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Abstract: We propose a robust self-triggered switching control scheme for four-wheel-steering autonomous ground vehicles (FAGVs)
to enhance tracking precision in the face of significant parameter variations. First, using the polytopic mechanism, the nonlinear
dynamics of a FAGV are formulated as a switched linear parameter-varying system to accommodate parametric perturbations. With
suitable dwell time, a novel self-triggered switching law is designed using energy density in terms of the tracking accuracy and system
robustness; this satisfies the required control criteria while also preventing the Zeno phenomenon caused by traditional high-frequency
switching. Through the application of multiple parameter-correlated Lyapunov functions, the resultant closed-loop system is ensured to
be asymptotically stable with suitable auto-tuned gains. Finally, the efficacy and superiority of the proposed method are verified
through experiments with a FAGV system.
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1 Introduction steering  mechanisms, FAGVs can perform
collision-avoiding maneuvers and achieve rapid
Due to their high efficiency and operational trajectory tracking in constrained or complex

consistency, intelligent vehicles have attracted  environments(Vosahlik and Hani$, 2023; Menyechel

substantial attention within the field of robotics and
control(Jiang et al., 2022; Meng et al., 2023). Among
existing platforms, four-wheel-steerable autonomous
ground vehicles (FAGVs) demonstrate superior
omnidirectional maneuverability and motion capability
compared with differential-drive or mecanum-wheeled
counterparts(Zhang et al., 2024a; Arega et al., 2025).
Equipped with independently actuated chassis and
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Eneyew et al., 2025). In practical scenarios such as
mobile machining, these vehicles are expected to follow
prescribed trajectories across diverse terrains, thereby
imposing stringent requirements on controller
performance(Lu et al., 2024; Yareshe et al., 2025).
However, FAGVs often exhibit strong nonlinearities,
significant  disturbances, and tightly  coupled
position—attitude dynamics, all of which complicate the
design of robust trajectory-tracking control for
real-world deployment.

In recent years, extensive research has focused on
control synthesis for mobile robots(Nguyen et al., 2024;
Dirara et al., 2025). Kinematic model-based controllers
have long been studied due to their simplicity and ease
of implementation, exhibiting various attractive



theoretical properties(Xie et al., 2022; Derseh et al.,
2023; Metekia et al., 2025). However, such approaches
neglect the effects of driving/braking forces and tire
skidding, thereby limiting their effectiveness in
practical applications. As an alternative, direct yaw
moment control (DYMC) enhances stability and
tracking performance by regulating longitudinal driving
forces to generate corrective yaw moments(Zhang et al.,
2023; Liang et al.,, 2024). The development of an
effective DYMC strategy relies on an accurate dynamic
model; however, such models typically contain
uncertainties arising from unmodeled structural effects
and external disturbances present in  real
environments(Ji et al., 2023). Additionally, key system
parameters may undergo considerable variations under
complex operating conditions, rendering
constant-model-based control schemes unreliable, since
fixed approximated models cannot capture the true
dynamic response of a FAGV(Ma et al., 2023). This
presents significant challenges to achieving robust
tracking performance in harsh working conditions.
Consequently, a DYMC method capable of
accommodating parameter variations is essential for
robust trajectory-tracking control of a FAGV.

Linear parameter-varying (LPV) control has
shown promise in addressing perturbations caused by
parameter variations of objectives(Abbas, 2024). Due
to the difficulty of analytically identifying nonlinear
terms, approximating complex system behavior as
linear models parameterized with nonstationary
parameters has emerged as a reasonable
solution(Verhoek et al., 2024). This approximation
works well because time-varying parameters reflect the
system’s operating points and an estimated LPV model
can represent the actual system. Lyapunov functions
provide useful options for designing controllers for
LPV systems(Dehghani, 2024). However, a single LPV
model may not be a sufficient approximation for highly
demanding specifications or large-scale parameter
variations. As such, a single Lyapunov function-based
scheme may not meet the control requirements. Instead,
multiple LPV controllers have been designed, which
adopt different parameter subregions to gradually
schedule the system model(Esmaeili and Modares,

2024). An appropriate control law can then be
developed by using a detectable switching signal to
specify the LPV systems (referred to as switched LPV
systems) among several transition parameters, ensuring
asymptotic stability and transient performance of the
closed-loop system(Rotondo et al., 2022). This
improves the dynamical approximation and control
accuracy.

Switched LPV systems have been explored for
four-wheeled mobile robots(Liu and Long, 2022).
However, achieving a hybrid switching law has been
challenging as the external switching signal is described
in a sequence or fixed-time mechanism. This may lead
to unnecessarily frequent switching, i.e., the Zeno
phenomenon, and thus limit real-world implementation.
Additionally, measurement noises and unreliable sensor
transmission make it difficult to detect the external
switching signal for industrial FAGVs(Zhao et al.,
2023). Therefore, a natural question arises: how can one
design a switching control law for the derived LPV
models that accurately represents an FAGV system?
This paper aims to address this practical question.

Disturbances are ubiquitous in practical systems
and may severely degrade control performance(Yang et
al., 2024; Zeng et al., 2024). For switched LPV systems
subjected to multiple disturbances, a common approach
is to co-design a disturbance observer and a switching
controller(Zhang et al., 2024b; Mohammed et al., 2025).
However, the integrated structure of such methods often
introduces switching bumps, which can produce
undesirable transient behaviors or even destabilize the
system in the case of large or lumped disturbances.
Consequently, the stability guarantees provided by
these approaches may be insufficient for industrial
FAGV applications. Given that stability is a central
requirement in control system design, it is vital to
develop methods capable of attenuating multiple
disturbances while ensuring enhanced robustness and
switching performance for FAGVs.

To address the aforementioned issues, we propose
an LPV switching system for FAGVs subjected to
multiple disturbances. The main contributions of this
study are:



1. Compared with traditional kinematic or
constant-parameter dynamic models(Peng et al.,
2020; Guo et al., 2021), the LPV framework better
captures the substantial parameter variations
inherent in FAGV systems and better meets the
practical operating requirements. This modeling
approach enhances both accuracy and adaptability
to industrial environments, thereby supporting
real-time  implementation and  improving
operational robustness.

2.  Unlike existing sequential or
switching laws prone to Zeno behavior(Cui et al.,
2023; Zhao and Yang, 2024), the proposed
approach  employs an  energy  density,
state-dependent, self-triggered mechanism that
inherently reflects tracking accuracy and
robustness. Without relying on external switching
signals, it regulates tracking error through explicit
performance measures and unifies the dwell-time
constraint with the self-triggering rule through
multiple Lyapunov functions.

3. The control gains of the switched system are
scheduled online, thereby eliminating the need for
manual gain tuning. By simultaneously accounting
for all potential operating conditions, the
controller automatically adjusts its gains to
accommodate the varying system dynamics. This
ensures a desired level of disturbance attenuation
across the entire operating range while enhancing
the reliability and operational availability of the
FAGV.

The rest of this paper is organized as follows.
Section 2 presents the details of the system modeling.
The proposed method is described in Section 3, while
Section 4 presents a validation of the method through
experiments. Finally, Section 5 offers conclusions.

time-driven

2 System modeling and problem formulation
2.1 Lateral motion modeling

As shown in Fig. 1, the trajectory tracking goal for
the FAGV is to make the lateral offset (the distance
from the center of gravity (CG) to the closest point on

the reference path) and heading error (the error between
the actual vehicle heading direction and tangential
direction of the desired path) be zero, such that the
system will track the desired path asymptotically. ;
and y; represent the longitudinal and lateral tire force
of the -th tire, respectively, with =1234=

.+ , . Thetwo-DOF dynamic model of FAGV is
expressed as follows:

f( Nika yfr)_ r( yrit yrr)+ w
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Fig. 1 FAGYV coordinate system and forces (a) Four-wheel
model; (b) Single-track model

where and are the slip angle and yaw rate,
respectively, m is the total mass,  is the longitudinal
speed, , is the yaw inertia, 1is the steering angle of
front angle, ; and | are the distances from the center
of gravity to the front and rear axles, separately, ., is
the external yaw moment, and ¢ denotes the wheel
track width. The lateral forces related to the slip angle
of the front and rear wheels are expressed as:



vi—= ffH yr— ror (2)

where ¢ and . denote the generalized lateral tire
forces of the front and rear tire, respectively (i.e., =

¢ and | are the

yitl ¥ yir and yr= ynt oy
stiffness coefficients of the front and rear tires,
respectively; fand | denote the slip angles of the front
and rear wheels, respectively (as shown in Eq. (S1) in
the Electronic Supplementary Materials (ESM)).

In general, the tire cornering stiffness is influenced
by load transfer. Under the small-angle approximations
cos =1,sin =0,(Ding et al., 2017) and combining
Egs. (1), (2), and (S1), we obtain a linearized model:

= 1t ot 3)

= a T ot at 2

where the model parameters can be found in Eq. (S2) of
the ESM.

By using =[, ] and =[, 41", we
reformulate Eq. (3) into:
=+ o)
with =[ . 12] and =[ u 0 ]
21 22 21 22
2.2 LPV modeling

Traditionally, to facilitate linearized modelling
and subsequent practical implementation, many
assumptions need to be made during the lateral
modeling of FAGV shown in Eq. (1), such as constant
speed and turning stiffness(Hu et al., 2016). However in
real-life situations, it is difficult to ensure accurate
modeling with static parameters under time-varying
working conditions and wheel stiffness. To capture
time-varying perturbations and guarantee high
modeling accuracy, we define an adjustment factor ()
to transfer the lateral control system Eq. (1) into a
polytopic LPV system, which can be formulated as an
affine function of the parameter vector (), i.e.:

O= (O 0+ (O) + (M O 6

where () denotes the external disturbances.

For convenience, () is simplified as in the rest
of'this paper. With the vertex trajectory 1,.., n, can
be represented by a polytopic LPV system, as derived in
Eq. (S3) of the ESM, where = 2" (with being the
number of vertices), is the convex hull, and
denotes the parameter domain. For Egs. (5) and (S3),
the LPV system parameter matrix changes in the
corresponding polytopic. Its vertices are composed of
local system matrices, as per Eq. (S4), where |,
denote the convex set about  in the range of ®. During
the construction of the above-mentioned LPV system,

i( ) denotes the time-varying weighting coefficient
assigned to the ™ local model, which is related to the
scheduling parameters. For a scheduling parameter
vector with varying components, the corresponding
LPV polytope consists of =2 vertices, each
representing an extreme combination of the parameter
bounds. Through global linearization, the nonlinear
FAGV dynamics subjected to disturbances can be
approximated by an LPV representation. In this
framework, a set of linear local models is obtained
across the entire operating range, and the global LPV
model is formed by selecting the appropriate local
model associated with the current parameter vector

() . This construction ensures that the state and
scheduling parameters of the LPV system accurately
capture the underlying FAGV dynamics.

2.3 Control objective

The control objective is to derive a robust
self-triggered switching control solution that ensures
the asymptotic stability of polyhedral LPV system Eq.
(5), in which the tracking error ()= ()— ()
satisfies the following performance indexes:

) O =2 TO O (6)

0 0

where >0 is the attenuation factor, denotes a
positive definite symmetric matrix, and , 1is the
reference state. In this context, the stability of the



resulting FAGV can be guaranteed under parameter
perturbations such that the lateral offset and heading
error can converge to zero.

For more details, the following lemmas are
provided:
Lemma 1.(Souza et al., 2017) For a given matrix =

11 12]
<0 =
[ 22 5 11
T -1
1<0, 2= 12 1
T -1 < O
12 22 12 .
Lemma 2. For real matrix ,

Jiand 5, = 1, one has

12<0and 2 <0, 14

and a function () with

() 'O =

T4 2T

suitable dimensions, if we have
() +7T7() T=? > 0.
Lemma 3. For the known constant matrix , with
appropriate dimensions and bounded function matrix
(),ifwehave () T()< , when the symmetric
() + 7T <o,
there exists a normal number satisfying + 2 T+

17
- <0.

matrix satisfies +

3.Robust self-triggered control scheme
3.1 LPV switching controller design

We noted that using a single LPV model makes it
difficult to satisfy the wide range of changing
parameters caused by harsh working conditions and
inherent perturbations. This inevitably leads to
mismatches between the actual dynamics and the
constructed control model. Given this context, the
FAGYV model can be established in a linear piecewise
fashion in order to switch the parameters between
several sub-region sets. Each set is assigned to the
related subsystem in an autonomous switching manner.
The LPV model in Eq. (5) can be rewritten into a
switched form with adjustable weighting parameters:

0= 00() OF a0l ) + an() O D

where |():[0,00) - ={12,.., } denotes the
switching signal used to characterize the activated

models. For simplicity we remove the symbol  in the

following discussion, so for instance g,;)( ) becomes

a -
The reference model is
following:

considered as the

O= O+ ) ®)

where | and () denote the ideal parameter vector
and input vector, respectively. We define an augmented
system as described in Eq. (S5) of the ESM, with () =

(O OF, =[5 %] o=l O, o=

[ aw OT,and ()=[0 ()"
To ensure the control flexibility of the FAGV, a
novel gain-scheduled switching controller is designed

by:

= ()= (D= 60) ©

with  being the control gain to be designed later (see
Theorem 2 for more details). Note that the controller
from Eq. (9) may be sensitive to small disturbances and
uncertainties in implementation. Thus, we modify Eq.

(9) to:

i i(OCat+ o) O) (10)

=1 =1

where is the switching sub-region number, and A  is
the gain increment satisfying:

A g = o 0 ( ) (1 1)
with ()
meeting the requirement 1( ) 4() < .We derive the
switching controller as:

s and  being known matrices, and

i i(OCa+ o) O) (12)

=1 =1

=[ - T'a =[a -a T
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Integration of Egs. (S5) and (12) results in:

O= 6 O+ O+, O B
where = 4+ o( o+4 ).
Remark 1. Compared with the nominal state-feedback
law in Eq. (9), the modified controller in Eq. (10)
introduces a structured and bounded gain perturbation,
thereby improving robustness to disturbances and
modeling uncertainties. In addition, the convex
combination in Eq. (10) enables smooth gain
scheduling across parameter regions, reducing
high-frequency gain variations and limiting the
amplification of measurement noise.

3.2 Robust self-triggered switching mechanism

Suppose there exists a family of positive definite
matrix functions (), and each of them is smooth
over the corresponding parameter subset. The switching
signal determines the active operational region of the
switched system and, consequently, the corresponding
positive-definite matrix function. Based on this, we
define multiple parameter-dependent -~ Lyapunov
functions, as shown in Eq. (S6) of the ESM.

In general, the stability of a switched LPV system
does not necessarily depend on the constructed
Lyapunov function Vs strictly decreasing along the
parameter trajectory. Instead, it is often sufficient to
ensure that ¥V, decreases within the active parameter
region when designing a self-triggered switching rule
that considers system mismatch oscillation and selects
the optimal subsystem and corresponding controller.
This approach limits the number of switches allowed
over a finite time interval, thereby relaxing the
continuous requirements under which the self-triggered
switching rule is applied. Along this line, this relaxed

stability condition provides enhanced control flexibility.

In the following section, we will derive the synthesis
conditions for the proposed switching LPV controller.
In switched LPV systems, frequent switching can
cause oscillation and lead to occurrence of the Zeno
phenomenon. To address this issue, we make use of
Lyapunov functions across the switching surfaces. A
time interval 1 between two adjacent switching

instants is specified in Eq. (S7) of the ESM, where
1, 1 - denote the switching instants.
Wedefine 1, = «+ |, 1= 1, +.. 1 ",
7, as the switching interval in the aperiodic cycle. Then,
with o =0and 7, = §, this implies that there is no
switching within the time interval 1. Furthermore, one
can obtain that + =< (417, = ¢+1.In this study,
the switching law related to parameter driving and
dwell time are defined as:

O=| [ we) () "
= + &, )
where () represents the active LPV subsystem index,
is the current activated subsystem, | denotes the

parameter domain of , and the switch time interval
[ o v+1)is given in Eq. (S8) of the ESM.

Next we define the function ( )= T  ,and

k and j are derived in Eq. (S9) of the ESM. For the

switched LPV system, when the system satisfies j, the
switching is triggered autonomously and the -th
subsystem is activated. is the positive defined matrix
with the appropriate dimensions. When
the next switching time
(S10) of the ESM.

Referring to current research(Cui, et al., 2023;
Zhao and Yang, 2024), time-related switching among
several subsystems is triggered periodically by
receiving a switching signal online. However, in
practical implementation, real-time monitoring may not
be guaranteed, leading to time series inconsistencies
due to factors such as thread scheduling, resource
allocation, computation time, and the external
environment. To overcome these limitations, we
propose designing the switching signal using Eq. (S9)
to achieve self-triggered switching and avoid the Zeno
phenomenon caused by frequent switching. By
expanding the switching condition Eq. (S8), we can
redesign j as shown in Eq. (S11) of the ESM.

Through the proposed method, the switching
becomes nonperiodic in a self-triggered manner, thus
reducing the controller’s updating burden. Therefore
from the perspective of system switching conditions

[ o] 1'+1)a
= 1+1 1s determined by Eq.


h

and self-triggered rules, the proposed scheme helps to
improve the solvability of system switching.

Compared with the approaches in (Qu et al., 2020)
and(Wang and Zhao, 2017), we employ a
parameter-dependent, time-varying positive-definite
matrix function, enabling multiple Lyapunov functions

to bound the tracking error within a small neighborhood.

Moreover, by lowering the energy density at switching
instants, the proposed method improves the overall
stability of the system. Here, energy density is defined
as a Lyapunov-based performance measure that reflects
instantaneous tracking accuracy and robustness, serving
as the triggering criterion for autonomous switching. In
contrast to(Wang and Zhao, 2017), the proposed
switched LPV framework enforces a dwell time greater
than , thereby preventing Zeno behavior and reducing
sampling-frequency requirements. Under this switching
law, subsystem transitions occur only when condition
Eq. (S10) is satisfied, yielding a robust self-triggered
switching control strategy for mobile robots. This is
established explicitly in the following theorem.
Theorem 1. For a switching LPV system subjected to
disturbances, we define the positive numbers

1 20 1, 2,nonnegative weight function ;, matrix
function ,A , and positive definite matrices ,,
Ktrs> jTo» kTi» ktrs jTo for ,
provided the following inequalities hold:

[ 11 12] <0,[ 11 12] <0
21 2 21 2

(15)

Detailed parameters are provided in Eq. (S12) of the
ESM. Then, the constructed switching polyhedral LPV
system is guaranteed to be asymptotically stable.
Proof: The complete proof is provided in the ESM
(Proof of Theorem 1.).

Remark 2. In practice, the dwell time  is selected
according to the physical limitations of the FAGV
platform, such as the minimum time required for the
system to exhibit a meaningful change in its Lyapunov
energy. A larger dwell time prevents excessive
switching and avoids actuator chattering, while a
smaller value promotes responsiveness.

3.3 Gain-scheduling rule

To implement the proposed self-triggered
controller, we need to jointly derive a set of
state-feedback gains { 1,..., N} and the switching
function to achieve an optimal solution. Remarkably, as
demonstrated by the following results, the proposed
gain-updating rule is not dependent on the system
parameters, thus eliminating the need for online
measurement.

Theorem 2. For an LPV system subjected to external
disturbances, suppose there exist positive constants 1,
2, matrices 1k, 2|, 1kl 2L, and positive definite
matrices 1, ktr» jTo» kT» ktrs jTo 10T
, Z , =01,.. — 1. Then the following holds:

[ 1 |2] < 0,[ T1 TZ] <0 (16)

where detailed parameters are provided in Eq. (S13) of
the ESM. Consequently, the designed -controller
guarantees disturbance suppression, and the controller
gain is determined by:

[ k,T|+( KTie1 k,Tl)]

-1
= [ k,T|+( KTi+1 vaI)] ' a7
[ Ty T,T|+1)
ktr ;,tlTv [T: T,Tl) [r,tTn T+1)

Proof: The complete proof is provided in the ESM
(Proof of Theorem 2.).
Remark 3. For the active subsystem and the current
time interval [ T T,T|+1)’ the matrices () and
k() are obtained by linear interpolation, and the
scheduled gain is computed explicitly according to Eq.
(17). Since the system order is low, this matrix
inversion can be performed in real time with negligible
computational cost; as a result, the proposed
gain-scheduling strategy is practically feasible for
industrial FAGV platforms.
Remark 4. Although Theorems 1 and 2 involve
multiple matrix inequalities, all decision variables are
linear, representing a  convex  semidefinite



programming problem. Therefore, the controller gains
and Lyapunov matrices can be obtained online using
standard LMI solvers (e.g., the MATLAB LMI Toolbox),
ensuring that the method 1is practical and
computationally lightweight.

By using the above-mentioned solution, the LPV
switching controller can be treated as a single entity,
with the gain-scheduling achieved entirely by the
state-dependent controller. This allows for a more
streamlined and efficient approach to control design,
with improved stability and
sampling-frequency requirements.

reduced

4 Experiments and results
4.1 Experimental setup

To verify the feasibility of the proposed control
strategy, we conducted experimental verification on a
FAGYV in a laboratory setting (shown in Fig. 2). The
platform is equipped with an industrial PC, LiDAR; and
an industrial camera, and is highly adaptable and
flexible due to its independent drive and steering
actuation features. During the automatic operation,
sensor data from the LiDAR, IMU, accelerometer, and
encoder are fused to obtain real-time information on
yaw rate and sideslip angle, enabling DYMC lateral
stabilization control.

In this paper, the relevant control parameters are
specified as follows: 1=1s, 1= ,=1, ;=

2= 1= ,=1, =700 kg, = ,=048 m,
and , = 130 kg-m3. To demonstrate the effectiveness
of the proposed method, we compared it with several
other control schemes suitable for FAGVs, including:
(1) a conventional PID control scheme, where the
parameters were manually tuned ( , =12, = g=
0.6); (2) a sliding mode control (SMC) method; and (3)
the proposed LPV method with fixed gains (referred as
F-LPV). In the experiment, a sampling time of 1 ms was
used. The scheduling parameter is the steering angle,
and its range of values was (0,0.35) . The
scheduling parameter range can be divided into two
subsets, and the DYMC control of the mobile robot can
be described as a switched LPV model with two

subsystems using the two different subsets with
scheduling factors. In practical implementation, the
matrix parameters of this model can be expressed as:

_ [61.9048 —13.3810 0.6918 02767
17 |-73846 —38.4129 21456 —0.8582
_[419048 —7.7048 0.4683 0.1499
2= [-1.8462 —25.9838 1.8155 —0.5810
1154762 0 —0.6918 0

1~ [ 89143 1]+ [—2.1456 —0.0215]
_ [105714 o]+ [—0.6386 0 ]
271754290 1 —1.8155 —0.0472
Charging Industrial

Pile

Piad )
Emergency
stop

A
Strip
lighting

Driving
motor

Fig. 2 The developed FAGV

4.2 Results and discussion

The following two cases with different reference
profiles are conducted to validate the proposed method.
Case 1: In this case, the proposed method is
compared with the PID, SMC, and F-LPV controllers in
terms of yaw-rate and sideslip-angle tracking
performance. As shown in Figs. 3 and 4, all methods
exhibit stable lateral tracking. To further verify the
superiority of the proposed method, the maximum error
(MAX), mean absolute error (MAE), and
root-mean-squared error (RiMSE) of each controller are
reported in Table 1. For instance, the yaw-rate
overshoot values of the PID, SMC, and F-LPV methods
are 0.0082 rad/s, 0.0034 rad/s, and 0.0032 rad/s,
respectively, whereas the proposed method limits the
overshoot to 0.0013 rad/s. This corresponds to
reductions of 84.15%, 61.76%, and 59.38%,
demonstrating that the proposed controller effectively
suppresses overshoot and enhances overall tracking



performance. Moreover, excellent sideslip-angle
responses can be observed in Fig. 4, and the error
metrics in Table 1 further confirm the improved
tracking accuracy of the proposed method. The
corresponding control signals, including the yaw

moment, steering angle, switching signal, and

time-varying control gain, are presented in Figs. 5 and 6.

As illustrated in Fig. 6, the control gain is updated in
real time based on environmental variations using the
multi-parameter Lyapunov framework. Meanwhile, the
switching signal assists the controller in selecting the

most appropriate subsystem parameters, thereby
ensuring satisfactory tracking performance. In addition,
Table 2 provides the timing characteristics of the
controllers. Although the proposed method has a
somewhat longer computation period due to the matrix
operations required by the LMI-based gain scheduling
module, the switching mechanism enables the
controller to select parameters better suited to the
current operating conditions; the ultimate result is more
rapid error convergence. Consequently, the proposed
method achieves superior control performance overall.
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Table 1 Criteria under comparison controllers in Case 1

Criteria ( 107%)
States Methods -
MAX MAE RIMSE
PID 82.41 28.32 13.01
SMC 34.64 13.61 5.74
Yaw rate

F-LPV 32.17 14.39 6.32

proposed 13.33 4.86 2.98

PID 27.03 8.37 5.53

SMC 12.15 3.26 1.37

Sideslip angle

F-LPV 13.57 3.81 1.82

proposed 6.85 0.94 0.32

Table 2 Consumed time of the comparison methods in Case 1

Methods Max (ms) MAE (ms) RiMSE
PID 21.0721 11.1961 2.8159
SMC 23.3469 12.1070 2.9014

F-LPV 30.9445 14.1379 3.3162

proposed 32.6101 15.5374 3.4576

Case 2: Fig. 7 illustrates the yaw-rate tracking
responses and corresponding error curves, and all
compared methods achieve closed-loop tracking of the
reference trajectory. However, the PID, SMC, and

F-LPV controllers exhibit pronounced oscillations
during tracking, whereas the proposed method reaches a
stable state more rapidly, particularly during turning
maneuvers. The error curves in Fig. 7 further show that
the PID, SMC, and F-LPV methods produce overshoot
values of 0.0174 rad/s, 0.0122 rad/s, and 0.0089 rad/s,
respectively, while the proposed method limits the
overshoot to 0.0061 rad/s. By suppressing undesirable
overshoot, the proposed method significantly enhances
tracking accuracy and  smoothness, thereby
outperforming the benchmark controllers. A similar
conclusion can be drawn from the sideslip-angle
tracking responses and error curves in Fig. 8. The PID
controller exhibits large oscillations and pronounced
peaks during state transitions, while the proposed
method demonstrates greater robustness and accuracy
than the SMC and F-LPV approaches. The switching
signal and scheduled control gain are shown in Figs. 9
and 10, respectively. Our approach employs a real-time
switching mechanism that selects the most suitable



subsystem model based on environmental variations
and the multi-parameter Lyapunov function. This
enables the controller to effectively adapt to changing
operating conditions, thereby enhancing the robustness
and tracking performance. The corresponding error
metrics for this scenario are summarized in Table 3.
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Additionally, as depicted in Fig. 10, the adaptively
scheduled control gains further improve the controller’s
ability to respond to variations in the external
environment and operating conditions, leading to
enhanced tracking accuracy.
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Table 3 Criteria under comparison controllers in Case 2

Criteria ( 107%)
States Methods MAX MAE RIMSE
PID 174.07  32.16 27.84
Yaw rate SMC 12239 2542 21.46
F-LPV 89.57  19.80 18.54
proposed  61.77 9.68 8.27
PID 13851  21.11 17.57
Sideslip angle SMC 133.12 1429 9.64
F-LPV 68.75 12.60 7.37
proposed  37.48 327 1.04

Overall, our method provides a smoother and more
stable tracking effect for the FAGV, demonstrating its
superiority to traditional control methods. These results
suggest that the proposed method has significant
potential for practical applications.

5 Conclusions

To address the challenges posed by time-varying
parameters in FAGVs under lateral dynamic control, we
established a robust self-triggered switching tracking
control method that utilizes a multi-parameter
correlation Lyapunov function. First, because it is
difficult for a single LPV subsystem to satisfy a scene
where the system parameters vary at a large scale, the
lateral dynamics of the FAGV were modeled as a
polyhedron LPV model. In this way, the parameter
sub-regions were divided and used to derive a switching
LPV control model. In addition, a gain-scheduling
switching control law was designed to increase control
flexibility while avoiding the Zeno phenomenon. The
proposed time-varying multi-parameter correlation
Lyapunov function ensures closed-loop stability during

the entire switching process. Finally, the feasibility and
effectiveness of the proposed control method were
verified on an industrial FAGV.

This paper focuses on the self-triggered switching
control  of FAGVs with time-varying parameters.
However, the limited bandwidth and fluctuations of the
network used for information transmission may
introduce time-varying delays that can negatively affect
system stability. Therefore, future research will
investigate stabilized switching control methods for
FAGVs under these circumstances.
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