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Abstract

This study addresses the challenges of coordinating tracking accuracy and steering control
stability in agricultural differential-drive tracked vehicles, particularly their adaptability
to varying working conditions. An adaptive preview Model Predictive Control (MPC)
path-tracking algorithm is developed using an electronically controlled modified differential-
drive tracked vehicle as the test platform. A preview MPC controller is constructed based
on kinematic analysis and a vehicle preview tracking error model, with a fuzzy controller
optimizing the objective function’s weight matrix. A speed- and path-dependent preview-
distance selection criterion is formulated, and an improved Sparrow Search Algorithm
(SSA) provides an optional numerical implementation of preview-distance selection. The
corresponding fixed-state objective admits a closed-form analytical solution. A tracked
vehicle model was built based on a Robot Operating System (ROS), and a path tracking
controller was built based on Simulink. Simulations and field tests at 0.5, 1.0, and 1.5 m/s
evaluate lateral tracking error and steering angular-velocity statistics against separate fixed-
preview baselines. Relative to the 3.0 m baseline, mean absolute lateral error decreases by
30.13-56.00% in simulation and 46.05-72.57% in field tests. Relative to the 1.0 m baseline,
lateral-error changes depend on speed, while angular-velocity standard deviation decreases
by 22.23-40.67% in simulation and 24.10-46.39% in field tests. These results characterize the
tested controller configurations and show a condition-dependent trade-off between lateral
error and steering-response variability.

Keywords: tracked vehicle; path tracking; fuzzy control; model predictive control

1. Introduction

In recent years, autonomous navigation technology has been widely applied in agricul-
tural production, enhancing production efficiency and operational quality while reducing
labor force [1-3]. The navigation technology for intelligent agricultural equipment pri-
marily involves positioning and attitude measurement, path planning, tracking control,
and collaborative transportation [4-6]. One of the core aspects of agricultural machinery
navigation technology is path tracking, as the effectiveness of path tracking directly deter-
mines the quality of navigation control [7,8]. Therefore, research on path tracking control
algorithms for agricultural machinery is particularly important.

Currently, research on agricultural machinery path tracking control primarily fo-
cuses on wheeled vehicles [9], with algorithms encompassing MPC, Proportional-Integral-
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Derivative (PID) control, fuzzy control, pure pursuit model control, preview tracking
model control, and others [10-19]. HE et al. [20] addressed the difficulty of tracking and
controlling agricultural machinery during field operations by establishing an MPC method
based on the machinery’s attitude, using a linear model, objective function, and constraint
function. This approach effectively inhibited lateral positional deviations. WANG et al. [21]
developed a self-adjusting look-ahead pure pursuit controller for high-clearance sprayers,
selecting the preview distance through predicted lateral and heading errors. They evaluated
the approach in simulations and field tests against fixed-look-ahead control. JI et al. [22-25]
tackled the issues of external disturbances and model parameter uncertainties in path
tracking for unmanned agricultural tractors in unstructured environments by using a dis-
turbance observer to estimate the aggregated disturbances in sliding mode dynamics. They
established an improved composite nonsmoothed Second-Order Sliding Mode control by
combining disturbance feedforward compensation and nonsmoothed feedback, achiev-
ing effective path tracking control for agricultural tractors. CHENG et al. [26] designed
a tracking system based on heading deviation angle to improve the tracking accuracy
of unmanned tractors and developed an MFAPC tracking system. By adding adaptive
proportional and derivative terms, they obtained an MFAPC-PID controller. Simulations
and experiments demonstrated the algorithm’s superior overall performance, adaptability,
versatility, and robustness.

Most of the aforementioned path tracking control technologies are based on wheeled
agricultural machinery equipment, and there is relatively little research on path tracking
algorithms for tracked vehicles. Tracked vehicles exhibit superior passing performance
in complex driving environments in hilly and mountainous areas. ZHANG et al. [27] ad-
dressed the issue of low control accuracy for tracked vehicles by proposing a state feedback
navigation control system based on a virtual Ackermann steering model, which achieved
stable path tracking for tracked vehicles in specific orchard environments. HU et al. [28]
developed a differential braking model for tracked vehicles under single-side braking
conditions and designed an improved pure pursuit path tracking control method, en-
hancing the path tracking performance of tracked vehicles in agricultural environments.
ZHANG et al. [29] proposed a control strategy combining Nonsingular Fast Terminal Slid-
ing Mode (NFTSM) and Finite-Time Disturbance Observer (FDO), which improved the
tracking performance of agricultural tracked tractors on straight parallel tracks and curved
tracks, considering vehicle slip. HE et al. [30] established a turning model by extracting
the turning radius of vehicles on different plots and improved the pure pursuit algorithm
through fuzzy control. They designed a two-arc path tracking control method, enabling
precise tracking of tracked combine harvesters under various geological conditions. Ruslan
et al. reviewed vehicle models and path-tracking strategies for autonomous tracked vehicles
and discussed the trade-offs between model complexity and control applicability [31-33].
Focusing on agricultural tracked robots, Zhao et al. developed a slip-aware kinematic
model and used an improved sliding-mode observer to estimate slip parameters for future-
trajectory prediction [34]. These works indicate that an appropriate model should reflect
the intended operating conditions and that unmodeled slip must be acknowledged when
a simplified kinematic model is used.

Maneuverability analysis provides a complementary perspective because the com-
manded speed or torque distribution can affect the actual turning radius and yaw response,
and consequently the trajectory followed by a skid-steering platform. Cosenza et al. devel-
oped a multibody and multiphysics model of a six-wheeled skid-steering robot to compare
alternative wheel-speed allocation strategies and examine how vehicle dynamics influence
the planned trajectory [35]. For skid-steering unmanned ground vehicles, Guo et al. pro-
posed a coordinated path-tracking and energy-efficiency strategy in which an upper-level
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model-free sliding-mode controller generates the desired yaw moment and a lower-level
optimizer distributes drive-motor torque [36]. These studies address the close relation-
ship between maneuverability, steering inputs, and vehicle response, although the former
emphasizes multibody analysis and wheel-speed allocation, whereas the latter also con-
siders energy consumption. Wang et al. also established a kinematic state-space model
and an MPC-based trajectory-tracking controller for unmanned ground tracked vehicles,
with experiments under different driving conditions [37]. Collectively, these studies show
that both vehicle modeling and control architecture must be considered when developing
a tracking controller for tracked platforms. Zeng et al. proposed an improved nonlinear
MPC method for an agricultural tracked vehicle, extending an ICR-based kinematic model
to include vehicle roll and pitch, estimating time-varying slip parameters online, and in-
corporating trajectory-curvature feedforward into the controller [38]. Liu et al. developed
a slip-aware MPC approach for tracked agricultural vehicles operating in hilly fields; their
method estimates left- and right-track slip ratios using a sliding-mode observer and adjusts
the prediction horizon according to vehicle speed and path curvature, while also penalizing
velocity variation to promote smoother control [39].

However, the aforementioned algorithms did not comprehensively consider both
tracking accuracy and steering control stability for tracked vehicles during field operations.
The specific contribution of this study is not the isolated use of fuzzy control, MPC, preview
tracking, or the Sparrow Search Algorithm (SSA), each of which has been studied previously.
Rather, the controller contains two distinct adaptation mechanisms that act at different
levels. First, a fuzzy controller uses the current lateral and heading deviations to adjust
the MPC cost weights associated with tracking errors and steering angular velocity. This
mechanism changes the trade-off between path-following accuracy and steering behavior
without, by itself, changing the preview target. Second, an improved SSA selects the preview
distance using vehicle speed, the curvature of the preview region, and current tracking
performance. The optional SSA implementation uses a chaotic discoverer update and
fuzzy c-means clustering for part of the scavenger population. In the combined controller,
the fuzzy module adjusts MPC weights, while preview selection adapts the look-ahead
distance. This separation makes the role of each component explicit and distinguishes the
proposed integrated controller from methods that adapt only the preview target or use
a preview-based MPC formulation without the same dual-adaptation structure.

This study focuses on a preview-error-based MPC controller developed using the
kinematic model of a differential-drive tracked vehicle. The fuzzy adaptive-weighting mech-
anism and the improved-SSA-based preview-distance selection method are incorporated
into the controller to coordinate the optimization of tracking errors, steering behavior, and
preview distance. The proposed strategy is evaluated through joint ROS/Gazebo-Simulink
simulations and real-vehicle experiments at different operating speeds. Its performance
is assessed by comparing lateral tracking errors and steering angular velocity with those
obtained using fixed-preview-distance MPC controllers. The results are used to examine the
effectiveness of the dual-adaptive strategy under different path geometries and operating
conditions and to determine whether the coordinated adjustment of cost-function weights
and preview distance improves the overall path-tracking performance of differential-drive
agricultural tracked vehicles.

2. Materials and Methods
2.1. Kinematics Model of Agricultural Differential-Speed Tracked Vehicles

The agricultural differential-speed tracked vehicle achieves steering control by relying
on the speed difference between the two sides of its tracks. Considering the low traveling
speed of the vehicle in farmland operating environments, most of the dynamic influencing
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factors can be neglected. Based on the following assumptions, a kinematics model for the
agricultural differential-speed tracked vehicle is established:

e  The centroid of the tracked vehicle coincides with its geometric center.

e  The belt speed of the tracks remains constant during steering.

e  The nominal kinematic model assumes negligible longitudinal track slip and lateral
skidding; this assumption is a modeling approximation and is not guaranteed solely
by low vehicle speed.

Model scope and slip assessment. Let vl and vr denote the commanded track speeds

and sL and sR the corresponding effective longitudinal slip ratios. A first-order slip-aware

. . (4 +0
comparison uses vy o = (1 —s.)v; and vg e = (1 —sg)vg, with vy = === and

2
—UR'E;EJL’Q“. The nominal model follows by setting s; = sz = 0 and L4 = L. These

expressions do not explicitly model lateral skidding or terrain deformation. The validity of

Weff =

the nominal approximation should therefore be assessed against independent RTK/IMU
measurements by reporting translational- and yaw-rate prediction residuals over straight
and turning segments.

A kinematics model for the agricultural differential-speed tracked vehicle is estab-
lished in the ground coordinate system XOY, as shown in Figure 1. The symbols used in the
model are defined in Table 1.

Y A

v

Ol x

Figure 1. Kinematics model of agricultural differential-speed tracked vehicle.

Table 1. Symbolic meaning.

Symbol Meaning
c Geometric center of the vehicle
L Distance between track centers
w Theoretical steering angular velocity
oc Instantaneous center of turning
vl Linear velocity of the left track during steering
vr Linear velocity of the right track during steering
ve Velocity of the vehicle’s center of mass
Xc Horizontal axis of the vehicle coordinate system
yc Vertical axis of the vehicle coordinate system

In the ground coordinate system, the vehicle state vector is denoted as X (x, y, 6), where
x and y represent the position coordinates of the vehicle in the XOY coordinate system,
and 6 represents the vehicle’s heading angle. The kinematic equations for an agricultural
differential-drive tracked vehicle are then given as follows

x(t) v(t)cos(O(t)) cos(6((t)) O B
y&) | = [vt)sin((t)) | = | sin(6(t)) 0O [v(t)] (1)
ot) w(t) 0 1|t
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The speeds of the left and right drive wheels of the tracked vehicle are as follows [40].

HL
o) = 0,(t) — —w<2) (2)
v,(t) = v (t) + w(zt)L (3)

2.2. Preview Tracking Error Model

As shown in Figure 2, when a tracked vehicle performs path tracking based on the
preview tracking model, it searches the reference path with a certain preview distance Ld
to determine an appropriate target point to follow. The perpendicular distance from the
vehicle’s position to the reference trajectory is defined as the lateral deviation, while the
deviation between the vehicle’s current heading and the preview direction is defined as
the heading deviation. By controlling the differential steering of the motors, the vehicle’s
position and orientation are continuously adjusted to reduce these deviations, enabling the
tracked vehicle to follow the predetermined trajectory strictly.

Y A

o

Figure 2. The preview tracking error model for tracked vehicles.

When the tracked vehicle actually performs path tracking, the reference trajectory is
typically composed of a series of discrete coordinate points P1, P2, ..., Pn, as shown in
Figure 2. For discrete trajectories, due to the absence of target points along the path, it is not
feasible to project the vehicle’s current position ¢ onto the trajectory for analysis. Therefore,
approximate solutions must be sought using neighboring target points. By estimating
the distances from the vehicle’s current position c to each discrete point on the reference
path one by one, the trajectory discrete point that is closest to the preview distance from
the projected point Pc is determined as the preview point, denoted as Pr(x, (t), y,(t)).
Consequently, the error of the tracked vehicle in the global coordinate system is given by

X () = x,(t) — x(t) (4)
v () =y, (1) —y(t) (5)
0,() = 6,(t) — 6(t) (6)

where the vehicle’s reference heading 0, is
0,(t) = atan2(y, (t) — y.(£), x,(t) — x.(£)) (7)
The kinematic model of the tracked vehicle can be simplified as follows.
X =fXb),Uuw) 8)

The kinematic model of the tracked vehicle is expanded using a Taylor series in the
vicinity of the preview point P, (x,(t), y,(f)).

X = F(X,(5), U, (1)) + Jx (X(8) = X,(8) + Ju (U (t) — U, (1)) (9)
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where X, (t) = [x,(t) y,(t) 0,(t)]T denotes the preview reference state, U,(t) = [0v,(t)
w,(t)]T denotes a nominal reference input, and Ar and Br are the Jacobians of f with respect
to X and U, evaluated at (X,, U,). A preview target generated from the moving vehicle
pose need not itself follow the nominal kinematics exactly; its reference-dynamics residual
isd, =X, - f(X,, U,).

The preview tracking error model for tracked vehicles is as follows.

E (t) = A,(DE(B) + B,(WU(H) + d, (1) — dyyy (1) (10)

With the sign convention of Equations (4)—(6), E,(t) = X,(t) — X(t) = [Xc(t) ye(t)
0.(t)]T. The heading error is defined as the reference heading minus the vehicle heading and
wrapped to the interval 6, = mod(8, — 6 + 77,271) — m € [, 71), all heading angles and
heading errors are expressed in radians, and the input-error vector is INJ(t) = Ur(t)-U(t).

The wrapped heading error uses 6, = wrap(8,—8). The additive term d,j;, denotes the

slip
discrepancy between actual vehicle motion and the nominal no-slip model. Equation (10)

reduces to the nominal linear error model only when both 4, and d,;;, are neglected.

0 0 —o.(t)sin(6.(t)) cos(0.(t)) O
A, =10 0 o.(Hcos(6.(t)) |, B, =|sin(6.(t)) O (11)
0 0 0 0 1

Using the approximate discrete method to discretize Equation (10). The forward-
Euler discretization of Equation (10) is given below. The displayed MPC prediction model
treats d, and d;;, as unmodeled residuals; this is an approximation, not proof that their
values vanish.

E(k+1) = Ay(k)Eg (k) + B, (k)U (k) + T,(d, (k) — dgp (k) ) (12)

where
Ag(K) = I+ T.A,(K) (13)
B;(k) = T,B, (k) (14)

For the nominal state-error subsystem, n = 3, m = 2, I, is the 3 x 3 identity matrix and
T, is the sampling period. Accordingly A; € R®3} and B, € RI¥2.

A discrete-time configuration uses a supervisory period of T, = 0.10 s, prediction
horizon Np = 10, and control horizon N = 3, corresponding to prediction and control
windows of 1.0 and 0.3 s. In this configuration, the kinematic model is discretized at the
stated period, and the local prediction matrices are evaluated at each control update.

3. Controller Design
3.1. Design of a Path Tracking Controller

The objective of path tracking control is to enable the tracked vehicle to follow a ref-
erence trajectory quickly and stably. In this section, an MPC path tracking controller is
established based on an adaptive preview tracking error model, and adaptive adjustment
of the weight matrix is achieved through fuzzy control. The control architecture is shown
in Figure 3.

Taking into careful consideration the preview error model and system control inputs,
the discrete state-space representation for the tracked vehicle, with control increments as
inputs, is given as follows

{g(k +1) = 0 (k) + 7, & U(k) 1)

n(k) = C¢(k)
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UK - 1) I I,

mxm identity matrix, 0 mxn is the mxn matrix of all zeros.
In Equation (15), E(k) = E,(k), d(k) = Ay(k), and y(k) = B,(k), where A; and B,
are defined in Equations (13) and (14). Accordingly, Z(k) € R®, 9, € R¥S, Y € R,
and C € R¥5. The second block of ¢ (k) contains the previous input-error vector lNI(k —-1),
rather than the previous physical command. The augmented model is the nominal predictor

where ¢ (k) = [ E(k) ], 5k = [8(k) 7(k)], Ve = [7(k)], C= [L,5:055n ], Im is the

obtained by neglecting the reference-motion and slip residuals in Equation (12).

( ) ( A
Referece path Adaptive weight MPC controller v
. P, . . w Differential-speed
v T —> J=Y|n-n, "0 + Z"AU"R tps P > tracked vehicle
=(Y-Y,) Q-Y,)+AU"RAU + pe achieves
X J

Adaptive preview
tracking

Figure 3. Adaptive preview MPC control architecture.

3.1.1. Predicted Output

The MPC controller utilizes Equation (15) to predict states and outputs, meaning it
forecasts the system’s state variables and outputs within the prediction horizon Np. Within
the control horizon N, which is shorter than the prediction horizon (Np > N), it optimizes
the increments of the control variables through a rolling optimization process.

For the prediction horizon Np and control horizon N (1 < N < Np), the stacked
predicted-output vector has dimension 3Np, and the stacked input-error increment vec-
tor has dimension 2N.. Beyond the control horizon, increments are set to zero for
prediction purposes.

Y (k) = [k + D)k +2) ... 5k + Np)]" (16)

AUy, (k)

[AU(K) AU(k +1) ... AU(k + N¢ —1)1T (17)

Since (k) = CZ(k)
global states. Therefore Y, (k) = Osy,. The global reference sequence is used to form
E(k+i) = X,(k+1i) — X(k+ i) and is not subtracted from the predicted error a second
time. To retain the input-error augmented state in Equation (15), AU (k) = lNl(k) — il(k -1)

E(k), Y(k) stacks predicted tracking errors, not absolute

denotes the input-error increment in Equations (15)-(23), with U = U, — U. The matrices
in Equation (18) have sizes ¥ € R, @ € R3Nr*2Nc and are held constant over each
nominal prediction horizon.

Y (k) = ¥, (k) + @ AUy, (k) (18)
where e N
q/k = COl(Cak, Cak Yy Cak P)

i
Dy = {Cé)k Me 127 = 1,...,Np,j=1,...,N¢

03)(2 i <]
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3.1.2. Objective Function and Adaptive Control of Target Weights

To achieve rapid and stable path tracking for agricultural differentially driven tracked
vehicles, the objective function is designed as follows.

J= (Y =Yyu) Q(Y = Yyop) + "Rz + pe? (19)

where z = AUy _(k), Q weights the predicted tracking errors and R weight the input-
error increments. The zero error is Y,,, = 0. The slack coefficient is p; the existing
hard-constrained formulation fixes € = 0.

{Q = blkdiag(Q,, ..., Qy,) € RN»N> 0

Q= diag(Qxe/ de/ Qee)r n=1,..,Np

R = blkdiag(Ry, ..., Ry._1) € R*Nex2Ne (21)
Ri = diag(RAz;/ RALU)/ l = 0, “‘/NC - 1

Letz = AUy (k), A= @' Q@y + R, ¢ = E," QE,. Substitution of Equation (18) gives
J = zTAz + 2E,"Q@yz + ¢ + pe®. With e = 0, dropping the constant c gives the equivalent
QP objective ¢(z) = zTHz + fTz, where H = 2A, f = 2@,TQE,. Equation (22) writes the
same cost with the constant omitted;

Tr T
to= o {755 ] +2tmeen olfF] @)
where
Ey(k) = ¥i (k) = Yof (23)

In Equations (22) and (23), E, is the predicted output error before applying the future
control increments, rather than merely the predicted output. Since Equations (25)-(27)
specify hard actuator bounds only, the slack variable mentioned in Equation (19) is fixed
to € = 0 in this hard-constrained formulation. The algorithm implements adaptive MPC
weight control based on fuzzy control. When a tracked vehicle performs path tracking
using an MPC controller, the main factors affecting its tracking performance include Q,,,
Q,er and Ry,,. The weight adjustment formula is as follows.

Qye = Qyg x 61ty
Qge = Qog % Spg (24)
Rpw = ng X 3

Cost-function parameterization. In the reported tracking experiments, the baseline
weight coefficients in Equation (24) were Q,, = 300, Qg = 400, and R, = 5. The fuzzy
controller adjusted the weighting factors y,, yig, and p, within [0,1]. Accordingly, the
adaptive weights were calculated as Q,, = 1800y,, Qg = 20004y, Rp, = 15p,,. For
the output order [x,, Y., GE]T and increment order [Av, Aw]’, the stage weighting matrices
were Qgage = diag(O, 18004, 2000],19), Rgage = diag(0,15p,,). The corresponding hori-
zon weighting matrices were constructed as Q = Iy, ® Qgage and R = Iy ® Ryiage- The
fixed-preview baselines and the adaptive-preview controller used the same fuzzy weight-
adaptation law and the baseline coefficients specified in Equation (24). Using the same
adaptation law does not, by itself, imply identical instantaneous weight histories, because
the law depends on tracking errors.

In the fuzzy controller, the lateral deviation and heading deviation of the tracked
vehicle are selected as input parameters, while the weight factor coefficients ., j,, and p,,
serve as output parameters. A dual-input and triple-output fuzzy controller is established,
as shown in Figure 4.
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Figure 4. The dual-input and triple-output fuzzy controller.

The dual-input and triple-output fuzzy controller mainly consists of three parts: fuzzi-
fication of variables, determination of membership functions, and formulation of fuzzy
control rules.

Based on the kinematic state of the differential tracked vehicle and operational experi-
ence, the basic universe of discourse for the lateral deviation is determined to be [—15, 15],
the basic universe of discourse for the heading deviation is [—12, 12], and the basic universe
of discourse for the weighting factor coefficients y,, ,, and p, is [0, 1]. The fuzzy subsets
for the lateral deviation and heading deviation consist of 7 levels: NB (Negative Big), NM
(Negative Medium), NS (Negative Small), ZO (Zero), PB (Positive Big), PM (Positive
Medium), and PS (Positive Small). The fuzzy subsets for the weighting factors py and
pe consist of 4 levels: PB (Positive Big), PM (Positive Medium), PS (Positive Small), and
ZO (Zero). The fuzzy subsets for the weighting factor coefficient y,, consist of 3 levels:
S (Small), M (Medium), and B (Big). The results of the fuzzification process are shown
in Table 2.

Table 2. The fuzzification parameters for the input and output variables of the control system.

Relevant Basic Domain Fuzzy Subset Quantification
Parameters. Factor
Lateral
douiotio [—15, 15] {-3,-2,-1,0,1,2,3} 0.2
Heading deviation. [-12,12] {-3,-2,-1,0,1,2,3} 0.25
Weight factors p, [0,1] {0,1,2,3} 3
Weight factors y, [0,1] {0,1,2,3} 3
Weight factors j,, [0,1] {1, 2,3} 3

Determination of Membership Functions. Triangular membership functions are
characterized by low computational complexity and high flexibility. Therefore, tri-
angular membership functions are adopted. Membership-function specification for
a reference fuzzy inference system. Triangular membership functions are defined by
tri(x;a,b,c) = max(0,min((x—a)/(b—a),(c—x)/(c—b))), with left and right shoulder func-
tions used at the domain endpoints. Seven uniformly spaced input terms NB, NM, NS, ZO,
PS, PM, and PB have centers —15, —10, —5, 0, 5, 10, and 15 for lateral deviation and —12,
-8, —4, 0, 4, 8, and 12 for heading deviation; adjacent centers define the corresponding
triangle bases. The four output terms ZO, PS, PM, and PB for Hy and y, have centers 0,
1/3,2/3, and 1; the three terms S, M, and B for yiw have centers 0, 0.5, and 1. Mamdani
min-max inference and centroid defuzzification provide an explicit reference to the rules
in Tables 3-5.

Fuzzy Control Rule TABLE. Establish fuzzy control laws for the differential tracked
vehicle’s yy, pe, and pw, as shown in Tables 3-5, respectively.

The input-output fuzzy response surface is shown in Figure 5.

https://doi.org/10.3390/machines14111296
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Table 3. Fuzzy control rule TABLE for weighting factor coefficient y,,.

Lateral Deviation

]

! NB NM NS Z0 PS PM PB
£ NB ZO PS PS PM PS PS ZO
= NM PS PS PM PM PM PS PS
% NS PS PM PM PB PM PM PS
A ie} ZO PM PM PB PM PM 70
£ PS PS PM PM PB PM PM PS
= PM PS PS PM PM PM PS PS
o PB Z0 PS PM PM PM PS /o)

Table 4. Fuzzy control rule TABLE for weighting factor coefficient y,,.
" Lateral Deviation

’ NB NM NS ZO PS PM PB
£ NB PB PM PM PS PM PM PB
b= NM PM PM PS PS PS PM PM
% NS PM PS PS ZO PS PS PM
S ZO PB PS PS ZO PS PS PB
£ PS PM PS PS zZO PS PS PM
2 PM PM PM PS PS PS PM PM
T PB PB PM PS PS PS PM PB

Table 5. Fuzzy control rule table for weighting factor coefficient y,,,.
u Lateral Deviation

“ NB NM NS 70 PS PM PB
£ NB B B M M M B B
= NM B M M S M M B
% NS M M S S S S M
° ZO M S S S S S M
= PS M S S S S M M
= PM B M M S M M B
T PB B B M M M B B

Figure 5. Fuzzy output response surface.

3.1.3. Receding Horizon Optimization and Feedback Control

Considering the steering control capability of the tracked vehicle and the safety of path
tracking, constraints are imposed on the control inputs and their increments, as shown in
Equation (25).

https://doi.org/10.3390/machines14111296
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{ umin < U(k) < umax (25)

Aumin < AU(k) < Aumax

in Equation (25), U and AU are physical commands and their increments. In Equation (27),
the bounds are repeated NC times. Lett, = 1y, ® Uk-1), S = tril(Inoxn.) ® D
Let U, . stack the reference inputs and AU, . stack their time increments, including the
first increment from k — 1 to k. Then the physical command and increment sequences are
Upae = U, — t, — Szand AU,,,,;. = AU, . — z. Only the first move is applied using
U pa (k) = U, (k) — ﬁ(k — 1) — z;, where z1 is the first two-component block of z.

The control problem of the preview tracking error model is transformed into a standard
quadratic programming problem, as shown in Equation (26).

min, ¢p(z) = zTHz + fTz (26)

{Umm,c S U, —t,— 52 < Uy (27)
AU, e < AU, =2z < AU,

A comparison of the mathematical formulation in Equations (10)-(23), together
with the command reconstruction and constraints in Equations (25)-(27), with the MAT-
LAB/Simulink implementation used in the simulations and vehicle experiments con-firms
their consistency. The reported tracking trajectories and lateral-error and angu-lar-velocity
statistics were obtained using this implementation. The reported percentage reductions are

calculated directly from the corresponding tracking statistics.

3.2. Adaptive Preview Distance

When the differential-drive tracked vehicle employs an MPC algorithm with preview
for path tracking, as illustrated in Figure 6, the preview distance is a core parameter that
significantly influences the control performance. As shown in Figure 6b, when the preview
distance L, is too small, the tracked vehicle will track the reference path more precisely, but
the path tracking controller may experience tracking oscillation issues, leading to instability
in the vehicle’s motion. Conversely, a larger preview distance avoids excessive path tracking
oscillation, as depicted in Figure 6c. However, when the preview distance exceeds a certain
threshold, it increases the vehicle’s lateral error and reduces control accuracy, resulting in
the cutting-corner phenomenon shown in Figure 6d. Therefore, determining an appropriate
preview distance is crucial for the path tracking performance of tracked vehicles.

D .
Small Ls . A /'
5 //
-

@ Large L,

Large L,

Cutting-Corner
Phenomenon

Figure 6. Effects of preview distance on tracked-vehicle path tracking.
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3.2.1. Speed-Based Reference Preview Distance

A longer preview distance can be considered at higher vehicle speed, while a shorter
distance provides more local path information. The linear speed-based reference below is
defined for v,,;,, < v < v, with v,,,, > v,,;,. It is a reference value, not an inequality
constraint on the selected preview distance.

Ldmax - Ldmin

Ld,ref = Ldmin + (V - Vmin) (28)

Vinax = Vmin

Equation (28) is not imposed as L; > L, ,.s. The admissible preview interval remains
Limin < Li < Lguar (1.0-3.0 m). In the implemented controller, the reference from
Equation (28) is computed from the current vehicle speed and used when initializing the
feasible candidate preview distances in the improved SSA. Subsequent candidate updates
and fitness evaluations follow Equations (31)—(39) within the same admissible interval.
Equation (39) determines the target from path geometry and absolute lateral deviation;
it contains no explicit speed term. Thus, speed enters the search initialization, without
changing the fixed-state objective or its analytical optimum. The selected distance can be
smaller than the initialization reference.

3.2.2. Degree of Path Curvature in the Preview Area

The curvature of the local path within the preview area influences the selection strategy
of the preview distance L;. As the curvature of the preview path increases, the preview
distance should be correspondingly reduced to enhance the accuracy of the vehicle’s path
tracking control. When the curvature of the preview path is relatively small, a larger preview
distance should be chosen to ensure the smooth movement of the vehicle. The starting
point of the preview area is selected as the discrete path point that is at a distance greater
than Ldmin from the geometric centroid of the tracked vehicle, and the ending point is the
discrete path point that is at a distance less than Ldmax from the centroid, as shown in
Figure 7. The angle difference pi between two line segments at discrete path points within
the preview area is defined as

terminal

P(xi-1, yi1)
> P(xi, yi2)
starting

»
-

X

Figure 7. Curvature degree of the preview area.

Let Py, ..., P, denote the ordered path points within the preview region, and let
t; = P, — P,_; denote the corresponding nonzero segment vectors. The local unsigned
turning angle between two consecutive segments is defined by Equation (29). Thus, p;
characterizes the directional change at vertex P;_;, rather than the accumulated turning
over the preview region.

tl ¢, \ 180
il ) i=2,..,n (29)

It I ) 7T

where i represents the ith path point within the vehicle’s preview area.

p; = arccos (
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The angular straightness indicator of the preview area is defined as
n
W =180°-) p, (30)
i=2

Thesum )", p, represents the accumulated unsigned turning angle within the preview
region. Equation (30) defines W as an aggregate angular straightness indicator, expressed
in degrees. A straight preview path gives W = 180°, whereas greater accumulated turning
produces a smaller W. This indicator describes regional angular geometry and is distinct
from differential path curvature.

3.2.3. Sparrow Search Algorithm

The improved SSA [41] was used to select the adaptive preview distance in the re-
ported simulations and field experiments. The analytical solution below provides an exact
reference for the same fixed-state objective and was not used to generate the reported
tracking results.SSA is therefore optional as a solution method for this objective, but it is
the numerical implementation used in the reported tests. The SSA population comprises
discoverers and scavengers, with sentinel updates. In a Z-dimensional search space, the
position of individual i is X; = [x;;, ..., x;z]; for the scalar preview-distance problem,
Z = 1. Candidates are ranked by decreasing fitness, and all updated distances are clipped
to the admissible interval before evaluation.

The discoverers occupy the top 10-20% of the energy in the total number of the sparrow
flock [42], and its position update formula is

[ e ew(ge ) Awn <5 (31)
v xfz + E-My, Other

where g is the current iteration number of the sparrow flock, G is the maximum iteration
number of the sparrow flock, x{, is the z-dimensional position of the i-th sparrow in the
sparrow flock at iteration number g, R,,,; is a random number distributed between (0, 1), E
is a normally distributed random number between (0, 1), M is a matrix of all ones with
dimensions 1 x Z, Ay, is an early warning value within the range [0.5, 1], S;is the sparrow
flock safety threshold within the range [0.5, 1].

The remaining sparrows in the population act as scavengers, and the formula for
updating their positions is

A

S { E-exp(’l,—z’), i>N/2

i,z (32)
L+, — 2 +Q, - My, Other

where x§_, _is the position of the sparrow with the lowest energy in the searching sparrow
flock, x‘f; , is the position with the highest energy of the discoverers in the current population
searching process, Qy is a 1 x Z-dimensional matrix, where each element is randomly —1 or

Land Q" = QZT(QZQZT)_1~
Sparrows will be threatened by natural enemies during the food search process. Among
them, 10-20% of sparrows will serve as sentinel sparrows. The position update formula for

them is
xg+1 _ { xﬁest,z + p|x;g,z : xi@st,z ’ f(Ld)z <f(Ld)g (33)
iz Xi 2 Xpad 2 _
%z Rl esy 1 (Lo = f Lag
where x7,_ + - is the position of the sparrow with the highest energy in the z-dimensional

position of the sparrow flock in the previous search of the algorithm, p is the step size control
parameter during the search process, Rg is a random number between [—1, 1], f(L,);, f(Ly),,
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f(Ly) are the current, worst, and best fitness values of the population, respectively, and Sy,
is the safety value.

(a) Introduce chaotic factor

The essential characteristic of chaos theory is its extreme sensitivity to initial conditions,
meaning that minor changes can lead to significant alterations in the system’s behavior.
Moreover, when the control parameter is 4, the chaos factor function transitions into a fully
chaotic state [43]. At this point, the system exhibits ergodicity, and the probability density
function is independent of the initial values. The update formula for the chaos factor Cy is

Cf = @pyy = 40,(1 - ®,) (34)

where @, € (0, 1), and ®,, # 0.25,0.5,0.75, 1.

The chaotic factor C; generated by Equation (34) is incorporated into the discoverer
position-update rule. Its deterministic nonlinear evolution governs the update factor in the
optional SSA implementation. This mechanism affects the numerical search trajectory, while
the analytical maximizer of the fixed-state objective in Equation (38) remains unchanged.
The resulting position-update rule is expressed as follows:

xig;—l _ X‘EZ : exp(c;_‘l(;>/ Algrm < Sf (35)
' x{,+ E-M,, Other

(b) Population clustering

Fuzzy c-means clustering determines search centers for a subset of the scavenger
population. The procedure minimizes the membership-weighted sum of squared dis-
tances in Equation (36), and the resulting centers guide the scavenger position updates
in Equation (37). The clustering subproblem concerns population organization, whereas
preview-distance selection maximizes the fitness in Equation (38). The effects of clustering
on solution accuracy and computational cost require independent numerical evaluation.

Fuzzy c-means clustering determines the class membership of each sample point by
obtaining the membership degree of each sample point to the center through optimizing
the objective function, thus realizing automatic classification of sample data. Through the
fuzzy c-means clustering algorithm, the top 5% of discoverers with moderate values in the
sparrow population are set as the initial clustering centers, and the Euclidean distance sum
is taken as the objective function. The calculation formula of the objective function | is

1= Y (i)l — o (36)

i=1 k=1
where ¢ is the number of clustering samples, T is the number of clustering centers, b is the
fuzzy exponent, with b > 1, y; is the membership degree of data i belonging to the k-th
cluster, x; is the i-th element, corresponding to the i-th sparrow’s position, and v; is the k-th
clustering center.

During each iteration, the membership function is used to calculate the data mem-
bership, and the clustering centers v, and membership degrees y; are updated. After
clustering is completed, the top 30% of scavengers in the population will search near the
clustering centers as targets. Their search formula is

g+1 _ | E-exp( badlz 'Z), i>N/2

Xi, = (37)
’ {x‘g:l xg —x§:1’+QZ 'Mz, Other

1,Z

3.2.4. Moderation Function

For a given vehicle state and preview-area geometry, KH and the coefficients in Equation (38)
are fixed. The fitness is maximized (not minimized). This optimization direction is essential:
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for KA > 0, the function has a unique unconstrained maximum at L; = KH and no nonglobal
local maxima. Accordingly, the optimum on the admissible interval has the analytical closed
form below. The shift KC changes the optimal fitness value but not the maximizing preview
distance. The moderation function f(x) is the core of the sparrow search algorithm; an
appropriate moderation function can ensure the tracking effect of tracked vehicles. In order
to take into account both the path tracking accuracy and the steering control stability of
tracked vehicles, the following moderation function is constructed

1

exp(KA - (L; — KH)? + KC) (38)

f(Lg) =

where K, > 0 has units m~2 and controls the peak width; K¢ is a dimensionless offset. With
distance-valued L; and Ky, the exponent is dimensionless. K rescales the fitness but does
not change its maximizing distance.

/\'|W_Wmin| + gd
W

max — Wmin dmux

KH = Ldmin + ( - g)'(Ldmux - Ldmin) (39)

where A € (0, 1) is the weight associated with the angular straightness indicator, § € (-1, 0)
is the lateral-deviation weight, d denotes the current absolute lateral deviation, and d,,,
is its normalization bound. The limits W, and W, are used to normalize W, with
Wiax > Wiin- The coefficients K, and K determine the shape and magnitude of the fitness
function in Equation (38), respectively.

Because % = 2K (L; — Kpy), log fitness has second derivative —2K, < 0.
Its unique unconstrained maximizer is L; = Kp, and the constrained maximizer is
Lyjana = min{Ly,q., max{Ly,,, Ky}}. This requires a fixed number of scalar operations
after computing Ky; SSA adds population evaluations and clustering. For the same frozen
objective, no feasible SSA candidate can exceed the analytical optimum. This is an analytical

result, not a measured timing advantage or a guarantee of identical closed-loop trajectories.

3.2.5. Adaptive Preview Distance Algorithm Process and Parameter Setting

When determining the preview distance, tracked vehicles based on the adaptive preview
tracking fuzzy control algorithm input the current lateral deviation of the vehicle and the
degree to which the path of the preview area is curved into the improved SSA to search for
the most suitable preview distance value. Set the population size N of the improved SSA to
100, the maximum number of iterations G to 200, the maximum value of the weight function
KH to 3, the minimum value to 0.8, the range of the preview distance L; to [1.0 m, 3 m], the
number of population discoverers to 20, and the number of scavengers to 80. The analytical
illustration in Figure 8 is separate from these population and iteration settings.

(a) Preview-distance fitness (b) Analytical preview selection

— Ku=08m

Analytical optimum
——- Ku=2m ©  Saturation breakpoints
—= Ku=3m

\
I}
7

v

e
3
~

Fitness f{Ld) (dimensionless)
°

e
>

a
5
E
8
E
E]
<

o
T
°

.5
1 P 2 25 & 05 1 2 3 35
Preview distance Ly (m) Target parameter Ky (m)

Figure 8. Analytical properties of the preview fitness and its constrained optimum, illustrated with
K, =1m™2, K¢ = 0 and an admissible interval of 1.0-3.0 m. (a) Fitness for three fixed target values;
dots indicate constrained maxima. (b) Optimal preview distance obtained by interval projection.

The preview-selection procedure is summarized in Algorithm 1.
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Algorithm 1. Optional SSA implementation of preview selection

Input:

G: Maximum number of iterations for the population

FD: Number of explorers

SD: Number of sentinels

N: Total population size

Output:

Lpest: Optimal preview distance

Freeze the current vehicle state and preview-area geometry; compute KH once, and
initialize N feasible candidate distances and the best-so-far record.

Obtain vehicle lateral deviation, curvature of the preview area, and initialize algorithm
parameters.

1: while (g < G)

2: Evaluate feasible candidates using Equation (38), maximizing f; retain the best-so-far
individual.

Set the best and worst individuals by descending fitness.

3: fori=1:FD

4 Introduce chaos factors using equation (34), and update
the positions of explorers using equation (35).

5: end for

6: Apply fuzzy C-means clustering to categorize the top 30% of the scavenger
population;

7. fori= (FD+1):N

8: Update the positions of scavengers using Equation (37).

9: end for

10: fori=1:SD

11: Update the positions of sentinels using Equation (33).

12: end for

13: Clip updated distances to the interval and re-evaluate fitness; let Fnew be the current
maximum.

14: if Fnew > Fbest

15:  Store Fbest = Fnew and the corresponding preview distance.

16: end if

17: g=9+1;

18: end while

19: return L.

4. Results

The evaluation comprises an analytical assessment of preview selection and a closed-
loop tracking study. MATLAB/Simulink and ROS/Gazebo simulations compare adaptive
and fixed preview distances at different vehicle speeds, followed by tests on the tracked-
vehicle platform. The analytical assessment concerns fixed-state optimization, while the
tracking experiments characterize the integrated controller.

4.1. Analytical Assessment of Preview Selection

Figure 8 characterizes the fixed-state fitness and the interval projection that deter-
mines the analytical optimum. For a feasible SSA estimate, the preview-distance error is
e =|Lyssa — Laanal, and the logarithmic optimality gap is 6, = Ka[(Ly 554 — Kp)* = (L ana
—Ki)?] = 0. The corresponding relative fitness loss is gr = 1 — exp(—éq). These indi-
cators quantify distance deviation and objective suboptimality under identical fixed-state
conditions. With best-so-far retention, the maximum fitness is nondecreasing across itera-
tions, while the corresponding minimum cost ¢ = —Iu f is nonincreasing. The analytical
solution provides an exact reference for both indicators. This assessment establishes the
optimization properties of the fixed-state objective; differences in execution time and closed-
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loop performance between SSA and direct analytical evaluation remain unquantified. The
tracking experiments evaluate the integrated controller and do not isolate the effects of the
preview solver.

4.2. Analysis of Path Tracking Simulation Tests for Vehicles at Different Speeds

To further verify the effectiveness of the tracking control algorithm proposed in this pa-
per, a joint simulation of vehicle path tracking control is carried out based on ROS/Simulink
according to the actual parameters of the motor-driven differential tracked vehicle, as shown
in Table 6. A reference path with a total length of 80 m is designed, including straight-line
driving, turning and U-turn road conditions, as shown in Figure 9. Set the vehicle speeds
to 0.5m/s, 1.0 m/s and 1.5 m/s, respectively. Based on operational experience, the preview
distances of 1.0 m and 3.0 m are selected, respectively, for the tracked vehicle path tracking
simulation experiments of the fixed preview distance preview MPC tracking control algo-
rithm. The 1.0 m and 3.0 m fixed-preview baselines used the same fuzzy weight-adaptation
law and baseline coefficients as the adaptive-preview controller. Their preview distances
were held constant, whereas the adaptive-preview controller selected its distance using
the improved SSA. These comparisons examine preview selection within a common fuzzy-
weighting architecture; they do not establish that all other run-specific numerical settings
were matched.

Table 6. Main parameters of tracked vehicle.

Project Technical Parameters
Overall machine dimensions/mm x mm x mm 1850 x 815 x 900

Mass/kg 39.86

Operating speed/(m-s)~! 0~15
Track width/mm 80
Distance between track centers L/mm 295
Track ground contact length B/mm 375
Height of center of gravity from ground hg/mm 175
Drive sprocket radius rz/mm 60

Y (m)
(= w =) \

[terminal ':

3l . , stafing | L L L L L L L
“2 -8 4 0 4 8 12 16 20 24 28 32 36
X (m)

Figure 9. Multi-angle plan path of vehicle.

For a trajectory-level summary of the r-th run, let d, ; denote the signed lateral devi-
ation at the j-th valid sample, and let N, denote the number of samples retained within
the evaluation interval. The following definitions assign equal weight to each retained
sample. The maximum absolute lateral error, mean absolute lateral error, and sam-

L N
/MAEr = ﬁz]'zrl dr,j
r

ple standard deviation are defined as d,,, = max ‘dr,j

S =
1<j<N, rodr

1 N, =\2 5 1 N, - .
J mzj:l (dr,]- - dr) d, = EZi:l d, ;. Where the standard deviation describes the

dispersion of the signed lateral deviation within a trajectory.

The definitions above apply to an individual trajectory; they do not specify how sum-
maries from multiple runs are combined. For each speed and controller configuration, five
independent runs were performed in both simulation and field experiments. The re-tained
observations from the five runs were pooled before calculating the statistics report-ed for
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the simulation and field tests. The maximum absolute lateral error, mean absolute lateral
error, and standard deviation were evaluated over the pooled observations, rather than
obtained by averaging five run-level statistics. The standard deviation therefore charac-
terizes dispersion within the pooled sequence and does not quantify variability between
independent runs. No confidence intervals or statistical-significance claims are derived
from these summaries.

Mean angular velocity is calculated as the arithmetic mean of the retained signed
angular-velocity observations pooled across the five runs for each condition. Absolute
values are not taken before averaging. Opposite turning directions can therefore cancel,
so a lower signed mean does not establish lower turning magnitude, steering effort, or
com-mand smoothness. Percentage reductions in mean angular velocity describe arithmetic
changes in this signed statistic and retain the same interpretive limitation.

Figure 10 compares the simulated trajectories of the adaptive-preview controller with
those of the fixed-preview controllers at 1.0 and 3.0 m. The 1.0 m baseline has lower
mean absolute lateral error than the 3.0 m baseline at all three speeds in Table 7. The
angular-velocity responses provide a complementary comparison of steering behavior. The
numerical results are assessed separately against each baseline.
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Figure 10. Tracked trajectory simulation with different speeds and multiple curvatures.

Figure 11 presents the adaptive preview distance along the simulated trajectory. The
tracking responses are shown in Figure 12 and summarized in Tables 7 and 8. It can be
seen from Figure 12a—c that when the vehicle selects preview distances of 1.0 m and 3.0 m
for fixed-preview MPC tracking, or uses the proposed adaptive-preview algorithm, the
fluctuations in lateral deviation increase with vehicle speed.

Figure 12a—c show the lateral-deviation responses, and Figure 12d—f show the steering
angular-velocity responses. Tracking error and angular-velocity dispersion provide different
measures of controller behavior. The adaptive controller has lower angular-velocity standard
deviation than both fixed-preview baselines at all three simulated speeds, but does not
minimize every tracking-error statistic in Table 7. These observations describe the measured
response characteristics and do not establish closed-loop stability.
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Table 7. Statistics of the lateral deviation results of tracked vehicle path tracking under simulated

working conditions.

Speed/ . . Max Absolute Mean Absolute Lateral-Error SD
1 Preview Distance/m
(m-s™1) Error/m Error/m (m)
1 0.2563 0.0447 0.0670
0.5 3.0 0.9735 0.1200 0.1975
Adapt 0.2224 0.0528 0.0660
1 0.4471 0.0738 0.1109
1.0 3.0 0.9774 0.1321 0.1945
Adapt 0.4805 0.0650 0.0902
1 0.6091 0.1070 0.1503
15 3.0 0.9397 0.1417 0.2186
Adapt 0.7841 0.0990 0.1538
4.0 -
v=0.5m/s}
3.5 == v=1.0m/s}
£ = =-v=1.5m/s]
830 s
z g ¢ A
§ 20T
- ..
s \'P i1
1.0 . ' :
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Figure 11. The simulation environment adaptively previews the forward view distance of MPC
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tracked vehicle path-following control algorithm.
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Figure 12. Multi-angle path following simulation evaluation diagram of tracked vehicle.
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Table 8. Statistics of the steering angular velocity results of tracked vehicles under simulated working
conditions.

Speed/ Preview Distance/m Max Angular Mean Angular Angular-Velocity
(m-s71) Velocity/(rad-s™1) Velocity/(rad-s™1) SD (rad/s)

1 1 0.1212 0.1217
0.5 3.0 0.5454 0.0959 0.1007
Adapt 0.3927 0.0870 0.0722
1 1 0.1562 0.1714
1.0 3.0 1 0.1365 0.1647
Adapt 1 0.1186 0.1333
1 1 0.2073 0.2306
1.5 3.0 1 0.1729 0.2001
Adapt 1 0.1500 0.1696

Tables 7 and 8 give adaptive-controller mean absolute lateral errors of 0.0528, 0.0650,
and 0.0990 m and mean angular velocities of 0.0870, 0.1186, and 0.1500 rad/s at 0.5, 1.0,
and 1.5 m/s, respectively. Relative to the 1.0 m baseline, the lateral-error reductions are
—18.12%, 11.92%, and 7.48%; relative to the 3.0 m baseline, they are 56.00%, 50.79%, and
30.13%. A negative reduction denotes an increase in error. The corresponding angular-
velocity standard-deviation reductions are 40.67%, 22.23%, and 26.45% relative to 1.0 m,
and 28.30%, 19.06%, and 15.24% relative to 3.0 m. The two fixed-preview baselines are
evaluated independently rather than combined into a pooled comparator.

Figure 11 shows the adaptive preview distance along the simulated trajectory at the
three speeds. Together with Tables 7 and 8, these results describe the lateral-error and angular
velocity responses obtained with the adaptive-preview controller under the tested conditions.

Figure 11 shows the variation in the selected preview distance with travel distance
at vehicle speeds of 0.5, 1.0, and 1.5 m/s. At the beginning of the trajectory, the preview
distances for all three speeds are close to 3.0 m. Over approximately 545 m of travel,
the curves exhibit repeated reductions and recoveries, with the selected distances varying
approximately between 1.3 and 3.0 m. This behavior is consistent with the changing path
geometry and tracking state along the reference trajectory shown in Figure 9. According to
Equation (39), the preview selection depends on both the preview-area geometric indicator
and the current lateral deviation. Consequently, its variation cannot be attributed to vehicle
speed or path geometry alone.

Over approximately 45-55 m of travel, the selected distances recover toward 3.0 m
and subsequently remain close to this value for most of the remaining trajectory. Shorter
preview distances provide more local path information, whereas longer distances extend
the look-ahead range. The differences among the three curves indicate that the adjustment
process varies with operating speed and the associated tracking state. A 3.0 m reference
at the upper reference speed therefore does not require the selected distances in Figure 11
to remain at 3.0 m. The angular-velocity responses in Figure 12 provide a complementary
comparison of steering behavior. The numerical results are assessed separately against
each baseline.

Tables 7 and 8 summarize lateral error and angular velocity from the same simulation
runs. For each controller configuration, each of the five runs retained 1601, 801, and
534 observations at 0.5, 1.0, and 1.5 m/s, respectively. The corresponding pooled sample
counts were 8005, 4005, and 2670. The three speeds and three controller configurations
therefore involved 45 simulation runs in total. Tables 9 and 10 were also calculated from
five pooled field runs per condition.
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Table 9. Statistics of lateral deviation of tracked vehicle path tracking under real vehicle conditions.

Speed/ . . Max Absolute Mean Absolute Lateral-Error SD
1 Preview Distance/m
(m-s™1) Error/m Error/m (m)
1 0.1870 0.0434 0.0388
0.5 3.0 1.2146 0.19041 0.2617
Adapt 0.5075 0.0896 0.0767
1 0.4497 0.0945 0.0903
1.0 3.0 1.3694 0.2443 0.2610
Adapt 0.4168 0.0670 0.0751
1 0.4355 0.1107 0.0985
1.5 3.0 1.1689 0.2089 0.2104
Adapt 0.4315 0.1127 0.0934
Table 10. Statistics of angular velocity of tracked vehicles under real vehicle conditions.
Speed/ . . Max Angular Mean Angular Angular-Velocity
(m-s71) Preview Distance/m Velocity/(rad-s™1) Velocity/(rad-s™1) SD (rad/s)
1 0.7283 0.1296 0.1151
0.5 3.0 0.3259 0.0676 0.06316
Adapt 0.3574 0.0768 0.0617
1 1 0.2284 0.2026
1.0 3.0 0.5484 0.1031 0.0961
Adapt 0.9253 0.1230 0.1219
1 1 0.3200 0.2112
1.5 3.0 0.7805 0.1464 0.1537
Adapt 0.9781 0.1512 0.1603

5. Field Vehicle Test and Result Analysis
5.1. Test Platform Construction

To further verify the effectiveness of the algorithm proposed in this paper, an unmanned
tracked vehicle retrofitted with electronic navigation control is used as the experimental
platform, as shown in Figure 13 (tracked vehicle). The left and right tracks are driven by
independent traction motors with high-precision speed regulation, ensuring stable steering
and traveling performance under low-speed operating conditions. The sensor detection
system uses a ten-axis IMU (Inertial Measurement Unit) inertial navigation module to
calculate the vehicle’s heading information, with a heading accuracy of 0.1°. An RTK differ-
ential positioning module composed of a 4G communication module and a G70 positioning
module is adopted to calculate the vehicle position information. The horizontal positioning
accuracy is 1.0 cm + 1 ppm, and the vertical positioning accuracy is 1.5 cm + 1 ppm. In
addition, a 1000-line incremental optical encoder is integrated into the drive motor to realize
real-time monitoring of the vehicle speed. The Jetson Nano development board and the
Asus Chosen Computer together form the vehicle’s onboard computer. The two devices ex-
change data through a local area network. The sensor detection system communicates with
the Jetson Nano via the serial communication protocol and is encapsulated into ROS nodes
through the corresponding ROS driver packages to achieve distributed communication. The
Asus Chosen Computer’s Matlab/Simulink R2022b software is also encapsulated into ROS
nodes and integrates sensor information to complete algorithm processing. The lower-level
STM32F04 microcontroller subscribes to the control topics of the onboard computer to
achieve vehicle path tracking control. In an illustrative 0.10 s supervisory-cycle policy, IMU,
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RTK, and encoder samples carry acquisition timestamps. At each supervisory instant, the
newest valid samples not later than that instant are selected; interpolation uses available
timestamped samples where appropriate, and a stale required measurement triggers rejec-
tion or retention of the previous feasible command. The controller calculates vr 4 = vcq
+ Lwng/2 and vl g = Vg — Lweng/2, applies the velocity and rate limits, and passes
separate commands to the two motor-drive channels through the STM32. The embedded
control layer uses encoder feedback to regulate track speed and enforces command time-
out and emergency-stop handling as implementation safeguards. In an illustrative 0.10 s
supervisory-cycle policy, IMU, RTK, and encoder samples carry acquisition timestamps. At
each supervisory instant, the newest valid samples not later than that instant are selected;
interpolation uses available timestamped samples where appropriate, and a stale required
measurement triggers rejection or retention of the previous feasible command. This example
describes possible timestamp handling and stale-data responses.

4G communication Differential
Signal antennas module positioning module

A

! ﬁ L T NN Display

Drive motors

Jetson nano STM32F04 IMU_ ine'rtial
Development Control board navigation
boards module

Figure 13. Test platform for unmanned tracked vehicles.

As shown in Figure 14, the structural block diagram of the control system of each
part of the tracked vehicle platform is constructed for this paper, and the equipment link
relationship of each working part module is illustrated in the figure.
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Figure 14. Tracked vehicle control system structure diagram.
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5.2. Analysis of Test Results

The path tracking experiment was conducted at the driving center located next to
the Panax notoginseng Plantation Experimental Field of the Yunnan Chinese Medicinal
Ma-terials Mechanization Engineering Research Center. A section of the experimental field
measuring 60 m in length and 8 m in width was selected for the experiment. During the
experiments, the vehicle speeds were selected as 0.5 m/s, 1.0 m/s and 1.5 m/s, respectively,
to conduct path tracking experiments with a fixed preview distance of 1.0 m and 3.0 m,
as well as the path tracking control algorithm of the adaptive preview MPC proposed
in this paper. The tracking trajectories are shown in Figure 15. Table 9 shows that the
1.0 m base-line has lower mean absolute lateral error than the 3.0 m baseline at each tested
speed. Relative to the 1.0 m baseline, the adaptive controller has lower mean absolute
lateral error at 1.0 m/s and higher error at 0.5 and 1.5 m/s. The field comparisons therefore
show a speed-dependent tracking-error trade-off. The field baselines used the same fuzzy
weight-adaptation law and baseline coefficients as the adaptive-preview controller. The
1.0 m and 3.0 m baselines retained fixed preview distances, whereas the adaptive config-
uration used the improved SSA. These results compare preview strategies within a com-mon
fuzzy-weighting architecture, rather than a complete factorial ablation of weight ad-aptation
and preview adaptation. Figure 16 presents the corresponding lateral-deviation responses
in panels (a)-(c) and steering angular-velocity responses in panels (d)—(f), at 0.5, 1.0, and
1.5 m/s, respectively.

Tables 9 and 10 give adaptive-controller mean absolute lateral errors of 0.0896,
0.0670, and 0.1127 m and mean angular velocities of 0.0768, 0.1230, and 0.1512 rad/s
at 0.5, 1.0, and 1.5 m/s, respectively. At 1.0 m/s, the lateral-error reductions are
% x100% = 29.10% relative to the 1.0 m baseline and % x100% = 72.57%
relative to the 3.0 m baseline. The corresponding reductions at 0.5 and 1.5 m/s are —106.45%
and —1.81% relative to 1.0 m, and 52.94% and 46.05% relative to 3.0 m. The comparisons
thus show lower lateral error than the 3.0 m baseline at all tested speeds, but lower error
than the 1.0 m baseline only at 1.0 m/s.
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Figure 15. Tracked vehicles with different speeds and multiple curvatures follow the trajectory of real
vehicle paths.
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Figure 16. Tracking results of real vehicle paths with different speeds and multiple curvatures of
tracked vehicles.

In the field tests, angular-velocity standard deviation decreases by 46.39%, 39.83%, and
24.10% relative to the 1.0 m baseline at 0.5, 1.0, and 1.5 m/s, respectively. Relative to the
3.0 m baseline, it decreases by 2.31% at 0.5 m/s but increases by 26.85% and 4.29% at 1.0
and 1.5 m/s. Mean angular velocity is lower than that of the 1.0 m baseline at every tested
speed, but higher than that of the 3.0 m baseline.

Table 11 evaluates each fixed-preview baseline separately. For a statistic M, the percent-
age reduction is rp; = 100 (Mfm,d - Madapﬁve) /Mgixeq, where positive and negative values
denote a decrease and an increase, respectively. Relative to the 3.0 m baseline, mean abso-
lute lateral error decreases by 30.13-56.00% in simulation and 46.05-72.57% in field tests.
Relative to 1.0 m, it decreases at 1.0 and 1.5 m/s in simulation and at 1.0 m/s in the field; it
increases at the remaining tested conditions. Angular-velocity standard deviation decreases
relative to 1.0 m in all cases, but its changes relative to 3.0 m depend on the test condi-
tion. The comparisons examine fixed and adaptive preview selection under a shared fuzzy
weight-adaptation policy. Because no fixed-weight control group is included, they do not
separately quantify the benefit of weight adaptation or its interaction with preview adapta-
tion. The unavailable retained field-sample counts and incomplete evaluation-boundary
records limit independent reproduction of the tabulated statistics. Pooling the five runs does
not quantify run-to-run variability. The reported mean angular-velocity reductions describe
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changes in the signhed mean and are not evidence of lower steering effort. No confidence
intervals, significance tests, or control-command variation metrics are provided. The effect
of weight adaptation, run-to-run repeatability, and command smoothness consequently
remain unquantified. Closed-loop stability cannot be inferred from the tracking-error and
angular-velocity statistics alone.

Table 11. Percentage reductions in tracking performance of the adaptive-preview controller relative
to fixed-preview baselines.

Speed/ Fixed Preview Mean Absolute = Mean Angular- Angular-
Setting (i /s) (m) Lateral-Error Velocity Velocity SD
Reduction (%) Reduction (%) Reduction (%)

05 1.0 —18.12 +28.22 +40.67
’ 3.0 +56.00 +9.28 +28.30
Simulation 10 1.0 +11.92 +24.07 +22.23
) 3.0 +50.79 +13.11 +19.06
15 1.0 +7.48 +27.64 +26.45
: 3.0 +30.13 +13.24 +15.24
05 1.0 —106.45 +40.74 +46.39
’ 3.0 +52.94 —13.61 +2.31
. 1.0 +29.10 +46.15 +39.83
Field test 10 3.0 +72.57 ~19.30 ~26.85
15 1.0 —1.81 +52.75 +24.10
: 3.0 +46.05 -3.28 —4.29

6. Conclusions

This study develops a path-tracking MPC controller for differential-drive tracked ve-
hicles by combining fuzzy cost-weight adaptation with adaptive preview selection. The
implemented improved SSA uses the speed-based reference in Equation (28) during can-
didate initialization, while the preview objective depends on the angular straightness
indicator and lateral deviation. The fixed-state objective also admits an analytical solution;
the present evidence does not establish a numerical-accuracy or runtime advantage of SSA
over that solution. Simulations and field tests at 0.5, 1.0, and 1.5 m/s show lower mean
absolute lateral error than the 3.0 m fixed-preview baseline. Relative to the 1.0 m baseline,
lateral-error changes depend on speed, while angular-velocity SD is lower under all tested
conditions. These results describe a condition-dependent trade-off between tracking error
and steering-response dispersion for the evaluated configurations.
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