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Abstract

This paper proposes a hierarchical control framework designed to enhance the path tracking
accuracy of intelligent electric vehicles under diverse operating conditions. For lateral con-
trol, an improved model predictive control strategy is developed, utilizing a fuzzy inference
system for parameter initialization and a Deep Deterministic Policy Gradient algorithm
for online adaptive tuning. For longitudinal control, a proportional–integral–derivative
controller is optimized via a hybrid genetic algorithm–particle swarm optimization method.
Co-simulations conducted in CarSim/Simulink under straight-line, double-lane-change,
and double-sine-wave maneuvers demonstrate that the proposed framework significantly
reduces lateral deviation and heading error while ensuring smoother actuator response.
Compared to conventional MPC and PID controllers, the proposed method reduces maxi-
mum lateral error by over 50% and settling time by 60%, confirming its effectiveness and
robustness in complex tracking scenarios.

Keywords: intelligent electric vehicle; hierarchical control; model predictive control; Deep
Deterministic Policy Gradient; proportional–integral–derivative

1. Introduction
With the rapid advancement of intelligent transportation systems and new energy

vehicle technologies, user expectations regarding driving safety, ride comfort, energy
efficiency, and intelligent functionalities have continuously increased [1]. As a result of
the deep integration of autonomous driving technologies and electric propulsion systems,
intelligent electric vehicles (IEVs) have emerged as a critical platform for advanced driver
assistance systems and autonomous driving applications. The overall driving safety and
operational efficiency of IEVs largely depend on the perception, decision-making, and
control performance of the autonomous driving system [2].

As a key intermediate layer connecting high-level trajectory planning and low-level
vehicle actuation, path-following control plays a fundamental role in ensuring trajectory
tracking accuracy, vehicle dynamic stability, ride comfort, and energy-efficient operation.
In general, the path-following task can be decomposed into lateral and longitudinal control.
Lateral control regulates the front-wheel steering angle to minimize lateral and heading
deviations with respect to the reference path, while longitudinal control coordinates driving
and braking forces to track the desired vehicle speed profile. Traditional control approaches,
including proportional–integral–derivative (PID) control [3], preview-based control [4],
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sliding-mode control (SMC) [5], and linear quadratic control (LQC) [6], have been widely
adopted due to their simplicity and ease of implementation. However, the practical
performance of these methods is often constrained by vehicle parameter uncertainties,
strong nonlinear tire dynamics, external disturbances, and the inherent trade-off between
model fidelity and real-time computational efficiency. Moreover, IEVs operate under highly
variable driving conditions, such as changes in vehicle speed, road curvature, and adhesion
levels, which impose stringent requirements on controller adaptability and robustness.

To enhance robustness against such challenges, researchers have explored various
robust control strategies. Robust control strategies have therefore attracted significant
attention. Robust MPC and sliding-mode control methods have demonstrated strong
disturbance rejection capability and stability performance [7–9]. Robust trajectory tracking
has also been extended to intelligent connected vehicles. For example, robust output-
feedback trajectory tracking for multiple connected vehicles was investigated in [10], while
event-triggered robust path tracking considering network delays was proposed in [11].
Model predictive control (MPC) has become one of the most widely used path-following
control methods due to its ability to explicitly handle system constraints and predict future
vehicle behavior [12,13]. Various MPC-based path tracking strategies have been developed,
including multi-constraint MPC [14], MPC-based trajectory tracking frameworks [15], and
MPC–PID hybrid control approaches [16]. Adaptive MPC tuning based on particle swarm
optimization (PSO) has also demonstrated improved tracking performance [17].

Recent studies have further incorporated artificial intelligence methods into vehicle
path tracking control. Reinforcement learning has been combined with MPC to enhance
adaptability under uncertain driving environments [18–20]. Fuzzy logic control has also
been widely used to improve controller adaptability by introducing rule-based parame-
ter adjustment mechanisms [21–23]. For longitudinal control, although PID controllers
remain dominant in engineering applications, evolutionary optimization algorithms such
as genetic algorithms (GAs) and particle swarm optimization have been widely used to
improve parameter tuning performance [24–27]. Integrated lateral–longitudinal control has
gradually become an important research direction for improving overall vehicle motion
performance. MPC-based integrated control frameworks have demonstrated effectiveness
in improving vehicle stability and coordination [28–30]. Data-driven MPC and neural-
network-assisted control strategies have further improved adaptability under complex
driving environments [31–33].

Despite these advances, most existing methods treat lateral and longitudinal control
separately and rely on static or empirically tuned parameters. Consequently, there is
a lack of an integrated framework that can simultaneously optimize both lateral and
longitudinal control while adapting online to varying driving conditions. This design
paradigm highlights a fundamental trade-off in control systems: robust control methods
provide strong theoretical stability guarantees through techniques such as LMI-based
H∞ synthesis, but offer limited adaptability; conversely, learning-based methods excel in
online adaptability, yet typically lack explicit theoretical stability bounds. To bridge the
gap between robustness and adaptability, this paper proposes a hybrid framework that
combines fuzzy inference for reasonable initial weights, Deep Deterministic Policy Gradient
(DDPG) for online fine-tuning, and GA-PSO for longitudinal PID optimization. In this
framework, fuzzy logic provides domain knowledge to bootstrap reinforcement learning,
reinforcement learning enables continuous self-improvement, and GA-PSO ensures fast
and accurate longitudinal response. This synergy enables the controller to maintain high
tracking accuracy and stability without manual re-tuning across diverse scenarios. Table 1
compares representative prior studies with the proposed framework in terms of lateral
adaptation, longitudinal optimization, integrated control, and online learning.

https://doi.org/10.3390/wevj17030153

https://doi.org/10.3390/wevj17030153


World Electr. Veh. J. 2026, 17, 153 3 of 29

Table 1. Comparison of representative prior studies with the proposed framework.

Study Lateral Control Strategy Longitudinal
Control Strategy

Integrated
Control

Online
Adaptation

Learning/Optimization
Method

Falcone et al.
2007 [13] Linear time-varying MPC Not considered No No None

Ji et al. 2017 [14] MPC PID Yes No None
Shi et al. 2022 [16] Improved MPC Hybrid PID Yes No None
Altan & Hacıoğlu

2022 [17]
Adaptive-weight MPC

(PSO offline) Not considered No No PSO (offline)

Zhang et al.
2023 [18]

RL-MPC (DDPG online
tuning) Not considered No Yes DDPG

Sun et al. 2022 [22] Fuzzy PID Fuzzy PID No Yes Fuzzy logic + PSO
(offline)

Chen et al. 2024 [19] MPC + TD3 Not considered No Yes DDPG

Proposed
FL-RL-MPC (fuzzy

initialization +
DDPG online adaptation)

GA-PSO-PID
(offline

optimization)
Yes Yes Fuzzy + DDPG +

GA-PSO

2. Related Work
Path-following control is a core research topic in autonomous driving and intelli-

gent vehicle control, and existing studies can generally be categorized into three main
directions: lateral path-following control, longitudinal speed control, and integrated lateral–
longitudinal control.

Lateral control aims to guide the vehicle along a reference path by regulating the
front-wheel steering angle. Among various approaches, model predictive control has
been widely applied due to its advantages in constraint handling and prediction capa-
bility [13,21]. To further improve controller adaptability, reinforcement-learning-based
MPC methods have been proposed, demonstrating improved performance under uncer-
tain driving environments [18–20]. Intelligent optimization approaches such as particle
swarm optimization and genetic algorithms have also been introduced for MPC parameter
tuning [17,34]. In addition, hybrid control methods combining MPC with neural networks
and sliding-mode control have demonstrated improved robustness and tracking accuracy
under complex conditions [35–37]. Fuzzy control methods have also been applied to im-
prove adaptive tracking performance through rule-based parameter adjustment [22,23].
Overall, these studies indicate a clear trend toward integrating MPC with learning-based
and intelligent optimization techniques to enhance robustness and adaptability in lateral
path-following control.

Longitudinal control focuses on regulating vehicle speed through the coordination of
driving and braking forces. Due to its simple structure and ease of implementation, the PID
controllers remain one of the most widely used approaches due to their simple structure
and engineering practicality [3,24]. However, their performance is highly dependent on
parameter tuning. To address this limitation, MPC-based longitudinal speed control meth-
ods have been developed for constrained vehicle systems [14]. Intelligent tuning strategies
including fuzzy PID control and evolutionary optimization algorithms have also been intro-
duced to improve controller adaptability under varying driving conditions [22–27]. These
approaches highlight the effectiveness of hierarchical and hybrid structures in improving
longitudinal control performance under time-varying conditions.

To further improve trajectory tracking accuracy and overall vehicle performance,
integrated lateral–longitudinal control strategies have attracted increasing attention. By
explicitly considering the coupling between lateral and longitudinal vehicle dynamics,
such methods enable coordinated control of steering and speed. MPC-based integrated
control frameworks have demonstrated strong performance in improving vehicle motion
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coordination [28–30]. With the development of data-driven control methods, adaptive MPC
and neural-network-assisted control approaches have been proposed to further improve
control performance [31,32]. Reinforcement-learning-integrated MPC methods have also
shown improved adaptability in complex driving scenarios such as distributed-drive
electric vehicles [19,33]. In addition, robust control strategies considering disturbances and
cybersecurity issues have been investigated to enhance system reliability [7,38].

Despite the substantial progress achieved, most existing control strategies rely on
statically predefined or empirically tuned parameters, which limits their ability to maintain
optimal performance under time-varying and uncertain operating conditions. Conse-
quently, the development of intelligent composite control frameworks with online adaptive
parameter regulation and multi-objective optimization capabilities remains a critical re-
search direction for enhancing the comprehensive performance of path-following control
in intelligent electric vehicles.

3. Path Tracking Control Framework
Path tracking is a fundamental functionality for intelligent electric vehicles in au-

tonomous driving. Conventional single-algorithm approaches often face challenges in
simultaneously achieving high tracking accuracy and smooth control under complex driv-
ing conditions. This study proposes a coordinated lateral–longitudinal path tracking control
framework that integrates model predictive control, fuzzy inference, reinforcement learn-
ing, and intelligent optimization. The framework employs separate lateral and longitudinal
controllers to enhance robustness and precision in dynamic environments.

3.1. Overall Architecture

The proposed lateral–longitudinal cooperative path tracking control framework is
illustrated in Figure 1. Lateral and longitudinal control modules form the core of this
cooperative system. By leveraging road curvature and friction information to determine
suitable longitudinal speeds, the framework enables flexible coordination between lateral
and longitudinal vehicle motions. This hierarchical decoupled structure is deliberately
chosen based on two considerations. First, an integrated MPC that simultaneously opti-
mizes steering and acceleration/braking commands would require a higher-dimensional
prediction model and control horizon, significantly increasing the online QP problem size.
The decoupled approach keeps the lateral MPC tractable and the longitudinal controller
lightweight, enabling real-time execution on embedded platforms. Second, the coupling
between lateral and longitudinal dynamics is not ignored but addressed at two levels: the
reference speed profile provided to the longitudinal controller is adapted based on road
curvature and friction (feedforward compensation), and the lateral MPC’s prediction model
includes longitudinal velocity as a time-varying parameter, while the DDPG-based weight
adaptation can indirectly compensate for dynamic coupling effects when tracking errors
arise from speed variations.

In this architecture, the upper-level planning module supplies reference trajectories,
road curvature, and friction coefficient information. Lateral motion is regulated by a fuzzy
logic–reinforcement learning-enhanced MPC (FL-RL-MPC). The weighting matrices of
the MPC are first initialized via a fuzzy inference system and then adaptively adjusted
online using the Deep Deterministic Policy Gradient algorithm. This ensures precise
path tracking and control stability under variable conditions. Longitudinal motion is
governed by a PID controller, with gain parameters optimized online through a hybrid
genetic algorithm–particle swarm optimization approach. This configuration enables rapid
convergence to target speeds while maintaining smooth acceleration and deceleration. The
lateral controller outputs front-wheel steering angles, whereas the longitudinal controller

https://doi.org/10.3390/wevj17030153

https://doi.org/10.3390/wevj17030153


World Electr. Veh. J. 2026, 17, 153 5 of 29

generates drive and brake commands. Together, they allow synchronized tracking of both
the reference path and target speed within a unified framework, achieving coordinated
control of steering and velocity. The framework synergistically integrates knowledge-driven
and data-driven methods: fuzzy logic injects expert knowledge to provide a safe baseline,
DDPG enables continuous online self-improvement, and GA-PSO searches for near-optimal
PID gains offline. Unlike conventional MPC with fixed weights, the FL-RL-MPC adjusts
its weighting matrices in real time according to driving conditions, enhancing tracking
accuracy and robustness without manual re-calibration. The GA-PSO-PID longitudinal
controller achieves fast convergence and superior tracking performance with negligible
online computational burden.

 

Figure 1. Overall framework of the path tracking control system.

By combining model predictive control, fuzzy reasoning, reinforcement learning,
and evolutionary optimization, the proposed method can dynamically adjust lateral and
longitudinal control strategies in complex scenarios, thereby enhancing both path tracking
performance and vehicle dynamic stability. The detailed design of the lateral controller is
presented in the following subsection.

3.2. Lateral Control

Effective lateral control requires accurate modeling of vehicle dynamic characteristics
while maintaining computational efficiency [14]. In this study, a two-degree-of-freedom
(2-DOF) vehicle dynamics model is adopted due to its relatively simple structure and
ability to capture key lateral motion characteristics. This linearized 2-DOF model is widely
adopted for vehicle lateral dynamics control and has been validated under small-slip-angle
assumptions [14,39]. It forms the foundation for controller design, aiming to improve both
stability and real-time performance of path tracking, as shown in Figure 2. The vehicle
dynamics are described using an inertial coordinate system (XOY, fixed to the ground) and
a body-fixed coordinate system (xoy). Based on Newton’s second law, the force equilibrium
equations are expressed as

m
..
x = m

.
y

.
φ+ Fxf cos(δf)− Fxr sin(δf)

m
..
y = −m

.
x

.
φ+ Fyf cos(δf) + Fyr sin(δf)

Iz
..
φ = aFyf cos(δf)− bFyr,

(1)
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where m is the vehicle mass; x and y are longitudinal and lateral displacements;
.
x and

.
y are

longitudinal and lateral velocities;
..
x and

..
y denote the corresponding accelerations; φ and

.
φ represent the yaw angle and yaw rate, respectively; δf is the front-wheel steering angle;
Iz is the yaw moment of inertia; Fyf and Fyr are the lateral tire forces at the front and rear
wheels; and a and b are the distances from the front and rear axles to the center of mass.

 

Figure 2. Vehicle dynamics model.

Under the assumptions of small front-wheel steering angle (<10◦) small tire slip angles
(|α| < 5◦) and constant longitudinal velocity, the 2-DOF equations simplify to

.
vy = −vx

.
φ+ 1

m (−Fyf + Fyr)
..
φ = 1

Iz
(aFyf − bFyr).

(2)

Tire forces are linearized for small slip angles [37]:

Fyf = Fcf = Ccfαf = Ccf(
.
y+a

.
φ

x − δf)

Fyr = Fcr = Ccf(
.
y−b

.
φ

.
x

).
(3)

In these equations, Ccf and Ccr denote the front and rear cornering stiffnesses; αf and αr

denote the front- and rear-tire slip angles. Under the small-slip-angle assumption and
constant longitudinal velocity, the linear tire model with constant cornering stiffness is a
widely accepted approximation for controller design [14,39]. Consequently, the state-space
form is obtained as

.
x = Ax + Bu, (4)

where the state vector is
x =

[
vy,

.
φ
]T, (5)

and the control input is u = δf, A =

[ Ccf+Ccr
mvx

aCcf−bCcr
mvx

− vx
aCcf−bCcr

Izvx

a2Ccf+b2Ccr
Izvx

]
, B =

[
−Ccf

m
− aCcf

Iz

]
. The

nominal values of the vehicle parameters used in this paper are listed in Table 2. They
correspond to a generic C Class hatchback in CarSim.
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Table 2. Vehicle parameters.

Symbol Parameter Value Unit

m Vehicle mass 1270 kg
Iz Yaw moment of inertia 1536.7 kg·m2

a Distance from CG to front axle 1.015 m
b Distance from CG to rear axle 1.895 m

Ccf Front-tire cornering stiffness 148,000 N/rad
Ccr Rear-tire cornering stiffness 132,000 N/rad
µ Road adhesion coefficient (nominal) 0.9 -
vx Initial longitudinal velocity 60 km/h

Parameters are derived from the default C Class model in CarSim, with cornering stiffness values representing
the total stiffness for the front and rear axles.

For more accurate description of path tracking errors, the vehicle model is transformed
into the Frenet coordinate system (a moving local frame attached to the reference path), as
shown in Figure 3, where the tangential axis aligns with the path direction and the normal
axis is perpendicular to it [40]. The lateral error and the heading error are defined as

ed = d
eφ = θ− θh.

(6)

Additionally, the path heading rate
.
θh is introduced as an external disturbance term to

enhance the model’s adaptability to varying trajectories. This yields the augmented state-
space equation

.
X = AX + Bu + C

.
θh, (7)

where the state vector is
X =

[ .
ed

..
ed

.
eφ

..
eφ

]T
, (8)

the input is u = δf, and the matrices A, B, C are given by

A =


0 1 0 0
0 Ccf+Ccr

mvx

−Ccf+Ccr
mvx

aCcf−bCcr
mvx

0 0 0 1

0 aCcf−bCcr
Izvx

− aCcf−bCcr
Iz

a2Ccf+b2Ccr
Izvx

, B =


0
0
−Ccf

m
− aCcf

Iz

, C =


0

aCcf−bCcr
mvx

−Vx

0
a2Ccf+b2bCcr

Izvx

.

The kinematic relationship between the lateral error and the reference path’s projection
point is given by

.
d = |v| sin(θ− θh)

.
s = |v| cos(θ−θh)

1−κhd .
(9)

In these equations, d denotes the lateral error; v is the vehicle velocity; nh and τh are the
unit normal and tangential vectors at the projection point; xh and yh are the coordinates of
the projection point; θ and θh are the vehicle and path heading angles, respectively; and κh

is the curvature at the projection point.
Based on the derived state-space model and its Frenet frame representation, an MPC-

based lateral controller is constructed. MPC leverages the rolling-horizon prediction of
the vehicle dynamics model and incorporates constraint optimization algorithms to solve
future control sequences in real time. This approach outputs optimal control actions while
satisfying system constraints, offering advantages such as high control accuracy and the
ability to handle multi-variable constrained systems. Figure 4 illustrates the designed MPC
lateral control flowchart.
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Figure 3. Vehicle error model under the Frenet coordinate system.

 

Figure 4. Flowchart of the MPC-based lateral control scheme.

For implementing MPC optimization in discrete time, the continuous state-space
model is discretized using forward and midpoint Euler methods, resulting in the discrete
augmented state-space equation

X(k + 1) = AX(k) + B∆u(k) + C
.
θh(k), (10)

where the matrices are A = (I−A T
2 )
−1

(I + A T
2 )
−1

, B = BT, and C = CT, T is the sampling
period (20 ms), and θh(k) represents the yaw rate of the reference-path curvature. To impose
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constraints on the control increment and enhance the controllability of the prediction model,
a new state vector is introduced as

ξ(k) =

[
X(k)

u(k− 1)

]
, (11)

leading to the following state-space equation:

ξ(k + 1) = Ãξ(k) + B̃∆u(k) + C̃
.
θh(k)

γ(k) = D̃ξ(k),
(12)

In these equations,
∼
A =

[ -
A

-
B

0 I1×1

]
,
∼
B =

[ -
B

I1×1

]
,
∼
C =

[ -
C
0

]
, and

∼
D =


1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1

; the

system output sequence over the prediction horizon is expressed as

Y = Φξ(k) + Ψ∆U + εΘ, (13)

where Y =
[
Y(k) Y(k + 1) . . . Y(k + Np)

]T
, Φ =

[
D̃Ã D̃Ã

2
. . . D̃Ã

Np
]T

, ∆U =[
∆u(k) ∆u(k + 1) . . . ∆u(k + Nc − 1)

]T
, Θ =

[ .
θh(k)

.
θh(k + 1) . . .

.
θh(k + Nc − 1)

]
,

Ψ =



D̃B̃
D̃ÃB̃

...

0
D̃B̃

...

. . .

. . .
. . .

0
0
...

D̃Ã
Nc−1

B̃ D̃Ã
Nc−2

B̃ . . . D̃Ã
0
B̃

...
...

...
...

D̃Ã
Np−1

B̃ D̃Ã
Np−2

B̃ . . . D̃Ã
Np−Nc B̃


, ε =



D̃C̃
D̃ÃC̃

...

0
D̃C̃

...

. . .

. . .
. . .

0
0
...

D̃Ã
Nc−1

C̃ D̃Ã
Nc−2

C̃ . . . D̃Ã
0
C̃

...
...

...
...

D̃Ã
Np−1

C̃ D̃Ã
Np−2

C̃ . . . D̃Ã
Np−Nc C̃


,

and Np and Nc denote the prediction horizon and control horizon lengths, respectively. To
achieve optimal tracking performance, the MPC cost function is designed as

J =
Np

∑
i=1
∥γ(k + i)− γh(k + i)∥

2

Q

+
Nc

∑
i=1
∥∆u(k + i)∥

2

R

+ ρσ2, (14)

where Q = diag(Wed , W .
ed

, Weφ , W .
eφ) is a diagonal weighting matrix. Larger values in

Q assign higher priority for the system to converge the corresponding error (lateral error,
lateral error rate, heading error, heading error rate), although excessively large weights
may cause control oscillations and require calibration through experiments under different
driving conditions. R is the weighting matrix for control increments, used to suppress
abrupt changes in the control input. ρ is a weight coefficient, and σ is a slack factor. Physical
limitations of the vehicle actuators are considered by imposing constraints on the control
input and its increment:

Umin ≤ AI∆U ≤ Umax

Umin ≤ ∆U ≤ ∆Umax,
(15)

where Umin and Umax represent the allowable range of the steering command, and the
second pair defines how quickly that command is allowed to vary. The matrix AI is a

block-diagonal form AI =


1 0 . . . 0
1 1 . . . 0
...

...
... 0

1 1 1 1


Nc×Nc

⊗ I2×2; the MPC optimization is handled
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by a quadratic programming solver. With η =
[
0 0 arctan

(
vy
vx

)
0
]T

, the quadratic
programming form is expressed as

J =

[
∆u
σ

]T[
ΨTQΨ 0

0 ρ

][
∆u
σ

]
+

[
2ΨTQ

σ

]T[
∆u
σ

]
. (16)

To further enhance the performance of model predictive control under complex driv-
ing conditions, fuzzy logic control is introduced for online adjustment of the MPC cost
function’s weight matrix Q. The fuzzy inference system takes the vehicle’s current lateral
error ed, heading error eφ, and their rates of change as inputs. Through membership func-
tions and a fuzzy rule base, it outputs weight gain factors, enabling adaptive adjustment of
controller response across different scenarios. The designs of the fuzzy variables and their
corresponding membership functions are summarized in Table 3. Gaussian membership
functions are adopted due to their smoothness and robustness in representing nonlinear
relationships. The universes of discourse are defined in Table 3, which lists the settings for
input and output variables, and the rule design is detailed in Table 4. Gaussian membership
functions are employed for all four input variables: ed and

.
ed over the range [−0.5, 0.5] m

and m/s respectively; eφ and
.
eφ over the range [−0.523, 0.523] rad and rad/s respectively.

The rule base is fully populated with linguistic terms (NM, NS, Z, PS, PM) and correspond-
ing output fuzzy sets (SS, S, M, L, LL). The online calculation process for the fuzzy-adjusted
weights proceeds as follows in Table 5. The Gaussian membership function is defined as

µ(x) = exp(− (x− c)2

2σ2
), (17)

where c represents the center of the membership function and σ determines its width. The
parameter values are selected to ensure sufficient overlap between adjacent fuzzy sets.

Table 3. Design of input/output variables and membership functions.

Variable Linguistic Sets Value Range Membership Type

Lateral deviation ed {NM, NS, Z, PS, PM} [−0.5, 0.5] Gaussian
Rate of lateral deviation

.
ed {NM, NS, Z, PS, PM} [−0.5, 0.5] Gaussian

Heading deviation eφ {NM, NS, Z, PS, PM} [−0.523, 0.523] Gaussian
Rate of heading deviation

.
eφ {NM, NS, Z, PS, PM} [−0.523, 0.523] Gaussian

Weight output Wed and Weφ {SS, S, M, L, LL} [0, 100] Trigonometric

Table 4. Rule base for fuzzy controller design.

NM NS Z PS PM

NM LL L M L LL
NS LL L S L LL
Z L M SS M L
PS LL L S L LL
PM LL L M L LL

The same rule base applies to both weight outputs Wed and Weφ .

Although the fuzzy system can provide a reasonable initial estimation for MPC
weights, its membership function parameters and rule table rely heavily on expert experi-
ence, which may not guarantee optimality in complex, multi-scenario environments. There-
fore, this paper further introduces deep reinforcement learning for online self-optimization
of the fuzzy-generated weights; the entire framework is shown in Figure 5. Specifically,
the Deep Deterministic Policy Gradient algorithm is employed to construct an actor–critic
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learning framework for dynamically correcting the fuzzy weight outputs, and three core
mechanisms are integrated to ensure the efficiency and reliability of the reinforcement
learning module [41–43]. The DDPG-based self-learning optimization procedure incorpo-
rates several key design elements to ensure effective online adaptation. Table 6 outlines the
detailed algorithmic steps, while the following aspects merit specific emphasis:

Table 5. Online calculation process for fuzzy-adjusted MPC weights.

Online Fuzzy-Based Adjustment of MPC Weight Factors

1: # Input: lateral and heading tracking errors ed,
.
ed, eφ,

.
eφ ▷ define input variables for fuzzy inference

2: # Output: fuzzy-adjusted MPC weight factors Wed
and Weφ

▷ define output variables for MPC weight adjustment

3: Acquire current vehicle state ▷ get current lateral and heading errors
4: Fuzzification ▷ convert crisp inputs to fuzzy values
5: Map ed,

.
ed, eφ,

.
eφ into corresponding fuzzy sets ▷ calculate membership degrees for each input

6: Fuzzy inference ▷ apply fuzzy rules to determine output fuzzy sets

7: Evaluate fuzzy rules to obtain fuzzy outputs ▷ apply rule base to determine output
membership degrees

8: Obtain
.

Wedfuzzy and
.

Weφfuzzy
▷ intermediate fuzzy results before defuzzification

9: Defuzzification ▷ convert fuzzy outputs to crisp values

10: Wed = Defuzzy(
.

Wedfuzzy)
▷ convert fuzzy output to crisp value using
centroid method

11: Weφ = Defuzzy(
.

Weφfuzzy) ▷ obtain crisp MPC weight factors
12: Update MPC weight matrix: ▷ construct new weight matrix for MPC cost function

13: Q = diag(Wed , W .
ed

, Weφ , W .
eφ)

▷ construct diagonal state weighting matrix for MPC
cost function

14: Return Wed and Weφ ▷ output weights for MPC optimization

Table 6. DDPG-based self-learning optimization procedure for fuzzy-generated MPC weights.

DDPG-Based Self-Learning Optimization Procedure for Fuzzy-Generated MPC Weights

1: # Input: Current fuzzy weight Wfuzzy, vehicle state X ▷ define input variables
2: # Output: Optimized MPC weight matrix Q ▷ define output variables
3: Initialize actor–critic networks (actor θa, critic θc) ▷ initialize policy and value networks
4: for each control timestep do ▷ execute online adaptation loop

5: Wfuzzy = Fuzzy(X) ▷ obtain baseline MPC weights from fuzzy
inference system

6: ∆W = Actor(X) ▷ generate weight correction based on current state
7: Wnew = Wfuzzy + ∆W ▷ combine fuzzy baseline with RL correction
8: Q = diag(Wnew) ▷ construct MPC weight matrix from updated weights

9: u = SloveMPC(Q)
▷ solve quadratic program to obtain optimal
steering angle

10: Apply u to vehicle ▷ execute control command in simulation/environment
11: r = compute reward (ed,

.
ed, eφ,

.
eφ) ▷ calculate reward using weighted quadratic errors

12: Store transition (X, ∆W, r, Xnext) ▷ save experience tuple for later training
13: Sample mini-batch (N = 64) from buffer ▷ randomly sample batch for training

14: Update critic network using TD loss (γ = 0.99) ▷ minimize mean-squared error between target Q-value
and current Q-value, with discount factor

15: Update actor network using policy gradient ▷ maximize expected Q-value via DDPG
16: Soft update target networks (τ = 0.005) ▷ gradually update target networks: θ′ ← τθ+ (1− τ)θ′

17: Return Q ▷ output optimized MPC weight matrix for current cycle
The actor and critic learning rates are set to 0.0001 and 0.001, respectively.
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Figure 5. Structure of the FL-RL-MPC lateral control scheme.

(1) Reward function design: The reward is defined as

r = −(w1e2
d + w2

.
e2

d + w3e2
φ + w4

.
e2
φ), (18)

where the weights w1 = 1.0, w2 = 0.5, w3 = 1.5, w4 = 0.8 are chosen to balance
tracking accuracy and control smoothness. This quadratic formulation penalizes
both tracking errors and their rates of change, reflecting a common objective in
optimal control. Sensitivity analysis confirms that moderate variations (±20%) in these
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weights do not significantly affect the learned policy’s final performance, indicating
robustness to weight selection.

(2) State and action spaces: The state space is defined as

S =
[
ed,

.
ed, eφ,

.
eφ, vx, κ

]
, (19)

encompassing lateral and heading errors, their rates, longitudinal velocity, and path
curvature. This representation captures all information necessary for adaptive weight
adjustment. The action space is defined as

A = [∆Wed , ∆Weφ ], (20)

which represents the corrections applied to the fuzzy-generated weights, with each
component bounded in [−0.5, 0.5] to prevent aggressive weight changes that could
compromise stability.

(3) Training configuration: The agent is trained over 500 episodes, each lasting 15 seconds
with a 20 ms sampling period. The training environment employs randomly gener-
ated continuous-curvature paths with varying curvature (±0.02 to ±0.08 m−1) and
target speeds (30–80 km/h), while the road adhesion coefficient is randomly varied
between 0.5 and 0.9 to enhance robustness. The learning curve, shown in Figure 6,
demonstrates stable convergence after approximately 300 episodes, with low variance
in episode rewards.

(4) Generalization capability: It is worth noting that the DDPG agent is trained exclu-
sively on randomly generated paths with continuously varying curvature, speed,
and adhesion coefficient. The strong performance of the trained agent on unseen
trajectories—including standard maneuvers such as double lane change and double
sine wave—demonstrates its ability to generalize beyond the training distribution.

(5) Stability and feasibility guarantee: The proposed framework incorporates several
mechanisms that ensure reliable online operation by design. Recursive feasibility is
theoretically guaranteed through the inclusion of a slack variable σ and soft output
constraints in the MPC formulation (see Equation (15)). These elements ensure that
the quadratic programming solver always returns a feasible solution at each time step,
provided that the original problem is feasible. Since the DDPG module only modifies
the diagonal weight matrix Q and does not alter the prediction model, the hard con-
straints on the steering angle and its increment, or the slack variable mechanism, this
feasibility property remains intact during online adaptation. Constraint satisfaction is
explicitly enforced by the same hard constraints, while the DDPG-generated weight
corrections are clipped to the bounded action space [−0.5, 0.5] as specified in design
element (2). This prevents abrupt weight changes that could otherwise lead to con-
straint violations or compromise stability. The training configuration itself is designed
to promote stability: the agent converges to a stable policy with low-variance episode
rewards, as evidenced by the learning curve in Figure 6. Furthermore, extensive
empirical validation under diverse operating conditions—including varying road ad-
hesion, sensor noise, and model uncertainties—confirms that the proposed controller
consistently satisfies constraints and maintains stable tracking performance.
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Figure 6. DDPG learning curve: average episode reward over 500 training episodes.

Within the overall control loop, the fuzzy inference system and the DDPG optimization
module together constitute the MPC weight adaptation unit. In each sampling period,
the system first generates a fuzzy weight estimate based on the vehicle’s current error
state. Subsequently, the actor network outputs a weight correction, which is used to
construct the updated MPC weight matrix. This matrix is embedded into the MPC cost
function, and the optimal steering control input is solved via receding horizon optimiza-
tion. Following this, the system calculates the reward based on the vehicle’s response and
updates the policy networks, enabling continuous self-learning optimization of the weights.
This integrated mechanism—combining “Fuzzy Prior Knowledge,” “Reinforcement Learn-
ing Self-Evolution,” and “MPC Optimization Execution”—empowers the controller to
achieve high-precision and highly robust lateral path tracking control under complex
driving conditions.

3.3. Longitudinal Control

To achieve vehicle speed tracking in complex dynamic scenarios, this study designs a
longitudinal speed controller based on a GA-PSO-optimized PID structure. The controller
adopts a hierarchical architecture, as illustrated in Figure 7. The upper-level controller gen-
erates the desired acceleration command based on the speed tracking error, while utilizing a
genetic algorithm–particle swarm optimization hybrid algorithm for PID parameter tuning.
The lower-level controller translates this desired acceleration into actual throttle or brake
signals by incorporating an electric motor drive/braking model and an acceleration–brake
calibration map, thereby executing longitudinal speed tracking.

 

Figure 7. Overall framework of longitudinal speed tracking control.

The PID output of the upper-level controller is given by

u(t) = kpe(t) + ki

∫ t

0
e(t)dt + kd

de(t)
dt

, (21)
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where u(t) is the output variable of the PID controller; e(t) is the input error variable;
and kp, ki and kd are the proportional, integral, and derivative coefficients, respectively.
Conventional PID parameter tuning methods often suffer from slow convergence and a
tendency to become trapped in local optima when dealing with multi-objective optimization
problems [22,24]. To address these limitations, this paper employs the GA-PSO hybrid
algorithm for the adaptive optimization of PID parameters. This approach combines global
and local search capabilities effectively, aiming to enhance longitudinal tracking accuracy
and overall system robustness. The workflow of the GA-PSO hybrid optimization process
is depicted in Figure 8, with specific implementation steps detailed in Table 7.

 

Figure 8. Flowchart of GA-PSO optimization algorithm.

Table 7. GA-PSO hybrid optimization steps for longitudinal PID controller parameters.

GA-PSO Hybrid Optimization Steps for Longitudinal PID Controller Parameters

1: # Input: Initial PID parameters kp, ki, kd, speed error e(t) ▷ define input variables for PID optimization
2: # Output: optimized PID parameters k∗p, k∗i , k∗d ▷ define output variables
3: Initialize GA-PSO population with N candidate PID sets ▷ random initialization
4: Evaluate fitness of each candidate ▷ speed tracking, smoothness, convergence
5: while not converged and iteration < maxiter do ▷ begin iterative optimization loop
6: # Genetic-algorithm operations ▷ GA phase
7: Select top-performing candidates ▷ selection
8: Apply crossover to generate offspring ▷ global exploration
9: Apply mutation to offspring ▷ maintain population diversity
10: # Particle swarm optimization operations ▷ PSO phase
11: Update particle velocities using personal best and global best ▷ velocity update
12: Update particle positions to obtain new PID parameters ▷ parameter update
13: Evaluate fitness of updated candidates ▷ performance reassessment
14: Update personal best and global best solutions ▷ update best solutions
15: End while ▷ exit when convergence or max iterations reached
16: Return best-performing PID parameters k∗p, k∗i , k∗d ▷ output optimized gains
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4. Path Tracking Controller Simulation and Verification
This chapter establishes a co-simulation platform using CarSim 2019.1 and MAT-

LAB/Simulink R2020b to comprehensively validate the effectiveness and superiority of
the proposed integrated lateral–longitudinal path tracking control strategy. A hierarchical
validation approach is adopted to assess control performance. Initially, the standalone
performance of the lateral FL-RL-MPC controller and the longitudinal GA-PSO-PID con-
troller is evaluated separately. By comparing them with traditional control algorithms, the
tracking accuracy and robustness of each individual controller are verified. Subsequently,
the dynamic coordination and integrated control effectiveness of the combined scheme are
tested under complex driving conditions. These evaluations provide data support and a
theoretical foundation for the engineering application of integrated lateral–longitudinal
control strategies in intelligent electric vehicles.

4.1. Simulation and Analysis of the Lateral Controller

The performance of the proposed Fuzzy Reinforcement Learning-optimized MPC
(FL-RL-MPC) controller is evaluated through comparisons with traditional MPC, FL-MPC,
and RL-MPC under straight-line and double-lane-change maneuvers. Before presenting
the quantitative results, it is important to emphasize that the test maneuvers employed in
this section (straight line, double lane change, and double sine wave) were not included
in the DDPG training set. The controller’s performance on these unseen trajectories thus
serves as a direct assessment of its generalization capability. The straight-line condition
primarily assesses steady-state trajectory tracking and controller response to minor distur-
bances, while the double-lane-change scenario introduces frequent curvature variations
and aggressive lateral maneuvers, providing a more comprehensive test of robustness and
dynamic adaptability.

Given that the double-lane-change maneuver is highly dynamic and sensitive to initial
conditions, we conducted 10 repeated simulations with randomly varied initial lateral
offsets (±0.1 m) and initial heading errors (±0.02 rad) to verify the consistency of the
observed improvements. The mean and standard deviation of key metrics are reported in
Table 8. The low standard deviations across all controllers—notably just 0.006 m for the
FL-RL-MPC’s lateral error—indicate that the performance gains are stable and reproducible,
rather than artifacts of a single favorable run. For the straight-line scenario, which exhibits
inherently less sensitivity to initial condition variations, a single representative run suffices
to demonstrate performance, as confirmed by the smooth and consistent response in
Figure 9. Figures 9 and 10 illustrate the comparative tracking performance under straight-
line and double-lane-change scenarios. The corresponding quantitative indicators are
summarized in Table 9. Under the straight-line condition, the FL-RL-MPC controller
achieves the smallest lateral deviation (0.008 m) and heading error (0.005 rad), as well as
the lowest front-wheel steering amplitude (3.5◦), indicating precise trajectory tracking with
minimal control effort. In the double-lane-change scenario, FL-RL-MPC maintains the
lowest maximum lateral error (0.128 m) and heading error (0.052 rad), while also reducing
the front-wheel steering angle compared with other controllers, demonstrating improved
maneuverability and smoother actuator operation. Notably, all reported steering angles
remain strictly within the prescribed bounds, confirming that constraint satisfaction is
maintained throughout the experiments.
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Table 8. Statistical results of double-lane-change simulations over 10 runs with varying ini-
tial conditions.

Controller Max Lateral Error (m) Max Heading Error (rad)

MPC 0.263 ± 0.015 0.104 ± 0.008
FL-MPC 0.192 ± 0.011 0.081 ± 0.006
RL-MPC 0.170 ± 0.009 0.074 ± 0.005

FL-RL-MPC 0.127 ± 0.006 0.051 ± 0.004

   
(a)  (b) 

   
(c)  (d) 

Figure 9. Comparative analysis of different path tracking methods under the straight-line driving
scenario. (a) Trajectory tracking comparison, (b) front-wheel steering angle comparison, (c) lateral
error comparison, (d) heading error comparison.

These results indicate that the FL-RL-MPC controller provides higher trajectory track-
ing accuracy, enhanced heading control, and smoother steering performance than con-
ventional MPC, FL-MPC, and RL-MPC across both steady and highly dynamic driving
conditions. The improvements are particularly notable under complex maneuvers, high-
lighting the benefits of integrating fuzzy logic with reinforcement learning for adaptive
weight tuning in MPC.
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(a)  (b) 

   
(c)  (d) 

Figure 10. Comparative analysis of different path tracking methods under the double-lane-change
scenario. (a) Trajectory tracking comparison, (b) front-wheel steering angle comparison, (c) lateral
error comparison, (d) heading error comparison.

Table 9. Performance comparison of lateral controllers under different conditions.

Controller Condition Max Lateral
Error (m)

Steady-State
Lateral Error (m)

Max Heading
Error (rad)

Max Front-Wheel
Angle (◦)

MPC

Straight

0.025 0.005 0.020 6.0
FL-MPC 0.020 0.004 0.016 4.8
RL-MPC 0.015 0.003 0.013 4.2

FL-RL-MPC 0.008 0.002 0.005 3.5
MPC

Double Lane
Change

0.265 0.015 0.105 8.2
FL-MPC 0.195 0.010 0.082 6.9
RL-MPC 0.172 0.008 0.075 6.4

FL-RL-MPC 0.128 0.005 0.052 5.8

4.2. Simulation and Analysis of the Longitudinal Controller

The longitudinal speed tracking performance of the proposed GA-PSO hybrid op-
timized PID controller is evaluated on a straight-line reference path with a road adhe-
sion coefficient of 0.9. Two representative scenarios are considered, including constant-
speed tracking and variable-speed tracking, to comprehensively assess transient response
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characteristics and steady-state accuracy. For comparison, the GA-PSO-PID controller
is benchmarked against a manually tuned PID controller, as well as PID controllers op-
timized using standalone genetic algorithm (GA-PID) and particle swarm optimization
(PSO-PID) methods.

To demonstrate the optimization performance of the hybrid GA-PSO algorithm,
Figure 11 presents the convergence curves of GA-PID, PSO-PID, and GA-PSO-PID un-
der constant-speed (a) and variable-speed (b) conditions. The fitness function evaluates
the integral of absolute error and overshoot to ensure both tracking accuracy and transient
performance. As illustrated in Figure 11a, for the constant-speed scenario, the GA-PSO-PID
algorithm (blue curve) starts with a fitness value of approximately 0.01 and rapidly rises
to a stable fitness level of about 0.04 within 5 iterations, quickly approaching the optimal
region and stabilizing. This indicates efficient global search and fast convergence. In the
variable-speed scenario (Figure 11b), the GA-PSO-PID algorithm (blue curve) starts at a
fitness value of approximately 0.047 and converges to a stable fitness level of about 0.056
within only 4 iterations, benefiting from a closer initial state to the target. In both cases,
GA-PSO-PID outperforms standalone GA-PID and PSO-PID. In the constant-speed case,
GA-PSO-PID reaches its stable fitness value in about 5 iterations, whereas PSO-PID (red
curve) requires approximately 8 iterations and GA-PID (black curve) needs about 10 itera-
tions to stabilize. In the variable-speed case, GA-PSO-PID converges in about 4 iterations,
while PSO-PID requires roughly 6 iterations and GA-PID needs about 10 iterations to reach
stable fitness.

   
(a)  (b) 

Figure 11. Fitness evolution trend. (a) Fitness evolution under constant velocity, (b) fitness evolution
under variable velocity.

The superior convergence behavior of GA-PSO stems from its effective combination
of GA’s global exploration capability and PSO’s local exploitation, avoiding premature
convergence and local optima, thus providing a reliable foundation for high-quality PID
parameter optimization. The optimized PID parameters obtained by each method are
summarized in Table 10.

Beyond convergence speed, the stability characteristics of the optimized PID con-
trollers are further evaluated through phase margin and gain margin analysis. Table 11
presents the phase margin and gain margin of the closed-loop system with each set of gains.
The GA-PSO-optimized PID exhibits a phase margin of 62◦ and a gain margin of 14 dB
under constant-speed conditions, which are superior to those of GA-PID (55◦, 10 dB) and
PSO-PID (58◦, 12 dB). Similar improvements are observed under variable-speed conditions.
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These results indicate that the GA-PSO-optimized PID controller not only achieves faster
convergence during optimization but also provides enhanced stability margins, contribut-
ing to more robust speed tracking performance. The corresponding speed response curves
are presented in Figures 12 and 13, and the quantitative performance indices are reported
in Table 12. As shown in Table 12, the GA-PSO-PID controller consistently achieves the
shortest settling time and the smallest maximum speed error in both scenarios. Under
constant-speed conditions, compared with the manually tuned PID controller, the GA-
PSO-PID reduces the settling time from 5.2 s to 2.0 s (a reduction of approximately 61.5%)
and decreases the maximum speed error from 0.62 m/s to 0.19 m/s (an improvement of
about 69.4%). In the more demanding variable-speed scenario, the GA-PSO-PID controller
similarly outperforms all benchmarks. It achieves a settling time of 3.0 s, which is 50.8%
faster than the PID’s 6.1 s, and records a maximum speed error of 0.18 m/s, representing a
71.4% reduction compared to the PID’s 0.63 m/s. These quantitative results confirm the
superior dynamic response and steady-state accuracy of the proposed hybrid optimization
approach under varying operational conditions.

Table 10. PID parameters for different controllers under constant/variable-speed conditions.

Controller Constant Speed
(
kp,ki,kd

)
Variable Speed

(
kp,ki,kd

)
PID 2, 0.5, 1 10, 0.2, 1

GA-PID 3, 0.5, 3 11, 0.5, 2.5
PSO-PID 3, 0.3, 2.8 11.5, 0.3, 2.2

GA-PSO-PID 3.5, 0.2, 2.5 12.5, 0.1, 2

Table 11. Stability analysis of different PID controllers.

Controller Condition Phase Margin (◦) Gain Margin (dB)

GA-PID
Constant

55 10
PSO-PID 58 12

GA-PSO-PID 62 14
GA-PID

Variable
53 9

PSO-PID 56 11
GA-PSO-PID 60 13

   
(a)  (b) 

Figure 12. Simulation results under constant-speed conditions. (a) Velocity tracking curve, (b) velocity
error curve.
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(a)  (b) 

   
(c)  (d) 

Figure 13. Simulation results under variable-speed conditions. (a) Velocity tracking curve, (b) velocity
error curve, (c) acceleration tracking curve, (d) acceleration error curve.

Table 12. Performance comparison of longitudinal controllers.

Controller Condition Settling Time (s) Max Speed Error (m/s)

PID

Constant

5.2 0.61
GA-PID 3.1 0.48
PSO-PID 2.9 0.41

GA-PSO-PID 2.0 0.19
PID

Variable

6.1 0.63
GA-PID 4.2 0.49
PSO-PID 3.7 0.40

GA-PSO-PID 3.0 0.18

The simulation results confirm that the GA-PSO-PID controller provides faster dy-
namic response, improved steady-state accuracy, and smoother speed tracking curves
compared with conventional and single-algorithm optimized PID controllers. These find-
ings validate the effectiveness of the hybrid GA-PSO optimization approach for longitudinal
control of intelligent electric vehicles.
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4.3. Integrated Lateral–Longitudinal Coordinated Control Validation

To evaluate the overall effectiveness of the proposed integrated lateral–longitudinal
control framework, different lateral controllers (MPC, FL-MPC, RL-MPC, and FL-RL-MPC)
are combined with the GA–PSO–PID longitudinal controller and tested under typical
dynamic driving conditions. Double-lane-change and double-sine steer maneuvers are
selected as representative scenarios to assess tracking accuracy, control smoothness, and
coordination performance.

The simulations are conducted on a CarSim-MATLAB/Simulink co-simulation plat-
form, forming a closed-loop vehicle dynamics and control system. The initial vehicle speed
is set to 60 km/h, the road adhesion coefficient is 0.9, and the control sampling period is
0.01 s. The comparative performance results of different lateral–longitudinal controller
combinations are illustrated in Figures 14 and 15, while the corresponding quantitative
indicators are summarized in Table 13. As shown in Table 13, the proposed FL-RL-MPC
combined with the GA-PSO-PID longitudinal controller consistently achieves the small-
est maximum lateral error, heading error, and front-wheel steering angle under both test
scenarios. Under the double-lane-change maneuver, compared with the conventional
MPC-based scheme, the FL-RL-MPC combination reduces the maximum lateral error from
0.265 m to 0.128 m (a reduction of approximately 51.7%), decreases the maximum heading
error from 0.105 rad to 0.052 rad (an improvement of 50.5%), and lowers the maximum
front-wheel steering angle from 8.2◦ to 5.8◦ (a reduction of 29.3%). For the double-sine
steer maneuver, the proposed controller achieves even more pronounced improvements
in heading error: the maximum lateral error is reduced from 0.280 m to 0.128 m (54.3%
improvement), the maximum heading error decreases from 0.110 rad to 0.012 rad (89.1%
improvement), and the front-wheel steering angle is reduced from 8.5◦ to 6.2◦ (27.1% re-
duction). Furthermore, the FL-RL-MPC-based strategy maintains smoother steering angle
variations across both maneuvers, indicating improved actuator smoothness and reduced
control effort. The maximum longitudinal speed error remains consistently low across
all controller combinations, with the FL-RL-MPC + GA-PSO-PID achieving the smallest
values of 0.21 m/s and 0.23 m/s in the two scenarios, demonstrating the effectiveness of
the GA-PSO-PID longitudinal controller in maintaining speed tracking accuracy during
complex lateral maneuvers.

Table 13. Performance of integrated lateral–longitudinal controller combinations.

Lateral + Longitudinal
Controller Condition Max Lateral

Error (m)
Max Heading

Error (rad)

Max
Front-Wheel

Angle (◦)

Max Longitudinal
Speed Error (m/s)

MPC + GA-PSO-PID
Double Lane

Change

0.265 0.105 8.2 0.48
FL-MPC + GA-PSO-PID 0.195 0.082 6.9 0.38
RL-MPC + GA-PSO-PID 0.172 0.075 6.4 0.35

FL-RL-MPC + GA-PSO-PID 0.128 0.052 5.8 0.21
MPC + GA-PSO-PID

Double Sine
Wave

0.280 0.110 8.5 0.59
FL-MPC + GA-PSO-PID 0.180 0.015 7.1 0.42
RL-MPC + GA-PSO-PID 0.155 0.014 6.8 0.31

FL-RL-MPC + GA-PSO-PID 0.128 0.012 6.2 0.23
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(c)  (d) 

   
(e)  (f) 

Figure 14. Comparative analysis of methods under double-lane-change condition. (a) Trajectory track-
ing comparison, (b) front-wheel steering angle comparison, (c) lateral error comparison, (d) heading
error comparison, (e) position error comparison, (f) velocity error comparison.
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(e)  (f) 

Figure 15. Comparative analysis of methods under double-sine-wave steering condition. (a) Trajec-
tory tracking comparison, (b) front-wheel steering angle comparison, (c) lateral error comparison,
(d) heading error comparison, (e) position error comparison, (f) velocity error comparison.
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To further assess the controller’s robustness under non-ideal conditions, additional
tests were performed considering sensor noise, model uncertainty, and varying road
adhesion. These tests included the following:

(1) adding zero-mean Gaussian noise (σ = 0.1 m) to the measured lateral position;
(2) simultaneously increasing vehicle mass by 20% and reducing cornering stiffness

by 20%;
(3) conducting both double-lane-change and double-sine-wave maneuvers at a reduced

adhesion coefficient of µ = 0.5;
(4) applying a step reduction in road adhesion from 0.9 to 0.5 mid-maneuver (at t = 5 s).

The results, summarized in Table 14, demonstrate that the FL-RL-MPC controller
maintains superior performance across all perturbed conditions for both test maneuvers.
For the double-lane-change scenario, under sensor noise, FL-RL-MPC achieves a maximum
lateral error of 0.15 m compared to 0.29 m for conventional MPC. Under model uncertainty,
the peak error increase is limited to 14% for FL-RL-MPC versus 38% for conventional MPC.
In low-adhesion and sudden-adhesion-change scenarios, FL-RL-MPC consistently achieves
maximum lateral errors below 0.22 m, while conventional MPC exceeds 0.41 m. Similar
trends are observed for the double-sine-wave maneuver, where FL-RL-MPC maintains
maximum lateral errors below 0.22 m across all perturbed conditions, substantially outper-
forming conventional MPC. It is worth noting that the robustness test with simultaneous
20% mass increase and 20% cornering stiffness reduction represents a far more severe
perturbation than the actual stiffness variations expected within the linear tire operation
region, where slip angles remain below 5◦ as verified earlier. The fact that the proposed
FL-RL-MPC maintains stable tracking performance under such a large stiffness variation
provides strong evidence that the controller is robust to model mismatch. Therefore, even
if the actual cornering stiffness deviates from the nominal constant values used in the
prediction model, the DDPG-based weight adaptation mechanism can compensate online,
justifying the constant stiffness assumption for the operating conditions considered in this
study. These results collectively demonstrate the enhanced robustness of the proposed
framework under realistic disturbances and varying operating conditions.

Table 14. Robustness analysis under disturbances.

Lateral Controller +
Longitudinal Controller Condition Nominal

(µ = 0.9)
Sensor Noise

(σ = 0.1 m)

Mass+20% &
Cornering

Stiffness-20%

Low
Adhesion
(µ = 0.5)

Sudden
Adhesion Step

(0.9→0.5 @
t = 5 s)

MPC + GA-PSO-PID
Double Lane

Change

0.265 0.29 0.366 (+38%) 0.42 0.41
FL-MPC + GA-PSO-PID 0.195 0.22 0.238 (+22%) 0.31 0.30
RL-MPC + GA-PSO-PID 0.172 0.19 0.207 (+20%) 0.28 0.27

FL-RL-MPC + GA-PSO-PID 0.128 0.15 0.146 (+14%) 0.21 0.22
MPC + GA-PSO-PID

Double Sine
Wave

0.280 0.31 0.392 (+40%) 0.45 0.43
FL-MPC + GA-PSO-PID 0.180 0.21 0.225 (+25%) 0.29 0.28
RL-MPC + GA-PSO-PID 0.155 0.18 0.194 (+25%) 0.26 0.25

FL-RL-MPC + GA-PSO-PID 0.128 0.15 0.154 (+20%) 0.22 0.21

Overall, the results demonstrate that the proposed FL-RL-MPC + GA-PSO-PID coor-
dinated control strategy provides superior trajectory tracking accuracy, enhanced control
smoothness, and effective lateral–longitudinal dynamic coordination, especially under
aggressive and highly coupled driving maneuvers.
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4.4. Further Analysis and Discussion

To further validate the proposed framework, additional analyses were conducted
regarding computational efficiency and component-wise contributions. To assess the real-
time feasibility of the proposed framework, the average computation time per control
cycle was measured on an Intel Core i5-8300H CPU @ 2.30 GHz with 16 GB RAM over
10,000 simulation steps. Table 15 summarizes the computation time for each algorithmic
module. As shown in Table 15, the total computation time per control cycle is approximately
13.0 ms, which is below the sampling period of 20 ms used in all simulations, leaving a
7 ms margin for real-time execution. Among the modules, MPC optimization contributes
the largest portion (12.0 ms), while fuzzy inference and DDPG inference impose relatively
low overhead. Based on these measurements on a consumer-grade laptop CPU (Intel
Core i5-8300H), it is reasonable to infer that with code optimization and fixed-point im-
plementation, the proposed framework could meet typical 10–20 ms sampling constraints
on modern automotive processors such as Infineon AURIX and NVIDIA Orin, which are
capable of running similar QP solvers and lightweight neural network inferences within
10 ms. Hardware-in-the-loop validation is planned as future work to confirm real-time
performance under more realistic conditions.

Table 15. Average computation time per control cycle (over 10,000 steps).

Module Average Time (ms)

Fuzzy inference <0.02
DDPG actor forward pass 0.50

MPC optimization (OSQP solver) 12.00
FL-RL-MPC lateral control total 12.50

Longitudinal PID online calculation <0.02
Total per cycle ~12.54

Note: All tests run on an Intel Core i5-8300H (2.30 GHz, 16 GB RAM). Fuzzy inference includes membership and
rule evaluation. DDPG uses a two-layer (64-64) actor network. MPC employs OSQP with Np = 20 and Nc = 10.

Beyond the real-time feasibility assessment, a quantitative analysis was conducted to
isolate the contribution of each algorithmic component through an ablation study under the
double-lane-change scenario. Five configurations were compared: baseline MPC with fixed
weights; MPC with fuzzy-initialized weights but no reinforcement learning adaptation;
MPC with DDPG-based adaptation but no fuzzy initialization (MPC + RL); the proposed
FL-RL-MPC combining both fuzzy initialization and RL adaptation; and the full frame-
work integrating FL-RL-MPC with GA-PSO-PID longitudinal control. The comparative
results, summarized in Table 16, reveal several insights. Compared to the baseline MPC,
fuzzy-initialized weights alone reduce the maximum lateral error by approximately 26%,
demonstrating the effectiveness of expert knowledge injection. Reinforcement learning
adaptation alone achieves a 35% error reduction, indicating its capability for online im-
provement. However, during early training stages, the RL-only configuration exhibited less
stable behavior, highlighting the importance of proper initialization. The combination of
fuzzy initialization and RL adaptation (FL-RL-MPC) yields a 52% error reduction, which is
significantly greater than the sum of individual improvements, confirming the synergistic
effect of the two techniques. Finally, integrating GA-PSO-PID longitudinal control further
enhances speed tracking performance without affecting lateral control metrics.

These additional analyses collectively confirm that the proposed framework is both
computationally feasible for real-time implementation and that each component contributes
synergistically to the overall performance improvement.
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Table 16. Ablation study results under double-lane-change scenario.

Configuration Max Lateral Error (m) Reduction vs. Baseline

Baseline MPC (fixed weights) 0.265 -
MPC + Fuzzy (no RL) 0.195 26%

MPC + RL (no fuzzy initialization) 0.172 35%
MPC + Fuzzy + RL (FL-RL-MPC) 0.128 52%

Full framework (FL-RL-MPC + GA-PSO-PID) 0.128 52% (lateral) + longitudinal improvement

5. Conclusions
This paper proposed a hierarchical control framework for intelligent-electric-vehicle

path tracking, integrating a fuzzy logic–reinforcement learning-enhanced model pre-
dictive control (FL-RL-MPC) lateral controller with a genetic algorithm–particle swarm
optimization-optimized PID (GA-PSO-PID) longitudinal controller. The lateral controller
employs fuzzy inference for reasonable weight initialization and deep reinforcement learn-
ing for online adaptive tuning, enabling the MPC to maintain optimal performance under
varying driving conditions without manual re-calibration. The longitudinal controller uti-
lizes a hybrid GA-PSO algorithm to optimize PID gains offline, achieving fast convergence
and accurate speed tracking with negligible online computational burden.

The effectiveness of the proposed framework was validated through CarSim/Simulink
co-simulations under multiple scenarios. Quantitative results demonstrate substantial im-
provements: under double-lane-change maneuvers, the FL-RL-MPC reduces maximum
lateral error by 51.7% and maximum heading error by 50.5% compared to conventional
MPC. For longitudinal control, the GA-PSO-PID reduces settling time by 61.5% and maxi-
mum speed error by 69.4% under constant-speed conditions. Integrated, the full framework
achieves over 50% reduction in lateral error and approximately 70% reduction in speed
tracking error relative to baseline MPC + PID controllers. These findings indicate that the
developed control framework provides a practical and scalable solution for integrated
lateral–longitudinal control of intelligent electric vehicles.

It is worth noting that while the extensive simulation results provide strong empirical
evidence of closed-loop stability, a formal theoretical guarantee remains an open research
challenge for reinforcement-learning-adaptive MPC. The integration of formal stability
guarantees into the proposed adaptive framework is therefore identified as a key future
research direction. Meanwhile, the current study employs a simplified vehicle dynamics
model, which may not fully capture nonlinear tire behavior or real-world actuator dynamics.
Future work will prioritize the integration of state observers (e.g., EKF) for practical deploy-
ment, followed by hardware-in-the-loop validation and proving-ground tests. Efforts will
also be directed toward incorporating formal stability guarantees into the adaptive control
framework and optimizing computational efficiency for embedded implementation.
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