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Abstract

Autonomous vehicles are often subjected to disturbances that compromise path-tracking ac-
curacy and stability. Traditional chassis controllers that rely on fixed vehicle models exhibit
performance limitations under such uncertainties. To address this challenge, we propose
an adaptive integrated chassis control strategy that combines a linear quadratic regulator
(LQR) and a model reference adaptive control (MRAC) framework. The LQR component
generates nominal control commands, while the MRAC framework compensates in real
time for model uncertainties and external disturbances. Simulation studies conducted
in CarMaker and MATLAB/Simulink indicate that the proposed controller substantially
improves path-tracking performance. Compared with conventional methods, the proposed
controller reduces the root mean square error, peak error, and integral of the absolute error
by up to 25.2%, 33.5%, and 34.6%, respectively. Overall, the proposed adaptive chassis
controller shows enhanced vehicle robustness and stability in simulation under challenging
driving conditions.

Keywords: integrated chassis control; model reference adaptive control; path tracking
control; autonomous vehicle; in-wheel motor; torque vectoring

1. Introduction

With the continuous advancement of autonomous driving technology and vehicle
electrification, integrated chassis control, which links vehicle motion control with individ-
ual actuator coordination, has become increasingly vital [1,2]. This growing importance is
reflected in contemporary electric autonomous vehicle designs, which are equipped with
various chassis actuators, such as braking systems, electric-motor-based torque vectoring,
and active steering mechanisms. When coordinated effectively, these actuators contribute
substantially to both vehicle performance and driving stability [1-3]. Among the func-
tionalities enabled by such coordinated control, path tracking plays a key role, allowing
autonomous vehicles to reliably follow planned trajectories. Any deviation from the in-
tended path, such as unintended lane departures or erratic lane changes, can present serious
safety hazards [4]. Therefore, high-precision and reliable path tracking control is essential to
ensure safe autonomous driving. Moreover, as vehicle control systems become increasingly
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sophisticated through autonomy and electrification, integrating vehicle dynamics control
with actuator coordination becomes essential for precise path tracking [1,5,6].

In practice, however, autonomous vehicles are exposed to a combination of uncertain-
ties that compromise path tracking accuracy and vehicle stability. These challenges can be
categorized as: (i) external disturbances, such as crosswind forces and road irregularities;
(ii) parameter variations from the nominal model, including fluctuations in vehicle mass,
speed, and cornering stiffness (which varies due to changes in road surface friction); and
(iii) modeling errors. To illustrate the impact, Liu et al. investigated stability under cross-
wind conditions [5], while Liu et al. proposed a coordinated strategy for potholed roads [7].
Their findings revealed that conventional controllers lacking in disturbance compensation
may perform poorly under these combined real-world conditions. Therefore, ensuring ro-
bust path tracking against this multi-faceted uncertainty is critical for autonomous vehicle
safety, and numerous strategies have recently been introduced to address this need [8-10].

Among these strategies, integrated chassis control leveraging the over-actuated ar-
chitecture of modern vehicles has garnered extensive attention. To improve path-tracking
accuracy, several studies have employed lateral dynamics control using actuators such
as direct yaw-moment control (DYC), implemented via individual wheel torque distri-
bution, and active rear steering [1,11-15]. For instance, some studies developed a path
tracking controller that integrated model predictive control (MPC) with torque vectoring
for four-wheel independent electric vehicles, achieving high path-tracking precision [16,17].
In a related effort, Zhang et al. introduced a coordinated control strategy for four-wheel
independent drive autonomous vehicles by combining an MPC-based adaptive path track-
ing controller with a sliding-mode-based stability controller. This approach resolved the
trade-off between tracking accuracy and vehicle stability and demonstrated improved per-
formance under extreme driving conditions in simulation studies [18]. In addition to these,
coordinated control strategies integrating lateral steering control with drive motor control
have also been proposed to minimize path deviation and maintain stability on irregular
road surfaces, such as those affected by potholes [16,19]. Also, four-wheel independent-
drive electric vehicles using adaptive sliding mode control have been reported to maintain
performance and stability on low-friction surfaces by flexibly redistributing individual
wheel forces [20-22]. As a representative torque vectoring-based fault tolerant approach,
Meléndez-Useros et al. proposed a static output-feedback path-tracking controller that
switches to torque-vectoring assistance under steering-actuator degradation or saturation
and reported significant reductions in lateral and heading errors [23].

Despite these diverse applications of integrated chassis control, current approaches
continue to face several limitations.

1.  Adding actuators or applying basic coordination strategies alone may not adequately
address model uncertainties or external disturbances. For instance, determining
front and rear steering angles in 4 WS vehicles based on nominal models has been
criticized for underutilizing the system’s capabilities, resulting in limited performance
gains [24].

2. Traditional robust control strategies accounting for disturbances may be constrained
by conservative designs necessary for stability guarantees, which may limit optimal
tracking performance under varied operating conditions [8,25].

In this context, adaptive chassis control strategies that automatically compensate for
disturbances or adjust parameters based on driving conditions have received growing
attention in the integrated chassis control field.

Motivated by these considerations, we incorporate model reference adaptive con-
trol (MRAC) into the vehicle chassis control architecture to enhance robustness against
disturbances and to ensure consistent tracking performance—capabilities that cannot be
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easily achieved through basic actuator augmentation alone. MRAC is an adaptive control
method that continuously updates control parameters in real time to minimize tracking
errors between the actual vehicle response and a reference model, thereby compensating
for system uncertainties [26-30].

Unlike conventional adaptive controllers, this combined LQR + MRAC architecture
offers both an optimal transient response and faster error convergence, while also offering
stronger parameter convergence guarantees under relaxed excitation conditions [31-36].
This integrated approach maintains stable path tracking control even under challenging
conditions, such as speed variations, mass changes, reduced road friction, and crosswind
disturbances. The proposed Adaptive integrated chassis control strategy is validated
through comprehensive simulations conducted under diverse driving scenarios, including
speed variations, crosswinds, and changes in road friction.

The main contributions of this work are summarized as follows:

e An Adaptive Framework for Integrated Chassis Control: A new hierarchical control
architecture is proposed that fundamentally integrates a high-level Model Reference
Adaptive Control (MRAC) strategy with a low-level Integrated Chassis Control (ICC)
layer. This architecture is designed to overcome the critical limitation of traditional
ICC, which relies on a fixed nominal model. The MRAC framework actively compen-
sates for severe uncertainties (e.g., modeling errors from LTI assumptions, parameter
variations in mass and friction, and external disturbances), which cause nominal
controllers to degrade.

e  Stability for a Safety-Critical Adaptive System: The practical stability and reliability of
the proposed adaptive controller are ensured by incorporating a c-modification term
into the MRAC adaptation laws. While standard adaptive laws can suffer from param-
eter drift and high-frequency chattering, this modification guarantees the Uniformly
Ultimately Bounded (UUB) stability of all closed-loop signals, making the adaptive
strategy robust and suitable for a safety-critical application like autonomous driving.

e  Optimal Coordination of Adaptive Commands under Actuator Constraints: The gap
between high-level adaptive control theory and practical multi-actuator implemen-
tation is bridged. A constrained weighted least-squares torque allocator is designed
to translate the adaptive yaw moment command (M, 4.) into optimal, coordinated
commands for the four in-wheel motors. This allocator robustly handles the over-
actuated system while respecting critical, real-world actuator limitations, including
static torque-speed (T-N) maps and dynamic torque-rate constraints.

The remainder of this paper is structured as follows. Section 2 introduces the vehicle
dynamics model, encompassing both the path-following and torque vectoring components.
Section 3 outlines the fundamentals of MRAC and o-modification techniques. Section 4
details the design methodology for the proposed adaptive integrated chassis controller,
covering both lateral and chassis control strategies. Section 5 presents an evaluation of
the proposed controller’s path tracking performance and robustness through extensive
simulation studies conducted under diverse driving scenarios. Finally, Section 6 concludes
with a discussion of the research contributions and potential directions for future research.

2. Vehicle Dynamics Model

When designing a path-following control system for autonomous vehicles, establishing
a mathematical model that captures the vehicle’s dynamic behavior is an essential step. This
model serves as the theoretical foundation for controller design. However, while highly
detailed models, such as high-degree-of-freedom (DOF) nonlinear models, can accurately
replicate real vehicle behavior, their complex equations and strong nonlinearities make
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them unsuitable for real-time control. To address this limitation, many path-following
studies adopted the 2-DOF linear bicycle model as a simplified approximation suitable
for real-time control [37]. Accordingly, this section outlines how the 2-DOF linear bicycle
model is used to control the vehicle’s lateral and yaw dynamics and is then transformed
into a state-space form suitable for controller design.

2.1. Path-Following Model

The bicycle model simplifies the vehicle’s motion to a two-dimensional plane by
replacing the left and right wheels with a single equivalent wheel located along the
vehicle’s centerline.

As illustrated in Figure 1, Newton’s second law is applied in a coordinate system
attached to the vehicle’s center of gravity (CG) to derive the equations of motion governing
lateral forces [37].

{m(z}y—i—vx'y) = Fyr + Fyr )
Lyy=1¢Fyr—1L Fyp
2z = U Byf = b by

where m is the vehicle mass, I, denotes the yaw moment of inertia, vy, represents the
longitudinal velocity, and vy signifies the yaw rate. Further, F,r and F,, denote the total
lateral forces acting on the front and rear axles, respectively. The above yaw moment
equation indicates that the vehicle’s rotational motion is generated solely by the lateral
tire forces F, s and Fy, , which result from the front steering input . However, integrated
chassis control systems enhance vehicle control authority by incorporating additional
inputs beyond steering. Notably, DYC generates yaw moments by exploiting differences
in driving or braking forces between the left and right wheels. Its defining feature is
that it generates pure yaw moments solely by leveraging drive or brake force asymmetry,
independent of lateral forces induced by the steering angle [38].

Y &

v

Figure 1. Two-degree-of-freedom (2-DOF) vehicle dynamics model.

To accommodate additional control inputs, the yaw moment equation in the existing
dynamic model must be augmented. The additional yaw moment generated by DYC is
treated as a control input and introduced into the model as the term M. This expansion
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enables the model to control the vehicle’s yaw motion independently of the steering input.
Accordingly, the equations of motion incorporating DYC are expressed as follows [20]:

m(by + 'Ux’)/) = tyf + FW' (2)
Izz'j/ = lnyf — Iy Fyr+Mz

This expanded model forms the basis of a multiple-input system with two independent
control inputs: the steering angle §; and additional yaw moment M.

The lateral forces generated by the tires are proportional to their respective slip angles.
Under normal driving conditions, specifically, within the linear region where tire slip angles
remain small, this relationship can be approximated as follows [39]:

Fyf = ch"‘f/ Fyr = 2C,04r, (3)

where C; and C; denote the cornering stiffness of the front and rear axles, respectively,
while the front- and rear-tire slip angles, ay and a;, are derived from the vehicle’s kinematic

lf’y
o =0 P 4)
Ky = *‘B + %

relationships:

where I and I, represent the distances from the vehicle’s CG to the front and rear axles,
respectively.

A state-space model is then constructed by combining the previously derived lateral
dynamics of the vehicle with its position in the global coordinate system. By linearizing v
and B in the global coordinate frame, the vehicle’s heading angle ¢ and lateral position y
are expressed as follows:

. 17[] = (5)
y = vysin(y) + vycos(ip) = v (P + B).

Combining Equations (2) and (5) yields the following state-space representation:
xp = Apxp + By, (6)

where the state vector is defined as x = [y, B, ¥, 7] T, the control input vector is defined as

T
U= [MZ, 1) f} and the system matrix A, € R**4 control matrix By € R4*2, Accordingly,
the final lateral control state equation becomes:

y 0 Uy Uy 0 y 0 0
2(Cs+Cr) 2(14Cs—1,Cr) 2C
i ,B _ - MUy -1- mvi - :B I 0 mvj; MZ (7)
dt | ¢ 0 0 0 1 P 0 0 of
1¢C
v 2(14Cs—1,C; 2(FCr+I2C v 1 2
O B (f ]Irzz ) O B ( J ) L L
Ap By

The state-space representation in Equation (7) is derived by linearizing the vehicle
dynamics presented in Equation (2). Specifically, to obtain the state variable B, the ap-
proximation v, ~ v, ﬁ was used. This approximation requires the assumption that the
longitudinal velocity v, is constant. Also, this assumption is necessary to formulate the
Linear Time-Invariant (LTI) structure of matrices A, € R**4 and B, € R**2, which is
required for the LOR and MRAC design.
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However, in real-world driving scenarios, this assumed constant v, varies. This
variation from the nominal LTI assumption is one of the factors contributing to model
uncertainty. Additionally, parameters such as the cornering stiffness coefficients C; and
C; exhibit uncertainties that vary with road surface conditions and tire wear, leading to
parameter variations and model uncertainties during real-world vehicle operation. Conse-
quently, the control system must be sufficiently robust to accommodate such parameter
variations and uncertainties.

2.2. Torque-Vectoring Model

While the 2-DOF model only accounts for the vehicle’s lateral motion and steering
input, real vehicles can apply drive and brake forces independently to each of the left
and right wheels, enabling direct yaw moment generation without relying on steering
input [37]. By incorporating longitudinal wheel forces and individual wheel dynamics,
which are not captured in the 2-DOF model, a 7-DOF vehicle model (Figure 2) is adopted.
This model consists of three DOFs representing the vehicle body’s longitudinal, lateral, and
yaw motions and four DOFs corresponding to the rotational dynamics of each wheel [40].
Consequently, the 7-DOF model enables torque vectoring by linking individual wheel
torques and rotational dynamics to the vehicle-level longitudinal force and yaw moment.

m(0x — vyy) = (Fypr + Fypr ) cos (5f> - (Fyﬂ +F, ,)sin 8¢ ) + Fepr + Furr,

m(ny + Ux’)’) = Fxfl + Fxfr sin(éf + (Fyﬂ + Fy r)COS 5f + Fyrl + wa,
L.i =1y [(Pxﬂ n Fxfr)sin(éf) + (Fp +F, r)cos (5f)} —1 (Fyﬂ n FW) i (%w) (Fxf, - Fxﬂ)cos (5f)

®)

—|—(%”)(wa —Fe) + (%w) (Fyfl o Pyﬁ)Sin((Sf)’

where m denotes the vehicle mass, I; represents the yaw moment of inertia, vy and v,
are the longitudinal and lateral velocities in the vehicle body coordinate system; and -y
is the yaw rate. Additionally, ! 3 and [, denote the distances from the vehicle’s CG to the
front and rear axles, respectively, and [, represents the track width of the front and rear
wheels. Fy;j, F;; represent the longitudinal and lateral forces generated at each wheel,
where the wheel index ij € {fI, fr,rl,rr} corresponds to front-left, front-right, rear-left,
and rear-right, respectively.

F -
FyrL %L
i )ap:) i

Figure 2. Schematic of the 7-DOF vehicle dynamics model.

3. MRAC

Autonomous vehicles must rely on advanced control systems capable of adapting
to the diverse challenges encountered in real-world environments. As categorized in
the Introduction, these challenges stem from a combination of (i) external disturbances,



Appl. Sci. 2025, 15, 12387

7 of 29

(ii) parameter variations, and (iii) modeling errors. The simplified 2-DOF model introduced
previously is a prime example of such modeling errors, as it fails to capture the full
complexity of real-world driving and relies on a fixed LTT assumption. This section explores
how Model Reference Adaptive Control (MRAC) is specifically designed to address this
gap by actively compensating for these combined uncertainties in real time and outlines an
architectural framework for integrating adaptive control mechanisms into comprehensive

chassis control systems.

3.1. Standard MRAC Framework

The objective of MRAC (Figure 3) is to design a feedback controller that allows the
output of a system with uncertainties to continuously track a reference model with the
desired dynamic characteristics [27].

R Reference
" Model
X (8)
v _
- . x(t)
» K, Vehicle >
r(t) +
M N e J

07 p(x) ¢ E

Figure 3. Standard model reference adaptive control (MRAC) architecture.

A dynamic system that includes real-world uncertainties is defined as follows:
xp(t) = Apxp(t) + By (u(t) + A(xp(1))), ©)

where x,(t) € R" denotes the vehicle’s state vector, u(t) € R™ is the control input, and
A(xp(t)) : R" — R™ represents the input-matched uncertainty. The uncertainty term in
Equation (9) is assumed to be expressed in a linear parameter form:

A(xp(t)) = 0T¢(t), (10)

where the basis function ¢(t) : R” — R° and the unknown constant parameter matrix
0T € R™* are defined as

o) = [p1 (1), ¢a(t), -+, s ()] (11)

Under the matched uncertainty assumption, system uncertainties affect the system
only through the control input, allowing them to be canceled by the adaptive controller.
The ideal reference model that the system aims to track is defined as follows:

i (1) = A (t) + Bur (1), (12)

where the matrix A, satisfies the Hurwitz stability condition.
To achieve this objective, the matching condition given in Equation (13) is imposed.
The state x,(t) of the actual system with uncertainties is required to asymptotically track
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V()

the reference state x,,(t). This requires the matching conditions to be satisfied. Under
this condition, constant gain matrices KI € R"* " and KI € R™* P exist such that, if the
following equation is satisfied, the closed-loop dynamics of the actual system match those
of the reference model in the ideal, uncertainty-free case:

(13)
= B,K]

{Am = Ay + ByK!
This confirms the existence of ideal control gains KI' and K and indicates that exact
model tracking is possible only if such ideal solutions exist. If the matching condition is
satisfied, the structural differences between Equations (9) and (12) can be compensated
through input gains, leaving only the parameter uncertainty 67 as the residual.
The MRAC law generates control input based on parameters estimated in real time.
It comprises state feedback, reference signal feedforward, and uncertainty compensation
components and is defined as

A

g (t) = Kixp(t) + Kl r(t) — 0T (1), (14)

where KI € R™ " and KT € R"™* 7 are the estimated adaptive gains for the state and
reference inputs, respectively, and 87 € R"** is the estimated uncertainty parameter
matrix. These parameters are initially assigned arbitrary values and updated in real time
according to the adaptation law given in Equation (15). To ensure that the tracking error
e(t) = xp(t) — xmu(t) converges to zeroas t — oo while maintaining bounded closed-loop
signals, the following adaptation law is applied.

Rt ) = —Tx, (1)l (£)PB,
Ry (t) = —T,r(t)e (t)PB,, (15)
9( )= r94>(x,, (t))el (t)PB,

whereI'y € R™* ", T, € RP* 7, andT'g € R°* ° are positive definite matrices corresponding
to the state, reference input, and uncertainty parameters, respectively. According to the
matching condition in Equation (13), ideal gains KI and K[ exist. Assuming that the

uncertamty parameter 67 is constant, the estimation errors are defined as Kx =K, — Ky,

Kr K, — K,, 6 =0—0. By substituting the control input from Equation (14) into the
system model expressed in Equation (9) and comparing it with the reference model in
Equation (12), the tracking error dynamics are derived as

é(t) = Ame(t) + B, <1N<:xp(t) LR 5T¢(t)). (16)

Because matrix A, is Hurwitz, for any positive definite matrix Q > 0, there exists a
unique symmetric positive definite matrix P € R"* " satisfying the Lyapunov equation:

AP+ PA,, = —Q. (17)

Based on this result, the Lyapunov function candidate is constructed as

= T (t)Pe(t) + trace (I?Z(t)l";llzx(t)) + trace (I?,T(t)l",_llzr(to + trace (ET(t)l"e_lg(t)) (18)

After differentiating V (t) as defined in Equation (18) and substituting the error dy-
namics from Equation (16), the resulting derivative V(t) includes cross terms that couple
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the tracking error with the parameter-estimation errors. Applying the adaptation laws
in Equation (15) and utilizing the cyclic property of the trace ehmmates these parameter-

dependent terms, ensuring that no contributions involving Kx, Kr, or 6 remain. Here, the
matching condition in Equation (13) simply serves to express the dynamics in terms of
estimation errors. Invoking the Lyapunov equation (Equation (17)) then yields:

V(t) = —eT (£)Qe(t). (19)

Because Q is positive definite, Equation (19) implies that V(¢) is non-increasing;
consequently, the tracking error e and the parameter estimation errors remain bounded.
Moreover, if the reference r(t) and regressor ¢(t) are both bounded and A,, and By, are
constants, then Equation (16) ensures that ¢(t) is also bounded; consequently, e (t) Q e(t)
becomes integrable and uniformly continuous. By Barbalat’s lemma, e(t) — 0 as t — oo;
that is, the system asymptotically tracks the reference-model state [41].

However, when standard MRAC is applied to vehicle systems, high adaptation rates
induce chattering and drift in the parameter estimates, thereby degrading both the stability
of the control input and overall vehicle controllability [28]. From the actuator’s perspec-
tive, elevated adaptation rates generate high-frequency oscillations in the control signal,
exacerbating actuator saturation and mechanical wear. These effects, in turn, diminish
control-tracking performance. In addition, excessive control-signal oscillations undermine
overall system stability. The leakage term in Equation (20) helps to suppress parame-
ter chattering and drift at high adaptation rates, thereby attenuating rapid variations in
control inputs and reducing actuator vibration and flutter. This capability is essential
for enabling autonomous vehicles to maintain robust control performance across diverse
driving conditions. Therefore, a mechanism that ensures stable updating of MRAC laws
is needed.

3.2. o-Modification

The o-modification strategy improves controller robustness by preventing parameter
drift under disturbances or model uncertainties and by partially suppressing instability
induced by excessively rapid adaptation [42]. It introduces a small leakage (damping) term
into the adaptive control law, which suppresses rapid parameter variation, strengthens
robustness, and alleviates instability resulting from excessive adaptation. This modification
introduces a trade-off, often balanced against the adaptation gain I' discussed in Section 3.1.
Increasing the leakage term ¢ effectively dampens parameter vibration and reduces control
chattering caused by high adaptation rate.

Accordingly, applying o-modification to the adaptation law in Equation (15) yields
the following formulation:

Re(t) = —Tyx, (el (H)PB, — 0, R (1)
t) = —T,r(t)el (t)PBy — ;K (t) (20)

where 0y, 07, and oy are positive scalar leakage gains. To demonstrate Lyapunov sta-
bility under o-modification, we first time-differentiate Equation (18) and the error dy-
namics in Equation (16) and then apply the Lyapunov equation (Equation (17)) to obtain
the following:
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. ~T ~ ~T ~ ~T ~
V(t) = —eT (t)Qe(t) + 2trace | K, Ty 'Ky | + 2trace| K, T, 'K, | +2trace| 6 1"519
~T ~T
+2trace (Kx xp(t)el ()P Bp> + 2trace (KT r(t)el (t)P Bp) (21)
~T
—2trace (9 P(t)el (t)P Bp)
By substituting the updated adaptation laws from Equation (20) for I~<x, IN<r, and 5,
we obtain
~T L ~T ~T
2trace| K, IT;'K, | = —2trace (Kx xp(t)eT(t)PBp> — 20y trace (Kx Flex>
~T L ~T ~T
2trace| K, T, 'K, | = —2trace (K, r(t)eT(t)PBp) — 20ytrace <Kr l"r_lKr> . (22)
~T A ~T ~T
2trace( 0 T,'0 | = 2trace (9 4>(t)eT(t)PBp> — Zaetmce(e Fg_lé))

The cross-term 2e” PB),(-) in Equation (21) cancels with the first terms in Equation (22)
owing to the cyclic property of the trace. Moreover, the A,-related term from Equation (17)

is expressed as —e’ (t)Qe(t), yielding

, ~T ~T ~T

V(t) = —eT (t)Qe(t) — 20ytrace (Kx F;le) — 20, trace (KT l"r_lKr) — 20ptrace (9 1"9_19>. (23)

Equation (23) indicates that o-modification introduces parameter damping terms
with negatlve 51gns into the error term —e(t)Qe(t). Substituting Ky = Ky + Ky,
K, = Kr +K, 6= 9 +6and applying Young’s inequality to Equation (23) yield

2

~ 2
Kel| s

V(t) < —eTQe— oy

~112
o[ Hr,l +eo, 4
0

2
where HXH = trace(XTl"_lX) and ¢, = 0y Kx .t 0'9||9H1_ 1.

Because Equations (17) and (18) imply that V is pos1t1ve defmlte there exists a« > 0
such that V(t) < —aV + c,; consequently, V(t) < e “V(0) + ¢,/«, ensuring that all
closed-loop signals remain uniformly ultimately bounded [29]. Increasing the leakage term

oy

effectively dampens parameter vibration and reduces the control’s high-frequency oscilla-
tions often caused by a high adaptation rate. However, as the UUB proof demonstrates,
the ultimate bound V' (o0) < ¢,/ is dependent on ¢, and a. This implies that the tracking
error converges to non-zero residual set. This convergence to a bounded region provides
robustness by preventing the unbounded growth of adaptive gains in the presence of such
disturbances, thereby guaranteeing a bounded tracking error despite unmodeled dynamics
or disturbances not aligned with the control input channel. Consequently, o-modification
slows and damps adaptation to avoid chattering and actuator stress, at the cost of con-
verging to a small residual error instead of zero. The selection of the leakage term should
balance adaptation speed against the magnitude of the ultimate bound.

4. Design of the Proposed Adaptive Integrated Chassis Controller

Figure 4 presents the configuration of the proposed adaptive integrated chassis control
architecture, which consists of two layers: an upper control layer and a lower allocation
layer [43]. Specifically, in the upper layer, a linear quadratic regulator (LQR) generates the
nominal steering angle J¢ and direct yaw moment M, 4,5 [44], while an MRAC framework,



Appl. Sci. 2025, 15, 12387 11 of 29

driven by the tracking error relative to a reference model that reproduces the LQR closed-
loop behavior, provides adaptive compensation. Under ideal driving conditions, the
LOR governs the response. However, as parameter variations or external disturbances
increase, the MRAC engages to preserve tracking accuracy and stability margins. The
lower layer reformulates the desired M, 4,; and longitudinal force demand as a constrained
weighted least-squares problem, mapping the optimized solution to the four in-wheel motor
torques [45]. Furthermore, by feeding vehicle states back into both command generation
and the adaptive law, the system ensures consistent path tracking and robust attitude
stability across diverse conditions.

Ym
Bum
Ref Y
eference Ym R .
Model Adaptive Law i
1
I |
Vr !
(y,) | :
LQR Upase !
_,| (Base Line) P ) |
& » .
69 ’ Vehicle By 1
k\ u (ll),,) :
4 s Toqu!e R Iy !
” MRAC M, | Allocation (T T T Tor) |
| | (Adaptive) Ugq |
- :
\ 1
B K. K, 8 :

Figure 4. Overall architecture of the proposed adaptive integrated chassis controller.

In the proposed hierarchy, the outer loop computes nominal commands from geomet-
ric outputs (y, 1), while the inner vehicle dynamics evolve through the sideslip () and yaw
rate (7y). In real driving scenarios, practically mismatched disturbances such as crosswinds
and asymmetric road friction generate unintended lateral forces and yaw moments that
alter the internal states (8, y), which can leave the inner channels weakly damped when
steering alone is used. By directly injecting yaw acceleration via DYC, the relative degree
of the yaw channel is effectively reduced, and additional control authority is granted over
(B, 7); hence, shaping the inner dynamics explicitly supports robust outer-loop tracking
under severe operating conditions.

4.1. Design of the Lateral Controller

To achieve consistent lateral control effectiveness across diverse driving situations, the
proposed integrated chassis control architecture (Figure 4) incorporates a nominal controller
formulated on LQR principles alongside an adaptive compensator based on MRAC [46].
The primary LQR controller simultaneously computes control commands for the vehicle’s
steering angle 6, and direct yaw moment M, 4.5, while the MRAC component estimates and
mitigates model uncertainties and environmental perturbations in real time [30]. Although
the LOR controller is designed to ensure stability and maintain robust characteristics, its
tracking performance can be degraded by variations in system parameters or external
disturbances. In response, the MRAC component functions in coordination with the
LOR controller to enhance the overall stability margin of the system [35]. In summary,
under nominal operating conditions, the LQR controller ensures optimal path-tracking
performance, whereas in the presence of model mismatch, the MRAC framework provides
additional compensation, thereby improving both stability and tracking accuracy.
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The lateral controller is designed using a state-space representation based on the
vehicle model derived in Section 2. The vehicle lateral dynamics model represented in
equation (7) is expressed in the state-space form. The state vectoris x = [y, B, ¥, ] T and

T
the control input vector is u, = {ledes, 1) f} . The LOR nominal controller for path-tracking

is formulated based on the full state vector x,(t) and the reference input r(t).
The LQR control law is

uy = —Kyxp(t) + Ker(t). (25)

Here, r(t) denotes the target value, (y,, ;)7 € R2, from the reference path. The
2 x 4 optimal state feedback gain matrix K, is designed to minimize the following cost
function [47]:

J= /Ooo (xp(f)Tpr(t) + u(t)TRu(t))dt. 26)

This optimization problem is solved analytically using the algebraic Riccati equation
shown in Equation (27). After obtaining the solution P to this Riccati equation, the optimal
feedback gain matrix is computed as follows [47]:

AP+ PA, —PB,R'B,P+Q =0, (27)

Ky =R 'B}P. (28)

The 2 x 2 feedforward gain matrix K, is synthesized to provide physically intuitive
feedforward action. This is achieved by utilizing the gain components from K, to directly
align the reference inputs (v, §,) with the feedback channels of their corresponding states
(y, ¥). To enhance system robustness, the MRAC framework is integrated as an adaptive
augmentation to the upper controller. The MRAC reference model is configured to track
the behavior of the closed-loop system with the LQR controller. Specifically, the reference
model matrices incorporate the effect of LQR state feedback on the nominal vehicle model.

The MRAC reference model is defined based on the closed-loop configuration of the
LQOR controller:

{Am = Ap— ByKy 29
By = BpK;

The configuration in Equation (29) captures the closed-loop dynamic characteristics of
the nominal LQR controller. Under ideal conditions, the vehicle system follows the behavior
of this reference model, while MRAC applies compensatory control to ensure that the actual
vehicle accurately tracks it. However, if the actual operating conditions deviate significantly
from the nominal assumptions—particularly due to velocity variations that violate the LTI
assumption in Equation (7), or parameter variations in mass and cornering stiffness—a
mismatch arises between the reference model and actual system behavior, requiring the
MRAC to provide larger compensatory inputs. Furthermore, when operating beyond the
design conditions, the increasing control input demanded by the MRAC controller can lead
to instability.

In this research, the regressor function (¢(t)) is defined using only the control and
disturbance channels of the 2-DOF bicycle model augmented with DYC (Equation (7)). With
the state vector x, = [y, B, ¢, 7] T practically mismatched disturbances that manifest as
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unintended lateral-force and yaw-moment components are modeled by d = [Fy,d, Mz,d}

through.
0 0
L
Bi=1"0" € R¥2, (30)
1
R =

so that F, 4 and M, 4 act in ﬁ and 7. To partially include and compensate mismatched
disturbance components without explicit disturbance estimation, projection operators
built from the control and disturbance channels are employed, using B, € R**? from
Equation (7).

¢(t) = Ge(t), G:=BSB;B] € R*"%, (31)

where e = x, — x;; collects the tracking errors with respect to the closed-loop reference
model in (29) and (-)* denotes the Moore-Penrose pseudoinverse. The regressor satisfies a
disturbance-aligned scaling operator that maps the component of e lying in the disturbance
subspace Range(By) into the controllable input subspace Range(B)).

BP(P(t) = BPB;,LBngre = PBP (PBde), (32)

Consequently, Equation (32) acts as a projection that enhances the internal yaw—sideslip
dynamics and mitigates the influence of external disturbances. More generally, even if
modeling errors or operating-point drift lead to Range(B;) # Range(B, ), the composite
projector Pp,, P, retains only the controllable portion of the disturbance-aligned compo-

nent of e(t) that lies in Range (B, ), while the non-realizable remainder (I - PBp) Pge(t) is
not reflected in the input. This partial projection demonstrates that partial compensation of
the disturbance is achievable.

The overall control law for the adaptive integrated chassis control system is expressed
as follows:

u(t) = up(t) + ugq(t). (33)

Here, u;, represents the basic control input from the LOR controller, while u,; denotes
the adaptive control input generated by the MRAC framework. This adaptive augmentation
structure integrates nominal control and adaptive compensation within a unified scheme,
maintaining a balance between control performance and stability. From an operational
standpoint, the basic LOR controller manages transient or overall conditions, thereby
narrowing the range of parameter variations that the MRAC framework must adapt to and
reducing the magnitude of continuous adaptation.

KI(O) = —K,
(o x o

Furthermore, under initial operating conditions, the MRAC framework is designed to
function similarly to the LQR controller, thereby ensuring a seamless transition between
the two control strategies.

A traditional integrated chassis control system extends control capabilities by coordi-
nating steering and direct yaw moment control, enabling effective responses in driving con-
ditions that are difficult to manage with single-actuator control. However, its performance
remains dependent on a predetermined model. In contrast, the integrated LQR + MRAC
framework effectively addresses model uncertainties by dynamically adjusting controller
parameters even in the presence of disturbances within an environment defined by aug-
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mented control capabilities. It sustains stability and tracking performance through adaptive
control input modification in response to environmental variations.

4.2. Design of the Chassis Controller

The torque distribution strategy is formulated using a weighted least squares optimal
cost function to accommodate the system’s over-actuated configuration (four in-wheel
motors and two targets) [48].

2 2
J(T) = 0| Wy (BT )|+ ||wat] (35)

Here, T = [Trr, Ter, TrL, TRR] T ¢ R4 denotes the motor torque vector, the parameters
for the cost function were selected to ensure robust tracking. The relative weighting factor
Q) was set to 10. The error weighting matrix W, > 0 corresponds to the [M., Fx}T error
weighting; in this study, W, = diag([20, 10]) to place a higher priority on accurately
tracking the desired yaw moment. Also, input weighting matrix W,, > 0 is a diagonal
matrix that is dynamically adjusted by Wy, = [8/F, r1,8/F, rr,4/F.r1,4/F. RrR]-

The corresponding optimization problem is expressed as follows [49]:

T <T<TH
T* = argmin/(T) s.t. { T" =min(T, Ty_1 + ATpax) (36)
T T~ = max(T, Ty_q1 + AT,,).

Here, the static upper and lower bounds (T, I) are obtained from each motor’s
torque-speed (T-N) map and Tj_; is the motor torque command from the previous control
step. The dynamic bounds, A Ty,x(upper) and A T,,,;,(lower), specify the per-wheel torque
variations achievable within one control period under the torque rate constraint applied to
the previous command. At each sampling instant, the admissible torque range [T, T]
for each wheel is determined through elementwise comparison between the dynamic limits
and the static bounds.

The target vector combines the output of the upper lateral controller and longitudinal

M
D= [ z,des
Fx

The geometric equation relating torque, force, and moment is

requirements such as:

€ R (37)

B— 1 llfsinéflg’coséf lfsin§f+%cos§f 7l7w 17“

_ e R¥*4, (38)
Teff

cos 5f cos (Sf 1

The control matrix B is constructed based on the front-wheel steering angle ¢, front-
rear CG distance [ iz front-rear track width [, and effective radius r, ff- The influence of
the torque vector T on the yaw moment and total longitudinal force is represented using a
linear approximation.

The cost function is defined as a weighted sum of motor usage and tracking errors
associated with the desired yaw moment and total longitudinal force. When the weights
are positive definite, the objective becomes a convex quadratic program (QP). Elementwise
box constraints preserve the convexity of the feasible set, ensuring a global optimum for
the torque allocation QP under strictly positive definite weights and feasibility. Given this
convexity, the optimization problem is solved numerically at each control timestep. This
study implemented the allocator in Simulink using the active-set algorithm, operating
at a sampling rate of 100 Hz. In this study, the front and rear axles are equipped with
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motors rated at 650 Nm and 1500 Nm, respectively, with corresponding torque rate limits
of 1250 Nm/s and 5000 Nm/s.

5. Simulation and Results
5.1. Simulation Setup

To evaluate the performance of the proposed Adaptive integrated chassis controller,
co-simulations were performed using CarMaker 12.0.1 integrated with MATLAB/Simulink
R2022b. The test vehicle was configured based on the Hyundai IONIQ 5 baseline model
in CarMaker, modified with four independent in-wheel motors to enable torque vector-
ing. Vehicle dynamics were modeled using CarMaker’s built-in modules, while control
algorithms were implemented in Simulink and executed via real-time co-simulation, as
illustrated in Figure 5.

1
in—TT T
meZT HT + f'T

<::

4\ MathWorks
#'PG
Path-Tracking (Linear Quadratic Regulator) T - =
® File Application Simulation Parameters Seftings Help PG
min J = f (xTQx + uTRU) dt ::> Cor. Camplestemo s o s
u o @ — LI e i
Control Input || e
. x(t) = Ax(t) + Bu(t) 66 Tmii) | Select
subject to frAmij i .
ubj {y(t) = Cx(t) + Du(t) ‘ | Vehicle Model —
AP+ PA-PBR1BTP+Q =0 simulation Storage o Resutts
Q Pef:  %/max Mode: #save all S
Status: Buffer: oo
Torque Allocation (Quadratic Programming) b save | stop | _Avort

- T T - T ; i 2
H=(2w;Wi+0B"B), f=20B"v Vehicle State rSteering System In-Wheel System |~
@.B8.9.7) — ! —=
v= B(Sf)T O Powersupply
I<T<u

Figure 5. Simulation environment of the proposed controller.

The lateral model parameters used in this study are summarized in Table 1.

Table 1. Parameters of the nominal vehicle model.

Symbol Value Unit
Oy, init 25 m/s
m 2065.03 kg
I, 3637.526 kg-m?
Iy 1.801 m
Iy 1.169 m
Lw 1.638 m
Cy 149,744 N/rad
G 93,678 N/rad

The reference trajectory, shown in Figure 6, was designed to simulate demanding
conditions, such as collision avoidance, by incorporating multiple abrupt lane changes that
require lateral accelerations a, up to 0.8 g. The vehicle velocity profile, as shown in Figure 7,
was configured to vary between 80 and 110 kph. Atlower speeds, vehicle behavior is largely
governed by kinematics, and the dynamic uncertainties (such as parameter variations and
modeling mismatch) that the proposed MRAC controller targets have a negligible effect. In
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contrast, the 80-110 kph range used in this study is a region where vehicle dynamics exert
a dominant influence.

y [m]
% [rad]

-1 0 1 1 1 1 1 -0.15 1 1
0 10 20 30 40 50 0 10 20 30 40 50

Time [s] Time [s]

Figure 6. Reference signal used for the path-tracking controller.
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-
o o
o o

Speed [kph]
[}
[3,]

90
85
80
75 1 1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50
Time [s]

Figure 7. Vehicle velocity profile for the longitudinal controller.

Four scenarios were developed to systematically evaluate the controller’s robustness
against the key uncertainty categories identified in the Introduction, as detailed in Table 2.

Table 2. Scenario conditions.

No Mass Increase Road Friction Cross Winds
' [+180 kg] u=1[0.4,0.8] [15, 30 m/s]
SCENARIO 1 O X X
SCENARIO 2 O X O
SCENARIO 3 O O X
SCENARIO 4 O O (@)

First, External Disturbances were introduced. Scenarios 2 and 4 include Cross Winds
(Figure 8a), which generate additive lateral aerodynamic forces opposing vehicle motion.
The crosswind magnitude varies between 15 and 30 m/s.
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Figure 8. Disturbance factors influencing the driving environment: (a) crosswind speed profile;
(b) split-p road friction distribution.

Second, Parameter Variations were simulated. Scenarios 3 and 4 introduce split-p
Road Friction (Figure 8b), representing sudden variations in tire-road parameters. These
sections feature wet road (n = 0.4) and dry-road (n = 0.8) conditions, which alter the tire
cornering stiffness (C s C;) and increase the likelihood of vehicle slip.

Finally, all scenarios include a +180 kg mass increase to represent parameter variations
in m and I,,. In addition, each scenario is executed under an 80-110 kph velocity profile
that, while reflecting drift in v,, explicitly violates the constant velocity assumption used to
derive the LTI model, thereby introducing modeling mismatch.

The initial parameters of the MRAC framework were derived from the LQR control
gains to ensure that the MRAC framework was initiated with the closed-loop dynamics of
the LQR controller. The final tuned values in Table 3 were derived from simulations guided
by the trade-offs discussed in Section 3.2. These parameters were set to ensure robust
path-tracking stability across all scenarios (1-4), while specifically for high-disturbance con-
ditions like Scenario 4, preventing severe chattering and permitting only mild, acceptable
transient oscillations. This tuning satisfies the practical requirement for smooth actuator
operation while ensuring high tracking accuracy and stability. Furthermore, because the
torque vectoring system exhibits faster response characteristics than the steering system,
relatively higher adaptive gains were assigned to the torque vectoring control through the
in-wheel motors.

Table 3. Parameters of the controller.

Symbol Value
K, KT(0) —224 —176 —34831 —22.80
* —0.09 —021 —1.68 —0.08
G A 2 s
T, Ty 100 100 100 100]"
001 001 0.01 0.01
T, 100 100]"
0.01 0.05
UXI UY/ 09 001

5.2. Results

This section presents an evaluation of the path-tracking accuracy and vehicle stability
of the proposed integrated chassis controller under various driving conditions and external
disturbances. Four control configurations are compared: steering-only control—SWA-LQR
(conventional LQR) and SWA-LQR+MRAC (LQR+MRAC-enhanced steering control)—and
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integrated chassis control with steering and torque vectoring—ICC-LQOR (integrated chassis
LOR) and ICC-LOQR+MRAC (proposed LOR+MRAC-based integrated control).

The control performance evaluations are based on the results presented in Figures 9-12,
which illustrate the lateral position (y), lateral tracking error relative to the reference
trajectory (e,) and heading error relative to the reference trajectory (ey). These results
enable assessment of how effectively each control configuration maintains the desired path
and vehicle stability under progressively severe disturbances, thereby demonstrating the
performance advantages of the proposed ICC-LQR+MRAC strategy.

Scenario 1
[= Reference —SWA-LQR —ICC-LQR — SWA-LQR+MRAC — (Proposed) ICC-LQR+MRAC|

Y]

Y| [m]

0.2

0.1

e " [rad]
o

0 5 10 15 20 25 30 35 40 45 50 55
Time [s]

Figure 9. Simulation result of scenario 1.
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Scenario 2
= Reference —SWA-LQR —ICC-LQR — SWA-LQR+MRAC - (Proposed) ICC-LQR+MRAC
Y]
5 -
[—
E
=0
>
\
\|
-5 T T T T T T T T T T 1
e
y

0 5 10 15 20 25 30 35 40 45 50 55
Time [s]

Figure 10. Simulation result of scenario 2.

In Scenario 1, the path-tracking performance of each controller was evaluated under
increased vehicle mass, as depicted in Figure 9. All four controllers produced small tracking
errors, and no notable stability issues were observed. Specifically, for SWA-LQR, the vehicle
followed the reference trajectory; however, parameter variations due to speed changes
introduced a mismatch between the nominal and actual vehicle models, resulting in a
slight response delay and increased tracking error. In contrast, the ICC-LQR controller,
which combines steering with torque vectoring, demonstrated improved stability over



Appl. Sci. 2025, 15, 12387 20 of 29

steering-only LOR due to its additional direct yaw moment control. The SWA-LQR+MRAC
controller, by adapting to the increased vehicle mass, achieved smaller errors than its
non-adaptive counterpart. Notably, the proposed ICC-LQR+MRAC controller, integrating
adaptive and chassis control, achieved the smallest lateral deviation and delivered the
highest tracking accuracy and stability among all configurations.

Scenario 3
I— Reference —SWA-LQR —ICC-LQR — SWA-LQR+MRAC — (Proposed) ICC-LQR+MRAC
Yl
5 -
L |
£
= 04
bl
-5 T T T T T T T T T T 1
e
y

0 5 10 15 20 25 30 35 40 45 50 55
Time [s]

Figure 11. Simulation result of scenario 3.
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Scenario 4
— Reference —SWA-LQR —ICC-LQR — SWA-LQR+MRAC — (Proposed) ICC-LQR+MRAC

Y]

Y] [m]

0 5 10 15 20 25 30 35 40 45 50 55
Time [s]

Figure 12. Simulation result of scenario 4.

In Scenario 2, path-tracking performance was evaluated under increased vehicle mass
and a strong crosswind disturbance, as depicted in Figure 10. Under these conditions,
SWA-LQR exhibited limited capacity to resist the persistent crosswind, causing the vehicle
to drift downwind. Consequently, lateral deviation reached approximately 0.85 m, with
notable increases in both path and heading errors. Meanwhile, SWA-LQR+MRAC adapted
to the crosswind through real-time MRAC-based gain adjustment; however, it could not
fully counter the wind-induced lateral force, yielding performance comparable to that of
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ICC-LQR. In ICC-LQR, the integrated control directly compensated for the wind-induced
lateral deviation through yaw moment generation, thereby controlling the vehicle’s attitude
more effectively and maintaining smaller tracking errors than the steering-only controllers.
In contrast, the proposed control system adaptively compensated for the crosswind in real
time and cooperatively employed steering and torque vectoring, thereby achieving the
most effective suppression of crosswind-induced path deviation.

In Scenario 3, controller performance was examined under split-p conditions, rep-
resenting partial road surface friction reduction (Figure 11). When the vehicle entered
the low-friction road section, the SWA-LQR controller struggled to maintain the reference
trajectory owing to reduced tire-road grip, which limited lateral force generation and
induced temporary path deviations and instability. The SWA-LQR+MRAC configuration
showed partially improved trajectory maintenance by adjusting its control parameters
through adaptive control. However, the ICC-LQR controller, which generates a fixed yaw
moment and distributes it to the wheel torques, exhibited increased lateral deviation when
the tire friction limit was exceeded in the low-friction section, resulting in wheel slip. This
occurred because torque distribution depends on tire friction utilization and is affected
by changes in road conditions. The proposed controller combined adaptive control with
integrated control to compensate for variations in the vehicle’s dynamics caused by sudden
changes in road surface friction. Consequently, the vehicle was able to traverse the slippery
section with minimal path deviation, and in Scenario 3, the proposed system achieved the
smallest path-tracking error.

In Scenario 4, the robustness of each controller was comprehensively tested under
the most severe driving conditions, where increased vehicle mass, strong crosswinds, and
reduced road friction acted concurrently (Figure 12). For SWA-LQR, the abovementioned
limitations resulted in severe path deviation. When the vehicle was subjected to strong
crosswinds and experienced slippage, steering control alone failed to stabilize its attitude,
and the lateral deviation increased markedly to 1.25 m. With SWA-LQR+MRAC, large
tracking errors persisted between 30 and 45 s, during which the crosswind intensity reached
30 m/s. For ICC-LQR, tracking performance degraded under the combined disturbances.
Particularly, in certain segments near 15 s, it underperformed relative to SWA-LQR. In con-
trast, the proposed controller (ICC-LQR+MRAC) employed adaptive control mechanisms
to suppress crosswind-induced bias and, while responding to vehicle dynamics on the low-
friction section, adjusted steering and torque vectoring commands in a coordinated manner.
Consequently, even in the harsh conditions of Scenario 4, ICC-LQR+MRAC maintained
accurate path tracking with markedly lower error than the other controllers while ensuring
stable attitude control.

Beyond these results, additional analyses of internal dynamics and phase-plane plots
clearly demonstrate how ICC-LQR+MRAC sustains both stability margins and tracking
accuracy under the combined disturbances of Scenario 4.

As illustrated in Figure 13, MRAC, driven by a closed-loop reference model, generates
the ideal internal-dynamic states (8,;) and () and forces the plant states (8, 7)) to follow
them, thereby securing lateral stability; this stability is further ensured by coordinating
DYC-based yaw-moment control with steering control. In the time histories of (5(¢)) and
(7(t)), steering-only configurations exhibit large peaks and slow decay on entering the
low-friction segment or when the crosswind grows to 30 m/s (=30-45 s), whereas the
proposed controller suppresses the simultaneous peaks and shortens the resettling interval
after the worst gusts, indicating well-damped internal dynamics despite disturbance.
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Figure 13. Stability result of scenario 4.

Also, the phase-plane plots in Figure 13 corroborate this: during the rapid lane-change
transient at 10-13 s, the proposed controller yields the smallest loop area and fastest
contraction toward the origin, demonstrating enhanced stability performance.

Finally, as shown in Figure 14, the L norm of the reference model tracking error shows
the role of adaptation in the proposed scheme. By designing the regressor (¢(t)) discussed
in Section 4.1, which projects the reference-model error onto the system controllable in-
put subspace, the proposed controller partially mitigates the mismatched component of
crosswind /low-friction disturbances. Consequently, the tracking error to the reference
model remains small for most of the maneuver, which translates into rapid convergence to
the ideal LQR closed-loop state trajectory. When the crosswind intensifies in the 3040 s
window and the mismatched component grows, the proposed controller also exhibits a
modest rise in (|e(t)|,); however, the o-modification in the adaptive law permits a small
residual error to prevent parameter drift, thereby maintaining closed-loop stability, after
which the error quickly decays.

Quantitative evaluation was performed using the following three metrics:

N
Root mean square error(RMSE) = /& Y €2
Peak error(PE) = max le|, (39)

N
Integral of absolute error(IAE) = Y. |ex|Ts.
k=1

RMSE is the square root of the mean of the squared path-tracking errors and indicates
the average error magnitude throughout the drive. PE corresponds to the maximum instan-
taneous lateral deviation observed during the drive, representing the greatest departure
from the intended path. IAE is the integral of the absolute error over a driving interval and
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quantifies the total accumulated deviation. Table 4 summarizes the measured RMSE, PE,
and TAE values for each controller across the four scenarios.

Table 4. Quantitative results across all scenarios.

Lateral Deviation [e,] Heading Error [ey]
Scenario 1
RMSE [m] PE [m] IAE [ms] RMSE [rad] PE [rad] IAE [rad-s]
SWA-LQR 0.54037 1.74177 16.2169 0.0414205 0.131308 1.29172
SWA-LQR+MRAC 0.408807 1.36952 11.6688 0.0349666 0.128338 0.997914
ICC-LQR 0.454319 1.52195 12.6861 0.0327833 0.112221 0.952673
Proposed 0.402558 1.34112 11.5777 0.0246866 0.0791489 0.740466
Lateral Deviation [e,] Heading Error [ey]
Scenario 2
RMSE [m] PE [m] IAE [m-s] RMSE [rad] PE [rad] IAE [rad-s]
SWA-LQR 0.567065 1.95018 18.3311 0.0416151 0.130601 1.34098
SWA-LQR+MRAC 0.442667 1.72329 12.5813 0.0343042 0.12257 1.02393
ICC-LQR 0.467075 1.7871 13.9467 0.0327486 0.107025 0.995802
Proposed 0.439688 1.68548 12.0913 0.0244142 0.0893403 0.735768
Lateral Deviation [e,] Heading Error [ey]
Scenario 3
RMSE [m] PE [m] IAE [m-s] RMSE [rad] PE [rad] IAE [rad-s]
SWA-LQR 0.582372 1.8152 17.51 0.0425816 0.133144 1.34851
SWA-LQR+MRAC 0.499045 1.61238 15.4794 0.0398713 0.133374 1.24944
ICC-LQR 0.505308 1.64634 14.2031 0.0336265 0.114554 0.994984
Proposed 0.477097 1.59648 13.1411 0.0262197 0.0877509 0.781502
Lateral Deviation [e,] Heading Error [ey]
Scenario 4
RMSE [m] PE [m] IAE [m-s] RMSE [rad] PE [rad] IAE [rad-s]
SWA-LQR 0.65285 2.66333 21.0876 0.0438557 0.153238 1.4379
SWA-LQR+MRAC 0.569221 2.26809 18.3778 0.0423506 0.15992 1.3676
ICC-LQR 0.581271 2.70021 17.5042 0.0359311 0.141737 1.13054
Proposed 0.48856 1.77022 13.7968 0.0270436 0.0949164 0.834595

Notably, the proposed controller exhibited superior performance across all scenarios.
In Scenario 1, all four controllers produced small errors in response to internal parameter
variations; among them, the proposed controller, ICC-LQR+MRAC, achieved the lowest
RMSE and IAE values. As the disturbance conditions intensified (Scenarios 2—4), the
performance gap between the controllers widened, with the largest disparities observed in
Scenario 4 featuring combined disturbances. The SWA-LQR controller exhibited the largest
errors, with RMSE = 0.65285 m, PE = 2.66333 m, and IAE = 21.0876 m-s. In contrast, the
proposed controller achieved RMSE = 0.48856 m, PE = 1.77022 m, and IAE = 13.7968 m:s,
representing improvements of 25.2%, 33.5%, and 34.6%, respectively, relative to the SWA-
LOR case. The SWA-LOQR+MRAC and ICC-LQR controllers, incorporating adaptive and
integrated control, respectively, outperformed the SWA-LQR controller but continued to
exhibit larger errors than the proposed controller. This trend persisted across all scenarios,
with the relative advantage of the ICC-LQR+MRAC controller becoming especially evident
under more severe driving conditions.
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Figure 14. Reference model error norm.

Quantitative evaluation using the RMSE, PE, and IAE metrics confirmed that ICC-
LOR+MRAC considerably reduced path-tracking errors and enhanced vehicle stability
relative to both steering-only and non-adaptive integrated control approaches. This im-
provement stems from the MRAC-based adaptive controller, which compensates for vehicle
model uncertainties and external disturbances in real time and enhances trajectory main-
tenance and stability by integrating steering and torque vectoring. Taken together, these
results confirm that the proposed ICC-LOR+MRAC achieved the highest path-tracking
accuracy and stability, thereby demonstrating the effectiveness of the integrated chassis
control strategy.

Beyond path-tracking accuracy and stability, a practically feasible chassis controller
must achieve these objectives with minimal actuator usage. In over-actuated electric
vehicles equipped with in-wheel motors, the way control effort is distributed between
the steering system and the direct yaw-moment (DYC) channel has a direct impact on
actuator saturation margins. To elucidate this performance—effort trade-off under the most
demanding conditions, we therefore examine the control effort in Scenario 4 by comparing
the time histories and the integral of absolute error (IAE) of the desired yaw moment and
the front steering angle; Figure 15 presents the corresponding control input profiles and
accumulated IAE for each control configuration.

The steering-only architecture, the MRAC augmentation must generate all additional
control input through the front steering angle to reject crosswinds, split-p friction changes,
and model mismatch; this yields improved path tracking but also produces larger steering
peaks and increased IAE, effectively driving the steering actuator closer to its limits and
reducing stability margins compared with the nominal LQR. Concretely, SWA-LQR+MRAC

~ 0.345 rad and IAE(df) ~ 2.35 rads,

max

exhibits the largest steering demand, with ’5 )i

whereas SWA-LQR requires smaller excursions (’5 )i

~ 0.223 rad, IAE(df) ~ 1.76 rad-s)
max
but still relies on relatively aggressive steering to maintain tracking. When DYC is available,

the non-adaptive integrated chassis controller (ICC-LQR) expands the controllable input
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space, yet its fixed gains cannot actively compensate for uncertainties; as a result, even
moderate errors in 8 and -y are mapped into relatively large yaw-moment commands, with
| M. ges) ... =~ 4.11 x 10* Nm and IAE(M, 4.5)~ 1.99 x 10* Nm's, indicating inefficient use of
the yaw channel under the combined disturbances of Scenario 4. In contrast, the proposed
ICC-LOR+MRAC distributes the adaptive control input between steering and yaw-moment
channels so that both IAE(J5) and IAE(M, 4,5) are reduced while maintaining the smallest
path-tracking errors, with IAE(df) ~ 1.18 rad-s and IAE(M, 4.5) ~ 1.73 X 10* Nm-s. This
behavior is consistent with the regressor design in Equations (31) and (32), where ¢(t)
projects the reference-model error onto the controllable input subspace so that the adaptive
term allocates compensation efficiently across the steering and DYC channels, achieving an
optimal balance between robustness and control effort.

Control effort
[—SWA-LQR —ICC-LQR —SWA-LQR+MRAC — (Proposed)ICC-LQR+MRAC|

6f[rad]
2000 1 ] N | |
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Figure 15. Control effort results.

6. Conclusions

This paper presents an adaptive integrated chassis control architecture that integrates
a nominal LQR path-following controller, an MRAC compensator, and a constrained
weighted least-squares torque allocator designed for four in-wheel motors. The upper layer
generates steering and direct yaw-moment commands using the LQR. The MRAC, config-
ured with a reference model that replicates the LOR closed-loop dynamics, performs online
compensation for parametric mismatches and external disturbances. A o-modification term
is included to mitigate parameter drift and high-frequency control chatter, thereby ensur-
ing uniform ultimate boundedness of the closed-loop signals. The lower layer translates
the desired yaw moment, and longitudinal force demands into wheel torque commands
while respecting static and rate constraints, enabling coordinated use of steering and
torque vectoring.

The proposed fixed-gain state-feedback controller requires access to the full vehicle
state, including the sideslip angle, which is difficult to measure in practice, and was vali-
dated through high-fidelity simulations assuming ideal state feedback without considering
sensor noise effects. This study focused on feasibility assessment of the proposed adaptive
integrated chassis control strategy to evaluate its control performance.
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Future research should address robust state estimation under sensor noise, statis-
tical validation through stochastic simulations, and comparative benchmarking against
advanced robust control methods. Furthermore, to overcome the limitations of fixed gains,
it is necessary to advance toward adaptive control methodologies capable of active distur-
bance rejection against time-varying disturbances. In particular, the extension to Al-based
frameworks for dynamic adaptability is anticipated.
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