheels of the mowing robot is measured by an OMRON
photoelectric encoder, as shown in Figure 1. The resolution of the adopted encoder is
2000 pulse/rotation (P/R), and the sampling period of the wheel speed is set to 20 ms
for testing.

2.2. Experimental Methods
2.2.1. Method Design for Measuring the Slip Rate of a Mowing Robot

In the orchard environment, the running speed of the mowing robot and the motion
path are set as shown in Figure 2. Through autonomous navigation, the starting point and
ending point of the mowing robot are set, its real-time speed and the real-time speed of
the four wheels in the motion path are recorded, and the real-time slip rate of the mowing
robot is obtained under the working state according to the real-time speed of the mowing
robot and the motor speed.
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2.2.2. Path-Tracking Parameter Definition

To verify the effectiveness of the control method proposed in the following section, a
four-wheel differential lawn mower platform is used to perform a path-tracking experiment
and a slide rate control experiment in a standard orchard at South China Agricultural
University. According to the actual situation of the orchard, the operation route of the
lawn mower adopts a full coverage path. At the same time, to ensure that the simulation
path is consistent with the actual working path of the lawn mower, the standard orchard is
measured. The distance of each straight path is approximately 25 m, and the turning path
is approximately 10 m.

Path tracking requires not only the state quantity of the lawn mower itself but also
the corresponding reference path, which consists of information such as the position and
attitude tracked by the lawn mower. Before building the control system, the reference path
needs to be defined, as shown in Figure 2. Navigation equipment can provide effective
positioning data, mainly using the longitude, L; latitude, B; and heading angle, ϕ. The
reference path is generally composed of discrete reference waypoints, whose coordinates
are longitudes and latitudes (L,B,ϕ) in the WGS-84 coordinate system. It is necessary
to first convert these coordinates to the geodetic coordinate system (the Gauss–Kruger
projection method is adopted) [21] and then to the body plane coordinate system [13], and
the reference path obtained after transformation is used as the simulation reference path
in MATLAB.

3. Mower Path-Tracking Controller Design Based on Adaptive MPC and
Slip-Rate-Based Fuzzy Control
3.1. Four-Wheel Differential Kinematic Model of the Lawn Mower

Regarding the wheeled lawn mower platform, the motor can drive the wheels and
change the wheel speeds independently. Therefore, the essence of path tracking for the
lawn mower is to adjust the torque of each wheel in real time. The torque outputs of
different wheels control the motor, allowing the speeds of the lawn mower in different
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directions to be generated to realize straight running and steering for the lawn mower.
Because the mower uses differential steering, in which the left and right wheels of the
mower run at different speeds, the mower is able to turn. Therefore, the geometric center of
the robot is taken as the origin of the coordinate system of the lawn mower, and c denotes
the instantaneous center of the lawn mower’s steering. A kinematic model of the lawn
mower is developed in Figure 3.
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Taking the forward direction of the lawn mower body as the x-axis, the rotation axis is
perpendicular to the vehicle and upward, and the counterclockwise direction is specified
as forward rotation without considering the lateral motion of the body, ω (i = 1, 2, 3, 4), or
the rotational speeds of the four wheels, namely, the motor speed; v is the translational
speed of the mower along the x-axis, and v is the angular velocity of the geometric center
of the mower. The angle between the actual velocity of the tire and the orientation of the
tire is the tire sideslip angle.

After completing the corresponding matrix transformation, the state equation of a
four-wheel independent-drive lawn mower can be derived, as shown in Equation (1):


.
x
.
y
.
θ

 =

 cosθ 0
sinθ 0

0 1

( v
ω

)
=

 r
4 cosθ r

4 cosθ r
4 cosθ r

4 cosθ
r
4 sinθ r

4 sinθ r
4 sinθ r

4 sinθ
− r

2B − r
2B − r

2B − r
2B




ω1
ω2
ω3
ω4


=

 1
4 cosθ 1

4 cosθ 1
4 cosθ 1

4 cosθ
1
4 sinθ 1

4 sinθ 1
4 sinθ 1

4 sinθ

− 1
2B − 1

2B − 1
2B − 1

2B




v1
v2
v3
v4


(1)

where ωi (i = 1, 2, 3, 4) refers to the wheel angular velocity, r is the wheel radius of the
lawn mower, vi (i = 1, 2, 3, 4) is the wheel edge line velocity, B is the track width, and
ω and v are the angular velocity and linear velocity of the geometric center of the lawn
mower, respectively.

As shown in Equation (1), the motion state of a four-wheel independent-drive lawn
mower in the x- and y-axis directions is described, and the components, angular velocity,
and wheel rotation angular velocity of the lawn mower travel speed along the x and y
coordinate axes are determined, ωi (i = 1, 2, 3, 4), producing the relationship between the
wheel edge velocities, vi (i = 1, 2, 3, 4).

3.2. Design of an Adaptive Time Domain Model of a Predictive Controller
3.2.1. Linear Error Discretization of the Kinematic Lawn Mower Model

According to the state equation shown in Equation (1), the system can be regarded
as an input with u = (v, ω)T , and the state variables are χ = (x, y, θ)T . The general form
of the linear control system of T is shown in Equation (2) [14]. The heading angle of the
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lawn mower, θ, is equal to the angle between the geometric center of the lawn mower and
the x-axis.

.
χ = f (χ, u) (2)

If the working path of the mower acquired based on GPS is taken as the reference path
and each path point on the reference path satisfies the established kinematic equation, then
a kinematic model that satisfies the preset conditions is shown in Equation (3):

.
χr = f (χr, ur) (3)

where χr =
(

xr, yr, θr)T , ur =
(
vr, ωr)T .

By expanding the above equation using Taylor’s formula at the first reference point of
the reference path [20] and ignoring higher-order terms, the linear error model of the lawn
mower is obtained, as shown in Equation (4):

.
χ = f (χr, ur) +

∂ f (χ, u)
∂χ

|
χ = χr
u = ur

(χ− χr) +
∂ f (χ, u)

∂u
|
χ = χr
u = ur

(u− ur) (4)

The linearized error model of the lawn mower can be calculated by combining the
above two equations:

.
χ̃ =


.
x− .

xr.
y− .

yr.
θ −

.
θr

= A

x− xr
y− yr
θ − θr

 = A + B
(

v− vr
ω−ωr

)
(5)

In the equation, A and B are the Jacobian matrices of f with respect to x and u,

respectively; A =

0 0 −vrsinθr
0 0 vrcosθr
0 0 0

, and B =

cosθr 0
sinθr 0

0 1

.

To apply the linearization error model to the MPC controller, discretization processing
is performed by the forward Euler method [22] to obtain the linear error discretization
model of the system, as shown in the following equation:{

χ̃(k + 1) = Ak,tχ̃(k) + Bk,tũ(k)
y(k) = Ck,tχ̃(k)

(6)

where Ak,t =

1 0 −vr sin θr · T
0 1 vr cos θr · T
0 0 1

, Bk,t =

cos θr · T 0
sin θr · T 0

0 T

, Ck,t =

1 0 0
0 1 0
0 0 1

, and T

is the sampling time.

3.2.2. Design of the Objective Function and Constraint Conditions

To prevent the control variables in the system from experiencing sudden changes,
which may lead to decreases in the path-tracking accuracy and system stability of the lawn
mower, control increments are used to replace the control variables. The modified state
equation is as follows:

ξ(k|t) =
(

χ̃(k|t)
ũ(k− 1|t)

)
(7)

Therefore, the output state quantity of the system can be expressed as follows:

η(k) = c̃k,tξ(k|t) (8)

where η(x, y, θ)T represents the output of the discrete MPC system, x represents the hori-
zontal axis position of the lawn mower, y represents the vertical axis position (m) of the
lawn mower, and θ represents the heading angle of the lawn mower in degrees.
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After modification, the state equation used for the MPC controller is represented
as follows: {

ξ(k + 1) = Ãξ(k) + B̃∆u(k)
η(k) = c̃k,tξ(k|t)

(9)

where ∆u(k) = ũ(k)− ũ(k− 1), Ãk,t =

(
Ak,t Bk,t

0m×n Im

)
, B̃k,t =

(
Bk,t

Im

)
, c̃k,t =

k1 0 0 0 0

0 k2 0 0 0

0 0 k3 0 0

,

and n represents the dimensionality of the system state variable. In this article, n is
equal to 3, m is the dimensionality of the control variable, and m is 2. k1, k2, and k3 are the
weight ratios of the three state variables’ errors.

The modified state prediction equation is iteratively derived, and the system’s predic-
tion output is set as follows:

Y(k + 1|k) = fξ ξ(k) + fu∆U(k) (10)

where Y is the output matrix of the system, ∆U is the control increment matrix, fξ

and fu are the iterative matrices of the equation, Y(k + 1|k) =


η(k + 1|k)
η(k + 2|k)

. . .
η
(
k + Np

∣∣k)
, fξ =


C̃k Ãk
C̃k Ã2

k
. . .

C̃k Ã
Np
k

, ∆U(k) =


∆u(k|k)

∆u(k + 1|k)
. . .

∆u(k + Nc|k)

, and fu =


C̃k B̃k 0 · · · 0

C̃k Ãk B̃k C̃k B̃k · · · 0
...

...
. . .

...
C̃k Ã

Np−1
k B̃k C̃k Ã

Np−2
k B̃k · · · C̃k Ã

Np−Nc−1
k B̃k

.

Considering the actual working situation of the lawn mower, when designing the MPC
controller, the control quantity and control increment constraints are considered, which
is beneficial for improving the path-tracking accuracy of the lawn mower. The design of
the objective function mainly revolves around the deviation of the system state variables
and the constraints of the control variables during the operation of the lawn mower. A
multi-objective optimization function is designed with constraints based on the control
objective proposed earlier, and the objective function for the control is predicted using the
following model form:

J(k) = ∑Np
i=1 || η(k + i | k)− ηre f (k + i | k)||2Q + ∑Nc−1

i=1 || ∆U(k + i | k) ||2R + ρε2 (11)

where Np is the predictive time domain; Nc is the control time domain; ∆U is the control
increment in the control time domain; ε is the relaxation factor; Q is the weight matrix of
the output quantity; R is the weight matrix of the control increment; ρ is the weight matrix
of the relaxation factor; ηref(Xref, Yref, θref) is the reference output variable; and ηref is the
global reference path for the working environment of the lawn mower.

To prevent the problem of variables being unsolvable during the solving process, a
relaxation factor, ε, and a weight matrix representing the relaxation factor, ρ, need to be
added. In the objective function, it is necessary to calculate the output of the system in the
predicted time domain.

In the optimization objective function, the solution is the control time domain. The
control increment within Nc can only appear in the form of a control increment or its
multiplication with the transformation matrix with the constraint conditions applied.
Therefore, it is necessary to transform the control increment constraint inequality and
obtain the corresponding transformation matrix.

Umin ≤ Ut + A∆Ut ≤ Umax (12)
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A =



1 0 · · · · · · 0
1 1 0 · · · 0

1 1 1
. . . 0

...
...

. . . . . .
...

1 1 · · · 1 1

 (13)

In the formula, Umax and Umin refer to the control time domain. The sum of the
maximum and minimum values of the control variables is within Nc; A is the coefficient
matrix, and A⊗ Im. Here, ⊗ is the Kronecker product, and Im is the m-dimensional identity
matrix.

In the model predictive control system proposed in this article, constraints can be set
to better reflect physical facts, and MPC has the advantage of allowing its constraints to be
modified online, whereas other optimization methods do not. According to the principles
of control algorithms and the physical structure of the chassis, the constraints in this article
mainly include the control limit constraints and control increment constraints during the
control process. The constraint conditions are as follows [3]:

ui(k + j) ≤ u(k + j) ≤ ua(k + j), j = 0, 1., Nc − 1 (14)

∆ui(k + j) ≤ ∆u(k + j) ≤ ∆ua(k + j), j = 0, 1., Nc − 1 (15)

where ui and ua represent the minimum and maximum values of the control variables,
respectively, and ∆ui and ∆ua represent the minimum and maximum values of the control
increment, respectively.

3.2.3. Optimization Problem-Solving

To solve the above optimization problem by using quadratic programming, it is
necessary to convert the objective function into the following standard form:

minJ =
1
2

ZTQZ + CTZ (16)

After integrating the objective function and constraints, the controller needs to output
control sequences to the system during each control cycle, convert the objective function
into a standard quadratic form, and incorporate the constraints to solve the following
optimization problems:

J(ξ(k), u(k− 1), ∆U(k)) =
[
∆Uk]T , ε

T
Hk

[
∆U(k)T , ε]+Gk[∆U(k)t, ε

]
(17)

s.t.∆Umin ≤ ∆U(k) ≤ ∆Umax (18)

Umin ≤ Ut + A∆U(k) ≤ Umax (19)

where Hk =

(
f T
ukQ f T

uk 0
0 ρ

)
, Gk =

[
2E(k)TQ fuk 0

]
, and E(k) denotes the tracking errors

in the predicted time domain.
The system solves the standard quadratic form combined with constraints in each

control cycle and obtains the control sequence in the control time domain. According to
the basic theory of MPC, the first element, ∆u(k), in the control sequence is applied to the
system as the actual control quantity, as shown in Equation (20):

ũ(k) = ũ(k− 1) + ∆u(k) (20)

When the system repeats the above optimization process after each control cycle until
the entire control process is completed, tracking control is achieved for the reference path
of the mowing robot.
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3.2.4. Adaptive Time Domain Module Design

The time-domain parameters of model predictive control have a significant impact
on the control effect, but fixed parameters have poor adaptability to complex operat-
ing conditions and cannot adapt to the environment in real time. Among them, the
two parameters with the most significant impacts are the control time domain and the
prediction time domain.

As shown in Figure 4, when the other control parameters remain unchanged, the larger
the prediction time domain is, the larger the range predicted by the controller, which can
obtain more lawn mower state information. However, if the prediction time domain is too
large, it will increase the error of the lawn mower at a distant position, thereby reducing the
tracking accuracy of the lawn mower at a nearby position [23]. In addition, an excessively
large prediction time domain will also increase the computational complexity of the MPC
algorithm and reduce the real-time performance of the system [24]. When the prediction
time domain is too small, the status information of the lawn mower will decrease. In the
presence of system control constraints, the lawn mower will be unable to turn in a timely
manner, the path-tracking accuracy will be reduced, and stability will not be ensured.
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Based on the model predictive controller set above, in this section, a control time
domain and prediction time domain optimization module is designed based on the vehicle’s
speed, as shown in Figure 5, to achieve adaptive parameter adjustment, improve the
adaptability of the mower to environmental changes, and improve the path-tracking
accuracy of the mower.

As the vehicle speed increases, the distance predicted by the MPC controller also
needs to increase accordingly; that is, the predicted time domain, Np, increases accordingly
to ensure the stable tracking of the reference path by the lawn mower and to avoid the
untimely turning phenomenon. For the control time domain, Nc, an increase in Nc can
reduce the degree of sudden change in the control quantity and prevent the vehicle from
slipping or even losing control during high-speed driving [25]. Therefore, the control time
domain should also increase appropriately with increasing vehicle speed to ensure the
stability of path tracking.

As shown in the Figure 5, a time domain optimization module based on vehicle speed
is designed using a fuzzy control algorithm. The design input is the current speed of the
lawn mower, and the predicted time domain is the output. Based on the motor performance
of the lawn mower, the input walking speed range of the lawn mower is determined to be
[0, 0.8 m/s], and the adaptive predicted time domain value range for the reference path
combined with the control algorithm is [10, 30].

The speed and prediction time domain of the lawn mower is divided into the fol-
lowing seven fuzzy subsets: NB (very small), NM (small), NS (small), Z (moderate), PS
(large), PM (large), and PB (large). The membership function selects the Gaussian and
trigonometric functions.

Based on the time domain optimization design and multiple simulation experiments,
specific fuzzy rules are formulated, as shown in Table 2. The response relationship between
the operating speed of the lawn mower and the predicted time domain is shown in Figure 6.
The operating speed of the lawn mower is obtained through fuzzy inference to determine
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the predicted fuzzy output in the time domain. The centroid method is selected to solve the
ambiguity of this problem and obtain an accurate output prediction in the time domain.
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Table 2. Fuzzy rule table.

Fuzzy Quantity Fuzzy Subset

v NB NM NS Z PS PM PB
Np NB NM NM Z PM PB PB

where v is the speed of the lawn mower, Np is the predicted time domain.
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The prediction time domain output is smoothed by the fuzzy algorithm to obtain the
current optimal prediction time domain, Npb, after fuzzy processing. The current optimal
prediction time domain is appropriately adjusted to obtain the current optimal control time
domain, Ncb. The expressions for Npb and Ncb are as follows:

Npb = Round
(

Np
)

(21)
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Ncb = Round (α ∗ Np
)

(22)

In the above equation, α is a time domain weight parameter, which usually ranges
from 0.15 to 0.2. Here, based on the simulation situation, the time domain weight coefficient
is selected as 0.2.

3.3. Mower Driving Wheel Anti-Slip Control Based on Fuzzy Slip Rate Control

The driving wheel of a lawn mower may experience significant longitudinal slippage
in complex operating environments, which can affect the path-tracking accuracy and stable
operation of the mower. Therefore, it is necessary to consider the impact of driving wheel
slippage on path-tracking accuracy.

3.3.1. Establishing a Dynamic Model for the Driving Wheel of a Mower

To analyze the state of the driving wheel of a lawn mower, a dynamic model is
established; interference such as air resistance is ignored, as shown in Figure 7.
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The dynamic equation for the driving force of the lawn mower is established as shown
in Equation (22):

J
.

ω = Ti − RFx − Tx (23)

Therefore, the torque of the driving wheel of the lawn mower can be expressed
as follows:

Ti = J
.

ω + RFx + Tx (24)

The rotational inertia of the driving wheel can be expressed as follows:

J =
MR2

2
(25)

where J is the moment of inertia (kg/m2), ω is the angular acceleration of the driving wheel
(rad/s2), Ti is the torque of the driving wheel (N·m), R is the radius of the driving wheel
(m), Fx is the longitudinal driving force of the tire (N), Tx is the rolling resistance moment
(N·m), and M is the mass of the lawn mower (kg).

In this article, the standard Pacejka magic equation is used. The H.B. Pacejka tire
model is an empirical model that fits actual test data. Its form is universal and can si-
multaneously describe the relationships between the longitudinal force of the tire and the
longitudinal slip rate, the lateral force and the lateral tire angle, the return torque and the
lateral tire angle, and the vertical wheel load. Moreover, its fitting accuracy is high, so
it is called the “magic formula”. The magic formula includes the longitudinal tire force
under single driving or braking conditions, the lateral tire force under single steering con-
ditions, and the longitudinal tire force and the lateral force under combined drive/braking
conditions [26,27].

Under a single driving/braking condition, the relationship between the longitudinal
tire force, longitudinal slip rate, and vertical tire load can be described as follows:

Fx0 = D1sin{C1arctan[B1λ− E1(B1λ− arctanB1λ)]} (26)
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where the curve form factor is C1 = 1.65, the peak factor is D1 = a1Fz
2 + a2Fz, B1C1D1 =(

a3Fz
2 + a4Fz

)
e−a5Fz , the stiffness factor is B1 = B1C1D1

C1D1
, the curvature factor of the curve is

E1 = a6Fz
2 + a7Fz + a8, λ is the longitudinal slip rate, and ai is the fitting coefficient.

Under pure steering conditions, the relationship between the longitudinal tire force,
Fy0; the tire side deflection angle, α; and the vertical tire load, Fz, can be described as follows:

Fy0 = D2sin{C2arctan[B2x− E2(B2x− arctanB2x)]} (27)

x = α + Sh (28)

where the curve form factor is C2 = 1.3; the peak factor is D2 = a1Fz
2 + a2Fz; B2C2D2 = a3

sin[a4arctan(a5Fz)](1− a12|γ|); the stiffness factor is B2 = B2C2D2
C2D2

; the horizontal drift of
the curve is Sh = a9γ; the vertical drift of the curve is Sv = (a10Fz

2 + a11Fz )γ; the curvature
factor of the curve is E2 = a6Fz

2 + a7Fz + a8; α is the tire sideslip angle; and γ is the wheel
camber angle [28].

The relationship between the longitudinal tire force, Fx, and lateral force, Fy, under
the combined driving/braking and steering conditions, as well as the lateral tire slip angle,
α, and longitudinal slip rate, λ, is as follows:

Fx =
σx

σ
Fx0, Fy =

σy

σ
Fy0 (29)

where σ =
√

σx2 + σy2, σx = − λ
1+λ , σy = − tanα

1+λ .
By referring to the traditional tire model and the attributes of the lawn mower itself,

the above values can be assigned to determine the relationship between the longitudinal
and lateral forces of the tire and the slip rate, as shown in Figure 8.
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3.3.2. Target Slip Rate Range of Lawn-Mowing Robots

The slip rate of the driving wheel is defined as the relative error between the wheel
speed of the driving wheel and the absolute speed of the vehicle body [29]. In this article,
the rotational speed data of the driving wheel are collected under the working condition
of the lawn mower through pre-experiments, the real-time slip rate of the lawn mower
during a certain working cycle is calculated according to Equation (29), and the target slip
rate of the driving wheel is analyzed based on this. In general, whether wheel slippage
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occurs is measured by the slip rate of the driving wheel. This article uses the following slip
rate expression:

s =
ωr− v

max(ωr, v)
(30)

where ω is the angular velocity of rotation; v is the moving speed of the lawn mower; and
R is the wheel radius. In this article, the radii of all wheels are assumed to be equal.

According to the design of the slip rate measurement experiment in Section 2.2.1,
the lawn mower is controlled to perform repeated working experiments on the working
path, recording the real-time speed and motor-related parameters of the lawn mower
on this working path. The real-time slip rate of the lawn mower is calculated according
to Equation (29), and the relationships between the motor parameters and slip rate are
analyzed, as shown in the following figures.

Because of the use of a hub motor in the lawn mower in this article, the performance
parameters of the motor can better reflect the states of the driving wheels. Based on the
real-time speeds of the four driving wheel motors during the experiment, the effective
output power and slip rate data of the motor are analyzed. From Figure 9, it can be
observed that, when the slip rate is maintained within 0–0.2, the speed of the drive wheel
motor is relatively stable, and the observed changes are roughly linear. When the slip rate
exceeds 0.4, the speed of the drive wheel motor rapidly increases until the slip rate reaches
approximately 0.9, and the motor speed of the drive wheel approaches the maximum
speed. At this point, it can be determined that the drive wheel is idling. As shown in
Figure 10, when the slip rate of the driving wheel is maintained below 0.2, the effective
output power of the driving wheel motor remains in its optimal state. When the slip rate
reaches approximately 0.9, the effective power of the driving wheel motor approaches 0,
and at this time, the motor is not in operation, and the driving wheel is in an idle state.
Based on the above analysis, the target slip rate in this article is not fixed to a certain value.
The aim of the value condition is to first ensure that no slip occurs; that is, the target slip rate
should be controlled within [−0.2, 0.2]. If it exceeds this range, the slip rate is controlled by
a fuzzy controller to force it to lie within this range.
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3.3.3. Fuzzy Controller Design Considering the Slip Rate

This article adopts a dual-input single-output fuzzy control algorithm, where the
inputs are the expected speed of the driving wheel obtained by the MPC controller and
the real-time speed of the mower, and the output is the expected slip rate of the driving
wheel of the mower. Based on the real-time vehicle speed feedback obtained from the lawn
mower and the expected wheel speed of the MPC controller; the driving speed range of the
lawn mower is set to [−0.8 m/s, 0.8 m/s]; the real-time speed range of the driving wheel is
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set to [−5 rad/s, 5 rad/s]; and according to the previous analysis, the expected slip rate
range is set to [−0.2, 0.2].
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The reference speed, real-time drive wheel speed, and expected slip rate of the lawn
mower are divided into the following seven fuzzy subsets: NB (very small), NM (small),
NS (small), Z (moderate), PS (large), PM (large), and PB (large). In terms of membership
function selection, the system adopts the combination of a Gaussian function and a trigono-
metric function, which not only ensures that the system has high sensitivity but also makes
the system more stable.

Based on the relationships between the slip rate, vehicle speed, and driving wheel
speed and after conducting many simulation experiments, the most common If–Then rule
in fuzzy control is adopted. Specific fuzzy rules are formulated, as shown in Table 3. The
response relationship between the reference speed of the lawn mower, the speed of the
driving wheel, and the expected slip rate is shown in Figure 11. When one of the indicators
of driving wheel speed and real-time speed changes, or both changes, the slip rate will
be affected.

Table 3. Table of fuzzy slip rate control rules.

ω
v

NB NM NS Z PS PM PB

NB Z PB PM PM PS Z Z
NM PM Z PM PS PS Z NS
NS PM PM Z PS Z NS NS
Z NS PM PS Z NS NM NM
PS NM PS NM NS Z NM NM
PM NM Z NM NM NM Z NB
PB NB Z NB NM NM NB Z

The reference driving wheel speed of the MPC controller and the speed of the lawn
mower are input through fuzzy inference to obtain the fuzzy output. The centroid method
is chosen to solve the ambiguity and obtain an accurate expected slip rate output.

This article adopts the classic incremental PID control method [30] for the design of
the slip rate PID controller, whose expression is as follows:

us(k) = Kps ∗ es(k− 1) + Kis ∗ es(k) + Kds ∗ (es(k)− 2es(k− 1) + es(k− 2)) + us(k− 1) (31)

In the equation, us(k) is the slip rate output by the lawn mower at this time, and
us(k− 1) is the last output quantity.
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Figure 11. Diagram of the relationship between the driving wheel speed, real-time vehicle speed,
and expected slip rate.

For the PID controller applied to the motor torque, incremental PID control is also
used, and its expression is as follows:

uv(k) = Kpv ∗ ev(k− 1) + Kiv ∗ ev(k) + Kdv ∗ (ev(k)− 2ev(k− 1) + ev(k− 2)) + uv(k− 1) (32)

In the equation, uv(k) is the current torque output by the drive motor of the lawn
mower, and uv(k− 1) is the last output quantity. The slip rate and driving wheel torque of
the PID controller are shown in Figure 12:
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Based on many simulation experiments and field experiments, the PID controller
parameter values are set as shown in Table 4.

Table 4. Table of fuzzy slip rate control rules.

PID Controller Parameters Value

Dwelling time/s 0.02
Proportional slip rate control 3

Integral slip rate control 1
Differential slip rate control 0.6

Proportional drive wheel motor speed control 5
Integral drive wheel motor speed control 1.6

Differential drive wheel motor speed control 0.8

In summary, the fuzzy control algorithm can obtain the expected slip rate of the
driving wheel based on the fuzzy rule table formulated by the fuzzy controller, the target
speed of the driving wheel obtained by the MPC controller, and the real-time speed fed
back from the lawn mower. The PID controller of the slip rate is designed to control the
expected slip rate obtained by the fuzzy controller and the actual measured slip rate and
obtain the output slip rate of the driving wheel. By combining the dynamic model of the
lawn mower with a torque PID controller, the torque of the motor is controlled to achieve
anti-slip control for the lawn mower.
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3.4. Path-Tracking Controller for Designing Adaptive MPC and Fuzzy Slip Rate Control Schemes

The path-tracking controller based on MPC and fuzzy control performs anti-slip
control for the lawn mower by controlling the slip rate and torque of the driving wheels.
The concrete implementation steps are shown in Figure 13. First, a dynamic model for the
driving wheel of the lawn mower is established, the relationship between the slip rate and
road adhesion coefficient is analyzed through the dynamic model, and the range of slip
rates at which the driving wheel does not slip is obtained. Based on the MPC controller
output of Section 3.2, the linear speed and angular velocity of the vehicle are obtained, and
the expected driving wheel speed is determined through the use of a four-wheel differential
steering model. Then, the expected slip rate is calculated by the real-time vehicle speed
feedback derived from the actual process. If the observed rate is within the nonslip range,
it is considered the target slip rate. If it exceeds the range, it is input into the established
fuzzy controller to control the slip rate within a moderate range and output the target slip
rate. A slip rate PID controller that outputs the target speed through real-time slip rate
feedback obtained from the actual process to control the slip rate of the driving wheel near
the target slip rate is designed. The target speed of the driving wheel obtained from the
previous step is calculated with the target speed obtained from the MPC; it is converted
into the final output slip rate, and the tire dynamics model is used for verification purposes.
The real-time steering angle speed feedback from the actual process is used to obtain the
lateral wheel angle. The slip rate, lateral angle, and vertical wheel load are substituted into
the magic equation under the longitudinal and lateral joint working conditions to obtain
the longitudinal force acting on the wheel, thereby obtaining the output torque of the target
motor. A torque PID controller that combines real-time torque feedback from the motor
with the output voltage is designed to control the torque. Finally, the torque output by the
motor is input into the actual process, which can ensure that the wheel slip rate is within
the nonslip range, guaranteeing that the driving wheel is in a better working state and
achieving anti-slip control of the lawn mower driving wheel. The overall control diagram
is as follows.
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4. Results and Discussion
4.1. Path-Tracking Simulation
4.1.1. Adaptive MPC-Based Path-Tracking Simulation

An adaptive path-tracking simulation platform is built for lawn mowers based on
MATLAB/Adams, and a flat road with an unchanged road adhesion coefficient is set in
Adams. The path is a looping curve, and the MPC controller is implemented through
S-FUSION. It can dynamically describe system changes and achieve variable conversion
based on real-time system changes. The main simulation control diagram is shown in
Figure 14.
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The purpose of the controller is to accurately and quickly track the reference path
while minimizing deviations and maintaining tracking stability during the tracking process.
According to the controller design mentioned above, path-tracking control is performed by
setting a fixed time domain parameter control group and a model predictive controller in
the adaptive time domain for double-shift simulation experiments and loop path simulation
experiments. The predicted time domain, Np, of the fixed time domain parameter control
group is 15, and the control time domain, Nc, is 3. The constraints of the control quantity
and control increment are shown in Equation (32), and the basic parameters of the model
predictive controller are shown in Table 5.{

−0.8 m/s ≤ v ≤ 0.8 m/s
−0.2 rad/s ≤ ω ≤ 0.2 rad/s

,
{
−0.1 m/s ≤ ∆v ≤ 0.1 m/s

−0.04 rad/s ≤ ∆ω ≤ 0.04 rad/s
(33)

Table 5. MPC controller parameter table.

Basic Parameters of the Model Predictive Controller Numerical Value

Sampling time (s) 0.2
Reference speed (m/s) 0.6

Relaxation factor weight coefficient 10
Relaxation factor, ε 10

Weight matrix, Q
10 · · · 0

...
. . .

...
0 · · · 10


3Np

Weight matrix, R
1 · · · 0

...
. . .

...
0 · · · 1


2Nc

The reference path is set to a looping path, and the simulation results are shown in
Figure 15, and the relevant data are shown in Table 6. From the path-tracking effect, it can
be seen that the fixed time domain controller does not fit the reference path as well as the
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adaptive time domain controller at turns. From Figures 16 and 17, it can be concluded that
the absolute value of the maximum lateral error in the fixed time domain is 0.13 m, the
average value of the lateral error is 0.075 m, the absolute value of the maximum longitudinal
error is 0.135 m, and the average value of the longitudinal error is 0.058 m. The absolute
value of the maximum horizontal error in the adaptive time domain is 0.115 m, the average
horizontal error is 0.043 m, the absolute value of the maximum vertical error is 0.085 m,
and the average vertical error is 0.041 m. From the lateral and vertical deviations of the
path, it can be observed that whether a fixed time domain or an adaptive time domain is
utilized, the error is larger in places with larger turning angles. Overall, the adaptive time
domain has a better effect on path tracking, with smaller errors.
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Table 6. Comparison between the controller parameters of the fixed time domain and adaptive
time domain.

Time Domain Parameters Np = 15
Nc = 3 Adaptive Time Domain Parameters

Absolute value of the maximum lateral error (m) 0.13 0.115
Average lateral error (m) 0.075 0.043

Absolute value of the maximum longitudinal error (m) 0.135 0.085
Mean value of the longitudinal error (m) 0.058 0.041

Agronomy 2023, 13, x FOR PEER REVIEW 19 of 27 
 

 

Table 6. Comparison between the controller parameters of the fixed time domain and adaptive time 
domain. 

Time Domain Parameters 𝑵𝒑 = 𝟏𝟓 𝑵𝒄 = 𝟑 Adaptive Time Domain Parameters 

Absolute value of the maximum lateral error (m) 0.13 0.115 
Average lateral error (m) 0.075 0.043 

Absolute value of the maximum longitudinal error (m) 0.135 0.085 
Mean value of the longitudinal error (m) 0.058 0.041 

 
Figure 15. Effect diagram of looping path tracking. 

 
Figure 16. Lateral error results of the path simulation. Figure 16. Lateral error results of the path simulation.



Agronomy 2023, 13, 1395 19 of 25
Agronomy 2023, 13, x FOR PEER REVIEW 20 of 27 
 

 

 
Figure 17. Longitudinal error results of the path simulation. 

In summary, the adaptive time domain-based MPC controller performs better in 
terms of tracking the looping path than the fixed time domain-based MPC controller and 
can adapt to complex orchard environments. 

4.1.2. Simulation Experiment Involving the Path-Tracking Controller Combined with 
Anti-Slip Drive Control 

A predictive controller and a fuzzy controller are built for the slip rate of a lawn 
mower model based on MATLAB, and a joint simulation is conducted with the wheel 
mower model built using Adams. The simulation structure is shown in Figure 18. 

 
Figure 18. Simulation structure diagram of the combined anti-slip drive control and path-tracking 
control method. 

Based on Adams’ random road surface design with varying road coefficients and ref-
erence paths, comparative simulation experiments are conducted on the path-tracking 
controller combined with anti-slip driving control and the MPC path-tracking control ap-
proach designed in this paper. Figures 19 and 20 show the slip rate variation curves of the 
front-left drive wheel and the front-right drive wheel, respectively. Figures 19 and 20 
show that, during the operation of the lawn mower, because of changes in the road adhe-
sion coefficient, the longitudinal driving force of the lawn mower is inconsistent, and the 

Figure 17. Longitudinal error results of the path simulation.

In summary, the adaptive time domain-based MPC controller performs better in terms
of tracking the looping path than the fixed time domain-based MPC controller and can
adapt to complex orchard environments.

4.1.2. Simulation Experiment Involving the Path-Tracking Controller Combined with
Anti-Slip Drive Control

A predictive controller and a fuzzy controller are built for the slip rate of a lawn
mower model based on MATLAB, and a joint simulation is conducted with the wheel
mower model built using Adams. The simulation structure is shown in Figure 18.
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Figure 18. Simulation structure diagram of the combined anti-slip drive control and path-tracking
control method.

Based on Adams’ random road surface design with varying road coefficients and
reference paths, comparative simulation experiments are conducted on the path-tracking
controller combined with anti-slip driving control and the MPC path-tracking control
approach designed in this paper. Figures 19 and 20 show the slip rate variation curves of
the front-left drive wheel and the front-right drive wheel, respectively. Figures 19 and 20
show that, during the operation of the lawn mower, because of changes in the road adhesion
coefficient, the longitudinal driving force of the lawn mower is inconsistent, and the driving
wheel experiences significant sliding. After adding a fuzzy controller based on the slip
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rate, the slip rate of the lawn mower can be effectively controlled within the target slip
rate range, indicating that, within this reference path and these road conditions, the slip
rate of the driving wheel remains in a relatively good state, and the speed variation of
the driving wheel is not high, resulting in good working performance. When the MPC
controller without added anti-slip driving tracks the reference path, because of the change
in the road adhesion coefficient, the slip rate changes significantly, with a maximum value
close to 0.6. At this time, the lawn mower seriously slips, which has a significant impact on
the resulting path-tracking accuracy. Therefore, the addition of a path-tracking controller
with anti-slip driving ability has the effect of suppressing slip, and the path-tracking effect
is better.
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As shown in Figure 21, compared with traditional MPC control, the MPC-based path-
tracking controller with added anti-slip drive control fits the reference path better and can
also effectively track the reference path in areas with larger turns.

4.2. Field Trial Verification

Utilizing the lawn-mowing robot platform built in Section 2.1, the fixed reference path
set in Figure 2 is determined through the pre-experimental collection, and path-tracking
control and anti-slip driving control experiments are performed for verification purposes.
The upper computer automatically saves the lateral deviation data and the slip rate data
of the driving wheels during the lawn mower working process and conducts statistical
analyses on the data. The comparative effects of the slip rates of the four driving wheels
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and the lateral and longitudinal path-tracking deviations are shown in the figure. For the
convenience of analysis, the slip rate is taken as an absolute value.
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As shown in Figures 22–25, without the addition of an anti-slip drive controller,
the amplitude of the slip rate change curve of the lawn mower is relatively large when
driving on the reference path, with an amplitude of approximately 0.5. At this point, the
different driving wheels experience varying degrees of slipping, seriously affecting the
path-tracking effect. After adding an anti-slip controller to the driving wheel, the slip rate
can be maintained within a range of 0–0.2. According to the pre-experimental results and
the slip rate analysis in Section 3.3.2, the working state of each driving wheel is optimal at
this slip rate. In summary, with the addition of an anti-slip drive controller, the absolute
values of the slip rates of the four drive wheels can be maintained within the target slip
rate range. At this time, the longitudinal adhesion coefficient of the road surface remains
in a linear upward range, providing a larger and smoother longitudinal driving force,
improving the stability of the lawn mower during autonomous operation, and reducing
the working energy consumption of the lawn mower.
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During the experiment, actual path-tracking points are also collected and compared
with the expected path points for data analysis purposes. The period for collecting the



Agronomy 2023, 13, 1395 23 of 25

experimental data is approximately 180 s after the lawn mower completes a full reference
path (as shown in Figure 2), with a path length of approximately 95 m. The results in
Figures 26 and 27 indicate that the average absolute values of the lateral errors of the path
points can be controlled within 0.05 m, and the average absolute values of the longitudinal
errors can be controlled within 0.04 m.
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In this paper, the adaptive time domain MPC and fuzzy control algorithm are com-
bined to establish a path-tracking controller to demonstrate the effectiveness of the path-
tracking control strategy in an orchard environment, which is verified by field experiments.
Considering the instability of the contact between the mowing robot and the surface of the
orchard road, the next step can be used to analyze the constantly changing stress situation
of the mowing robot wheel and design an advanced algorithm and a control strategy to
improve the reliability of the drive anti-skid control.

5. Conclusions

This paper analyzes and establishes a kinematic model based on MPC for a four-wheel
differential mowing robot. The complexity of the given orchard environment leads to
excessive slippage by the driving wheel of the mower, which reduces the stability and
accuracy of the path tracking of the lawn mower. A path-tracking controller is designed for
the lawn mower that consists of an adaptive MPC, fuzzy control, and PID control, which
can control the slip rate of the driving wheel to achieve anti-slip drive control.
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1. The effectiveness of adaptive time domain MPC and traditional MPC path-tracking
controller is compared in a MATLAB simulation. Compared with traditional MPC
control, the adaptive time domain MPC path-tracking controller has an average lateral
error absolute value that is 3.2 cm smaller and an average longitudinal error absolute
value that is 1.7 cm smaller.

2. Simulation experiments are conducted on the designed path-tracking controller com-
bined with anti-slip driving control. The results show that the path-tracking controller
with anti-slip driving control added can effectively maintain the slip rate of the driving
wheel within the designed target slip rate range on random road surfaces, with an
amplitude close to 0.2. The path-tracking controller without an added anti-slip drive
controller exhibits a significant change in the slip rate, reaching an amplitude of 0.5.
At this time, the lawn mower experiences severe slipping on random road surfaces,
which has a significant impact on the effectiveness of path tracking.

3. The field test results show that the lawn mower equipped with a combination of anti-
slip drive control and adaptive MPC path tracking has a good effect on tracking the
reference path. The average lateral error value can be controlled within approximately
5 cm, and the average longitudinal error value can be controlled within 4 cm. At
the same time, the slip rate of the driving wheel can be maintained within the target
slip rate range, indicating that the proposed controller can reduce the sliding of the
driving wheel while ensuring high path-tracking accuracy.
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