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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 an 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 an FAGV system.
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1 Introduction 

Due to their high efficiency and operational con‐
sistency, intelligent vehicles have attracted substantial 
attention within the field of robotics and control (Jiang 
et al., 2022; Meng et al., 2023). Among existing plat‐
forms, four-wheel-steering autonomous ground vehi‐
cles (FAGVs) demonstrate superior omnidirectional 
maneuverability and motion capability compared with 
their differential-drive or mecanum-wheeled counter‐
parts (Zhang JD et al., 2024; Arega et al., 2025). Equ‑
ipped with independently actuated chassis and steering 
mechanisms, FAGVs can perform collision-avoiding 
maneuvers and achieve rapid trajectory tracking in con‐
strained or complex environments (Vošahlík and Haniš, 
2023; Menyechel 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 nonlin‐
earities, 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 simplic‐
ity and ease of implementation, exhibiting various at‐
tractive theoretical properties (Xie et al., 2022; Derseh 
et al., 2023; Metekia et al., 2025). However, such ap‐
proaches 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 track‐
ing 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 dy‐
namic model; however, such models typically contain 
uncertainties arising from unmodeled structural effects 
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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 
an 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 varia‐
tions is essential for robust trajectory-tracking control 
of an FAGV.

Linear parameter-varying (LPV) control has shown 
promise in addressing perturbations caused by param‐
eter variations of objectives (Abbas, 2024). Due to the 
difficulty of analytically identifying nonlinear terms, ap‐
proximating 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 sys‐
tem. Lyapunov functions provide useful options for de‐
signing 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 Ly‐
apunov function-based scheme may not meet the con‐
trol 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 switch‐
ing signal to specify the LPV systems (referred to as 
switched LPV systems) among several transition pa‐
rameters, ensuring asymptotic stability and transient per‐
formance 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 because 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 imple‐
mentation. Additionally, measurement noises and un‐
reliable 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 de‐
rived LPV models that accurately represent 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 sys‐
tems subjected to multiple disturbances, a common ap‐
proach is to co-design a disturbance observer and a 
switching controller (Zhang S et al., 2024; Mohammed 
et al., 2025). However, the integrated structure of such 
methods often introduces switching bumps, which can 
produce undesirable transient behaviors or even desta‐
bilize the system in the case of large or lumped distur‐
bances. Consequently, the stability guarantees provided 
by these approaches may be insufficient for industrial 
FAGV applications. Given that stability is a central re‐
quirement in control system design, it is vital to develop 
methods capable of attenuating multiple disturbances 
while ensuring enhanced robustness and switching per‐
formance for FAGVs.

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

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 sys‐
tems and better meets the practical operating require‐
ments. This modeling approach enhances both accuracy 
and adaptability to industrial environments, thereby sup‐
porting real-time implementation and improving oper‐
ational robustness.

2. Unlike existing sequential or time-driven switch‐
ing laws prone to Zeno behavior (Cui et al., 2023; Zhao 
and Yang, 2024), the proposed approach employs an 
energy density, state-dependent, self-triggered mech‐
anism that inherently reflects tracking accuracy and ro‐
bustness. Without relying on external switching sig‐
nals, it regulates tracking error through explicit per‐
formance measures and unifies the dwell-time con‐
straint 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 
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manual gain tuning. By simultaneously accounting for 
all potential operating conditions, the controller auto‐
matically adjusts its gains to accommodate the vary‐
ing system dynamics. This ensures a desired level of 
disturbance attenuation across the entire operating range 
while enhancing the reliability and operational avail‐
ability of the FAGV.

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 dis‐
tance from the center of gravity (CG) to the closest 
point on the reference path) and heading error (the er‐
ror between the actual vehicle heading direction and 
the tangential direction of the desired path) zero, such 
that the system will track the desired path asymptoti‐
cally. Fxi and Fyi represent the longitudinal and lateral 
tire forces of the ith tire, respectively, with i=1, 2, 3, 4 
representing fl, fr, rl, and rr. The two-DOF (degree of 
freedom) dynamic model of FAGV is expressed as 
follows:

Iz γ̇ = Lf( Fyfl +Fyfr ) - Lr( Fyrl +Fyrr ) +Mω

mvx( β̇ + γ ) =Fyfl +Fyfr +Fyrl +Fyrr

Mω =∑
i = 1

2

Fxi [ ](-1)i Lrcosδ + Lfsinδ +∑
i = 3

4

(-1)i Lr Fxi

 (1)

where β and γ are the slip angle and yaw rate, respec‐
tively, m is the total mass, vx is the longitudinal speed, 
Iz is the yaw inertia, δ is the steering angle of the front 
angle, Lf and Lr are the distances from the center of 

gravity to the front and rear axles, respectively, and 
Mω is the external yaw moment. The lateral forces re‐
lated to the slip angle of the front and rear wheels are 
expressed as:

Fyf =Kfαf Fyr =Krαr, (2)

where Fyf and Fyr denote the generalized lateral tire 
forces of the front and rear tires, respectively (i.e., 
Fyf =Fyfl +Fyfr and Fyr =Fyrl +Fyrr); Kf and Kr are the 
stiffness coefficients of the front and rear tires, respec‐
tively; αf and αr denote the slip angles of the front and 
rear wheels, respectively (as shown in Eq. (S1) of the 
electronic supplementary materials (ESM)).

In general, the tire cornering stiffness is influ‐
enced by load transfer. Under the small-angle approxi‐
mations cosδ≈1 and sinδ≈0 (Ding et al., 2017), and 
combining Eqs. (1), (2), and (S1), we obtain a linear‐
ized model:

β̇ = a11 β + a12γ + b11δ
γ̇ = a21 β + a22γ + b21δ + b22 Mω

(3)

where the model parameters a11, a12, a21, a22, b11, b21, 
and b22 can be found in Eq. (S2) of the ESM.

By using x =[βγ]T and u =[δMω ]T, we reformu‐
late Eq. (3) into:

ẋ =Ax +Bu, (4)

with A = é
ë
êêêê ù

û
úúúúa11 a12

a21 a22

 and B = é
ë
êêêê ù

û
úúúúb11 0

b21 b22

.

2.2 LPV modeling

Traditionally, to facilitate linearized modeling and 
subsequent practical implementation, many assump‐
tions 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 model‐
ing 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 parameter vector ρ(t) to trans‐
fer the lateral control system Eq. (1) into a polytopic 
LPV system, which can be formulated as an affine func‐
tion of the parameter vector ρ(t), i.e.,

ẋ (t ) =A( ρ (t )  ) x (t ) +B ( ρ (t )  )u +C ( ρ (t )  ) w (t ) 
(5)

Fig. 1  FAGV coordinate system and forces: (a) four-wheel 
model; (b) single-track model
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where w(t) denotes the external disturbances, and 

C ( ρ (t )  ) is the observation vector.

For convenience, ρ(t) is simplified as ρ in the rest 
of this paper. With the vertex trajectory χ1χ2… χN, 
ρ can be represented by a polytopic LPV system, as 
derived in Eq. (S3) of the ESM, where N = 2r (with r 
being the number of vertices), C0 is the convex hull, 
and Φ denotes the parameter domain. For Eqs. (5) and 
(S3), the LPV system parameter matrix changes in the 
corresponding polytopic theories. Its vertices are com‐
posed of r local system matrices, as per Eq. (S4), where 
Ai and Bi denote the convex sets about χ i in the range 
of Φ. During the construction of the abovementioned 
LPV system, Ãi (t) denotes the time-varying weight‐
ing coefficient assigned to the ith local model, which 
is related to the scheduling parameters. For a schedul‐
ing parameter vector with r varying components, the 
corresponding LPV polytope consists of N = 2r verti‐
ces, 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 
Ã(t). This construction ensures that the state and sched‐
uling parameters of the LPV system accurately cap‐
ture 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 the polyhedral LPV system 
Eq. (5), in which the tracking error e(t)= xr (t)- x(t) 
satisfies the following performance indexes:

∫
0

t

eT(τ ) Λe (τ )dτ ≤ λ2∫
0

t

ωT(τ )ω (τ )dτ (6)

where λ > 0 is the attenuation factor, Λ denotes a posi‐
tive definite symmetric matrix, and xr is the reference 
state. In this context, the stability of the resulting 
FAGV can be guaranteed under parameter perturba‐
tions 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 

M = é
ë
êêêê ù

û
úúúúm11 m12

* m22

< 0, m11 =mT
11 and m22 =mT

22, one has 

m11<0, m22-mT
12m-1

11 m12<0 and m22<0, m11-mT
12m

-1
22m12<0.

Lemma 2    For real matrixes X and Y and a function 
matrix Z(t) with suitable dimensions, if Z(t)Z T (t)≤ I, 
we have XZ(t)Y+Y T Z T (t)X T ≤ ι2 XX T+ ι-2Y TY, "ι>0.
Lemma 3    For the known constant matrixes X and Y 
with appropriate dimensions and bounded function ma‐
trix Z(t), if we have Z(t)Z T (t)≤ I, when the symmetric 
matrix N satisfies N+XZ(t)Y+Y T Z T (t)X T<0, there ex‐

ists a normal number ι satisfying A+ ι2 XX T+
1
ι2

Y TY<0.

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 para‑
meters caused by harsh working conditions and inher‐
ent perturbations. This inevitably leads to mismatches 
between the actual dynamics and the constructed con‐
trol model. Given this context, the FAGV model can 
be established in a linear piecewise fashion to switch 
the parameters between several subregion sets. Each set 
is assigned to the related subsystem in an autonomous 
switching manner. The LPV model in Eq. (5) can be 
rewritten in a switched form with adjustable weight‐
ing parameters:

ẋ (t ) =Aσl( )t (Ã) x (t ) +Bσl( )t (Ã)u +Cσl( )t (Ã) w (t )  (7)

where σ l (t):[0 ¥)®H={1 2…, N} denotes the switch‐
ing signal used to characterize the activated models. For 
simplicity, we remove the symbol Ã in the following 

discussion, so for instance, Aσl( )t (Ã) becomes Aσl( )t .

The reference model is considered as follows:

ẋr (t)=Ar xr (t)+Ξ(t), (8)

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

X (t)= [ x(t) xr (t) ]
T
,Aσ=

é

ë
êêêê

ù

û
úúúú

Aσl( )t  0

0  Ar

 , Bσ= [ ]Bσl( )t  0
T
, 

Cσ = [ ]Cσl( )t  0
T
, and Ξ͂(t)= [ 0 Ξ(t) ]

T
.
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To ensure the control flexibility of the FAGV, a 
novel gain-scheduled switching controller is designed 
by:

u =Kσ (xr (t)- x(t))=Kσe(t), (9)

with Kσ =[k1 k2 ] 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 dis‐
turbances and uncertainties in implementation. Thus, 
we modify Eq. (9) to:

u =∑
i = 1

η ∑
j = 1

r

σ iÃ j( )t ( )Kσ +DKσ e ( )t  (10)

where η is the switching subregion number, and DKσ 
is the gain increment satisfying:

DKσ =RσLσ (t)Tσ, (11)

with Rσ and Tσ being known matrices, and Lσ(t ) 
meeting the requirement LT

σ (t ) Lσ(t ) ≤ I. We derive 
the switching controller as:

u =∑
i = 1

η ∑
j = 1

r

σ iÃ j (t)(K͂σ +DK͂σ )χ(t) 

K͂σ =[Kσ -Kσ ]T DK͂σ =[DKσ -DKσ ]T

(12)

where K͂σ and DK͂σ are intermediate variables, and χ is 
an augmented matrix of state variables.

Integration of Eqs. (S5) and (12) results in:

ẋ (t ) = A͂σX (t ) + Ξ͂ (t ) +Cσw (t )  (13)

where A͂σ =Aσ +Bσ (K͂σ +DK͂σ ).
Remark 1    Compared with the nominal state-feedback 
law in Eq. (9), the modified controller in Eq. (10) in‐
troduces a structured and bounded gain perturbation, 
thereby improving robustness to disturbances and mod‐
eling uncertainties. In addition, the convex combination 
in Eq. (10) enables smooth gain scheduling across pa‐
rameter regions, reducing high-frequency gain varia‐
tions and limiting the amplification of measurement 
noise.

3.2 Robust self-triggered switching mechanism

Suppose there exists a family of positive definite 
matrix functions Ωk(t ), and each of them is smooth 
over the corresponding parameter subset. The switching 

signal σ 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 func‐
tions, as shown in Eq. (S6) of the ESM.

In general, the stability of a switched LPV sys‐
tem does not necessarily depend on the constructed Ly‐
apunov function Vσ strictly decreasing along the pa‐
rameter trajectory. Instead, it is often sufficient to en‐
sure that Vσ decreases within the active parameter re‐
gion 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 condi‐
tions for the proposed switching LPV controller.

In switched LPV systems, frequent switching can 
cause oscillation and lead to the occurrence of the Zeno 
phenomenon. To address this issue, we make use of 
Lyapunov functions across the switching surfaces. A 
time interval tT between two adjacent switching instants 
is specified in Eq. (S7) of the ESM, where κ1 κ2 …, 
κτ denote the switching instants.

We define κτTl
=κτ+Tl , Tl= tT1

+ tT2
+…+ tTl 

, lÎ N +, 

and tTl
 as the switching interval in the aperiodic cycle. 

Then, with T0 = 0 and κτT0
= κs, this implies that there 

is no switching within the time interval tT. Further‐
more, one can obtain that κτ + tT ≤ κτ + 1T0

= κτ + 1. In this 

study, the switching law related to parameter driving 
and dwell time are defined as:

σ (t ) =
ì
í
î

ïï
ïï

k tÎ [ )κτ κτ + tT È ( )X Ã Î Υk

j t ≥ κτ + tT and (X Ã)Ï Υk
  (14)

where σ(t) represents the active LPV subsystem index, 
k is the current activated subsystem, Υk denotes the 
parameter domain of k, and the switch time interval 
[κτκτ + 1 ) is given in Eq. (S8) of the ESM.

Next, we define the function V (Qk )= χTQk χ, and 
Υk and Υ j are derived in Eq. (S9) of the ESM. For the 
switched LPV system, when the system satisfies Υ j, 
the switching is triggered autonomously, and the jth 
subsystem is activated. Q is the positive defined matrix 
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with the appropriate dimensions. When tÎ [κτκτ + 1 ), 

the next switching time t = κτ + 1 is determined by Eq. 
(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 receiv‐
ing a switching signal online. However, in practical 
implementation, real-time monitoring may not be guar‐
anteed, leading to time series inconsistencies due to 
factors such as the thread scheduling, resource alloca‐
tion, computation time, and 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 condi‐
tion Eq. (S8), we can redesign Υ j as shown in Eq. (S11) 
of the ESM.

Through the proposed method, the switching be‐
comes nonperiodic in a self-triggered manner, thus re‐
ducing the controller’s updating burden. Therefore, 
from the perspective of system switching conditions 
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 func‐
tion, 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 trig‐
gering criterion for autonomous switching. In contrast 
to Wang and Zhao (2017), the proposed switched LPV 
framework enforces a dwell time greater than tT, thereby 
preventing Zeno behavior and reducing sampling-
frequency requirements. Under this switching law, sub‐
system 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 φ1 φ2 ϕ1,
ϕ2, nonnegative weight function ωkj, matrix function Kk , 
DKk , and positive definite matrices QkTl 

, QktT 
, PkTl 

, PktT 
, 

Q jT0
, Q jTl

 for k jÎH, j ¹ k, provided the following 

inequalities hold:

é
ë
êêêê ù

û
úúúú

P11 P12

P21 P22

< 0  é
ë
êêêê ù

û
úúúúR11 R12

R21 R22

< 0 (15)

where detailed parameters are provided in Eq. (S12) 
of the ESM. Then, the constructed switching polyhe‐
dral LPV system is guaranteed to be asymptotically 
stable. The complete proof is provided in Section S2 
of the ESM.
Remark 2    In practice, the dwell time tT is selected 
according to the physical limitations of the FAGV plat‐
form, such as the minimum time required for the sys‐
tem to exhibit a meaningful change in its Lyapunov 
energy. A larger dwell time prevents excessive switch‐
ing and avoids actuator chattering, while a smaller value 
promotes responsiveness.

3.3 Gain-scheduling rule

To implement the proposed self-triggered control‐
ler, we need to jointly derive a set of state-feedback 
gains {K1 K2 …  KN} and the switching function to 

achieve an optimal solution. Remarkably, as demon‐
strated by the following results, the proposed gain-
updating rule is not dependent on the system parame‐
ters, thus eliminating the need for online measurement.
Theorem 2    For an LPV system subjected to external 
disturbances, suppose there exist positive constants ϖ1, 
ϖ2, matrices Y1kl Y2l, Y1kL, Y2L, and positive definite 
matrices QkTl

 QktT
, PkTl

, PktT
, Q jT0

, Q jTl
 for k jÎH, 

j ¹ k, l = 0 1 …  L - 1. Then, the following holds:

é
ë
êêêê ù

û
úúúúA l1 A l2

* ÁÁ
< 0  é

ë
êêêê ù

û
úúúúAT1 AT2

* ÁÁ
< 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:

K̂k =

ì

í

î

ï
ïï
ï

ï
ïï
ï

[ ]QkTl
+ l ( )QkTl + 1

-QkTl

[ ]PkTl
+ l ( )PkTl + 1

-PkTl

  tÎ [ )κτTl
κτTl + 1



QktT
P -1

ktT
        tÎ [ )κτκτT1

È [ )κτtT
κτ + 1 .  

  (17)

The complete proof is provided in Section S3 of 
the ESM.
Remark 3    For the active subsystem k and the current 
time interval [ )κτTl

 κτTl + 1
, the matrices Qk (t) and Pk (t) 

458



J Zhejiang Univ-Sci A   2026 27(5):453-465    |

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 mul‐
tiple matrix inequalities, all decision variables are lin‐
ear, representing a convex semidefinite programming 
problem. Therefore, the controller gains and Lyapunov 
matrices can be obtained online using standard linear 
matrix inequality (LMI) solvers (e.g., the MATLAB 
LMI Toolbox), ensuring that the method is practical 
and computationally lightweight.

By using the abovementioned 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 stream‐
lined and efficient approach to control design, with 
improved stability and reduced sampling-frequency 
requirements.

4 Experiments and results 

4.1 Experimental setup

To verify the feasibility of the proposed control 
strategy, we conducted experimental verification on 
an FAGV in a laboratory setting (shown in Fig. 2). 
The platform is equipped with an industrial personal 
computer (PC), light detection and ranging (LiDAR), 
and an industrial camera and is highly adaptable and 
flexible due to its independent drive and steering actu‐
ation features. During automatic operation, sensor data 

from the LiDAR, inertial measurement unit (IMU), 
accelerometer, and encoder are fused to obtain real-
time information on the yaw rate and sideslip angle, 
enabling DYMC lateral stabilization control.

In this paper, the relevant control parameters are 
specified as follows: tT = 1 s, ϖ1 =ϖ2 = 1, φ1=φ2=ϕ1=
ϕ2=1, m=700 kg, Lf=Lr=0.48 m, and Iz=130 kg·m2. 
To demonstrate the effectiveness of the proposed 
method, we compared it with several other control 
schemes suitable for FAGVs, including: (1) a conven‐
tional proportion integration differentiation (PID) con‐
trol scheme, where the parameters were manually tuned 
(kp=1.2, k i=kd=0.6); (2) a sliding mode control (SMC) 
method; (3) the proposed LPV method with fixed gains 
(referred to 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 is ÃÎ (0 0.35) 
rad. 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 sched‐
uling factors. In practical implementation, the matrix 
parameters of this model can be expressed as:

A1 =
é
ë
êêêê ù

û
úúúú61.9048 -13.3810

-7.3846 -38.4129
+

       Ãé
ë
êêêê ù

û
úúúú0.6918 0.2767

2.1456 -0.8582


A2 =
é
ë
êêêê ù

û
úúúú41.9048 -7.7048

-1.8462 -25.9838
+

       Ãé
ë
êêêê ù

û
úúúú0.4683 0.1499

1.8155 -0.5810


B1 =
é
ë
êêêê ù

û
úúúú15.4762 0

8.9143 1
+Ãé

ë
êêêê ù

û
úúúú-0.6918 0

-2.1456 -0.0215


B2 =
é
ë
êêêê ù

û
úúúú10.5714 0

7.5429 1
+Ãé

ë
êêêê ù

û
úúúú-0.6386 0

-1.8155 -0.0472
. 

4.2 Results and discussion

The following two cases with different reference 
profiles are conducted to validate the proposed method.

In Case 1, 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 track‐
ing. To further verify the superiority of the proposed 
method, the maximum error (MAX), mean absolute 
error (MAE), and root-mean-squared error (RMSE) of 
each controller are reported in Table 1. For instance, Fig. 2  Developed FAGV
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the yaw-rate overshoot values of the PID, SMC, and 
F-LPV methods are 0.0082, 0.0034, and 0.0032 rad/s, 
respectively, whereas the proposed method limits the 
overshoot to 0.0013 rad/s. This corresponds to reduc‐
tions of 84.15%, 61.76%, and 59.38%, demonstrat‐
ing that the proposed controller effectively suppresses 

overshoot and enhances the overall tracking perfor‐
mance. 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 sig‐
nals, including the yaw moment, steering angle, switch‐
ing 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 varia‐
tions 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 schedul‐
ing module, the switching mechanism enables the con‐
troller to select parameters better suited to the current 

Fig. 3  Yaw rate tracking performance in Case 1: (a) tracking response; (b) tracking error

Fig. 4  Sideslip angle tracking performance in Case 1: (a) tracking response; (b) tracking error

Table 1  Criteria under comparison controllers in Case 1

State

Yaw rate
(rad/s)

Sideslip angle
(rad)

Method

PID

SMC

F-LPV

Proposed

PID

SMC

F-LPV

Proposed

Criteria (×10−4)

MAX

82.41

34.64

32.17

13.33

27.03

12.15

13.57

6.85

MAE

28.32

13.61

14.39

4.86

8.37

3.26

3.81

0.94

RMSE

13.01

5.74

6.32

2.98

5.53

1.37

1.82

0.32
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operating conditions; the ultimate result is more rapid 
error convergence. Consequently, the proposed method 
achieves superior control performance overall.

In Case 2, Fig. 7 illustrates the yaw-rate tracking 
responses and corresponding error curves, and all com‐
pared methods achieve closed-loop tracking of the ref‐
erence trajectory. However, the PID, SMC, and F-LPV 
controllers exhibit pronounced oscillations during track‐
ing, 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, 0.0122, 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 con‐
trollers. 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 
variation of the control input signals is shown in Fig. 9. 
The switching signal and scheduled control gain are 
shown in Fig. 10. Our approach employs a real-time 
switching mechanism that selects the most suitable sub‐
system model based on environmental variations and 
the multi-parameter Lyapunov function. This enables 
the controller to effectively adapt to changing operating 

Fig. 5  Control inputs in Case 1: (a) moment input; (b) steering angle input

Fig. 6  Switching signal and control gain in Case 1: (a) switching signal; (b) control gain

Table 2  Consumed time of the comparison methods in Case 1

Method

PID

SMC

F-LPV

Proposed

Consumed time (ms)

MAX

21.0721

23.3469

30.9445

32.6101

MAE

11.1961

12.1070

14.1379

15.5374

RMSE

2.8159

2.9014

3.3162

3.4576
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conditions, thereby enhancing the robustness and track‐
ing performance. The corresponding error metrics for 
this scenario are summarized in Table 3. Addition‐
ally, 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 track‐
ing accuracy.

Fig. 7  Yaw rate tracking performance in Case 2: (a) tracking response; (b) tracking error

Fig. 8  Sideslip angle tracking performance in Case 2: (a) tracking response; (b) tracking error

Fig. 9  Control inputs in Case 2: (a) moment input; (b) steering angle input
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Overall, our method provides a smoother and 
more stable tracking effect for the FAGV, demonstrat‐
ing its superiority to traditional control methods. These 
results suggest that the proposed method has signifi‐
cant 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 track‐
ing control method that utilizes a multi-parameter cor‐
relation Lyapunov function. First, because it is diffi‐
cult 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 subregions 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 switch‐
ing process. Finally, the feasibility and effectiveness of 
the proposed control method were verified on an in‐
dustrial FAGV.

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

Acknowledgments
This work is supported by the National Natural Science 

Foundation of China (Nos. 52105019, 52275488, and 52405563), 
the Key Research and Development Program of Hubei Prov‐
ince, China (No. 2022BAA064), the Science and Technology 
Innovation Talent Plan of Hubei Province (No. 2025DJA014), 
and the Key Research and Development Program of Wuhan, 
China (No. 2025061202030429).

Author contributions
Yuanlong XIE: writing–original draft, writing–review & 

editing, conceptualization, methodology, and funding acquisi‐
tion. Shuting WANG: resources, investigation, funding acqui‐
sition, supervision, and project administration. Liquan JIANG: 
writing–original draft, software, conceptualization, and fund‐
ing acquisition. Hu LI: software, formal analysis, and investi‐
gation. Hao WU: data curation, validation, and visualization. 
Sheng-quan XIE: supervision.

Fig. 10  Switching signal and control gain in Case 2: (a) switching signal; (b) control gain

Table 3  Criteria under comparison controllers in Case 2

State

Yaw rate 
(rad/s)

Sideslip angle 
(rad)

Method

PID

SMC

F-LPV

Proposed

PID

SMC

F-LPV

Proposed

Criteria (×10−4)

MAX

174.07

122.39

89.57

61.77

138.51

133.12

68.75

37.48

MAE

32.16

25.42

19.80

9.68

21.11

14.29

12.60

3.27

RMSE

27.84

21.46

18.54

8.27

17.57

9.64

7.37

1.04

463



|    J Zhejiang Univ-Sci A   2026 27(5):453-465

Conflict of interest
Yuanlong XIE, Shuting WANG, Liquan JIANG, Hu LI, 

Hao WU, and Sheng-quan XIE declare that they have no con‐
flict of interest.

References
Abbas HS, 2024. Linear parameter-varying model predictive 

control for nonlinear systems using general polytopic tubes. 
Automatica, 160:111432. 
https://doi.org/10.1016/j.automatica.2023.111432

Arega TB, Tesfa YM, Abdissa CM, 2025. Three-wheeled mo‐
bile robot trajectory tracking control using nonlinear pid 
controller based neural network combined with backstep‐
ping controller. IEEE Access, 13:100167-100182. 
https://doi.org/10.1109/ACCESS.2025.3577269

Cui D, Ahn CK, Xiang ZR, 2023. Fault-tolerant fuzzy observer-
based fixed-time tracking control for nonlinear switched 
systems. IEEE Transactions on Fuzzy Systems, 31(12):
4410-4420. 
https://doi.org/10.1109/TFUZZ.2023.3284917

Dehghani M, 2024. Decentralized stabilization of large-scale 
linear parameter varying systems. ISA Transactions, 148:
336-348. 
https://doi.org/10.1016/j.isatra.2024.03.007

Derseh B, Negash L, Abdissa CM, 2023. Robust PSO tuned 
FOSMC for altitude stabilization and trajectory tracking 
of agricultural monitoring UAV. TechRxiv:24250348. 
https://doi.org/10.36227/techrxiv.24250348.v1

Ding SH, Liu L, Zheng WX, 2017. Sliding mode direct yaw-
moment control design for in-wheel electric vehicles. IEEE 
Transactions on Industrial Electronics, 64(8):6752-6762. 
https://doi.org/10.1109/TIE.2017.2682024

Dirara HG, Yareshe FT, Abdissa CM, 2025. Design and analy‐
sis of adaptive fuzzy super-twisting sliding mode controller 
for uncertain 2-DOF robotic manipulator. IEEE Access, 
13:110241-110254. 
https://doi.org/10.1109/ACCESS.2025.3581449

Esmaeili B, Modares H, 2024. Risk-informed model-free safe 
control of linear parameter-varying systems. IEEE/CAA 
Journal of Automatica Sinica, 11(9):1918-1932. 
https://doi.org/10.1109/JAS.2024.124479

Guo JH, Wang JY, Luo YG, et al., 2021. Takagi–Sugeno fuzzy-
based robust H∞ integrated lane-keeping and direct yaw 
moment controller of unmanned electric vehicles. IEEE/
ASME Transactions on Mechatronics, 26(4):2151-2162. 
https://doi.org/10.1109/TMECH.2020.3032998

Hu C, Wang RR, Yan FJ, 2016. Integral sliding mode-based 
composite nonlinear feedback control for path following of 
four-wheel independently actuated autonomous vehicles. 
IEEE Transactions on Transportation Electrification, 2(2):
221-230. 
https://doi.org/10.1109/TTE.2016.2537046

Ji Y, Zhang JZ, Lv C, et al., 2023. Fault-tolerant vehicle stability 
control based on active steering and direct yaw moment 
with finite-time constraint performance recovery. IEEE 
Transactions on Vehicular Technology, 72(12):15317-
15329. 

https://doi.org/10.1109/TVT.2023.3294972
Jiang LQ, Wang ST, Xie YL, et al., 2022. Decoupled fractional 

supertwisting stabilization of interconnected mobile robot 
under harsh terrain conditions. IEEE Transactions on In‐
dustrial Electronics, 69(8):8178-8189. 
https://doi.org/10.1109/TIE.2021.3111557

Liang JH, Feng JW, Lu YB, et al., 2024. A direct yaw mo‐
ment control framework through robust T-S fuzzy approach 
considering vehicle stability margin. IEEE/ASME Trans‐
actions on Mechatronics, 29(1):166-178. 
https://doi.org/10.1109/TMECH.2023.3274689

Liu Q, Long LJ, 2022. Asymptotic stability with guaranteed 
safety for switched nonlinear systems: a multiple barrier 
functions method. IEEE Transactions on Systems, Man, 
and Cybernetics: Systems, 52(6):3581-3590. 
https://doi.org/10.1109/TSMC.2021.3072425

Lu YB, Liang JH, Zhuang WC, et al., 2024. Four-wheel inde‐
pendent drive vehicle fault tolerant strategy using stochas‐
tic model predictive control with model parameter uncer‐
tainties. IEEE Transactions on Vehicular Technology, 73(3):
3287-3299. 
https://doi.org/10.1109/TVT.2023.3321779

Ma L, Mei KQ, Ding SH, 2023. Direct yaw-moment control 
design for in-wheel electric vehicle with composite ter‐
minal sliding mode. Nonlinear Dynamics, 111(18):17141-
17156. 
https://doi.org/10.1007/s11071-023-08760-9

Meng J, Wang ST, Jiang LQ, et al., 2023. Accurate and effi‐
cient self-localization of agv relying on trusted area in‐
formation in dynamic industrial scene. IEEE Transactions 
on Vehicular Technology, 72(6):7148-7159. 
https://doi.org/10.1109/TVT.2023.3241203

Menyechel Eneyew G, Ayalew Asfaw W, Merga Abdissa C, 
2025. Optimized backstepping fuzzy sliding mode control‐
ler for trajectory tracking of mobile manipulator. Engineer‐
ing Reports, 7(7):e70269. 
https://doi.org/10.1002/eng2.70269

Metekia EW, Asfaw WA, Abdissa CM, et al., 2025. Control 
of a fixed wing unmanned aerial vehicle using a robust 
fractional order controller. Scientific Reports, 15(1):19954. 
https://doi.org/10.1038/s41598-025-03552-0

Mohammed TK, Asfaw WA, Abdissa CM, et al., 2025. Con‐
strained robust adaptive control design for fixed wing UAV 
under parameter uncertainties and external disturbances. 
Engineering Research Express, 7(2):025254. 
https://doi.org/10.1088/2631-8695/add643

Nguyen MN, Van M, Mcilvanna S, et al., 2024. Model-free 
safety critical model predictive control for mobile robot 
in dynamic environments. IEEE Transactions on Intelligent 
Vehicles, 9(11):6830-6842. 
https://doi.org/10.1109/TIV.2024.3389111

Peng HN, Wang WD, An Q, et al., 2020. Path tracking and di‐
rect yaw moment coordinated control based on robust MPC 
with the finite time horizon for autonomous independent-
drive vehicles. IEEE Transactions on Vehicular Technol‐
ogy, 69(6):6053-6066. 
https://doi.org/10.1109/TVT.2020.2981619

Qu S, He TY, Zhu GG, 2020. Engine EGR valve modeling 

464



J Zhejiang Univ-Sci A   2026 27(5):453-465    |

and switched LPV control considering nonlinear dry fric‐
tion. IEEE/ASME Transactions on Mechatronics, 25(3):
1668-1678. 
https://doi.org/10.1109/TMECH.2020.2982315

Rotondo D, Ponsart JC, Theilliol D, 2022. Gain-scheduled 
observer-based consensus for linear parameter varying multi-
agent systems. Automatica, 135:109979. 
https://doi.org/10.1016/j.automatica.2021.109979

Souza M, Wirth FR, Shorten RN, 2017. A note on recursive 
schur complements, block Hurwitz stability of Metzler ma‐
trices, and related results. IEEE Transactions on Automatic 
Control, 62(8):4167-4172. 
https://doi.org/10.1109/TAC.2017.2682032

Verhoek C, Berberich J, Haesaert S, et al., 2024. Data-driven 
dissipativity analysis of linear parameter-varying systems. 
IEEE Transactions on Automatic Control, 69(12): 8603-
8616. 
https://doi.org/10.1109/TAC.2024.3417855

Vošahlík D, Haniš T, 2023. Traction control allocation em‐
ploying vehicle motion feedback controller for four-wheel-
independent-drive vehicle. IEEE Transactions on Intelli‐
gent Transportation Systems, 24(12):14570-14579. 
https://doi.org/10.1109/TITS.2023.3295436

Wang X, Zhao J, 2017. Autonomous switched control of load 
shifting robot manipulators. IEEE Transactions on Indus‐
trial Electronics, 64(9):7161-7170. 
https://doi.org/10.1109/TIE.2017.2688958

Xie YL, Zhang XL, Zheng SQ, et al., 2022. Asynchronous H∞ 
continuous stabilization of mode-dependent switched mo‐
bile robot. IEEE Transactions on Systems, Man, and Cy‐
bernetics: Systems, 52(11):6906-6920. 
https://doi.org/10.1109/TSMC.2021.3119054

Yang ZY, Xu XH, Wang X, et al., 2024. Optimal configura‐
tion for mobile robotic grinding of large complex compo‐
nents based on redundant parameters. IEEE Transactions 
on Industrial Electronics, 71(8):9287-9296. 
https://doi.org/10.1109/TIE.2023.3314871

Yareshe FT, Madebo NW, Abdissa CM, et al., 2025. Trajectory 
tracking of fixed-wing UAV using ANFIS-based sliding 
mode controller. IEEE Access, 13:61986-62003. 
https://doi.org/10.1109/ACCESS.2025.3557472

Zeng TY, Mohammad A, Madrigal AG, et al., 2024. A robust 
human-robot collaborative control approach based on model 
predictive control. IEEE Transactions on Industrial Elec‐
tronics, 71(7):7360-7369. 
https://doi.org/10.1109/TIE.2023.3299046

Zhang B, Zhao WZ, Wang CY, et al., 2023. Layered time-delay 
robust control strategy for yaw stability of SbW vehicles. 
IEEE Transactions on Intelligent Vehicles, 8(7):3913-3924. 
https://doi.org/10.1109/TIV.2023.3273540

Zhang JD, Zhang LP, Liu SS, et al., 2024. Cooperative con‐
trol of active suspension and four-wheel steering for in‐
telligent electric vehicles with corner module structure on 
severe roads. IEEE Transactions on Intelligent Vehicles, 
9(12):7876-7884. 
https://doi.org/10.1109/TIV.2024.3403904

Zhang S, Puig V, Ifqir S, 2024. Robust LPV fault diagnosis 
using the set-based approach for autonomous ground ve‐
hicles. IEEE Transactions on Intelligent Transportation 
Systems, 25(8):9078-9090. 
https://doi.org/10.1109/TITS.2024.3394518

Zhao JP, Yang GH, 2024. Fuzzy adaptive finite-time resilient 
control against unknown false data injection attacks for 
MIMO nonlinear switched systems with unknown dead 
zone. IEEE Transactions on Cybernetics, 54(1):586-598. 
https://doi.org/10.1109/TCYB.2023.3258490

Zhao XQ, Liu Z, Jiang BP, et al., 2023. Switched controller 
design for robotic manipulator via neural network-based 
sliding mode approach. IEEE Transactions on Circuits and 
Systems II: Express Briefs, 70(2):561-565. 
https://doi.org/10.1109/TCSII.2022.3169475

Electronic supplementary materials
Sections S1–S3; Eqs. (S1)–(S26)

465


