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Abstract

Optimal path tracking is a fundamental requirement for autonomous electric vehicles to ensure
safety, stability, and driving comfort. This paper introduces a Prediction-Preview Cooperative
Steering Control (MPC-PEM) method, which is a prediction-based steering control strategy designed
to minimize lateral and heading errors. The approach utilizes a technique referred to as Preview Error
Minimization (PEM). The controller predicts vehicle dynamics within a limited preview horizon to
generate anticipative steering actions that adapt to road curvature and speed variations. A bicycle
model is employed to represent the lateral-yaw dynamics, while the control law is formulated by
considering system constraints and stability margins. Simulation results demonstrate that the
proposed prediction—preview approach significantly improves tracking accuracy compared to
conventional LQR and MPC methods, as evidenced by smaller heading and lateral errors, smoother
steering angles, and more stable and realistic dynamic responses. This method offers an efficient,
adaptive, and reliable steering control solution for the next generation of autonomous electric
vehicles.

Keywords: prediction-preview control; steering control; vehicle path tracking; autonomous electric
vehicles; preview error minimization; dynamic bicycle model; lateral and yaw stability; optimal
control

1. Introduction

In recent years, the automotive industry has experienced a significant transformation fueled by
the rapid advancement of technologies aimed at developing sustainable autonomous vehicle (AV)
systems. AVs are projected to become the primary solution for future mass transportation systems
due to their potential to enhance urban mobility efficiency by reducing traffic congestion [1] and
increasing road capacity through intelligent inter-vehicle coordination [2]. Moreover, AVs contribute
to driving comfort [3], energy sustainability [4], and improved road safety; both by reducing the risk
of human-error-induced accidents [2] and by enhancing overall traffic safety [5,6]. Furthermore, AVs
are recognized as a key component of the smart city ecosystem and Mobility-as-a-Service (MaaS)
frameworks that rely on real-time data integration [7].

These technological advancements in AVs have stimulated intensive research, particularly in
achieving highly accurate vehicle path tracking, especially when integrated with electric vehicles
(EVs). Vehicle path tracking refers to a control algorithm designed to predict, follow, and guide a
vehicle’s motion precisely under various operating conditions. The implementation of this method
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in AVs contributes to real-time maneuver stability, supports advanced driver-assistance systems
(ADAS) to maintain lane discipline [8], and enables anticipation of future driving conditions [9]. In
the context of autonomous electric vehicles (AEVs), the steering control system plays a pivotal role
in ensuring the vehicle follows the desired path with minimal deviation, thereby guaranteeing
stability, comfort, and navigation reliability.

In autonomous electric vehicles (AEVs), the connection between vehicle path tracking and
steering control is critical since both systems operate dynamically and concurrently to ensure the
vehicle follows the reference trajectory with high precision and accuracy. The vehicle path tracking
subsystem uses sensor data to establish the vehicle's position, heading orientation, and optimum
trajectory, whilst the steering control subsystem makes real-time steering angle adjustments to keep
the vehicle in its lane. This interactive process enables the vehicle to compensate for trajectory
deviations caused by rapid turns, quick maneuvers, or external influences such as lateral forces and
variations in road friction coefficients [10-12]. Nevertheless, achieving highly accurate path tracking
remains a major challenge, primarily due to the nonlinear of vehicle dynamics and constantly
changing road conditions [13]. As a result, a more predictive and adaptive control strategy is
necessary to provide constant tracking performance across numerous dynamic conditions.

Several control strategies have been developed to solve these issues. Classical approaches, such
as the Proportional-Integral-Derivative (PID) and Linear Quadratic Regulator (LQR), are extensively
employed due to their simplicity, but they have difficulties in dealing with dynamic fluctuations,
which frequently result in overshoot and oscillations at high speeds [14-16]. More advanced
techniques, such as Model Predictive Control (MPC) [17,18], fuzzy logic [19-21], sliding mode control
(SMC) [22-25], and reinforcement learning (RL) [26], have shown promising gains in tracking
accuracy. However, these solutions often need a lot of computational resources, rendering them
unsuitable for use in embedded systems of electric vehicles [27].

Predictive techniques, such as preview control, are currently increasing popularity because to
their capacity to foresee system dynamics and account for future reference trajectories, improving the
vehicle's adaptive response to changing road conditions [28]. This method significantly reduces
lateral and heading deviations, yielding steering signals that are more precise, smoother, and
responsive to environmental changes [26]. One solution within this paradigm is Preview Error
Minimization (PEM), which builds steering operations by projecting tracking mistakes over a short
prediction horizon and proactively reducing them. This approach generates smooth and adaptive
steering signals while being computationally efficient, making it ideal for real-time use in embedded
systems [29].

Despite its high potential, significant research gaps exist. First, most conventional control
approaches are still reactive and do not anticipate future system dynamics. Second, the use of
preview-based path strategies in control design remains limited. Third, the implementation of the
PEM algorithm in embedded devices with computing constraints has not been thoroughly
investigated. As a result, there is an increasing demand for a control algorithm that is both precise
and adaptable, as well as computationally economical, allowing for large-scale deployment inside
modern autonomous vehicle (AV) architectures.

As a solution, this study proposes creating a predictive steering control system based on preview
error minimization. The suggested controller generates more precise, smooth, and adaptive steering
signals by combining future trajectory data, a vehicle lateral dynamics model, and a cost function to
reduce lateral and orientation errors. This study's primary contributions include the following:

e Adapting a prediction-based steering control technique to reduce tracking error and yaw
deviation by including Preview Error Minimization (PEM) for anticipatory directional control
and smooth steering angle.

e Using a dynamic bicycle model to simulate lateral and yaw dynamics, taking into account
system limits and stability margins.
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e  Validating the predictive-preview control method using detailed simulations that compare its
performance to traditional LQR and MPC controls, exhibiting increases in tracking accuracy,
steering signal smoothness, and vehicle stability.

e  The prediction-preview approach to cooperative steering control strikes the ideal combination
between predictive accuracy and dynamic stability, making it a viable solution for adaptive
steering systems in modern autonomous cars.

This paper is organized as follows: Section 2 of this study describes the vehicle's lateral motion,
which has been dynamically and kinematically modeled. Section 3 introduces prediction-preview-
based steering control, which calculates the desired front wheel steering angle in real time while
allowing for lateral and directional faults. Section 4 discusses vehicle path tracking, which includes
environmental awareness, route planning, and tracking control. Section 5 presents the results and
comments. The paper ends with a conclusion.

2. Vehicle Lateral Model

The performance of a vehicle path tracking technique is strongly dependent on the mathematical
description of the vehicle's lateral dynamics, which a vehicle lateral model commonly represents.
This model illustrates how steering angle, lateral tire force, slip angle, and yaw rate respond to
steering actions. Integrating vehicle path tracking with lateral models enables the development of
control rules that reduce position and heading orientation deviation while still maintaining lateral
and yaw stability under a variety of dynamic circumstances. The accuracy and complexity of the
lateral model have a direct impact on tracking performance, with kinematic models appropriate for
low speeds and dynamic models better suited to high speeds and complex road conditions. Thus, the
vehicle lateral model serves as an important predictive framework for vehicle path tracking, allowing
it to create optimal, stable, and adaptive steering signals for the dynamics of autonomous electric
vehicles.

Vehicle lateral models are commonly expressed in two ways: dynamic and kinematic. The lateral
dynamic model is constructed by analyzing the forces operating on the vehicle and estimating the
lateral acceleration and yaw rate reactions to steering inputs. Meanwhile, the lateral kinematic model
is built based on the vehicle system's geometric relationships, and it is utilized to calculate the lateral
error as well as the divergence of the vehicle's direction from the trajectory caused by steering wheel
modifications.

The lateral model of this vehicle is frequently represented using a single-track model, sometimes
known as a bicycle model, as illustrated in Figure 1. This model is made up of two coordinate systems:
(i) a global coordinate system with XY axes that represents the vehicle's geometric movement in
relation to the track and (ii) a vehicle coordinate system with xy axes that represents the vehicle's
relative movement. In this model, point A represents the left and right rear wheel pairs united into a
single virtual wheel, while point B represents the front wheel pair. Point O is specified as the vehicle's
center of rotation, R is the radius of the vehicle's track, and cg is the vehicle's center of gravity. In
addition, L symbolizes the wheelbase (L = l; + 1), which is made up of [, the distance from the
center of gravity to point B, and [, the distance from the center of gravity to point A [10].
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Figure 1. Single-track Model of Lateral Vehicle Motion.

2.1. Lateral Vehicle Dynamic Model

Lateral vehicle dynamics include lateral and yaw motions. Figure 1 shows that lateral motion is
caused by changes in the vehicle's translational force from the lateral axis (point O) to the center of
gravity (cg), resulting in variations in the body side slip angle (5,). Yaw motion occurs as a vehicle
turns, causing stiffness forces to change the yaw angle (), the body side slip angle (f,), and the
front wheel steering angle (65). Given a constant longitudinal vehicle velocity (vy), lateral vehicle
dynamics are represented by a bicycle model with two degrees of freedom (2-DoF) based on lateral
position (x,) and yaw angle (i,).

The lateral position (x, ) is the distance along the lateral vehicle axis from point O, and the yaw
angle (1) is the angle between the longitudinal vehicle velocity vector (v,) and point X in global
coordinates. According to Newton's second law, the equation for lateral vehicle motion is derived as
[10,30-35]
oy Oy (D) )

VUx

. ; O+ £y (D)
m(By () + vty (£)) = 2Cqy (5f(t) - ”yvij) + 2 (

Fyf Fy‘r

M

with m is vehicle mass, v, is lateral vehicle velocity, and P, is yaw rate of vehicle. F,; and F,
are the lateral force on the front and rear. Cyr and C,, are the cornering stiffness of each front and
rear tire respectively. The equation of yaw motion can be written as:

Vy(t)“‘lfll’v(t)) _ Vy(t)_lrl;bu(t) )
VUx
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Defined the state variables is x; = [xy v, Py, l/)v]T, the input variable is u; = §;, and the
output variables are x, = v, and x, = Y. The state space (3) and the output equation (4) can be

written as
Xq(t) = Agxq(t) + Baug(t) 3)
t) = Cyxy(t
Ya(t) axq(t) )
0 1 0 0 0
0 _ (zcarflzzcar) 0 —Ux(t) _ zcafl::l;zcarlr ZC_af
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2.2. Lateral Vehicle Kinematic Model

The lateral kinematic model of a vehicle is a mathematical representation of vehicle motion
based on geometric connections that take into account lateral errors and the vehicle's directional
orientation. Assuming a stiff body and suspension system and no slip between tires and road surface,
the front wheel steering angle (6;) is proportional to the vehicle's yaw rate (1,,). The primary goal of
this kinematic formulation is to characterize the vehicle's location in a global coordinate system (X,
Y, ¥,), where X and Y represent the vehicle's coordinates in the global coordinate frame, and 1,
represents the vehicle's directional orientation angle. As illustrated in Figure 1, this kinematic
framework enables the determination of the vehicle's motion relative to the global frame. The
mathematical formulation of the kinematic model is as follows. [31,32,36—40].

X(t) cos(yh, (1))
Y(©) | = v (t)| sin@y () (5)
() tan(8(£)) /L

The lateral error is measured using the distance between the global coordinate point XY and the
vehicle body coordinate (xy-axis), whereas the orientation error direction (heading error) is derived
using the difference in orientation angle or yaw angle (y,,). The defined vehicle reference position
direction X-axis, Y-axis, and heading orientation angle are known as x,,, x,,, dan ,,, respectively.
The longitudinal position of the X-axis, lateral position of the Y-axis, and yaw angle of the vehicle are
denoted as x,, x,, dan 1, respectively. By disregarding the z-axis and focusing on the xy plane, the
position transformation from the global coordinate frame XY to the vehicle frame (body frame xy) is
stated as a —1), rotation about the z-axis. Thus, the longitudinal error (e,), lateral error (e,), and
heading error (e) are given as follows:

ex = CosYy, (xx - xxr) + siny,, (xy - xyr) (6)
ey = —siny,, (xx = Xxr) + COS Yy (xy — xyr) @)
ey = Yy — Pur ®)
The first-order derivatives of (6)-(8) can be expressed as (Vy, Yyy, Pur) for the error dynamics
(ex €y, ey).

éx(t) = vycosey — vy + lﬁvrey )
e'y(t) = v, siney — lﬁvrex (10)

) tand, .
by =V~ Vur (11)

The yaw rate reference () is derived from the trajectory curvature (7)) and can be expressed
as Y, (t) = r,v,. For geometry-based path tracking, assume cosey = 1, siney = ey, and tan§; ~
8¢. The state variable is defined as: x, = [éx €y €y]”, the input variable: Au, = §; — §,, the output
variables are e, and ey, then from (9)-(11), the state space may be obtained as follows:

X (t) = Aexe(t) + Boute (t) + de(2) (12)

Ye(t) = Cox. (1) (13)

vr

0 0 O

0 Y, O 0 Uy =y
Ao = |4 0 vx/Be=,g/de(t)=[ 0 ],andCe=[0 1 1]
L

l/}UT

3. Prediction-Preview Based Steering Control Design
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Prediction-Preview-based Steering Control (PPSC) was designed to integrate the benefits of
prediction and preview methodologies in AV trajectory tracking systems. Conceptually, Preview
Steering Control (PrSC) functions as a look-ahead spatial vision system, providing information about
a reference trajectory some distance or time before the vehicle reaches it. Using the preview horizon
data, the control system can proactively alter steering response to changes in direction or trajectory
curvature. The preview horizon idea is critical in PrSC design, as the controller employs a number of
preview points to forecast vehicle dynamics and reference trajectory in advance. This allows the
system to fine-tune steering operations, which reduces oscillations and improves tracking accuracy.
In mathematical formulations, the preview horizon is commonly represented as the number of
prediction steps (N,) in the Model Predictive Control (MPC) framework or as a specified spatial
distance (e.g., 20-50 m) from the vehicle's current position.

In contrast, Prediction Steering Control (PSC) acts in the dynamic temporal domain. It is a
predictive control approach that uses the preview horizon to forecast trajectory tracking errors for
multiple time steps in the future. This PSC optimizes the front wheel steering angle (&) by
considering lateral dynamics (lateral velocity v, ), yaw rate (i), and predicted vehicle position
[global coordinates (X, Y) and vehicle axis (x, y)]. The trajectory deviation may be used afterwards to
predict the evolution of lateral errors and vehicle orientation several time steps in advance. This
prediction allows the system to identify optimal control actions that reduce tracking mistakes before
they occur. The PSC can also adapt smoothly to fast steering angle changes, retain stability, and
recover quickly from directional disturbances. Based on equations (3)-(4) and (12)-(13), neglecting
disturbance (d,), it is reformulated in a discrete invariant linear system as follows:

Xie1 = AaXye + Bauy (14)
Vi = Caxy (15)

with x,eR™ is state vector, upeR™ is the control variable at step k (selected uj, = A§, as the
steering angle increase), and y,eR™ is the tracking output. Predict the desired state/output up to
N, steps ahead of time k. Predictive notation: x|, represents the projected state at k + i based on
information from time k. The recursive equation of state can be used to predict the state at each step:
i-1
Xewifk = AgXi + Z A7 7 Byt (16)
j=0
then: for i = 1: xpyq)k = AgXx + Baug
for | = 2: Xk = AGxy + AgBauy + BaUyq
for i = 3: Xpq3)k = A3x + A2Bauy + AgBaugsq + Ballgo, etc.
For all values of i gathered, all terms multiplying x; can be collected into matrix &, whereas
terms multiplying the input sequence uy, ..., U4n,-1 form T. Explicitly, the equation of state is:

Xie+1|k Aqg By 0 -0 Uy
xk+2|k A?i X AdBd Bd o 0 Uk +1
: = : k . : . : - : : (17)
N -1 -2
4 p p u _
Xk+Np |k A, A, Bqg A7 By By | [Yk+Np-1
X D r U

The dimensions for XeR"p™*, deRNp™*"x dan [eRM»"x*Np™: The expected output at each stage
i Yi+ie = CaXp+ipk- The lifted output vector is indicated as YeRM?". Then

Vie+1|k C 0 - O07[Xk+1lk
Vie+2|k 0 C - 0] Xk+21x
S I A 5 (18)
Yk+Nplk 0 0 - Cl[Xkenpik
v 2 —x
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with C is a diagonal matrix represented compactly as a kronecker product: € = Iy, ® C. Based on

(17) and (18), Y is expressed in terms of x, and uy, then the predicted output of lift along the
horizon can be written as follows:

Y, = CPx;, + CTU (19)

T
The lifted prediction Y., = [YrTef,k'---'}’rTef,k++1vp—1] was achieved. In Quadratics

Programming (QP), the lifted prediction form (19) is utilized directly to create the quadratic cost
function and constraints. In general, the cost function that uses the minimal preview error and
terminal cost can be stated as:

T
JWixi) = (Ve — Yeep i) Qo (Ye = Yeep i) + UL Ry Uy + xlz;+Np|kaxk+Np|k (20)

Substituting (19) and (17) into (20), excluding those that do not effect Uy, yields:
1
JWi, i) = EUIZHbUk + f5 Uk (21)

with: H, = 2(I'"€TQ,CT + IFP,Iy + Ry) and f, = 2(T7CTQ,(CPxy — Yyery) + THP,®Pyxy) . Py =
AZ”, dan Ty = [A:p_le, ...,Bd]. Qp is weighting matrix for lateral/heading error, R, is weighting
matrix for solution for control effort, and P, is a terminal cost matrix representing the preferred
discrete Ricatti solution for stability. With the prediction lift in (18) and the final state (17) Xjin, 1 =
Dyxy + IyUy, the cost function of the preview error minimum becomes QP. The optimization
problem per time step k can be expressed as:

JWUie, xi) = %UIZHbUk + fo Uk 22)
S.t. G_ U k < }_l

The constraint boundaries in QP formulation are typically written in the conventional form

GUp < h. Where G and h are the primary limitations on the control variables (steering increment

ans steering angle). G is constraint matrix that contains the linear coefficients of the decision variable

Uy (the steering increment vector along the horizon), and h is a constraint bound vectoe that
specifies the maximum or minimum permissible value.

If |u;| < Aupgy, for all i=0,..,N,_; may be represented as:

A 1
[1 ]Uk S[ Umax ], where Au,,,,1 is the maximum limit for the
-1 JANTI |

G h
change of the first control variable per time step. In steering control,
this means constraining the rate of variation in both the steering angle
per step and the cumulative steering angle when u;, = Ad;.

QP’s additional constraint limitations are written as GsU, < hy. Where G; dan hs represent
extra comfort/safety limitations. G is a coefficient matrix that relates the variable U, to the quantity
to be constrained, while hg is a vector of numerical constraints. If a, = C,®x; + C,I'Uy, then the
Aymax — c,acl)xk] If l[J _
ay,max + C’aq)xk ' v
Gs h_s
I;bv,max - Czp q)xk
1/'Ju,max + cz,b quk

Gs hg
restrictions can be integrated into a single set G =[G G,]" and h =[h h]".

. . C,I
lateral acceleration constraint |ay| < Gy max becomes [_ C‘_,l 1"] U, < [
a

. . Cyl
Cy®xy + CyT'Uy, the yaw rate restriction |1/),,| < Yy max becomes [_ gwr] Up < ] All

4. Vehicle Path Tracking

Vehicle path tracking is a critical component of autonomous and semi-autonomous vehicle
control systems, focused on the vehicle's ability to follow a reference trajectory precisely, consistently,
and safely. Vehicle path tracking attempts to reduce tracking errors, such as lateral deviation and
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heading inaccuracy, compared to the planned path while taking into account the vehicle's dynamic
restrictions, actuator limits, and driving comfort. Achieving this goal necessitates not only the
development of dependable control algorithms but also their integration with precise perception and
state estimation systems. As a result, vehicle path tracking is seen as a critical component in the
development of advanced driver assistance systems (ADAS) and self-driving cars, and it is a rapidly
expanding research issue in control engineering, automotive engineering, and artificial intelligence.

In AV design, vehicle path tracking is typically divided into three components: environmental
perception, path planning, and tracking control. Figure 2 shows the link between these three factors.
For vehicle route monitoring, particularly in the yellow block.

87 ema = 8, + A,

Prediction-Preview Steering
Control

1
minULH, Uy + fTU,
U 2

s.t.GU,<h

8y

Ye Tracking Control (MPC-PEM)

min - Jyrac
Ve (el

AS, st Xgpy = Ay + Byt
ley ()] = dysarer drront(K) = dsgre
[8: ()| = Smaxs |A8p (K| < A

Traction System

Steering Actuator
—] & System

Path Planning (MPC)

~, min 0, Hou, + £,7U,
) ——] X U, 2
GPS Environmental y st Aieqlt < bineqr e — | _____ Feedback
— Perception X Umin = Ug+i = Umax
R ref | Mtin < g — Ugi-1 < Mgy Feedforward/Data input
camera = AP =
Qigr = "kl uppraxl = Qigtmaxs

Ci%perr + Dillpey; < by

Figure 2. Main Control Scheme.

4.1. Environmental Perception

Environmental perception uses real-time ambient circumstances to inform decision-making,
trajectory planning, and tracking control. This process entails data acquisition, preprocessing, feature
extraction, and sensor fusion of information from various sensors, such as cameras, LiDAR, radar,
GPS/RTK, and inertial measurement units (IMUs), which provide information about the vehicle's
absolute position, orientation, road markings, surface conditions, and the presence of static and
dynamic objects in its vicinity. Figure 3a. shows the environmental perception sensors. The primary
purpose of environmental perception is to create a comprehensive, consistent, and accurate picture
of the environment that can assist safe trajectory planning while also allowing the control system to
perform precise path tracking under a variety of operating situations. The process begins with data
acquisition and preprocessing to filter noise and synchronize inputs, followed by feature extraction
to identify critical elements such as road boundaries, obstacles, and dynamic agents. Through sensor
fusion, the system integrates these diverse data streams into a unified environmental model that
reflects the vehicle's position, orientation, and context in real time.

The fusion sensor model in autonomous vehicles integrates data from multiple sources —such
as cameras, LiDAR, radar, IMU, and GPS—through a layered processing architecture. It begins with
data-level fusion, where raw inputs are combined using statistical methods like Kalman filtering and
Bayesian estimation to enhance accuracy and reduce noise. This is followed by feature-level fusion,
where meaningful patterns such as object edges, trajectories, and lane markings are extracted and
merged using deep learning techniques like convolutional neural networks. Finally, decision-level
fusion consolidates high-level outputs from individual sensors —such as object classifications or lane
detections—using rule-based logic or ensemble learning to produce a unified environmental
understanding. Figure 3b. shows the fusion sensor model. This structured approach ensures that the
autonomous system can interpret its surroundings reliably and make informed decisions in real time.
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Figure 3. Environmental sensor.

Environmental perception output is a structured and dynamic representation of the vehicle's
surroundings, distilled from raw sensor data into meaningful input for motion planning. It includes
reference trajectory parameters such as X and Y, which define the spatial coordinates of the intended
path, and k,.f, a curvature index that helps align the vehicle's trajectory with the road geometry.
These outputs serve as critical inputs to the Path Planning module using Model Predictive Control
(MPC), which uses them to optimize the vehicle's future state under various constraints. By
translating multimodal sensor data into actionable spatial and semantic cues, environmental
perception enables autonomous systems to navigate safely, adaptively, and intelligently through
complex environments.

4.2. Path Planning

Path planning is the process of designing the best route from a starting position to a final
destination while keeping safety, comfort, and efficiency in mind. This concept entails creating a path
that not only follows a global map but also adapts to changing environmental conditions and
unexpected obstacles. Path planning is typically divided into three stages: global path planning based
on high-resolution maps and GPS navigation systems, local path planning that reacts to real-time
environmental data from sensors, and path optimization using mathematical and heuristic
techniques. This process produces a path that can be tracked by the vehicle's actuators while adhering
to the system's physical constraints, such as turning radius, lateral acceleration, and vehicle
dynamics. Thus, path planning guarantees that AVs can move precisely, adaptively, and safely in
various traffic conditions.

Model Predictive Control (MPC) is a widely used path planning approach. This method was
chosen because it can handle system dynamics and driving environment uncertainty, as well as
address trajectory optimization problems recursively by incorporating environmental status updates
during the planning phase. In the MPC formulation, the optimization problem is designed to
minimize an objective function that keeps the vehicle on a reference trajectory while allowing lane
changes (left or right turns), while also taking into account the vehicle's physical constraints and the
lateral dynamic model's characteristics, so that the resulting solution is realistic and safe to use on
real vehicles.

For path planning design purposes, (9)—(13) are rewritten in a nonlinear continuous lateral
kinematic model in the Frenet frame with respect to the curvature reference trajectory k.. The

equation may be written as follows:

€, = vy sin (ey) (23)
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kref
1-— k‘r‘ef' ey

. UX
€y = Ttan 8 —vy cos(ey) (24)

The expression k.., represents the trajectory effect, with value of zero (k. ~ 0) for straight
vehicles, positive for left-turn maneuvers, and negative for right-turn or turning maneuvers (k. #
0). The linear time-varying form is obtained by linearizing the discrete equation (23) and (24) around
the reference trajectory.

er+1 = Agrer + Byl + de (25)

. _ r _ 1 Aty | o _ 0
Wlth € = [ey'k elp'k] 7 ue,k - 5f,k/ Ae,k - [0 1 ]r Be,k - Athk 7 and de,k - _Atvkkref,k . de,k/

which forces the prediction to consider the feedforward curvature requirements. The cost function
formulation (finite horizon N,) for minimizing error and control effort is given below:
N-1

J= Z(x;+iQexk+1 + Uy Rty + Ay SeDutyry) + Xy Qe Xiern (26)
i=0

with Auyy; = Ui — Ugyi—1- The weighting matrices Q,, R., S., and Q.f represent the lateral
accuracy against comfort trade-off. The lifted form with feedforward curvature for N, -step
prediction can be stated as follows:

Xe = Qg pXep + TopUe + Do (27)

with ®,,, and T, are derived from the series A, i, Bex+; (time variying), and D, collect the

T .
offset effect d., + i due to k.. The control vector U, = [ue‘k, ---tue,k+N—1] . The cost function in
quadratic form with respect to u,; can be written using equation (26) and (27).

1
J= EuTHu + fTu + const (28)

Given H =2(I'QT, + R+ 54), f =2ITQ(®Pyx; + Dy — 7). Where Q, Q, SA are the block
diagonal of weights along the horizon, and r is reference horizon (typically the zero vector at error
coordinates). The Quadratic Programming (QP) solution for MPC and receding horizon can be
expressed as:

1
min - U,"Hou, + £,7U,
e

s.t. AineqU < Dineq : physical constraint

Umin < Uksi < Umax : steering angle constraint (29)
Auppin < Uy — Ugpio1 < AUy, @ steering rate constraint

Aot = v,zc|kappmx| < Qat max : lateral acceleration constraint with |u| < 84y 10t (Vi)

Cixpyi + Diugyi < b; : safety/comfort constraint

4.2. Tracking Control

Tracking control in a vehicle path tracking system aims to keep the vehicle on a reference
trajectory while taking safety and comfort into consideration. Kinematic and lateral dynamics models
are developed to define the primary errors, namely lateral error (deviation of the vehicle's position
from the reference trajectory) and heading error (difference between the vehicle's orientation and the
trajectory), which must be reduced by controlling the steering angle. A preview control mechanism
is then used to predict the trajectory on the forward horizon, allowing the system to adapt to lane
changes and dynamic obstacles. To improve safety, collision-aware constraints are introduced, which
define lateral and longitudinal safe distances to prevent the vehicle from entering the collision region.
MPC-based control is then utilized to optimize a cost function with penalties for tracking errors and
input utilization, all while conforming to the vehicle's physical constraints and safety requirements.
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This notion is represented by a detection zone, which includes the detection region, collision
region, peripheral vision, and safe area, all of which work together to ensure the vehicle can properly
track its course while avoiding potential collisions, as illustrated in Figure 4. The detection region
(blue area) represents the area monitored by the camera system. The area is separated into three
categories: front distance (dfy,y.), side distance/lateral threshold (d,q; ¢r), and rear distance (mirror
region) (dyirror)- The collision region (red area) is a critical zone surrounding the vehicle. If an item
reaches this area, it is deemed a potential collision, and the tracking control must respond by
correcting the steering or slowing the car down. Peripheral vision (front circle) is an additional
viewing region used to anticipate objects ahead at a specific angle, assisting tracking control in
forecasting the future course and avoiding impediments. The safe area (dsqs.) is the vehicle's safe
lateral (side) distance from impediments or road boundaries, and the tracking control keeps the car
inside this safe margin, ensuring that the lateral error does not exceed the limit.

Overall, this concept consists of three major components: (i) accurate modeling of vehicle
kinematics and dynamics, (ii) a preview mechanism for predicting future trajectories, and (iii) the use
of collision-aware constraints to ensure safety (ensuring the vehicle can accurately track its trajectory
while avoiding potential collisions). The combination of these three components yields an adaptive,
predictive, and safe tracking control strategy, making it appropriate for use in modern autonomous
vehicles in complex traffic scenarios. Using the vehicle's lateral kinematics model and the vehicle's
longitudinal velocity (v,) in (12) and (13), a quadratic objective function is developed to minimize
tracking error and steering control usage:

dmir?‘ar dfront
'-n\\\
\\
hN Peripheral Vision
A Y
_______ fo A Gysare |
e o
]
Lateral @/ i
Threshold ':'
[
I
7 .. .
’," Collision Region
I’,
e

Detection Region

Figure 4. Tracking Control Region.

Np—-1
Jtrac = Z (xZka + quuk) + xIT\;prNp (30)
k=0
The collision avoidance limitations are follows: the lateral constraint (side safety distance) is

|ey(k)| < dysqfe, the longitudinal constraint (front safety distance) is dfron:(k) = dsqpe, and the
steering input constraints are |6f(k)| < 8fmax/

Ad¢ (k)| < ASfmax - The optimization problem for
tracking control in (3) can be expressed as follows:

{uo, H}};p ) 1} Jtrac

S.t. Xpy1 = Agxy + Bauy
ley ()| < dysage (31)
derone (k) = dggpe
|5f(k)| < Sfmaxs
|A87(k)| < ASfmax, Yk =0,...,N, — 1
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5. Result and Discussion

At the implementation level for AVs, a systematic flow is first developed to allow the vehicle to
obtain an accurate representation of its environment in the environment model, design a safe and
efficient trajectory through path planning, and maintain the vehicle's movement on the reference path
using tracking control. These three elements are then combined with predictive steering control, a
control strategy that uses a preview horizon (implementation of a preview error minimization
algorithm) to predict trajectory tracking errors several time steps ahead of time and generate steering
commands that account for physical constraints, safety, and driver comfort.

To create the environmental model, data is collected by integrating GPS sensors and cameras
that record the surrounding area. Figure 5a depicts a map of the travel route from the start to the end
point using the GPS navigation system, which generates the vehicle's actual trajectory and serves as
the reference trajectory. The distance traveled versus time (Figure 5b) shows a linear growth of
roughly 2.5 km in 1,500 seconds, suggesting that movement is continuous despite pauses caused by
external barriers. The speed analysis (Figure 5c) shows oscillations between 0 and 120 km/h,
illustrating the drivetrain's response to dynamic road circumstances. These differences have an
impact on tracking control stability because abrupt changes can increase lateral error and steering
actuator loads, highlighting the significance of adaptive control techniques.

@ Starting Point
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Vehicle Speed (Kmh)

End Point

@ 1 1 L 1 | L L o A
) o 200 400 600 BOD 100D 1200 1400 1600 0 200 400 600 800 1000 1200 1400 1600
® Time (Seconds} Time (Seconds)

a) Rute Map b) Travel Distance ¢) Vehicle Speed

X Position
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Figure 5. Reference Trajectory based on GPS Data.

Visualization of the geographic position using latitude and longitude coordinates (Figure 5d,e)
reveals a movement pattern consistent with the route direction, despite slight changes caused by
multipath signals or satellite interference. The X-Y route reconstruction (Figure 5f) is consistent with
the initial map, with slight changes predicted from actual road conditions or sensor interference.

Overall, the GPS analysis results provide both temporal and geographical information: distance
and speed characterize movement dynamics, whereas geographic coordinates and X-Y trajectory
corroborate tracking accuracy. This data integration is critical for constructing environmental models
that can describe both vehicle position and dynamics in a real-world situation.

Furthermore, based on data from the vehicle's onboard camera, Figure 6 depicts the primary
steps of the computer vision-based process for identifying road markers. The initial stage (Figure 6a)
is the camera's original input image, which depicts a straight road with a distinct white marking in
the center. The second step (Figure 6b) displays the results of feature extraction with the Canny Edge
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Detection method, which detects the edges of road markers and other objects in the image. In the
third step (Figure 6c), the Region of Interest (ROI) is defined as the front of the vehicle's dashboard.
The ROl is chosen as a trapezoidal polygon to narrow the search for road markings to areas that are
relevant to the road surface. This strategy effectively decreases interference from vehicle interior
features and off-road objects that are unrelated to the detection process. The last stage (Figure 6d)
displays the lane detection findings, which depict road markings as yellow lines. These lines depict
the vehicle's path as anticipated by the algorithm based on edge detection within the ROI. Overall,
this strategy promotes the development of environmental perception systems in AVs, notably for
lane keeping and path tracking tasks, because it enhances lane perception accuracy by reducing
visual distractions from the surrounding environment and vehicle interior.

¢) Region of Interest (dashborad depan) ¢) Lane Detection

Figure 6. Camera Sensing and Image Processing.

Thus, the integration of cameras and GPS within the environmental perception framework
enhances the vehicle's understanding of real-time environmental conditions while improving
trajectory planning accuracy and the robustness of the tracking control system. The synergy between
the two produces a comprehensive and consistent environmental model, supporting safe trajectory
planning and ensuring the tracking control system operates with high precision and adaptability
under various operating conditions.

GPS road data (X-Y) indicating various curves for the route in Figure 5 was chosen for path
planning purposes using (23)-(24) in the Frenet frame, which takes curvature into account. Figure 7
depicts a comparison of the reference trajectory (yellow line) and the actual trajectory reconstructed
from GPS readings (blue dashed line). Visualizations indicate a broad agreement between the two
trajectories, although there are more noticeable local variations in curve segments when the actual
trajectory deviates from the reference. These local aberrations were simulated to mimic real-world
situations such as steering actuator delays, environmental disturbances, or GPS measurement
phenomena.
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Figure 7. Path Planning Based on GPS Data.

The GPS-based evaluation findings for path planning, presented in Figure 7a, reveal that the
actual trajectory generally follows the reference trajectory, with exceptions in areas with extreme
curvature. Figure 7b indicates a lateral inaccuracy of #15 m, demonstrating insufficient GPS accuracy
and inefficient reaction. Furthermore, Figure 7c displays the curvature radius profile, demonstrating
that an increase in lateral error correlates with track segments with small curvature. These findings
confirm that the curvature of a trajectory has a significant impact on the accuracy of path tracking
systems. As a result, including more adaptive control algorithms and employing extra high-
resolution sensors are critical steps toward improving the precision of trajectory planning in
autonomous vehicles.

In accordance with (28) and (29), Figure 8a depicts the trajectory planning performance using
MPC, which shows that the actual trajectory successfully follows the reference trajectory with a
relatively small deviation level, demonstrating the effectiveness of MPC predictions in anticipating
lane changes. Figure 8b shows that the lateral error remained within the safe limit of +1.5 m, achieving
the tracking stability criteria. Figure 8c,d depict steering angle instructions and steering rate
adjustments that stay within the system's physical constraints, resulting in smooth transitions with
minimal fluctuations. Figure 8e shows lateral accelerations below +4 m/s?, ensuring driver comfort
and vehicle safety. Collectively, these results indicate that MPC can generate precise trajectories with
efficient steering control while adhering to the vehicle's physical restrictions, as well as comfort and
safety considerations. Thus, the MPC-based method generates more exact trajectories, fewer lateral
errors, and smoother, more realistic steering inputs. As a result, MPC has been shown to be superior
in terms of balancing trajectory tracking accuracy, compliance with the vehicle's physical limitations,
and driver comfort and safety.
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Figure 8. Path Planning with MPC.

Based on the route profile in Figure 8a, Figure 9 depicts vehicle tracking control using MPC and
preview error minimization (PEM) in (30)-(31). Figure 9a shows the lateral error over time, which is
within the safe limit of +1.5 m, with a slight deviation during sharper trajectory changes. This
demonstrates that the MPC-PEM-based control can keep lateral deviations under the safety tolerance
limit. Figure 9b depicts the steering command, with angle variations within the maximum physical
limit (+25°). Steering fluctuations occur primarily during curve transitions, reflecting the system's
adaptive reaction to changes in the reference trajectory.

To clarify, Figure 10 and Table 1 show a comparison of tracking control for the LOR,
conventional MPC, and integrated MPC-PEM. Figure 10a shows that MPC-PEM has the highest
performance in maintaining a lateral error of +1.5 m, with rapid convergence to zero and minimum
oscillation. This demonstrates how the Np = 15 horizon prediction can compensate for trajectory
deviation before the actual error arises. In contrast, LOR control produces overshoot since it does not
consider the dynamics of the forthcoming trajectory, while standard MPC has increased
computational complexity due to the repeating QP solution.

Figure 10b's steering angle demonstrates that the MPC-PEM technique provides smoother and
more stable tracking performance than LQR and conventional MPC. The J;.4. cost function in (30)-
(31) evaluates the trade-off between tracking accuracy and control effort. The lower J; 4 value in
MPC-PEM suggests that the preview technique may better predict future trajectory dynamics. MPC-
PEM maintains a safe steering angle of +30°, suggesting effective control without excessive
maneuvering and striking a compromise between tracking accuracy and actuator performance.
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Meanwhile, conventional MPC provides smoother angle changes but responds more slowly to
trajectory variations. Both methods, conventional MPC and MPC-PEM, show acceptable system
stability within the constraints (31). In contrast, LQR has an objective function value close to zero,
indicating that the system does not create an active control response. This state is caused by the basic
nature of LQR, which acts as a linear regulator toward the equilibrium point without regard for
external references. As a result, LQR cannot follow dynamic trajectory changes, and its performance
is not optimal for trajectory tracking jobs that require adaptability to ambient variables.
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Figure 9. Tracking Control with MPC + PEM.

Incorporating horizon preview into the quadratic cost function significantly enhances tracking
performance. This establishes MPC-PEM as the optimal strategy for vehicle path tracking,
particularly regarding stability, control smoothness, and computational efficiency. As a result, it is
well-suited for real-time implementation in modern autonomous vehicle systems.

Table 1. Comparison of Control Methods for Vehicle Path Tracking System Performance.

Deviati
Method Rate Error Steering rate  Cost = Max Steering Stee:ivnlat:r? 1 Rate Heading
Lateral (m) Error RMS Function  Angle (%) ( 0;:5) 8 error (%)
MPC-PEM 0.08 0.72 0.95 24.6 17.2 0.38
MPC 0.15 1.68 1.87 27.8 21.3 1.25
LQR 0.00 0.00 0.00 0.00 0.00 0.00
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Figure 10. Tracking Control Comparison.

According to the vehicle path tracking steps, it is then integrated with the Prediction-Preview
Steering Control algorithm in (20)-(22), causing the vehicle to follow the reference trajectory as
represented by the environmental model, which represents the maneuvering scenario of wavy paths
and curves with a moderate curvature. The sampling time is set to 0.05 seconds, with a prediction
horizon length of N, = 20, resulting in a look-ahead duration of approximately 1 second at a vehicle
speed of 12 m/s. The weight matrix Q, = diag(10,4) and R, = 0.1 aim to strike a balance between
trajectory tracking accuracy and steering action smoothness. These values are empirically chosen to
maintain system stability and prevent excessive control oscillations.

Figure 11 depicts the vehicle's response to the reference trajectory using PPSC. Three key
parameters are identified: lateral error (e,), orientation error (ey), and steering angle (&¢). Figure 11a
depicts the lateral error response (e,,), which has a small maximum value at the start of the simulation
(about 2x10-5 m) and progressively decreases to zero exponentially. This demonstrates the system's
capacity to swiftly and reliably correct trajectory position deviations without considerable overshoot.
This feature demonstrates the effectiveness of the preview horizon component, which enables the
controller to anticipate changes in trajectory direction before real mistakes occur. Figure 11b depicts
the orientation error response (ey,) which begins at 10-6 rad and decreases rapidly towards zero. This
value indicates that the prediction section effectively stabilizes the vehicle's yaw attitude using a
predictive dynamic model. The quick orientation angle correction without oscillation suggests that
the system has a strong damping ratio and that the vehicle's directional dynamics are under control.
Figure 11c shows a steady increase in the steering angle (&) until it reaches a high of roughly 3x10-3
rad before decreasing symmetrically. This pattern suggests that the steering actuation is smooth,
without chatter or saturation. This demonstrates that the predictive cost function with the R, weight
on the control action effectively balances rapid response with steering comfort.
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Figure 11. Prediction-Preview Steering Control.

Overall, Figure 11 indicates that all system parameters are asymptotically stable, with errors
converging to zero in both the lateral and heading domains. This suggests that integrating horizon
preview and predictive models can improve the system's ability to react to trajectory changes. The
combination of the two allows the vehicle to anticipate trajectory direction before deviation occurs,
resulting in a highly stable and precise trajectory tracking response with error values in the 10-°-10-¢
range. It also stabilizes the dynamic response based on short-term state predictions, resulting in rapid
convergence, minimal error, and smooth steering. These findings point to a high potential for using
PPSC in autonomous vehicle path tracking systems to improve lateral stability and driving comfort.

Figure 12 compares the performance of three control methods: LQR, MPC, and MPC-PEM in a
prediction-preview steering control-based vehicle path tracking system, focusing on tracking
accuracy and vehicle steering actuation stability. Figure 12a demonstrates that the MPC-PEM-
controlled vehicle has the closest trajectory tracking to the reference path, followed by MPC and LQR.
This indicates that combining prediction and preview error mitigation methodologies achieves a
balance of tracking precision and directional stability. Thus, the addition of prediction-preview
steering control improves the efficacy of the autonomous vehicle trajectory tracking system.
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Figure 12. Prediction-Preview Steering Control Comparison.

Figure 12b,c indicate that the lateral error (e, ) and heading error (e,) profiles are on the order of
10-%, demonstrating that the system is stable against random trajectory variations. The LQR response
is largely steady and stable but less adaptable to dynamic trajectory changes. MPC and MPC-PEM,
on the other hand, respond more actively and precisely when it comes to preserving the vehicle's
location relative to the reference. MPC-PEM has a somewhat smaller, smoother error amplitude than
MPC. This indicates that predicting future horizon errors through the preview model can anticipate
lateral position deviations before actual errors occur for each directional change, allowing the system
to generate more precise yaw estimates, thus improving the vehicle's alignment with the target
trajectory without causing excessive oscillations.

Figure 12d demonstrates that the steering angle (d7) within the steering angle constraint was
effectively maintained below +15°. This demonstrates the control's effectiveness in maintaining the
actuator constraint as the steering actuation signal is generated by each control strategy. LQR
generates a soft but less responsive steering signal, whereas MPC-PEM adapts the steering angle (&)
to directional changes without causing significant oscillations. This pattern shows that the influence
of preview on the cost function leads to more efficient and less aggressive actuation. This state is
beneficial to autonomous vehicle systems because it preserves ride comfort while reducing
mechanical wear on the steering system.

To assess the accuracy and quality of the system's response in vehicle path tracking for steering
control, the root mean square error (RMSE) between the system's output signal (the actual vehicle
trajectory) and the target route (the reference) is calculated. The accumulated absolute error over time
is then measured to determine the total deviation suffered by the system during the tracking

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.1866.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 January 2026 d0i:10.20944/preprints202601.1866.v1

20 of 23

operation. Table 2 illustrates that the RMSE and IAE values are the most important indicators for
determining the accuracy and efficiency of steering control. LQR has the highest RMSE and IAE
values, indicating superior tracking accuracy but limited adaptability to dynamic trajectory changes.

Table 2. Performance and Accuracy Test.

Deviation Steeri
Lateral Error (m) 10-*Heading Error (rad) 10 Steering Angle (°) evigiion Stechng

Method Angle Aé; (Y/s)
Max RMSE IAE Max RMSE IAE RMSE TAE
LOR 8.5 9.7 7.2 7.9 8.5 6.4 +12.4 1.52 0.85 0.936
MPC 6.7 7.9 6.1 5.9 6.8 5.5 +14.2 1.08 1.10 0.674
MPC-PEM 4.3 5.3 42 3.8 49 3.7 +13.7 0.86 0.95 0.492

This approach yields a stable response with gradual corrections. Meanwhile, MPC outperforms
LOR in terms of accuracy while reducing RMSE and IAE by 20-30%. The following demonstrates the
ability of short-term prediction to anticipate directional changes, while there are still minor
fluctuations in the steering angle. Meanwhile, MPC-PEM provides the best performance, with the
lowest RMSE and IAE values for all variables, particularly lateral error, heading error, and steering
angle. The integration of prediction and preview horizons enables the system to anticipate errors
before prior to their occurrence, resulting in smooth and precise steering movements. Thus, MPC-
PEM provides an optimal balance between tracking accuracy, directional stability, and the comfort
of autonomous vehicle operation.

Overall, the simulation findings suggest that integrating prediction and preview into steering
control significantly improves trajectory tracking performance and vehicle directional stability. The
MPC-PEM technique reduces lateral and heading orientation errors while also producing smoother,
more precise, efficient, and stable steering signals. These findings show that the prediction-preview
steering control model is a better solution for autonomous vehicle trajectory monitoring systems than
traditional control methods like LOR and pure MPC. It also demonstrates that the suggested
approach has significant promise for use in automated driving systems and advanced driver
assistance systems (ADAS), and that it may be extended to dynamic vehicle models in future research
by taking into account the impacts of tire slip and actuator constraints.

6. Conclusions

A predictive steering control approach with a preview error reduction strategy has shown that
incorporating Prediction-Preview Steering Control (PEM-MPC) considerably enhances the accuracy
of the vehicle path tracking system when compared to traditional LQR and MPC approaches. The
combination of prediction (horizon prediction) and trajectory anticipation (horizon preview)
techniques allows the steering system to anticipate mistakes before they happen, resulting in
smoother steering angles, lower heading and lateral errors, and more stable and realistic responses.

The combination of vehicle path tracking and prediction-preview steering control creates a
complementary control framework in which path tracking determines the reference trajectory for the
vehicle to follow and prediction-preview control proactively adjusts the steering angle to reflect
dynamics and upcoming trajectory changes. The combination of these two mechanisms yields an
adaptive, high-precision control system that can maintain directional stability throughout a wide
range of autonomous vehicle speeds. Future research will concentrate on developing machine
learning-based adaptive strategies to deal with dynamic road conditions and sensor uncertainty, as
well as experimental validation through the use of vehicle-to-everything (V2X) communications.
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