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Abstract: Precise lateral control is a key challenge in the development of Advanced Driver-Assistance Systems (ADAS),
particularly for Lane Keeping Assist (LKA) functionalities. This paper presents a Model Predictive Control (MPC) strategy
tailored for LKA, designed to maintain the vehicle within its lane while ensuring stability and responsiveness. The controller
leverages a dynamic vehicle model that integrates longitudinal, lateral, and yaw dynamics to realistically capture tire-road
interactions and vehicle behavior. Through real-time optimization, the MPC predicts future vehicle states and computes
an optimal control sequence that minimizes lateral deviation and heading error, while adhering to physical constraints
such as steering limits and actuator saturation. The closed-loop stability of the system is theoretically validated using a
Lyapunov-based approach. The proposed MPC controller is intended for integration within a modular ADAS architecture,
alongside perception, lane detection, and longitudinal control modules. Simulation results using real-world trajectory data
demonstrate the controller’s effectiveness in delivering precise and robust lane keeping performance under varying driving
conditions.

Keywords: Advanced Driver-Assistance Systems (ADAS), Lane Keeping Assist (LKA), Model Predictive Control (MPC)

1. Introduction

Advanced Driver-Assistance Systems (ADAS) and automated driving technologies are typically organized into a
perception—planning—control architecture. This structure is designed to enhance both safety and comfort, while progressively
enabling higher levels of autonomy. A number of recent books and surveys have explored this framework in depth, discussing
not only the technical components such as sensing, estimation, control algorithms, and embedded execution but also the
associated legal and verification challenges [1—4]. Within this architecture, two key closed-loop behaviors stand out:
lateral control, which governs lane keeping and trajectory tracking, and longitudinal control, which manages cruise and
car-following functions.

While learning-based components are increasingly integrated into modern control stacks, classical controllers
particularly PID-based designs continue to serve as a reliable foundation in production systems [5]. Their enduring
appeal lies in their transparency, ease of calibration, and well-understood behavior, which are critical in safety-sensitive
automotive applications. Empirical studies involving both trucks and passenger vehicles have shown that PID-type
controllers can deliver competitive performance in low-speed longitudinal control and platooning tasks, especially when
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the vehicle’s actuation dynamics are properly identified and the control loops are structured in a nested fashion. In more
complex scenarios, hybrid schemes that combine Model Predictive Control (MPC) with PID tuning have been proposed to
handle constrained Multi-Input Multi-Output (MIMO) systems effectively [6-8].

Beyond conventional PID, adaptive and intelligent variants—such as neural network and Radial Basis Function
(RBF)-based designs—continue to find practical use in engine and velocity control, highlighting their robustness and
adaptability in real-world settings [9, 10]. For high-speed and evasive maneuvers, however, control strategies must integrate
both longitudinal and lateral dynamics. Recent developments have introduced coordinated lane-change controllers capable
of achieving collision avoidance at highway speeds. Robust and sliding-mode control approaches have also demonstrated
improved disturbance rejection and reduced reliance on precise modeling, benefiting both path tracking and longitudinal
control [11-13].

In parallel, the Stanley controller remains a widely used benchmark for nonlinear trajectory tracking, particularly in
off-road conditions. Its formal stability guarantees and extensive field validation make it a common reference point for
evaluating model-based MPC formulations [14]. MPC itself offers a principled framework for handling multi-objective
trade-offs and hard constraints by optimizing control actions over a prediction horizon. In longitudinal control, MPC has
been successfully applied to regulate inter-vehicle spacing and speed in platoons including merging and exiting maneuvers
and to enhance energy efficiency in dual-motor electric vehicles, with both Hardware-in-the-Loop (HIL) and simulation
studies supporting its real-time feasibility [15—17].

For lateral and path tracking, MPC complements classical controllers by incorporating preview capabilities, state and
input constraints, and comfort metrics into a unified optimization framework. Recent innovations include horizon-varying
MPC tuned via proximal policy optimization to adapt to varying curvature and speed [18]; Particle Swarm Optimization
(PSO)-based MPC and other meta-heuristic methods for tuning weights and parameters [19, 20]; and cascaded discretization
techniques with path preview to balance accuracy and latency within a single horizon [21]. Reinforcement learning—aided
MPC has also emerged as a promising approach to compensate for modeling inaccuracies while preserving constraint
handling [22]. Furthermore, data-driven MPC for steering reduces dependence on explicit vehicle and tire models, while
maintaining the structural advantages of MPC [23]. Hybrid approaches that blend nominal calibrated models with learned
low-dimensional residuals have shown strong performance in both simulation and real-world tests [24].

Selecting an appropriate predictive model and defining suitable constraints remain central challenges in the design of
effective Model Predictive Control (MPC) systems. Surveys have cataloged the conditions under which various vehicle
models such as kinematic bicycle, dynamic bicycle, or higher-Degree-of-Freedom (DOF) representations are most suitable
for control synthesis, along with the implications these choices have on computational tractability and robustness [25].
While traditional constraints often focus on lateral position and yaw rate, recent benchmark problems and studies have
expanded the scope to include body-attitude constraints, such as roll, pitch, and vertical forces. These considerations
are especially relevant for vehicles equipped with four in-Wheel Motors (4-IWM), where precise torque distribution and
body dynamics play a critical role. MPC designs that explicitly incorporate these constraints have demonstrated strong
performance in competitive settings, with some winning community challenges. A journal extension further explores
hierarchical strategies for torque and attitude allocation under such bounds [26].

Recent studies have increasingly explored the use of Artificial Intelligence (AI) and Machine Learning (ML) techniques
in vehicle lateral control and Lane Keeping Assistance (LKA) systems to overcome modeling uncertainties and performance
limitations of purely model-based approaches. In particular, Reinforcement Learning (RL) has been investigated for lateral
control due to its ability to learn steering policies directly from interaction data and handle nonlinear vehicle dynamics
under varying road conditions without relying on explicit models [27, 28]. However, purely learning-based controllers
often lack formal stability and safety guarantees, which limits their applicability in safety-critical automotive systems. To
address these limitations, hybrid control architectures combining ML with Model Predictive Control (MPC) have been
proposed, where learning-based models are used to estimate uncertain dynamics or compensate for modeling errors, while
MPC ensures constraint satisfaction and closed-loop stability [29].

At a broader system level, distributed MPC is gaining traction for platooning applications. Open benchmarks now
support standardized comparisons across heterogeneous and hybrid control methods, promoting reproducibility and fair
evaluation across research efforts [30]. Meanwhile, adaptive MPC formulations that adjust weights or parameters in
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real time are proving effective in maintaining control performance across varying road geometries and vehicle speeds.
Curvature-aware strategies, in particular, have shown promise in recent automotive case studies, where they help preserve
stability and comfort under dynamic driving conditions [31, 32]. These approaches offer adaptability and robustness
under complex scenarios. However, AI/ML methods are not yet acceptable in ISO 26262—compliant, and adaptive MPC
requires stricted conditions for ADAS functions such as LKA because the standard certifies the development process and
safety concept, not the algorithm itself. Consequently, this work focuses on Model Predictive Control (MPC), which
provides explicit constraint handling and aligns with safety principles for industrial deployment. Table 1 details the
comparison of different controllers for LKA applications, highlighting complexity, constraint handling, and suitability for
ISO 26262—compliant development processes.

Table 1. Control methods

. - s Constraint ISO 26262 Industrial
Controller Type Complexity Real-Time Feasibility Handling Compliance Applicability
PID Low High Limited well-established Very High
LQR Medium High Limited certifiable High
. . Good (with Lo . .
MPC Medium-High optimization) Excellent principles applied High
Adaptive MPC High Moderate Excellent Under stricted Medium
conditions
AI/ML-based Very High Moderate-Low Excellent not certifiable yet Low

The main contributions of this work are as follows: (i) the development of a Model Predictive Control (MPC)-
based lateral controller tailored for Lane Keeping Assist (LKA) within an Advanced Driver Assistance System (ADAS)
framework, leveraging a dynamic vehicle model with safety-oriented constraints; (ii) the seamless integration of the
proposed controller into MUXLAB, an internal Capgemini platform for system control, representing a critical step toward
real-world deployment; (iii) the implementation and validation of the controller using Hardware-in-the-Loop (HIL) testing
to ensure robustness and reliability under realistic conditions; and (iv) the performance assessment based on client-provided
test-run data, demonstrating the controller’s capability to maintain precise lane tracking and its readiness for next-generation
semi-autonomous applications. The remainder of this paper is organized as follows. Section 2 describes the vehicle model
and the control problem formulation. Section 3 presents the design of the MPC controller with detailed mathematical
formulation and stability analysis. Section 4 (Validation) contains validation results and experimental evaluation. Section
5 concludes the paper and discusses perspectives.

2. Problem statement and vehicle modeling

The control of autonomous and assisted driving systems fundamentally relies on accurate mathematical models capable
of describing the physical interaction between the vehicle, its actuators, and the surrounding environment. Following
the introduction, which highlighted the growing importance of robust trajectory tracking for Advanced Driver Assistance
Systems (ADAS) and autonomous vehicles, this section focuses on establishing a physically consistent dynamic model of
a four-wheel ground vehicle. This model serves as the foundation for the design of the predictive controller presented later
in this paper.

The goal is to derive a dynamic representation that captures the essential longitudinal, lateral, and yaw dynamics
relevant to trajectory tracking, while remaining computationally tractable for real-time Model Predictive Control (MPC).
The modeling process begins with a general kinematic formulation, followed by a dynamic force-based analysis that
incorporates tire-road interactions, longitudinal slip, and lateral coupling. The assumptions and simplifications applied at
each stage are explicitly stated, as they form the physical and mathematical bridge between the real vehicle behavior and
the control-oriented model.
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2.1 Vehicle model

Consider a four-wheeled ground vehicle moving on a flat plane, represented by a global inertial frame Y and a
body-fixed coordinate frame centered at the vehicle’s Center of Gravity (CG). The pose of the vehicle in the inertial
frame is described by its position (x,y) and yaw angle y. The translational velocity of the CG is denoted by v, which is
decomposed into longitudinal and lateral components with respect to the body frame:

x = vycos(y) — vy sin(y)
(1)
y = vysin(y) — vy cos(y)

Where v, and v, are the longitudinal and lateral velocity at the vehicle’s CG. The yaw rate ys relates to the rotational
motion around the vertical z-axis, and its derivative describes the yaw acceleration.

The dynamic model is derived from Newton—Euler equations applied to the vehicle body. Considering longitudinal,
lateral, and yaw motion in the plane, the equations of motion can be written as:

m (‘)x - l]/Vy) = ZFX,I' — Faero — Fron
(i) = Y @
Ly = ZMz,i

Where m is the vehicle mass, I, is the yaw moment of inertia, } F;; and }_F,; are the longitudinal and lateral titre
force at wheel 1, F ., = Cdv)zc is the aerodynamic drag, and F,,;; = mgC,. is the roll resistance.
The summations run over all four wheels } F;; and }_ F,; and the yaw total moment are given as follow:

ZFx,i = F;c,fl +Fx,fr +Fx,rl +Ec,rr

Y Fi=Fypi+ Fopr+ B+ B 3)

t

t
Y Mei= Ly (Fui+Fopr) =Le (B +For) + 2 ;

D) (Ec,rr +Ec,rl)

(Fx.frfo,fl) +

Where Ly, L, denote the distances from the CG to the front and rear axles, respectively, and ¢ f, ¢r are the front and
rear track widths, in Fy;, fI, fr, rl, rr are front left, front right, rear left, rear right, respectively.

Each wheel generates longitudinal and lateral forces that depend on slip ratio k; and slip angle ¢;. For small slip
conditions (typical of nominal driving and trajectory tracking maneuvers), these forces can be approximated linearly as:
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Fei= Cyik;

Bi= —Cyi0

—1( Vy,i
o; = 0; —tan ! (”)
Vx,i

Where C, ;, Cy,; are the longitudinal and cornering stiffness coefficient, respectively, &; is the steering angle of wheel i.

“4)

These relations allow expressing the total tire forces as functions of the vehicle lateral and yaw velocity and the control
input as steering angle 8.

2.2 Problem statement

To develop a model predictive controller, the nonlinear model presented in (3)-(4) will be linearized with the following
assumption, these assumptions are made for calculating in the control horizon for solving the optimization problem. For
each prediction horizon we assume that

* The longitudinal velocity is constant, namely: vx=vjy

* Negligible load transfer between wheels

* The cornering stiffness coefficient of two front wheel are similar, similarly to rear wheels.

Under these conditions, the linearized equation of motion can be presented as following

2(Cr G . (VO L2 (Cy Ly — cy,,L,)> PRELSTR

vy =
nyo nyo m
6]
o2 (LCyr —LiCyy) 2 (L-%Cy’f +L3Cy’r) i+ 2L,Cyy )
V= Lvo " Lvo I
The corresponding lateral displacement dynamics are obtained by the following equation
y=vy+vy (6)
The above equation (5)-(6) collectively presents the coupled lateral-yaw motion of the four-wheels vehicle.
Now let us define the state vector X and the controller u as following:
X=Dv,y,¥ s u=38 (7)
Based on (5) and (7) we can rewrite the dynamic equation of the vehicle as following:
X = AX +Bu ®)

Volume 5 Issue 1]2026| 19 Journal of Electronics and Electrical Engineering



Where matrices A and B, based on (5) are given as follows:

1 Vo 0

0 0
0o — Z(C};{:Cm 0 — (vo | UGy =Gl ) 26,
A _ 0 mv . B o m ( 9)
|0 0 0 1 U 0
0 2Ly 2(Bosrcy) rCos
;v v -

For discrete-time implementation, with the MPC, this model is discretized with sampling time 7 as:

Xir1 = AaXy + Bauy

(10)
Ts
Ad:e'ATS; Bd:/ AIBI
0

Where T represents the sampling period. The preceding development provides a completely dynamic model suitable
for MPC design. To proceed with the development of controllers in the next section, we introduce the following assumption,
which will be instrumental in the formulation.

Assumption 1: The vehicle’s vertical dynamics and roll dynamics are disregarded in the modeling process. The
system is treated as operating in a planar motion framework, where pitch, roll, and heave effects are assumed to have
negligible influence on the lateral and longitudinal behavior.

Assumption 2: The longitudinal velocity of the vehicle is assumed to be precisely known at all times and remains
constant throughout the prediction horizon. This implies that variations in speed due to acceleration or braking are not
considered within the scope of the lateral control model.

Assumption 3: The relationship between tire forces and slip angles is assumed to be linearized around small slip
angles. This means that nonlinear effects associated with large slip angles or tire saturation are excluded from the model
representation.

Assumption 4: Changes in vertical load distribution among the four wheels are assumed to be negligible. The normal
loads on the tires are considered constant, and load transfer effects due to lateral acceleration or suspension dynamics are
ignored.

Assumption 5: The steering actuation is assumed to be symmetric across the front axle, such that both front wheels
receive identical steering angles. Consequently, the front axle is modeled as a single equivalent steering input without
accounting for individual wheel steering variations.

Assumption 6: External environmental influences such as aerodynamic disturbances, wind gusts, road gradient, and
surface irregularities are assumed absent. The vehicle is considered to operate on a flat and uniform road surface under
ideal conditions.

3. Control design

The control strategy developed in this section focuses on achieving precise lateral trajectory tracking for a four-wheel
vehicle, based on the dynamic model and assumptions outlined in Section 2. The controller is designed to produce steering
commands that minimize both lateral and heading errors, while adhering to physical constraints such as steering limits and
tire force capabilities. To address this challenge, we employ a Model Predictive Control (MPC) approach. MPC optimizes
control inputs over a finite prediction horizon using the vehicle’s dynamic model, allowing it to anticipate future states and
enforce system constraints explicitly. Its ability to handle multi-variable interactions and constraints makes it particularly
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well-suited for vehicle control applications. The following subsections present the formulation of the MPC optimization
problem, the design of the cost function, the structure of the real-time control loop, and a stability analysis demonstrating
asymptotic convergence of the tracking errors.

3.1 Control architecture

The control of autonomous vehicles is generally divided into two main components: longitudinal control and lateral
control. These two aspects must be coordinated to ensure smooth, safe, and efficient driving behavior.

The overall vehicle control system for Lane Keeping Assist (LKAS) is based on a modular architecture composed of
several interconnected functional blocks. The control diagram shown in Figure 1 structures all the information flows and
control actions necessary for the system to function correctly. It includes the following elements:

* Reference Generator: This module provides the trajectory and speed commands to be followed. The lateral trajectory
can be derived from map data, perception sensors (cameras, LIDAR), or a trajectory planner. The longitudinal reference
speed is also generated here, although it is assumed to be constant in this study.

* Speed Controller: This block is responsible for regulating the vehicle’s longitudinal speed. It receives the speed
command from the reference generator and acts on the accelerator or braking system to maintain the desired speed. This
controller was developed and validated in previous work [9, 10]. In this study, the speed control system is not redesigned,;
instead, the existing controller is used as is to provide a constant speed to the system.

* MPC Controller for LKAS: This module forms the core of the lateral control system. It receives the reference
trajectory and the vehicle’s current state, and calculates the optimal steering angle at any given time. The controller is based
on a Model Predictive Control (MPC) approach, which allows it to take into account the vehicle’s physical constraints
while optimizing trajectory tracking.

* Vehicle Model: This block represents the vehicle’s actual dynamics. It provides the necessary measurements to the
controller (lateral position, speed, yaw angle, etc.) via onboard sensors. It also receives commands from the speed and
steering controllers.

Vehicle speed

l |

Desired Speed control bralfe., gas
speed position
Simulated Reference .
. : Vehicle
scenario generator Desired MPC Steering
state (LKAS) angle

Vehicle state

Figure 1. Control architecture

3.2 Control design

MPC control offers a powerful and flexible approach to regulating constrained dynamic systems. In this study, MPC
allows us to predict the vehicle’s future behavior over a finite time horizon and to calculate, at each instant, an optimal
sequence of control actions, while respecting the vehicle’s physical and dynamic constraints.

Let’s define the cost function for the MPC controller as follows:

Np N
J=Y (Xai—X)" 0 (Xai— X))+ Y ! Ru; (11)
i=0 i=0
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Where, N, is the number of predictive steps in the predictive horizon, N, is the number of control steps in the control
horizon, X, ; is the desired state vector at the i-th step, X; is the state vector at the ith step defined by (10), the matrices Q
and R are weights defining the compromise between tracking accuracy and control effort (they are positive). The control

T
Ut) = [ul - uNL} is calculated by solving the optimization problem at each time ¢ as follows:
Np T N
U(t)=min | Y (Xs;—Xi)" Q(Xa;—Xi)+ Y u Ru; (12)
i=0 i=0

3.3 Stability analysis

To guarantee the stability of the closed-loop system, a candidate quadratic Lyapunov function is introduced as a
function of the E = X; — X as following:

V(E)=ETPE (13)
Consider the discrete time error: £y = X ; — Xi, hence based on (10) one has:
Eiy1 = AdEi+ B (ug — ui) (14)

Where u,; denote the steady-state input that maintains the reference trajectory invariant. This input represents the
ideal control value, although it is not known a priori. The objective of the control design is to demonstrate that the applied
control will converge to uy in finite time. To analyze the stability of the proposed approach, we introduce an auxiliary
feedback law that facilitates the convergence proof. As follows:

u= ud—uk:KEk (15)

which represents the implicit linear feedback used by MPC near equilibrium (and exactly equal to the LQR law when
constraints are inactive). Now based on (13)-(15) one has:

Ei1 = (Ag+BaK) Ey
V(E,) = E' PE; (16)
V(E,,) = E [(Ad +B4K)" P(Aqg +BdK)} Ey

Then one can derive:

AV =V(E,) ~V(E) = E [(Ad +B4K)" P(Aq +BdK)_P} Ej 17)
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Let us now consider the MPC stage cost [ (Ey, i) = E;! QE; +u’ Rii. Now if the matrices Q and R is design so that
the following LMI is feasible:

(Ag+ByK)T P(Ag+BysK)—P+Q+K'RK<0 (18)

Then one can derive that:

AV < — [(Ey, i) = — ( Ey" QE+u" Rit) < 0 (19)

This condition guarantees that the Lyapunov function V (E) stricly decreases and, moreover, decrease by at leaset the
stage cost then the stability and performance guarantees of the control system can be established.

The LMI (18) is dedicated to calculating the matrices Q and R for the controller. To ensure closed-loop convergence
of the error E} in (16), we first select a stabilizing feedback K such that the linearized closed-loop matrix satisfies
Ag+ ByK < —a,l, which guarantees the decay of Ej under the imposed convergence rate. Using this determined K, we
impose an analogous convergence condition on the Lyapunov matrix P consistent with
V(E,) = E; " PE; and solve the LMI (18), subject to P >, Q > 0, and R > 0. This procedure yields Q and R that are
consistent with the prescribed convergence rate and the chosen Lyapunov structure; detailed numerical values are omitted
due to confidentiality.

4. Validation

Following the theoretical development of the Model Predictive Control (MPC) strategy for the Lane Keeping Assist
System (LKAS), a numerical validation phase is essential to assess its performance in a simulated environment that closely
reflects real-world driving conditions. This step is crucial for verifying the controller’s robustness, stability, and efficiency
across various scenarios, including trajectory changes, sharp curves, and dynamic disturbances.

To achieve this, the validation relies on a Hardware-in-the-Loop (HIL) setup that integrates the MPC-based LKAS
controller with a high-fidelity vehicle dynamics model. This configuration enables real-time execution of the control
algorithm on embedded hardware while interacting with a simulated environment, ensuring that timing constraints and
computational limitations are properly evaluated. The HIL approach provides a more realistic assessment compared to
pure software simulations, as it bridges the gap between theoretical design and practical implementation. The overall
architecture of this validation platform is illustrated in Figure 2, which depicts the MUXLAB-based HIL setup developed
for this work.

The simulation architecture, depicted in Figure 1 of Section 3, incorporates the key functional blocks introduced
earlier: the reference trajectory generator, MPC controller, speed controller, and vehicle dynamics model. This closed-loop
setup enables comprehensive testing of the controller by capturing the interactions between subsystems.

To demonstrate the effectiveness of the proposed MPC-based LKAS controller and provide a fair comparison with a
conventional approach, two validation scenarios are considered. In both cases, the performance of our developed controller
is evaluated against a baseline PID controller, as described in reference [5]. The first scenario involves lane-keeping at
a constant longitudinal speed, allowing us to assess the controllers under steady-state conditions. The second scenario
introduces a time-varying speed profile, which tests the adaptability and robustness of both controllers under dynamic
driving conditions. These complementary experiments provide a comprehensive evaluation of tracking accuracy, stability,
and responsiveness across different operating regimes.

Figure 3 compares the lane-keeping performance of the proposed MPC controller (left) and the PID controller (right)
presented in [5] under a constant-speed scenario. The results clearly indicate that the MPC achieves superior tracking
accuracy, maintaining a trajectory that closely follows the reference path with smooth transitions. In contrast, the PID
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controller exhibits noticeable deviations, particularly in curved sections, which highlights its limited capability to handle
predictive control requirements.

Figure 4 presents the tracking error profiles for both controllers. The MPC demonstrates a consistently low and stable
error throughout the maneuver, confirming its robustness and precision. Conversely, the PID controller produces highly
fluctuating errors, which corroborates the trajectory deviations observed in Figure 3. These oscillations indicate that the
PID struggles to maintain stability under the given conditions, resulting in degraded lane-keeping performance.

Figure 5 illustrates the steering control signals generated by the two controllers. The MPC provides smooth and
gradual steering angle adjustments, which are essential for vehicle stability and passenger comfort. On the other hand, the
PID controller exhibits abrupt changes in the control signal, resembling a bang-bang behavior. Such aggressive actuation
not only compromises tracking performance but could also lead to increased mechanical stress on steering components in
real-world applications.

Figure 2. Workstation with MuxLab bench in operation: embedded model and supervision

Trajectory tracking performance using a MPC controller Trajectory tracking performance using a MPC controller

100 100

Reference trajectory Reference trajectory
Trajectory using MPC | | | = Trajectory using MPC

100 100 -

200 | -200 |

-300

Y (m)
g
Y (m)

-400 -400 -

-500 + -500

-600 -600

400 -200 0 200 400 600 -400 -200 0 200 400 600
X (m) X (m)

Figure 3. Constant speed trajectory tracking performance with MPC (left) and PID (right)
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Figure 4. Constant speed trajectory tracking error with MPC and PID
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Figure 5. Steering control angle given by MPC and PID

After analyzing the constant-speed case, it is essential to evaluate the controller’s performance under more dynamic
conditions. To this end, a second validation scenario is introduced, where the vehicle follows a time-varying speed profile.
This experiment aims to assess the adaptability and robustness of the proposed MPC controller compared to the PID
baseline when subjected to changing longitudinal dynamics. By examining trajectory tracking accuracy, error behavior,
and control signal characteristics under these conditions, we can provide a comprehensive comparison of both controllers
across different operating regimes

Figure 6 compares the lane-keeping performance of the proposed MPC controller (left) and the PID controller (right)
under a time-varying speed profile. Similar to the constant-speed case, the MPC maintains smooth and accurate trajectory
tracking, closely following the reference path despite changes in longitudinal dynamics. In contrast, the PID controller

exhibits larger deviations and less stability, particularly during speed transitions, confirming its limited adaptability to
dynamic conditions.
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Figure 6. Time-varying speed trajectory tracking performance with MPC (left) and PID (right)

Figure 7 presents the tracking error profiles for both controllers under the time-varying speed scenario. The MPC
achieves consistently low error values with minimal fluctuations, demonstrating its robustness against varying operating
conditions. Conversely, the PID controller shows significant oscillations and higher error peaks, which align with the
trajectory deviations observed in Figure 6. These results reinforce the superior performance of MPC in maintaining
lane-keeping accuracy under dynamic speed variations.

0 20 40 60 80 100 120 140 160 180 200
Times (s)

T
—Tracking error (MPC)

0 20 40 60 80 100 120 140 160 180 200
Times (s)

Figure 7. Time-varying speed trajectory tracking error with MPC and PID

Figure 8 illustrates the steering control signals generated by the two controllers. The MPC continues to provide
smooth and gradual steering angle adjustments, ensuring stability and comfort even during speed changes. On the other
hand, the PID controller exhibits abrupt variations in the control signal, resembling a bang-bang behavior similar to the
previous scenario. Such aggressive actuation compromises control quality and could lead to mechanical stress in practical
implementations.
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Figure 8. Steering control angle given by MPC and PID

The validation results presented in this paper confirm the superior performance of the proposed MPC-based Lane
Keeping Assist System compared to a conventional PID controller. Across both constant-speed and time-varying speed
scenarios, the MPC consistently achieved smoother and more accurate trajectory tracking, minimized tracking errors, and
generated control signals with gradual transitions. These characteristics not only enhance lane-keeping precision but also
improve vehicle stability and passenger comfort. In contrast, the PID controller exhibited larger deviations, fluctuating
errors, and abrupt steering actions, which compromise overall control quality. The findings demonstrate that the MPC
approach is well-suited for advanced driver assistance systems, offering robustness and adaptability under diverse driving
conditions.

5. Conclusions

In this study, a Model Predictive Control (MPC)-based controller for Lane Keeping Assist (LKAS) systems was
developed and validated within the framework of Advanced Driver Assistance Systems (ADAS). The controller was
designed to ensure accurate lateral trajectory tracking under continuous longitudinal speed conditions while respecting
vehicle dynamic constraints. Leveraging its predictive capability, the MPC approach optimizes control actions and
anticipates system changes, ensuring stability as confirmed through Lyapunov-based analysis. The validation phase, using
real GPS trajectory data as a reference, demonstrated the controller’s effectiveness in achieving precise lane tracking with
generally low dynamic errors, even in regions of complex curvature. Furthermore, comparative evaluations against a
conventional PID controller confirmed the superior performance of the proposed MPC approach, delivering smoother
trajectory tracking, reduced error fluctuations, and more stable control signals. Although localized error increases were
observed when the vehicle speed was not adapted to road geometry, these results establish the MPC controller as a robust
foundation for LKAS and represent a significant step toward safer, more intelligent, and increasingly autonomous driving
systems.
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