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Abstract

Recent advancements in lateral control systems for autonomous vehicles have focused on achieving high tracking precision and
stable control performance. Building on these efforts, this study designs and implements an integrated lateral control system using
quasi-static Stanley method and dynamic Proportional, Integral, Derivative (PID) controller.

The proposed system works in three stages: positioning, quasi-static control and dynamic control. In the positioning stage, precise
positioning is achieved by applying Real-Time Kinematic enhanced positions and headings with velocity obtained from Inertial Mea-
surement Unit. Additionally, a method is proposed to collect and process path coordinate data in environments where predefined
path coordinates are unavailable. In the quasi-static control stage, an efficient path tracking control algorithm based on the Stanley
method is implemented and applied to the collected ground truth path coordinate data. Finally, in the dynamic control stage, the PID
controller is utilized to enhance control precision by minimizing the difference between the vehicle’s actual heading and the target
heading response time required to reach the target heading through adjusting the steering wheel angle.

The experiment was conducted by driving along two target paths within the GIST campus. On the first target path, Mean Absolute
Error (MAE) was recorded at 0.0786 m, and Root Mean Square Error (RMSE) was 0.1140 m. Additionally, the average error between the
vehicle’s target heading and actual heading was recorded as 2.1411°. On the second target path, MAE was 0.0427 m, and RMSE was
0.0802 m. The average error between the target heading and actual heading was 2.5000°, demonstrating the performance of the lateral
control system.

To prove the superiority of the proposed method, thorough collections of prior real-world lateral control systems were exercised, and
direct comparisons were made. To the best of our knowledge, the proposed system outperforms previous literature on real-world
experiments. We also provide the download link to the target path coordinate data so that future competitions on the best lateral
control systems can be held. We believe our work can serve as a foundation for future lateral control systems in the autonomous
driving community.
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Nomenclature NMEA: National Marine Electronics Association
Acronyms RTCMv3: Radio Technical Commission for Maritime Services
GNSS: Global Navigation Satellite System version 3

IMU: Inertial Measurement Unit RDDF: Route Definition Data File

RTK: Real-Time Kinematic HD map: High-Definition map

PID: Proportional, Integral, Derivative

MAE: Mean Absolute Error

RMSE: Root Mean Square Error SymbOIS

DARPA:  Defense Advanced Research Project Agency 8(t):  Steering angle (%)

MPC: Model Predictive Control ¢(t): Heading error (°)

LiDAR: Light Detection and Ranging e(t):  Cross-track error (m)

RADAR:  Radio Detection and Ranging u(t):  Vehicle velocity (m/s)

UTM: Universal Transverse Mercator k: Control gain (s7%)

VRS: Virtual Reference Station @(t):  Vehicle heading (°)

NTRIP:  Networked Transport of RTCM via Internet Protocol en(t) : Feedback error for PID controller (°)

NGII: National Geographic Information Institute o(t): Desired heading (°)
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1. Introduction
1.1. Research background

While numerous lateral control algorithms have shown promise
in simulations, a critical gap remains in evaluating their robust-
ness and repeatability under real-world conditions. Inconsistent
test paths, vehicle set-ups, and sensor integration make direct
comparison nearly impossible. Furthermore, the complex na-
ture of the interactions between the road and the vehicle is not
fully addressable in simulations. It remains unclear how these
simulation-based methods translate to real-world performance.
To address this challenge, we propose a lateral control system
for autonomous vehicles on real roads. Another problem for real
road experiments is the versatility of the used tracks. Previous
works on lateral control systems were conducted on different road
tracks and thus makes it difficult to conduct direct comparisons.
As another contribution, we propose a normalized metric to en-
able more objective comparisons of lateral control systems tested
on different paths.

We assume the following ground truth information is given.
Those are (1) ground truth path with precise waypoints, (2) real-
time access to the headings, positions, and velocity of the ve-
hicle. Implementation of our work was done with a commer-
cial position/heading/velocity measurement device. This device
internally incorporates position measurement with dual anten-
nas for Global Navigation Satellite System (GNSS) and achieves
centimeter-level precision of position measurement through Real-
Time Kinematic (RTK). Dual antennas were used to provide head-
ing angles of the vehicle. It also provides time integration-based
velocity measurements through Inertial Measurement Unit (IMU).

This study presents a lateral control system with three main
stages: positioning, quasi-static control, and dynamic control. In
the positioning stage, we rely on a commercially available po-
sition/heading/velocity measurement device that is assumed to
provide precise ground truth positioning. The positioning capabil-
ity also allowed us to create test paths for later experiments. In
other words, collected positions were processed offline to create
test paths.

In the quasi-static control stage, the Stanley method is used
to determine the steering angle. The Stanley method enables effi-
cient and intuitive path tracking based on the geometric relation-
ship between the vehicle’s current position, heading angle and ve-
locity, and its performance is evaluated by applying it to the test
path coordinate data previously collected. We name it quasi-static
because, although static, instantaneous velocity is considered.

In the dynamic control stage, the PID controller is used to im-
prove control precision by minimizing the discrepancy between
the steering wheel angle and the actual vehicle behavior (i.e., the
change in vehicle heading), while simultaneously minimizing the
response time required to reach the target heading.

While both Stanley and PID are well-known, their integration
in a field-validated, open-data lateral control platform—using
real-world RTK-GNSS/IMU under reproducible test paths—offers
unique value to the research community.

Overall, this study aims to demonstrate path tracking and lat-
eral control through the known ground truth position, heading
and velocity of the vehicle. This foundational system is intended
to serve as a basis for the development of more sophisticated
autonomous driving systems. Note, we do not aim to enhance
the measured position, heading and velocity. This way, our ap-
proach is sensor-agnostic and compatible with alternative posi-
tioning and heading systems. The isolation of the sensor values
(position, heading, and velocity) from the control problem allows

more concentrated effort on the control issues, which is our pri-
mary contribution.
In summary, the main contributions of this study are as follows:

1. We propose a two-stage lateral control framework (quasi-
static Stanley + dynamic PID) validated on public roads us-
ing a full-sized commercial vehicle.

2. Weintroduce a path-length-normalized tracking error met-
ric to benchmark heterogeneous real-world studies fairly.

3. Werelease path coordinates, trajectory logs, and implemen-
tation details to support reproducibility.

4. We emphasize that the GNSS/IMU pipeline primarily sup-
ports reproducibility of the experiments and is not claimed
as a control-theoretic novelty. The main contribution lies
in the lateral control framework and the use of normalized
benchmarking.

5. We emphasize a lightweight, deployment-ready architec-
ture that complements optimization-heavy methods such
as MPC.

1.2. Related work
1.2.1. Lateral control of autonomous vehicles

Lateral control of autonomous vehicles is a key task to control
the vehicle so that it follows the path as accurately as possible. To
achieve this, various path tracking algorithms (Liu et al., 2017; Kou-
varitakis & Cannon 2016; Park et al.,, 2014; Thrun et al., 2006) have
been proposed. The most widely used algorithm is the Stanley
method (Thrun et al., 2006). It was first introduced by winning the
2005 DARPA Grand Challenge. These methods have their strengths
and limitations (Samuel et al., 2016; Vivek et al., 2019). The Stan-
ley method is widely used and minimizes both cross-track error
and heading error to track the path simultaneously. Numerous
studies (Amer et al., 2018; Snider, 2009; Vivek et al.,, 2019; Wang
et al., 2022) based on the Stanley method have demonstrated its
path tracking performance in simulation environments. However,
there is a lack of discussion regarding the implementation of the
algorithm on actual vehicles driven on real roads. This study also
uses the Stanley method (what we regard as quasi-static control)
combined with dynamic control and aims to apply it to an actual
vehicle driven on real roads. An additional benefit of our work is
that our work can be also used to acquire test paths. These test
paths or discretized path coordinates were converted and used as
ground truth path coordinates.

The other geometric path tracking algorithm known as Pure
Pursuit controls the vehicle by setting a look-ahead distance and
searching for a target point on the path that is a given distance
ahead of the vehicle. Pure Pursuit, along with studies that applied
variations such as adaptive look-ahead distance (Park et al., 2014),
has been proposed in research that highlights its advantage of
simplicity in implementation, making it suitable for actual vehicle
control (Andersen et al., 2016; Samuel et al., 2016).

In addition to geometric path tracking algorithms represented
by the Stanley method and Pure Pursuit, model-based control al-
gorithms such as Model Predictive Control (Kouvaritakis & Can-
non 2016; Liu et al., 2017; Raffo et al., 2009; Schwenzer et al., 2021)
have also been proposed. These model-based control algorithms
predict the future state of the vehicle and calculate the optimal
control inputs within given constraints.

However, recent advances in model MPC have significantly re-
duced computational burden, enabling real-time implementa-
tions not only in academic prototypes but also in industrial con-
texts. For instance, MPC-based slip ratio control for EVs consider-
ing road roughness was demonstrated (Ma et al., 2019). A real-time
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nonlinear MPC for yaw motion optimization of distributed drive
EVs was developed (Guo et al., 2020). Most recently, a Lyapunov-
based NMPC for handling stability of distributed drive EVs was
proposed (Guo et al., 2025). These studies clearly show that MPC
can be computationally efficient and industrially applicable.

In contrast, the present study does not seek to replace ad-
vanced MPC solutions, but rather to provide a lightweight,
deployment-ready two-stage controller that prioritizes simplicity,
reproducibility, and ease of tuning for real-vehicle experiments.
We believe this complementary perspective is valuable, partic-
ularly for benchmarking and experimenting in early-stage au-
tonomous vehicle deployments.

Beyond classical and model-predictive approaches, recent
studies have explored reinforcement-learning controllers for
highway driving, reporting adaptive policies learned at scale (Ki-
ranetal, 2022; Sallab et al., 2017). At the platoon level, both string-
stability synthesis and information-flow topology have been ana-
lyzed to guarantee stability and scalability from single vehicles
to coordinated fleets (Ploeg et al., 2014; Zheng et al., 2016). At
the planning-control interface, spatiotemporal-restricted Ax has
been proposed to support lane-free intersection management un-
der mixed flows (Chi et al., 2024). These advances underscore the
breadth of modern motion control. In contrast, our work provides
a lightweight, deployment-ready baseline with real-world valida-
tion and open data, complementing these advanced approaches
by enabling practical benchmarking and technology transfer.

In addition, several recent studies have addressed perception,
safety, and planning-level topics that complement controller-
centric research. Vision-based frameworks have been applied to
detect minor-impact collisions in long video sequences (Hwang &
Lee, 2024) and to estimate split liability in vehicle accidents us-
ing three-dimensional convolutional neural networks (Lee & Lee,
2023). At the mission-planning level, a D« Lite based approach
has been proposed for unmanned combat vehicles operating un-
der dynamically changing adversarial environments (Ahn et al.,
2023), while probabilistic risk-assessment frameworks integrating
motion prediction and situational reasoning have been developed
for urban autonomous driving (Noh & An, 2022). These studies
collectively cover perception, safety, and planning aspects, com-
plementing the present work at the control layer and situating
our lightweight, deployment-ready lateral control system within
the broader context of computational design and engineering re-
search on autonomy.

Since previous works were evaluated under different experi-
mental conditions including variations in used vehicles, targeted
test paths, and evaluation methodologies performance compari-
son is inherently limited. To enable a more direct comparison, this
study introduces a dimensionless performance metric, defined as
the lateral error normalized by the total path length. This normal-
ization provides a fair basis for evaluating and comparing path
tracking performance across heterogeneous test environments.

When applying a path tracking algorithm, it is essential to cal-
culate how much the vehicle’s direction needs to change in or-
der to follow the path. An equally important process is ensuring
that the vehicle behaves accurately based on the calculated steer-
ing angle, thus changing its direction as required. PID controller
(Johnson & Moradi, 2005) is one of the most straightforward yet
powerful control technique for this purpose. It is a feedback con-
trol system that defines the error as the difference between the
actual output and the desired output and uses this error to adjust
the control input. Pure Pursuit with PID controller (Park et al., 2014)
has been proposed, and it successfully followed a predefined test
path.

1.2.2. Autonomous vehicle sensors and positioning

To replace human drivers, autonomous vehicles must achieve per-
ception and decision abilities similar to those of human drivers.
In this context, autonomous vehicles must continuously assess
their own position and the surrounding environment. To achieve
this, autonomous vehicles are utilizing various sensors to replace
human cognitive capabilities (Van Brummelen et al., 2018).

The sensors mounted on autonomous vehicles perform three
main functions: self-sensing, positioning, and surrounding sens-
ing (Vanholme et al., 2012). Self-sensing refers to the use of propri-
oceptive sensors to monitor the vehicle’s current state. Position-
ing also relies on proprioceptive sensors to determine the vehi-
cle’s current position. The proprioceptive sensors commonly used
for this purpose are GNSS and IMU. For surrounding-sensing, ex-
teroceptive sensors are used to collect data on external factors,
providing information about the surrounding environment.

In summary, the vehicle’s self-sensing and positioning utilize
proprioceptive sensors, with GNSS and IMU being representa-
tive examples. For surrounding-sensing, exteroceptive sensors are
used, including cameras, Light Detection and Ranging (LiDAR),
and Radio Detection and Ranging (RADAR).

For an autonomous vehicle to accurately follow a path, it is
crucial to perform the positioning as precisely as possible. As dis-
cussed earlier, the most common localization method is the use
of GNSS (Cuil & Ge, 2003; Zein et al., 2018). By equipping the vehi-
cle with GNSS, it can express its position using latitude and longi-
tude coordinates (Rahiman & Zainal, 2013). Additionally, by adopt-
ing the Universal Transverse Mercator (UTM) coordinate system
(Langley 1998), the latitude and longitude coordinates can be con-
verted into meters, making it easier to represent distance, area,
direction, and other relevant metrics.

GNSS, when used without correction, typically results in an
error of several meters (Karaim et al,, 2018; Langley et al., 2017).
To achieve precise positioning, various methods have been pro-
posed (Langley 1998; Rezaei & Sengupta, 2007; Teunissen & Khod-
abandeh, 2015). In this study, Real-Time Kinematic (Langley 1998),
specifically network RTK through Virtual Reference Station (Lan-
dau et al., 2009), was applied, and the procedure is discussed in
detail in the Appendix.

2. Overall System and Positioning

2.1. System overview

The overall system was conducted on an autonomous vehicle
modified for research purposes and for the objectives of the re-
search. For the acquisition of position, heading and velocity data
the vehicle is equipped with GNSS antenna and IMU. Moreover, to
achieve best precision it is connected to the wireless internet to
apply RTK.

Additionally, actuators and modules capable of controlling ac-
celeration, deceleration, and steering were installed on various
components of the vehicle. For this work only the steering mod-
ule is utilized through CAN based commands. Figure 1shows the
mounted positions and configurations of the sensors and control
modules, while Table 1 provides the specifications of the utilized
devices.

The developed system is designed with three main stages: po-
sitioning, path tracking via quasi-static control and dynamic con-
trol. Figure 2 shows a detailed flowchart of the overall system. The
positioning stage is where the vehicle’s position, heading and ve-
locity data are acquired; the quasi-static control stage involves
calculating the steering angle using a path tracking algorithm;
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APM : Automatic power steering module

ASM : Automatic speed module

Figure 1: Configuration of onboard sensors and control modules.

Table 1: Device specifications.
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Table 2: Input/output data for each system stage.
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Hyundai SantaFe TM
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Figure 2: Overall system diagram.
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position

Corrected vehicle

velocity
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Path coordinate, Path

heading

Steering angle Error feedback

Target vehicle heading  Vehicle steering wheel
angle

Steering angle
Target vehicle heading

Dynamic control

and finally, the dynamic control stage calculates time transient
steering wheel angles to control the vehicle for best lateral er-
ror. Notice steering angle and steering wheel angles are different,
which will be precisely defined in the Section 4.

The input and output data at each stage of the control system
are summarized in Table 2. The data passed to the next stage after
post-processing are highlighted in bold.

2.2. Waypoint ground truth data

Path tracking for an autonomous vehicle requires the provision
of route information. In specific environments such as the DARPA
Grand Challenge or autonomous driving test cities, path coordi-
nates are provided through the Route Definition Data File or high-
definition maps. However, in general road settings where such spe-
cific infrastructure is unavailable, obtaining corresponding path
coordinate information is challenging. Similarly, in this study, the
target path within the Gwangju Institute of Science and Tech-
nology campus roads does not have pre-defined path coordinate
data.

To address this challenge, this study collected and processed
path coordinates (ground truth) directly using the GNSS mounted
on the vehicle. The acquired target path 1 and target path 2 are
overlaid on satellite imagery, as shown in Figures 3A and B, respec-
tively.
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path heading

Figure 4: Path heading representation method of Campbell (2007).

The procedures for acquiring these target paths are as follows:

(1) Activate the GNSS and apply RTK correction.

(2) With the GNSS activated, manually drive along the desired
path.

(3) Sampling the coordinates provided by the GNSS at uniform
time intervals (e.g., every 0.1 seconds (10Hz)).

(4) Perform post-processing on the recorded coordinate data.

To obtain sufficiently dense coordinate data, the driving speed
was limited so the vehicle was driven slowly along the path. The
coordinate recording interval was also adjusted to 0.1 seconds
(10Hz) and 0.05 seconds (20Hz), and multiple measurements were
performed. The path coordinate data obtained in this manner
consists of a set of discretized points.

2.2.1. Path coordinates post-processing

The raw data provided by the GNSS is expressed in latitude and
longitude coordinates in degrees (°). Since the path tracking algo-
rithm incorporates the distance error (m) from the path and the
current vehicle speed (m/s), it is appropriate to use meters (m)
rather than degrees (°). To address this, Universal Transverse Mer-
cator conversion was performed. In South Korea, the 52nd UTM
zone is used, with the reference origin of the coordinate system
being at longitude 129° and latitude 0°.

The acquired path coordinates are a set of discretized points.
An index was assigned to each point, and the path heading for
each point was determined.

As illustrated in Figure 4, Campbell (2007) ees that to represent
a path flexibly, it should be expressed in a piecewise linear man-
ner. Each point is represented by linear segments, and each linear
segmentis expressed using sufficiently dense first or second-order
polynomials to represent the path as a smooth trajectory.

When applying this path representation method, the path
heading can be obtained by calculating the slope of each lin-
ear segment and applying the necessary operations to express
the path heading in degrees (°). However, there are two issues
with this approach. The system intermittently provides inaccu-
rate path heading information. As shown in Figure 5, occasional
outliers were observed.

When examining the cases where outliers occurred in Figure 5,
it was observed that the movement along the x-axis was dispro-
portionately smaller than the movement along the y-axis, or vice
versa, with measurements below 0.01 m. As a result, the slope be-
tween the two path coordinates was calculated to be close to 0 or
1. This typically happens when the vehicle is stopped or moving
at a very slow speed.

Secondly, the method of obtaining the slope between two adja-
cent path coordinates and calculating path heading differs from
directly obtaining the vehicle heading through actual GNSS head-
ing data, as summarized in Table 3. This difference requires un-
necessary post-processing steps.

2.2.2. Selected path coordinate data

As we have previously stated the problems, the direction of
the path is not obtained by calculating the slope and applying
additional operations, but instead, the GNSS heading is mea-
sured simultaneously with the path coordinates. This approach
eliminates the need for post-processing as soon as the path
coordinates are acquired, allowing for direct application in the
path tracking algorithm. In summary, the selected path consists
of path coordinates measured at 0.1-second intervals, and no
outliers were observed in the path heading measurements.
Table 4 summarizes the information for the two selected target
path coordinates with the two paths driven in opposite direc-
tions. The target test path coordinate data used in this study
is available for free download at the provided GitHub reposi-
tory (https://github.com/CallmeBOKE/Development-of-a-basic-
GNSS-based-lateral-control-system-for-autonomous-vehicles).
We anticipate this availability of the test paths will enable re-
searchers to re-implement our work in their researches for direct
comparisons and improvements.

Figures 6 and 7 visualize the trajectory and heading informa-
tion of the first selected target test driving path, while Figure 8
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Path heading calculation results with outliers
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Figure 5: Path heading calculation results with outliers.

Table 3: Difference between GNSS heading and path heading.

GNSS heading Path heading

The true north direction is set as ~ The true east direction is set as the
the origin (0°) origin (0°)

The angle increases in a clockwise The angle increases in a

direction counterclockwise direction
Conclusion: 90° phase difference with opposite signs

Table 4: Overview of the two selected target paths.

Target path 1  Target path 2

Total waypoints 4864 6336
Total number of straight sections 5 8
Total number of turning sections 7 9
Continuous turning section 1

and 9 provide additional information about the same driving path,
specifically visualizing the pitch and altitude of the driving tra-
jectory. Figures 10 and 11 visualize the trajectory and heading
information of the second selected target driving path followed
by Figures 12 and 13, which provide additional information about

the second driving path by visualizing the pitch and altitude of
the driving trajectory. The pitch information of the path shows
abrupt changesin the slope at 17 and 19 points, respectively. These
changes correspond to the number of speed bumps on each driv-
ing path and occur temporarily when passing over these bumps.
Additionally, by examining the altitude information, it can be in-
ferred indirectly that the driving path has a terrain profile that is
“higher in the west, lower in the east.”

In Figures 8 and 12, the pitch information of the path shows
abrupt changesin the slope at 17 and 19 points, respectively. These
changes correspond to the number of speed bumps on each driv-
ing path and occur temporarily when passing over these bumps.
Additionally, by examining the altitude information in Figures 9
and 13, it can be inferred indirectly that the driving path has a
terrain profile that is “higher in the west, lower in the east.”

3. Quasi-static Control Stage

In the quasi-static control stage, the vehicle’s position, heading,
and velocity data obtained in the positioning stage are used to
minimize the deviation with respect to the given path coordinates
and calculate the steering angle required for the vehicle to follow
the target path.

+3.9¢6 Path Coordinates (Target path 1)
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UTM Transformed Latitude (m)
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303300 303400 303500

303600 303700 303800 303900
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Figure 6: Trajectory of the selected target path 1.
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Figure 9: Height information of the selected target path 1.
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Figure 11: Waypoint heading of the selected target path 2.

3.1. Selection of a path tracking algorithm

In the quasi-static control stage, path tracking is the key compo-
nent, enabling the system to compute steering angles that mini-
mize deviation along the target path. The path tracking algorithm
was implemented using the Stanley method. The rationale for
adopting the Stanley method is as follows:

(1) The proposed system utilizes the vehicle’s current position,
velocity, and heading for path tracking. The Stanley method
is a geometric path tracking algorithm that can effectively
incorporate all of this information.

(2) The Stanley method, proposed in the research that won
the 2005 DARPA Grand Challenge, is a proven control algo-
rithm. It is widely used as a standard algorithm for vehicle
lateral control.

(3) Unlike other geometric path tracking algorithms, the Stan-
ley method determines the steering angle by incorporating

both the heading error and the cross-track error (the per-
pendicular offset from the path).

(4) By calculating the heading error and cross-track error at
regular intervals during the driving process, and comput-
ing the corresponding steering angle, the Stanley method
ensures stable driving performance.

3.2. Detailed explanation of the stanley method

In the Stanley method, the vehicle is simplified and represented
using the kinematic bicycle model. This model reduces the ve-
hicle’s four wheels to two virtual wheels and does not consider
forces or moments when analyzing the vehicle’s motion. The
kinematic bicycle model assumes that the velocity vector of the
wheels and the direction vector of the wheels are always aligned,
neglecting the occurrence of slip angles and thus disregarding the
lateral forces acting on the tyres. We assume operation in a low-
slip regime where lateral tyre forces and slip angles are negligible,
and thus the kinematic bicycle model is valid. Under these condi-
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Figure 12: Pitch information of the selected target path 2.
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Figure 13: Height information of the selected target path 2.

tions, heading and cross-track error geometry dominate steering
response, which justifies the use of the Stanley Method.

Therefore, this model is valid when the vehicle’s speed is low,
meaning that the lateral forces on the tyres are minimal.

As shown in Figure 14, the Stanley method determines the
steering angle from the center of the vehicle front axle, and the
steering angle is calculated by incorporating both the heading er-
ror and the cross-track error.

The heading error, as shown in Figure 14 represents the differ-
ence between the path heading and the vehicle’s heading, indi-
cated by the green dashed line. A negative value (-) is assigned
when the vehicle is required to make a left turn, while a posi-
tive value (+) is used when the vehicle is required to make a right
turn.

The cross-track error is defined as the perpendicular distance
from the center of the vehicle’s front axle to the closest point on
the path. This distance is represented by the yellow solid line in
the figure. The influence of cross-track error on the total steering

4000 5000 6000 7000 8000

Time step

angle can be adjusted by modifying the control gain. The control
gain is predetermined, and in this study, it is set to a value of 0.55.
This value was determined through iterative closed-loop testing
across 100 trial runs at a speed of 10 km/h. Gain was selected
based on minimum integral error across two path segments and
verified against path-specific responsiveness.

3.2.1. Application Strategy of the Stanley Method

Considering that the path coordinates obtained in the preceding
positioning stage are discretized, the Stanley method should be
applied accordingly.

Target Point Searching

Since the vehicle’s position and heading information are acquired
through the positioning stage, the coordinates of the center of
the vehicle’s front axle can also be determined. In the vehicle
used in this study, the center of the front axle is located 2.7 m
in front of the GNSS primary antenna. Based on the coordinates
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Figure 14: The Stanley method.
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Cross track error

Figure 15: Application of the Stanley method on a discretized path.
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Former target point

(x1,y1)

Center of vehicle front axle
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Figure 16: Cross-track error calculation.

of the center of the front axle, the closest path point, identified
by the minimum Euclidean distance, was selected as the target
point. Additionally, the index of the target point is recorded to
ensure that any path coordinates with a lower index than the

§ Desired heading
@(ty) = B(tr) + 8(t1),

Steering angle
8(ty)

Prior heading

Control Input

Figure 17: Overview of PID Controller.

Posterior heading

ke(t)
210)]

8(t) = @(t) + tan™!(
6(t) € [6minr6max]
&(t) : Steering angle (°)
¢(t) : Heading error (°)
e(t) : Cross track error (m)
v(t) : Vehicle velocity (m/s)
k : Control gain(s™1)

)

T+1 T+2

Minimum euclidean distance

target point are not designated as the target point, thereby pre-
venting previously passed path coordinates from being selected
as the target point. The process described above is illustrated in
Figure 15.

Error Calculation

Each path coordinate includes the path heading information, so
the difference between the vehicle’s current heading and the path
heading is defined as the heading error.

Unlike the calculation of heading error, calculating cross-track
error requires more complex processes. As illustrated in Figure 16,
the key is to obtain the equation of the straight line passing
through target point and the immediately preceding path coor-
dinate (former target point) and then calculate the distance be-
tween the center of the vehicle’s front axle and this straight line.

7

Feedback error
en(t) = w(ty) — 0(t) = 0(t) + 8(ty) — O(¢)
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Figure 18: (A) Target path 1. (B) Target path 2.
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Figure 19: Vehicle trajectory.

(1) Obtain the equation of the straight line passing through the
current target point and the former target point:

_Yo—y1
Xy — X1

(X = x2) + y2. 1)
(V2 =y2) x+ (X1 = X2) y + (y1x2 — x1y2) = 0. @)

(2) Calculate the distance between the coordinate of the cen-
ter of vehicle front axle and the obtained equation of the

straight line.

Distance between
(y1x2 —x1y2) =0

P(a,b) and (y2 —y1)x+ (x1 —X2)y +

(2 —y1)a+ (x1 — x2) b+ (y1xo — x1y5)]

L
\/(YZ —y1) = (%1 = x2)’

; 3)

(3) Determine the sign by distinguishing between left and right
turn situations.

303600 303700 303800 303900

uTM X

Cross-track error (e(t))

+|(YZ —y1)a+ (X1 —X2) b+ (y1X2 — xay2)]

\/()’2 —y1)" = (%1 = x)?
G2 =y at (X1 —x2) b+ (y1xe —xay2)|”

\/(yz —y1)’ = (x1 = x)?

4. Dynamic Control Stage

The Stanley method determines the geometric path-following an-
gle based on current heading and cross-track error. However, steer-
ing actuators may introduce latency or nonlinearity in their re-
sponse. To address this, we layer a PID controller in the dynamic
stage to minimize the error between desired and actual heading
change, functioning as a feedback compensator.

In the dynamic control stage, the appropriate control input
(steering wheel angle) is calculated, and the control input is trans-
mitted to the vehicle through the Control Area Network. The steer-
ing control of the vehicle used in this research is managed by an
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Figure 20: Steering angle calculated by the Stanley method.
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Figure 21: Cross-track error calculated during the driving process.
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Figure 22: Cross-track error calculated after the driving process.
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Absolute cross track error(Target path 1)
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Figure 23: Absolute cross-track error calculated after the driving process.

Table 5: MAE and RMSE of target path 1.

MAE (m) RMSE (m)

0.0786 0.1140

Automatic Power Steering Module, which manipulates the vehi-
cle’s steering wheel. The steering wheel angle is the control input,
and the APM has a maximum steering wheel angle of £450°. The
computed steering wheel angle is received via CAN.

In the quasi-static control stage, the steering angle obtained
through the Stanley method indicates that the vehicle’s orien-
tation (#(t), vehicle heading) should rotate by the steering an-
gle §(t) such that the vehicle heading reaches the desired value
?(t) + &(t). However, the system controls the steering wheel, and it
is not straightforward to determine the change in vehicle head-
ing based on the steering wheel angle. One way to address this is
by measuring the steering ratio to determine the vehicle’s wheel
rotation angle in relation to the steering wheel angle. However,
this is typically done in a static environment (i.e., with the ve-
hicle completely stationary), making it unsuitable for real road
driving conditions. Moreover, the dynamic PID layer complements
the geometric control by correcting for actuator delays and resid-
ual heading errors. It functions as a stabilizing feedback mecha-
nism, ensuring smooth convergence even under real-world distur-
bances.

Therefore, in the dynamic control stage, a PID controller is ap-
plied to minimize the gap between the steering wheel angle and
the actual vehicle behavior.

4.1. PID Controller

The PID controller (Johnson & Moradi, 2005) is widely adopted in
practical systems for its simplicity and effectiveness. The PID con-
troller compares the actual output of the controlled system with
the desired output after the control inputis applied, calculates the
error (e, (t)), and then feeds this error back into the control input
for correction:

dey, (t)
. 5
& ()
In the proposed system, the initial steering wheel angle is set to
the steering angle value obtained from the previous quasi-static

t
Control Input = Kyey, (t) + K / ep (t)dt + Ky
0

stage. This initial steering wheel angle is then applied, and the er-
ror between the actual vehicle behavior and the desired behavior
is fed back to determine the final steering wheel angle. The pro-
cess is described in detail as follows and illustrated in Figure 17:

(1) In the path tracking stage, the steering angle (§(t1)) calcu-
lated by the Stanley method is transmitted to the vehicle
control node to initialize the steering wheel angle.

(2) Simultaneously with the calculation of the steering angle,
the vehicle’s direction is measured to define the prior head-
ing (#(t1))-

(3) Byadding the prior heading and the calculated steering an-
gle, the desired heading (w(t1)) is defined.

o) = ?(t)+8(t) (6)

(4) By initializing the steering wheel angle with the calculated
steering angle, the initial steering control is performed by
transmitting the steering wheel angle to the APM via CAN.

(5) After the initial steering control is performed with the ini-
tialized steering wheel angle, the vehicle’s heading is mea-
sured again to define the posterior heading (#(t,)).

(6) The feedback error (ep(t)) is the difference between the de-
sired heading and the posterior heading.

en(t)=wt) - #r) =)= 0(t)+()-0() ()
The final control input (I, (t)) is as follows.
€)= Ky (01 6)+5 () =9 () +K [ i) +5 (1)

A @ (t) + 6 (t1) — 9 (t2))
dt

-0 (tQ) dt + Ky . (8)

PID gains were determined using an iterative closed-loop pro-
cedure inspired by the Ziegler-Nichols method. Critical oscillation
was identified, and corresponding gain/period values were used
to determine the initial settings. These values were then adjusted
conservatively in real-world trials to ensure stability.

Gains were selected based on minimum integral error across
two path segments and verified against path-specific responsive-
ness:

K,=6.5 K;=0.2, K; =0.7. 9)
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Figure 24: Desired heading and posterior heading.
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Figure 25: Vehicle trajectory.
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Figure 26: Steering angle calculated by the Stanley method.

920Z Yo.Je|\ 9z uo Jesn ABojouyos | ¥ 80usIog 1o a1nsu| np Bueme) Aq 2692628/102/Z1/2 1 /2101e/apal/woo dno oiwepeoe//:sdiy woll papeojumod



Journal of Computational Design and Engineering, 2025, 12(12), 201-222 | 215
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Figure 27: Cross-track error calculated during the driving process.
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Figure 28: Cross-track error calculated after the driving process.

5. Experiments

The proposed system was validated by driving the vehicle along
two different paths on the campus of Gwangju Institute of Sci-
ence and Technology. The vehicle was driven along each path,
with measurements taken at 0.1-second intervals. Target Path 1
and Target Path 2 are overlaid on satellite imagery, as shown in
Figures 18A and B, respectively.

All experiments were performed on dry asphalt campus roads.
The adhesion coefficient 1 for dry asphalt typically ranges be-
tween 0.7 and 0.8, providing reliable tyre-road contact. Addition-
ally, the vehicle’s speed was limited to not exceed 10 km/h during
the driving tests. For target path 1, the vehicle was driven in a
clockwise direction when viewed from the top, whereas for tar-
get path 2, the vehicle followed a counterclockwise direction. The
factors to be validated through the driving experiments are as fol-
lows:

(1) The completion of the target path:

The successful completion of the target pathis used to validate
the feasibility of the proposed system.

(2) Path tracking performance

600 800

Time Step

During the driving process, the cross-track error and heading
error are computed and minimized to verify whether the vehicle
converges to the desired position and heading.

(3) To validate the appropriateness of processing the path
heading and the vehicle heading information.

By driving each path in the opposite direction, the appropriate-
ness of the method used in this study to obtain the path heading
is verified. Additionally, it is confirmed whether the signs deter-
mined differently in the left and right turn situations of the path
tracking algorithm are correct.

6. Result and Discussion

6.1. Target path 1

The proposed system completed target path 1, and the driving re-
sults are as follows.

Figure 19 shows the trajectory of the vehicle recorded during
the driving process of target path 1, while Figure 20 displays the
steering angle calculated by the Stanley method. The following is
the cross-track error calculated in the quasi-static control stage.
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Figure 29: Absolute cross-track error calculated after the driving process.

Table 6: MAE and RMSE of target path 2.

MAE (m) RMSE (m)

0.0427 0.0802

As illustrated in Figures 21-23 and summarized in Table 5, the
cross-track error to the path was recalculated based on the coor-
dinates of geometric center of the vehicle body, recorded during
the real-world experiments. MAE was calculated as 0.0786 m, and
RMSE was calculated as 0.1140 m. The maximum cross-track er-
ror was —0.9296 m.

In the dynamic control stage, the convergence between the de-
sired heading and the posterior heading immediately after the
control input was also evaluated, with an average error of 2.1411°.
The difference between the desired heading and the posterior
heading recorded during the driving experiment can be observed
in Figure 24.

6.2. Target path 2

The proposed system completed target path 2, and the results of
the driving are as follows.

— Absolute CTE

Max Absolute CTE: 0.4289m

wand

600 800

Time Step

Figure 25 shows the trajectory of the vehicle recorded dur-
ing the driving process of target path 2, while Figure 26 displays
the steering angle calculated by the Stanley method. The follow-
ing is the cross-track error calculated in the quasi-static control
stage.

For the case of driving target path 2, asillustrated in Figures 27—
29 and summarized in Table 6, MAE was calculated as 0.0427 m,
and RMSE was calculated as 0.0802 m. The maximum cross-track
error was 0.4289 m.

In the dynamic control stage, the convergence between the de-
sired heading and the posterior heading immediately after the
control input was also evaluated, with an average error of 2.5000°.
The difference between the desired heading and the posterior
heading recorded during the driving experiment can be observed
in Figure 30.

In the case of cross-track error, it was observed that the error
temporarily increased at the starting point of the turning section
and quickly minimized thereafter. Figure 31 illustrates the vehi-
cle’s trajectory along with a rectangle matching the actual size of
the vehicle, overlaid on a satellite map image, to check for lane
violations.
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Figure 30: Desired heading and posterior heading.
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Figure 31: Temporary increase of cross-track error.

Before entering the turning section, the vehicle follows the
straight path, and the cross-track error is minimized as 0 me-
ter. However, as seen in Figure 31, the moment the vehicle en-
ters the turning section, the slope of the path segment formed
by the target path coordinates and the passed path coordinates
changes drastically, causing both the heading error and cross-
track error to rise sharply. This can also be observed in Fig-
ures 20 and 26, where the steering angle, heading error, and cross-
track error all increase simultaneously upon entering the turning
section.

Table 7 compares the lateral control system proposed in this
study with those reported in previous research.

Only results obtained through actual real-world experiments
were included. Cases lacking information on total travel dis-
tance were excluded from the analysis. As seen in Table 7,
each study adopted different performance metrics such as max-
imum error, MAE, and RMSE. Furthermore, experiments were
conducted on different trajectories and travel distances. These
variations make direct performance comparison inherently chal-
lenging. To address the challenge of comparing across differing
path lengths and shapes, we propose a normalized lateral er-
ror metric: error (m) divided by path length (m) x 1000. Com-
parisons were limited to real-world studies that provide suffi-
cient path information, including the total travel length. Because
curvature information was rarely available, we report a dimen-
sionless error normalized by path length. While this omits cur-
vature dependence, it allows a conservative, reproducible com-
parison across heterogeneous routes. While this is not a stan-
dard metric, it provides a scale-invariant measure of controller
performance, enabling approximate comparisons when trajecto-
ries differ in complexity. While limited, it enables conservative
comparison. For identical routes, statistical tests such as paired
t-tests or nonparametric Wilcoxon tests should be applied. Fu-
ture benchmarking on our released datasets will incorporate such
analyses.

Both the original and the normalized metrics are presented for
comparison, and the best-performing results for each metric are
highlighted in bold.

Former error metric (m)
Total travel distance (m)

Metric score = x 1000. (10)

Based on this new formula, our method evaluated on path 2 ex-
hibited the best on the normalized maximum error (0.1950), nor-
malized MAE (0.0194), and normalized RMSE (0.0365)

7. Conclusions

This study was designed with a lateral control system consist-
ing of three main stages: positioning, quasi-static control, and dy-
namic control. In the positioning stage, precise positioning was
performed from RTK, and data was directly collected and pro-
cessed to address the absence of the provided path coordinates.
In the quasi-static stage, the Stanley Method was adopted as
the path tracking algorithm and applied to the data collected. In
the dynamic control stage, a PID controller was implemented to
compensate for the mismatch between the steering wheel an-
gle and the actual vehicle behavior, thereby performing lateral
control.

Previous lateral control methods measured their maximum
and mean lateral errors with different trajectory lengths. Our
idea is that these errors should be normalized with respect to
the total travel length. Based on this normalization we have
shown that as evident from target path 2, our normalized lat-
eral (cross-track) error shows the best among all compared past
literature.

Future work includes extending tests to higher-speed and dy-
namic scenarios, integrating longitudinal control for complete
vehicle stabilization, and formalizing curvature-aware error
metrics.

Our experiments were limited to ~10 km/h. Error spikes in
turns stem from sharp curvature and actuator lag. We suggest
mitigations such as gain scheduling and speed reduction near
curves. Future work will address higher-speed environments and
integrate longitudinal control.

1. Short-term driving performance

For the short-term driving performance, it is essential to as-
sess how quickly the cross-track error and heading error are min-
imized. As observed in Section 6.1 and 6.2, it was confirmed that
the cross-track error and heading error temporarily increased
drastically at the moment of entering the turning section. There
is a need to minimize these errors in the turning section to
achieve more stable driving performance. Furthermore, it is nec-
essary to determine the appropriate time for error minimiza-
tion during the driving process. These are essential for driving
safety.

2. Integration with longitudinal control system
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Appendix A. Positioning

Positioning refers to the process by which a moving object esti-
mates its own position, speed, and orientation. When using GNSS
equipment, the object’s current position, represented by latitude
and longitude, is determined by measuring the time it takes for
signals transmitted from reference points—such as GNSS satel-
lites and base stations—to reach the observation point, which in
this case is the vehicle. By acquiring accurate position informa-
tion, the vehicle can plan its driving path, calculate its deviation
from the planned trajectory, and perform lateral control to mini-
mize this deviation.

A.1. GNSS

GNSS is a positioning technology that calculates the position and
speed of a moving object using signals transmitted from satellites
located in medium earth orbit at an altitude of 20220 km above
the Earth’s surface (Kaplan & Hegarty, 2017). The basic positioning
process of GNSS is as follows:

(1) Satellite signal reception

The GNSS receiver mounted on the vehicle receives signals
transmitted from multiple satellites. The signals received contain
information about the satellite’s location and the time the signal
was transmitted.

(2) Distance measurement

The GPS receiver calculates the distance to each satellite based
on the time the signal was transmitted.

(3) Trilateration

The vehicle’s position (latitude and longitude) is calculated us-
ing distance measurements from at least three satellites. To deter-
mine the position accurately and uniquely through trilateration,
a minimum of three reference points is required.

However, the position information provided by GNSS can cause
several meters errors in the absence of corrections. The main
sources of these errors (Langley et al., 2017) are summarized in Ta-
ble Al

(1) Satellite clock errors

Although the atomic clocks onboard the satellites provide
highly accurate time information, even a small-time error can
lead to significant positioning errors. The GPS receiver calculates
the time difference between the transmitted and received signals
and assumes the transfer speed of the signal to be the speed of
light to compute the distance from the satellite. For instance, a
10ns error in satellite time would result in a positioning error of 3
m.

(2) Satellite orbit errors

The discrepancy between the predicted and actual orbits of
GNSS satellites can lead to distance errors, resulting in positioning
errors of up to 2.5 m.

(3) Ionospheric delay, tropospheric delay

The satellite signals travel through the ionosphere and tropo-
sphere before reaching the receiver on the Earth’s surface, caus-
ing transfer time delays that result in positioning errors of up to
5m.

(4) Receiver noise

It is caused by signal noise generated in the GNSS receiver, re-
sulting in positioning errors of up to 0.3 m.

(5) Multipath error

It is the error caused when signals reflected or diffracted by
buildings or other structures near the receiver arrive at the re-
ceiver along with the direct signal. The reflected or diffracted sig-
nals reach the receiver with a delay, resulting in positioning errors
of upto1m.

In South Korea, the minimum lane width is 3.0 m for urban
areas with a design speed of less than 60 km/h (Ministry of Land,
Infrastructure and Transport [Republic of Korea] 2024). If GNSS po-
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Table A1l: Positioning errors of GNSS (NovAtel,n.d.).

Source of errors Error range
Satellite clock errors +2m
Satellite orbit errors +25m
Ionospheric delay +5m
Tropospheric delay +0.5m
Receiver noise +0.3m
Multipath error +1m

sitioning data is used directly without correction, it implies that
the vehicle would be driving with an error equivalent to one or
more lanes, which makes it unsuitable for practical driving con-
ditions. We acknowledge GNSS failures such as multipath and ur-
ban canyon effects. In practice, fallback strategies include conser-
vative gains, smoothing filters, and safe disengagement thresh-
olds. Because we wanted to make our paper focused on our merits,
we have not discussed fallback strategies.

A.2.RTK

RTK is a correction method applied in this study to minimize the
positioning errors of GNSS, providing positioning results with an
error range of a few centimeters (Langley 1998). RTK uses cor-
rection data from the carrier phase of the GNSS base station
(with precise pre-existing position information) to correct the po-
sitioning of the GNSS rover in real time, ensuring an error range
within a few centimeters. The process by which RTK corrects
the positioning results using carrier phase correction values is as
follows.

(1) A GNSS receiver is installed at a location with known lati-
tude, longitude, and altitude (GNSS base), which serves as
the reference point.

(2) The GNSS base calculates the errors by using the position-
ing data received from the satellites.

(3) The GNSS base transmits the error information to nearby
GNSS receivers (GNSS rover) that are capable of receiving
it.

(4) The GNSS rover receives error information via the network
and uses it to correct its positioning results.

RTK has a limitation in that the correction accuracy decreases
as the rover moves farther away from the base. This is because,
as the distance from the base increases, the reception environ-
ment of the rover’s signals changes due to factors like ionosphere
and troposphere effects. To address this, network RTK(Wanninger
2004), typically known as a Virtual Reference Station, must be ap-
plied. In South Korea, the VRS service provided by the National Ge-
ographic Information Institute can be utilized. To apply Network
RTK, NGII recommends using the NTRIP client, which connects to
the VRS server of NGII to acquire correction data and transmit it
to the rover (GNSS mounted on the vehicle).

The proposed system performs network RTK by installing the
NTRIP client on a network-enabled PC, which communicates with
the NGII VRS server. The correction data received from the server

is then transmitted to the GNSS receiver via USB. Figure Al
presents the overall flow of RTK correction applied in the proposed
system.

To apply RTK, the GNSS must be configured to transmit infor-
mation such as current position, altitude, and time in the National
Marine Electronics Association (NMEA) message format, specifi-
cally the GGA format, to the NTRIP client. The NTRIP client then
communicates with the VRS server to acquire Radio Technical
Commission for Maritime Services version 3 correction data. For
RTK correction, a minimum of six satellites must be connected to
receive signals, which allows the error to be reduced to within a
few centimeters (Mekik & Arslanoglu, 2009).

A.3 GNSS heading

GNSS heading refers to the estimation of the vehicle’s attitude,
particularly its direction (vehicle heading), based on positioning
data. When additional antennas are installed, more accurate data
can be obtained. Each antenna receives signals from satellites and
acquires position and altitude information, which is then used to
calculate the vehicle heading(yaw) and vehicle pitch. In the GNSS
used in this system, when two or more antennas are installed with
a baseline distance of atleast 1 meter, the system exhibits an error
of approximately + 0.2°. In this study, the vehicle heading infor-
mation obtained from the GNSS system is used to determine the
vehicle’s orientation, with the vehicle heading defined as 0° at true
north and increasing clockwise.

GNSS heading is obtained by calculating the relative position of
the secondary antenna from the primary antenna, which serves
as the reference point, as illustrated in Figure A2. Therefore, it
is recommended to install the primary antenna behind the sec-
ondary antenna to improve the accuracy of the heading estima-
tion. Additionally, the more accurate the position information ob-
tained from each antenna, the more precise the attitude informa-
tion will be. For optimal results, it is appropriate to use GNSS head-
ingin a setup where RTK is applied, as this enhances the accuracy
of the positioning data.

A.4 IMU

Even when error correction is applied to GNSS, in places with inter-
mittent signal interference, such as urban canyons, GNSS-based
positioning can still be inaccurate (Cui & Ge, 2003). To handle this
situation, an IMU is used. The IMU consists of an accelerometer
and a gyroscope, which measure the vehicle’s attitude and veloc-
ity at regular intervals. The IMU then integrates the measured at-
titude and velocity over time to determine the vehicle’s final po-
sition and attitude (Ahmad et al., 2013).

The IMU'’s positioning method provides relative position and at-
titude information from an initial state. So, it is essential to know
the initial position and attitude. Therefore, the position informa-
tion obtained from the GNSS’s positioning result was set as the
initial position.

In summary, the GNSS positioning results were primarily used
in the positioning phase, and further refinement was achieved by
using the IMU's positioning results to obtain more precise posi-
tioning data.
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Figure A2: Vehicle attitude acquired via GNSS positioning.
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