
Academic Editors: Wolfgang Kainz,

Chaowei Yang, Daniel Q. Duffy, Xiao

Huang and Lingbo Liu

Received: 3 December 2025

Revised: 1 January 2026

Accepted: 9 January 2026

Published: 11 January 2026

Copyright: © 2026 by the authors.

Published by MDPI on behalf of the

International Society for

Photogrammetry and Remote Sensing.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Rule-Based Scenario Classification Using Vehicle Trajectories
Sungmo Ku 1 and Jinho Lee 2,*

1 Department of Smart Factory Engineering, Tech University of Korea, Siheung 15073, Gyeonggi-do,
Republic of Korea; tndah06084@tukorea.ac.kr

2 Department of Computer Engineering, Tech University of Korea, Siheung 15073,
Gyeonggi-do, Republic of Korea

* Correspondence: jhjy2491@tukorea.ac.kr

Abstract

Ensuring the safety of autonomous driving systems (ADS) requires scenario-based testing
that reflects the complexity and variability of real-world driving conditions. However,
the nondeterministic nature of actual traffic environments makes physical testing costly
and limited in scope, particularly for rare and safety-critical scenarios. To address this,
simulation has become a core component in validation by providing scalable, controllable,
and repeatable testing environments. This study proposes a trajectory-based scenario clas-
sification framework that emphasizes both generality and interpretability. Specifically, we
define a set of rule-based maneuver classification criteria using lateral acceleration patterns
and apply them to simulated urban driving scenarios modeled with OpenSCENARIO. To
address overlapping maneuver characteristics, a priority ordering of classification rules is
introduced to resolve ambiguities. The proposed method was evaluated on a dataset com-
prising 7 types of maneuvers, including straight driving, lane changes, turns, roundabouts,
and U-turns. Experimental results demonstrate the effectiveness of rule-driven classifica-
tion based on vehicle trajectory dynamics and highlight the potential of this approach for
structured scenario definition and validation in ADS simulation environments.

Keywords: driving trajectory classification; rule-based scenario classification; scenario
generation; autonomous driving test; ISO 26262; ISO 21448 (SOTIF); OpenSCENARIO

1. Introduction
The safety validation of Autonomous Driving Systems (ADS) faces fundamental chal-

lenges due to the inherent complexity, non-determinism, and unpredictability of real-world
driving environments [1–3]. In particular, edge-case scenarios (i.e., rare but potentially
safety-critical situations) are extremely difficult to reproduce and test repeatedly in physical
environments. To address these limitations, simulation has emerged as a critical tool in
the development and validation of autonomous vehicles, providing a controlled, repeat-
able, and scalable testing environment that can effectively complement the complexity of
real-world driving conditions [4]. Simulation enables efficient reproduction and analysis
of diverse driving scenarios, thereby facilitating early identification and mitigation of
potential risks before the installation of the system on public roads.

To institutionalize simulation-based validation, several international standards have
been established. These include ISO 26262 for functional safety, ISO 21448 (SOTIF) for
the safety of intended functionality, and ASAM OpenX standards (i.e., OpenSCENARIO
(https://www.asam.net/standards/detail/openscenario/ (accessed on 1 January 2026))
and OpenDRIVE (https://www.asam.net/standards/detail/opendrive/ (accessed on
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1 January 2026)) for the structured definition of scenario components [5,6]. These stan-
dards clearly specify the static and dynamic elements of driving scenarios, supporting
systematic verification of the behavior of ADS under various conditions.

In practice, real-world driving environments exhibit virtually infinite spatiotemporal
variability. To effectively address this in simulations, a structured and scalable method
for scenario classification and organization is essential. A representative approach in
previous research is the layered classification framework proposed by the PEGASUS
(https://www.pegasusprojekt.de/en/home (accessed on 1 January 2026)) project, which
categorizes scenarios by Road Environment, Traffic Participants, and Additional Condi-
tion [7]. Alternatively, other studies classify scenarios based on vehicle dynamic states
(i.e., vehicle state maneuver, infrastructure maneuver, and object-related maneuver) [8,9].
Although these hierarchical frameworks offer a structured view, they often fail to capture
the diversity and generalizability of real-world driving conditions. Other approaches
include ontology-based methods that define inter-object relationships at the scene level,
as well as data-driven methods that utilize statistical analysis or deep learning models
trained on real-world trajectories [10]. However, these methods also exhibit limitations in
fully reflecting the richness and extensibility of real-world scenarios. Therefore, this study
proposes a trajectory-centric framework for defining and classifying driving scenarios,
aiming to balance generality and interpretability in vehicle behavior modeling. This ap-
proach seeks to establish a practical classification system grounded in trajectory data, and to
construct reproducible units of scenarios that are suitable for simulation-based verification.

The necessity for such a trajectory-centric system is further highlighted by the ongoing
efforts to bridge the gap between real-world data and virtual validation. While numerous
studies have leveraged real-world driving data to reconstruct scenarios in standardized for-
mats like OpenSCENARIO [11–15], their focus has primarily remained on the reproduction
of individual events. For instance, research has identified ego-vehicle activities such as lane
changes based on lane-boundary distances [11] or utilized specialized datasets like HighD
to generate concrete scenarios for Automated Lane Keeping Systems [12,15]. However,
these existing works often treat scenario generation as an isolated process, lacking a gener-
alized framework that systematically integrates these scenarios across the broader learning
and validation pipelines. Consequently, there remains a critical need for a methodology
that not only generates scenarios but also organizes them into branching logical structures
that enhance the scalability of autonomous driving algorithms. To address this gap, this
study proposes a framework based on scenario branching to improve both the verifiability
and the systematic utility of generated maneuvers.

The remainder of this paper is organized to systematically present the development
and validation of the proposed trajectory-centric classification framework. In Section 2,
we review related research across four key areas: safety testing for autonomous driving,
vehicle behavior classification, scenario classification and indexing, and scenario genera-
tion. Section 3 introduces the proposed method, including the design and construction of
the dataset, its key characteristics, and the classification strategy adopted by the model.
The methodology section further details the rule-based classification process and the criteria
used for maneuver discrimination. Additionally, the data analysis and rule formulation
subsections describe the specific parameters and logic applied within the classification
framework. In Section 4, we present the experimental results obtained from the proposed
rule-based model, highlighting the necessity of rule prioritization and the outcomes of its
application. This section also introduces parameter optimization as a technical means to
mitigate initial classification errors and includes a comparative analysis with deep learning
models to rigorously validate the performance and efficiency of the proposed framework.
Section 5 provides a comprehensive discussion that critically examines the structural limi-
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tations of the current framework, the impact of dataset characteristics, and the challenges
of cross-platform consistency across different simulators. Finally, Section 6 concludes the
paper by summarizing the key contributions and outlining future research directions.

2. Related Work
Validation methods for ensuring the safety of autonomous driving systems are rapidly

shifting from traditional function-level testing toward scenario-based testing frameworks.
This approach aims to comprehensively cover the complex and diverse driving situations
that autonomous vehicles can encounter, while improving the reproducibility and coverage
of test cases in a meaningful way. To this end, it is necessary to understand both the
validation of autonomous driving algorithms using scenarios and the processes of scenario
generation and classification.

2.1. Scenario-Based Driving Safety Test

Recent autonomous driving test frameworks have increasingly adopted simulation-
based components defined in alignment with international standards such as ISO 26262.
From this perspective, the driving environment is no longer treated merely as a collection
of visual elements, but is systematically decomposed into scenes, which represent static
snapshots; situations, which capture decision-relevant contexts; and scenarios, which
describe the temporal evolution of events [16].

Such formalized definitions provide a structural foundation for enhancing the reliabil-
ity of simulation-based testing. To support this paradigm, research efforts have focused on
extracting vehicle motions and behaviors from real-world physical data and converting the
extracted information into standardized data formats such as OpenSCENARIO. Studies
in [17,18] facilitate the generation of standardized datasets for autonomous driving tests
using real-world data, while [19] extracts vehicle maneuvers and directly infers metadata
at the scenario level, thereby reducing reliance on domain experts and enabling automated
generation of repetitive test cases. Collectively, these studies contribute to the creation of
realistic scenario representations for autonomous driving algorithm testing and reflect a
broader transition toward data-driven or hybrid approaches for dynamic scenario con-
struction. Such methods allow simulation-based testing environments to more effectively
capture the variability and realism of real-world driving conditions, while supporting
coverage-driven safety assessment.

2.2. Driving Maneuver Classification

Accurate classification of vehicle maneuvers during driving is a key factor in ensuring
the safety of autonomous driving systems and enabling automation in scenario-based
validation. Maneuver recognition and behavior classification techniques have evolved
from early simple rule-based methods toward hybrid and deep-learning-based models
designed to address the increasing complexity of urban driving environments.

Early studies focused on rule-based approaches to achieve high interpretability and
real-time performance. In structured environments such as highways, it has been demon-
strated that lane-change intentions and driving behaviors can be predicted with high accu-
racy using logical rules based on physical indicators such as lateral velocity, lane position,
and time-to-collision (TTC) [20,21]. These approaches are characterized by low compu-
tational complexity, making them well suited for real-time implementation in Advanced
Driver Assistance Systems (ADAS). However, rule-based approaches have difficulty cap-
turing the complexity of urban environments. To address this limitation, Haque et al. [21]
introduced a hybrid approach that combines refined rules with machine learning techniques.
By detecting motion transitions from time-series sensor data and linking them with various
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classification models, such as Random Forest, Support Vector Machine (SVM), and Long
Short-Term Memory (LSTM), the scope of maneuver classification was expanded [21–26].
Another line of research adopts deep-learning-based approaches that leverage large-scale
driving data and probabilistic models. By integrating Hidden Markov Models (HMMs) with
Variational Gaussian Mixture Models (VGMMs), these methods simultaneously predict
surrounding vehicles’ maneuvers and future trajectories, achieving significant performance
improvements over simple motion models [27–29]. More recently, studies have combined
domain knowledge and scenario information with transfer learning and attention mecha-
nisms to maximize recognition accuracy in environments with low data density or high
complexity, such as intersections and merging areas [30]. In addition, approaches that
integrate models with heterogeneous characteristics through dual architectures or fuzzy
logic have contributed to reducing classification errors in ambiguous driving situations
and improving overall reliability [31–33].

Overall, driving maneuver classification techniques have progressed beyond simple
event detection to form structured frameworks that account for diverse driving environ-
ments and sensor characteristics. This technological foundation plays a central role in
scenario-based autonomous driving validation systems by supporting situation awareness
and object behavior analysis.

2.3. Scenario Classification and Indexing

To quantitatively validate the reliability of autonomous driving systems, it is essential
to move beyond raw log data and adopt a framework capable of systematically classifying
and indexing complex driving environments. Recent studies have focused on semanti-
cally structuring large-scale driving data and developing logical modeling approaches for
efficient extraction, storage, and generation of scenarios.

Considerable research has been devoted to semantic structuring methods that derive
meaningful test units from real-world driving data. Representative approaches hierarchi-
cally organize vehicle maneuvers based on the relationships among vehicle states, road
infrastructure, and surrounding objects, and parameterize these maneuvers to transform
unstructured driving logs into interpretable scenario units [9,34]. Such methods provide
a foundation for generalizing complex real-world driving behaviors into structured and
reusable test cases. Database indexing and ontology-based techniques are equally im-
portant for systematically managing and reusing extracted scenarios. By decomposing
scenarios into atomic components and storing them in object-centered, normalized data
structures, environments have been established in which thousands of scenarios can be
queried and managed using SQL-based operations [7,35]. In particular, knowledge-based
ontology approaches enforce the generation of only valid combinations of road structures
and traffic objects, thereby improving the consistency of scenario specifications and com-
pensating for the expressive limitations of standard formats such as OpenSCENARIO [10].
More recently, increasing attention has been paid to analyzing logical relationships among
scenarios in order to ensure validation completeness, or coverage. By defining scenario
attributes using temporal logic languages (e.g., CMFTBL) and organizing them within
tree-based classifiers, methods have been proposed to automatically identify scenario types
contained in driving logs [36–38]. These approaches go beyond simple classification by
enabling the detection of missing attribute combinations, thereby allowing quantitative
evaluation of test coverage.

Comprehensively, scenario classification and indexing technologies have evolved from
basic data storage mechanisms into intelligent management frameworks that integrate
temporal logic with knowledge-based rules. Such frameworks serve as core infrastruc-
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ture for ensuring reproducibility and efficiency in scenario-based validation processes for
autonomous driving systems.

2.4. Scenario Generation

To maximize the efficiency of autonomous driving system validation, recent studies
have leveraged international standards such as OpenSCENARIO not merely as specification
tools but as central components of automated test generation frameworks. In particular,
technical efforts have continued to move away from fixed-parameter-based, discrete testing
approaches toward dynamically exploring and controlling a broad scenario space.

To enhance scenario flexibility, the constituent elements of a scenario—such as object
placement, execution order, and decision-making logic—have been represented using
hierarchical behavior trees, enabling more complex and variable scenario execution control
within simulation environments [39]. This structured approach, when combined with
automated generation pipelines, provides an environment in which a large number of test
cases can be rapidly generated and executed in high-fidelity simulators such as CARLA.
In addition, various hazardous situations can be tested by injecting disturbances such as
risky vehicle cut-in maneuvers, pedestrian crossings, and adverse weather conditions into
baseline scenarios [40]. By coupling these mechanisms with parameter space exploration
guided by the Operational Design Domain (ODD), both scenario diversity and realism can
be simultaneously achieved [41,42]. While scenario extraction from real-world data focuses
on faithfully describing observed driving behavior, research on scenario generation places
emphasis on testing a wide range of environments beyond those present in real datasets.
This enables evaluation of system performance limits beyond simple functional verification.

As a result, recent studies utilizing the OpenSCENARIO standard have advanced
the level of automation in scenario-based validation by integrating structured scenario
definitions, parameter space exploration, and flexible execution control logic. This practical
foundation provides the scalability required to quantitatively and systematically cover the
vast range of driving situations that autonomous vehicles may encounter.

2.5. Contributions of the Proposed Framework

Existing studies on behavior classification and scenario indexing have primarily fo-
cused on partial driving behaviors occurring within limited spatial contexts, such as
intersections or highways. In contrast, this study aims to distinguish generalized driving
behaviors in expanded urban environments. Accordingly, the main contributions of this
work to the field of scenario-based autonomous driving validation are as follows:

1. Trajectory-centric scenario classification framework: This study proposes a rule-based
maneuver classification method that leverages lateral acceleration patterns to dis-
tinguish driving behaviors across a total of 7 major scenario types, comprising a
fine-grained set of specific maneuvers. Unlike previous studies, which primarily
focused on limited driving behaviors at crossroads and on highways, the proposed
framework presents a high-level categorization of vehicle behaviors that can occur
in urban environments. While learning-based models often function as black boxes,
the proposed approach ensures transparency through a framework based on physical
driving dynamics.

2. Simulation dataset construction based on OpenSCENARIO: A comprehensive simula-
tion dataset was constructed based on OpenSCENARIO v1.2, encompassing seven
trajectory-based urban driving scenarios under conditions without the influence of
other vehicles. The dataset includes a variety of maneuver types, and driving speeds,
and was designed with repeatability, coverage analysis, and future autonomous
driving system testing.
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3. Modeling generalized urban driving trajectories: In prior studies analyzing urban
driving maneuvers and driver behavior, the focus has primarily been on straight
driving, left turns, and right turns, with straight driving typically limited to linear
road segments. In contrast, the present study considers a broader range of driving
conditions by including straight driving on various curve roads as well as analyzing
trajectories associated with roundabout maneuvers, thereby reflecting more general-
ized urban driving scenarios.

4. Quantitative analysis and performance evaluation of the rule-based classifier: In this
study, classification rules were defined for each driving trajectory, and comparative
experiments were conducted by varying the rule application order. This allowed
us to identify which trajectories required more fine-grained conditions or additional
classification criteria. Through this analysis, we provide insights into the prioritization
and complexity of trajectory classification. The proposed rule-based classifier achieved
high performance with an accuracy of 0.9784, an F1-score of 0.9764, and a processing
speed of 74.42 samples per second. Furthermore, class-wise recall analysis revealed
the strengths and limitations of the model.

3. Proposed Method
This section outlines the data acquisition process, key data characteristics, and the

methodology used for maneuver classification. The dataset consists of two primary compo-
nents: scenario files and driving log data. The scenario files define the entities, trajectories,
and events to be simulated, while the driving logs capture the actual behavior of the vehicle
as it executes each scenario within the simulator. This study proposes a classification
approach based on the collected trajectory data. The following subsections are organized
as follows: Section 3.1 describes the composition of scenario files, including maneuver
classes and their variants; Section 3.2 presents the characteristics of driving trajectories
and explains the feature selection process; finally, Section 3.3 defines the criteria used for
rule-based maneuver classification.

3.1. Dataset

In this study, a dataset was constructed for the generation of scenario based on the
simulation of autonomous driving referencing the OpenSCENARIO v1.2 standard. Each
scenario was designed to replicate a range of vehicle maneuvers that commonly occur
in urban driving environments, and includes a total of seven maneuver types: Straight
(ST), Left Turn (LT), Right Turn (RT), Left Lane Change (LLC), Right Lane Change (RLC),
Roundabout Maneuvering (RA), and U-turn (UT).

Straight driving scenarios encompass not only simple straight roads but also those
containing curved segments in the form of S-curve and C-curve, thus inducing diverse
steering behaviors within a single maneuver type. For each scenario, variations were
introduced in terms of starting and ending positions, and simulations were conducted at
urban-appropriate speeds of 20, 30, 40, and 50 km/h. In the case of U-turns (UT), which
involve tight maneuvering, the speed was limited to 5 and 10 km/h to reflect realistic
execution conditions.

The dataset includes the following breakdown: 4 types of straight driving, 2 types
of turning maneuvers, 2 types of lane changes, 3 types of roundabout maneuvering and
1 type of UT. These scenarios were further diversified by varying parameters such as traffic
signal presence, vehicle speed, and start/end locations, as summarized in Table 1. In total,
1736 scenario instances were generated.
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Table 1. Scenario Classes, Types, and Counts.

Scenario Class Type Samples

Straight None 63
S-curve Straight 63
C-curve Straight (Left & Right) 126

Left Turn None 252
Right Turn None 252
LLC None 252
RLC None 252
Roundabout 3 o’clock exit 84

12 o’clock exit 84
9 o’clock exit 84

U-Turn None 224

Figure 1 illustrates the visualization results of three types of straight-driving scenarios:
simple straight, C-curve, and S-curve roads. The visualization was generated using a
custom tool that parses OpenSCENARIO XML data and projects vehicle definitions and
behaviors onto a map-based interface. In each scenario, the Ego vehicle follows a predefined
road structure, and its trajectory is visually represented over a road network. Each scenario
is constructed by defining the Ego vehicle and a designated stop point, with waypoints
configured to guide the vehicle to its destination. A variety of scenario instances were
generated at regular intervals by combining parameters such as the vehicle’s initial position,
destination, and speed conditions.

Ego

Stop point

(a) Straight

Ego

Stop 

point

(b) C-curve Straight Scenario

Ego

Stop point

(c) S-curve Straight Scenario

Figure 1. Straight Scenario Trajectories in the Scenario Dataset.

The green dot represents the ego vehicle, the blue dot indicates the stop point, and the
red line shows the predefined path. The visualization is taken from the scenario generation
program, which also displays the surrounding road layout, allowing verification of the
driving environment context.

Figure 2 presents the visualization of vehicle trajectories based on simulation results,
where each scenario was executed in a virtual environment and the resulting driving data
was collected. This visualization includes a total of 12 scenario types. Red dots indicate the
starting points of the vehicles, while blue X-marks denote the end points. The trajectories
are based on the global coordinate system of the simulator, with the origin normalized to
(0, 0) for visualization in a bird’s-eye view. In addition, the trajectory color represents the
vehicle speed, normalized against the maximum speed of the scenario, allowing the viewer
to intuitively observe the speed variation during the maneuver. However, the visualization
does not include detailed information about the road geometry, surrounding buildings,
or environmental objects. This limitation implies that scenario classification based on
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road shape or environmental context is not feasible with the given data. Despite this
limitation, the scenario composition was carefully designed to ensure both diversity in
driving maneuvers and reproducibility in simulation conditions, making the dataset well
suited for training and validation in simulation-based experiments.

(a) Simple Straight (b) S-curve Straight (c) Right C-curve Straight

(d) Left C-curve Straight (e) Left Turn (f) Right Turn

(g) Left Lane Change (h) Right Lane Change (i) Roundabout
(3 o’clock exit)

(j) Roundabout
(12 o’clock exit)

(k) Roundabout
(9 o’clock exit)

(l) U-Turn

Figure 2. Visualization of the Twelve Maneuver Scenarios Used in the Dataset. Each subfigure
illustrates a representative vehicle trajectory for a specific maneuver type, where the red circle
indicates the starting point and the blue “x” indicates the end point of the trajectory. The color
along the trajectory denotes the vehicle’s speed, normalized and represented by the accompanying
color bar.

The simulation output was recorded at a frequency of 50 Hz, capturing the state
information of all entities involved in each scenario. The format and structure of the
recorded data are summarized in Table 2, and the key data fields are defined as follows.
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Position values (X, Y, Z) are defined using the ENU (East–North–Up) coordinate system [43],
where the X-, Y-, and Z-axes point east, north, and up, respectively, as shown in Figure 3a.
This serves as the global coordinate system of the simulator, and the values are expressed
in meters. The position represents the absolute spatial location of each object within the
simulation. However, due to variations in the underlying map configurations, identical
coordinate values may not correspond to identical driving paths across different scenarios.
Velocity and acceleration are defined with respect to the vehicle coordinate system, where
the longitudinal (X-), lateral (Y-), and vertical (Z-) axes correspond to forward, left/right,
and upward directions, respectively. Velocity is measured in kilometers per hour (km/h),
and acceleration in meters per second squared (m/s2). Among these, lateral acceleration
along the Y-axis is particularly significant, as it is highly responsive to turning motions,
lane changes, and other maneuvering behaviors. Rotation is also defined in the vehicle
coordinate system and measured in degrees. It represents the angular orientation of the
vehicle around each axis, with roll corresponding to rotation around the X-axis, pitch
around the Y-axis, and yaw around the Z-axis, as illustrated in Figure 3b.

Table 2. Major Features in the Driving Trajectory Dataset.

Feature Type/Unit

Time s (sec)
Entity String
Position X m
Position Y m
Position Z m
Velocity X (entity coordinate) km/h
Velocity Y (entity coordinate) km/h
Velocity Z (entity coordinate) km/h
Acceleration X (entity coordinate) m/s2

Acceleration Y (entity coordinate) m/s2

Acceleration Z (entity coordinate) m/s2

EAST

NORTH
UP

(a) East–North–Up (ENU) coordinate system

Y

X

Z

YAW

PITCH

ROLL

(b) Vehicle Coordinate System

Figure 3. Coordinate Systems in Simulator (a) The ENU (East–North–Up) coordinate system rep-
resents the global reference frame used by the simulator, suitable for aligning with Earth-fixed
coordinates. (b) The vehicle coordinate system defines the reference frame relative to the ego vehicle,
where the X-axis points forward, Y-axis to the left, and Z-axis upward. Rotational movements are
defined as roll (around the X-axis), pitch (around the Y-axis), and yaw (around the Z-axis), with yaw
being the most relevant component for describing vehicle turning behavior.

3.2. Methodology

In this study, a rule-based classification methodology is adopted to identify driving
scenarios based on vehicle motion data, with lateral acceleration (ay) employed as the key
physical indicator. The problem of driving scenario classification can be fundamentally
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reduced to identifying changes in driving direction, as lateral acceleration directly quantifies
the dynamic response that occurs when a vehicle’s trajectory changes direction.

First, lateral acceleration provides physically interpretable and distinctive patterns for
differentiating maneuver types. According to prior studies, lateral acceleration—together
with heading angle and velocity—exhibits characteristic signal patterns during steering be-
haviors such as left and right turns as well as lane changes [13,17,18,32–36,44]. In particular,
research utilizing UAV-derived trajectory data has demonstrated that the correlation be-
tween lateral acceleration and speed serves as a key feature for inferring direction-changing
maneuvers [45], while changes in trajectory curvature and lateral displacement rates have
been shown to be essential indicators for lane-change detection [46].

In addition, lateral acceleration offers a reliable basis for defining maneuver intensity
and threshold criteria. Previous studies have identified abrupt maneuvers by applying
specific acceleration thresholds (e.g., 5 m/s2) [47], or by directly using lateral accelera-
tion values as input variables to assess maneuver validity [13,17,18]. Unlike black-box
learning-based models, such physically grounded indicators enable explicit justification
of classification outcomes, making them particularly well suited as features within a rule-
based framework. Consequently, based on the physical insights established in previous
work, this study designates lateral acceleration as the central variable for defining driving
scenarios, in order to simultaneously achieve high accuracy of maneuver identification and
strong interpretability of the model in complex urban driving environments.

Building on these previous studies, we further analyze the role of lateral acceleration
in our dataset. As shown in Figure 4, even when vehicles start with higher initial and target
speeds, the magnitude of lateral acceleration remains relatively stable due to deceleration
before and during turns. This behavior is particularly evident in the 12 o’clock exit round-
about scenario, where vehicles with different initial speeds from 20 to 50 km/h at 5 km/h
intervals consistently slow down before entering the turning section, resulting in similar
acceleration patterns throughout the turn. This tendency to decelerate before cornering at
higher speeds leads to a negative correlation between speed and acceleration, reinforcing
the significance of lateral acceleration as a key feature for scenario classification.

(a) Speed variation over time (b) Acceleration variation over time

Figure 4. Speed and Acceleration Variations in RA Scenarios by Velocity For the 12 o’clock exit
roundabout scenario, the figures illustrate speed and acceleration variations over time according to
the initial velocity. the speed graph shows intervals of 5 km/h, ranging from 20 to 50 km/h. In (a), It
can be observed that the speed uniformly decreases to around 20 km/h upon entering the turning
section. In (b), the acceleration profiles over time for each initial speed indicate similar acceleration
patterns during the turning phase, as the speed decreases in all cases.

Based on these insights, our study adopts lateral acceleration thresholds as the pri-
mary criterion for scenario classification. The proposed maneuver types are aligned with
simulation-based driving scenarios and are defined as follows, based on vehicle behavior
and trajectory geometry:

https://doi.org/10.3390/ijgi15010037
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• Straight (ST): Driving along a lane without directional changes, including both straight
and curved roads.

• Left Turn (LT): Turning left at a four-way intersection, typically from the leftmost lane
to the corresponding leftward exit lane.

• Right Turn (RT): Turning right from the rightmost lane at the same type of intersection.
• Left/Right Lane Change (LLC/RLC): Changing to the adjacent left or right lane during

straight driving, followed by alignment to the forward direction.
• Roundabout (RA): Entering a roundabout and exiting along a clockwise path covering

the 3 o’clock, 12 o’clock, and 9 o’clock directions.
• U-Turn (UT): Performing a U-turn on a three-lane road without reversing.

Each maneuver is classified based on the characteristics of lateral acceleration. How-
ever, in the case of straight driving, scenarios may involve variations in lateral acceleration
beyond typical straight-line motion. Therefore, assuming only minimal lateral acceleration
is insufficient for accurate classification. To address this, straight driving scenarios were
further subdivided into three categories based on the following criteria:

1. Low lateral acceleration across the trajectory (i.e., consistent forward motion).
2. Consistent lateral acceleration during curved driving segments.
3. Repeated lateral oscillation in S-shaped roads, where the vehicle maintains significant

lateral acceleration for extended durations.

In some cases, particularly for the third type of straight-driving scenarios, the vehicle’s
trajectory may resemble that of a roundabout maneuvering (RA), depending on its entry
direction and speed. To avoid potential misclassification, appropriate threshold values
must be carefully defined. For instance, on a left C-curve road segment classified as straight
driving, the vehicle may exhibit sustained leftward lateral acceleration over a certain period,
a characteristic also observed in RA maneuvers when the vehicle exits toward the 12 o’clock
or 9 o’clock direction. LT and RT scenarios may involve either stop-and-go movement due to
traffic signals or continuous turns without stopping. When a stop occurs, it is assumed that
the vehicle halts at the designated stop line, with no notable lateral acceleration observed
before the stop. Dynamically, LT maneuvers typically feature a larger turning radius
and higher speed than RT maneuvers, which are usually executed at lower speeds and
within tighter curves. Despite these differences, both scenarios involve abrupt changes in
direction, producing distinct patterns in lateral acceleration that enable reliable classification.
Consequently, LT and RT maneuvers are best classified after filtering out other scenario
types to minimize ambiguity and enhance robustness. Lane change maneuvers (LLC and
RLC) involve lateral displacement followed by directional realignment, resembling typical
highway or urban driving behaviors. The magnitude and duration of lateral acceleration in
such maneuvers are influenced by both the distance of the lane change and the vehicle’s
speed. RA maneuvers consist of a sequence of directional changes (rightward entry,
circular motion, and rightward exit) forming a compound behavior of right turn, leftward
progression, and another right turn. The unique pattern of lateral acceleration associated
with this sequence is used to identify RA scenarios. Finally, UT maneuvers are defined by
large-radius leftward turns that result in significantly greater lateral acceleration than LT
maneuvers; accordingly, a higher threshold is applied to distinguish UT from other types.

3.3. Data Analysis and Rules

Figure 5 presents the visualization of lateral acceleration (Y-axis) data collected through
the simulator for the 12 driving scenarios defined in this study. The horizontal axis repre-
sents time (in seconds), while the vertical axis indicates the magnitude of lateral acceleration.
Positive values correspond to rightward turns, whereas negative values indicate leftward
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turns. The data were recorded at a sampling rate of 50 Hz and smoothed using a 100-point
rolling average, effectively yielding a 2 s moving average to mitigate noise.

(a) Simple Straight (b) S-curved Straight

(c) Right C-curve Straight (d) Left C-curve Straight

(e) Left Turn (f) Right Turn

(g) Left Lane Change (h) Right Lane Change

(i) Roundabout (3 o’clock exit) (j) Roundabout (12 o’clock exit)

(k) Roundabout (9 o’clock exit) (l) U-Turn

Figure 5. Time-series Visualization of Lateral Acceleration for Each of the Twelve Driving Scenarios.
The horizontal axis represents time in seconds, and the vertical axis represents lateral acceleration
(m/s2). This acceleration corresponds to the plots at the minimum speed of each scenario. Each plot
illustrates the distinct lateral acceleration pattern corresponding to a specific maneuver. The dashed
horizontal line indicates zero lateral acceleration.
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According to the visualization, LT and RT scenarios exhibit a distinct single-phase
lateral acceleration pattern in the respective directions.It was observed that even at a low
speed of 20 km/h, the absolute value of lateral acceleration can exceed 1.5 m/s2, typically
occurring over a relatively short duration of approximately 6 s. This pattern was also
observed in LT maneuvers, particularly when the vehicle starts moving again after a
temporary stop due to traffic signals. These consistent acceleration signatures suggest
that turning maneuvers can be effectively identified using relatively simple rule-based
thresholds. In contrast, lane changes, roundabout maneuvers, and curved straight-driving
scenarios tend to exhibit multiple lateral acceleration events over time, indicating more
complex dynamic behavior. Considering these differences, it is more effective to establish
classification rules based not only on peak acceleration values but also on the magnitude
and duration of acceleration patterns. For example, lateral acceleration changes that last
less than 8 s are likely to correspond to short, distinct maneuvers such as turns or lane
changes. In contrast, sustained acceleration patterns over 10 s are more indicative of
continuous curved-road driving. Similarly, a pattern involving right–left–right turning
maneuvers within 30 s is rarely observed in typical driving but is commonly found in
roundabout scenarios.

Based on these insights, simpler rules were defined for scenario types with distinct
characteristics, while more complex scenarios were classified using a combination of factors
such as the duration, magnitude, and temporal order of lateral acceleration. Thresholds
and parameters (i.e., minimum acceleration and required duration) were carefully selected
to maximize coverage across diverse scenarios, enabling generalized rule-based classifica-
tion for each class. For example, in turning scenarios, it was observed that lower driving
speeds tend to result in smaller lateral acceleration compared to other turning maneuvers.
To address this, data analysis revealed that the absolute value of lateral acceleration rarely
falls below 1.0 m/s2 during actual turning. Accordingly, a minimum threshold of 1.0 m/s2

(absolute) was applied to avoid misclassifying low-acceleration segments as turns. In ad-
dition, a minimum duration of 3 s was enforced, reflecting the time typically required for
a turning maneuver to take place. This approach was similarly applied to other types of
scenario trajectories, allowing for a generalized and consistent rule-based classification
framework. The detailed rule definitions are presented in the following:

• Straight: During normal driving, the absolute value of lateral acceleration must
remain below 0.05 m/s2 throughout the entire segment. When driving on a curved
road, all subsequent values must remain within 0.1 m/s2 relative to the initial lateral
acceleration. If the lateral acceleration exceeds 0.3 m/s2, it must persist for at least 8 s
to be considered a curved straight scenario.

• Turn (RT and LT): A lateral acceleration greater than +1.0 m/s2 (for RT) or lower than
−1.0 m/s2 (for LT) must be sustained for at least 3 s.

• Lane Change (LLC/RLC): The absolute value of lateral acceleration must exceed a
threshold of 0.2 m/s2 and remain above it for at least 0.7 s. Lane change classification is
based on the temporal sequence of lateral acceleration events, including their direction
and spacing.

• Roundabout (RA): At least one event must exhibit lateral acceleration exceeding
0.3 m/s2 in magnitude for more than 1.3 s. The detected events must follow the sequen-
tial pattern of right–left–right turns. The left-turn segment must not exceed a maxi-
mum duration of 15 s, to prevent confusion with U-turns or prolonged curved driving.

• U-Turn (UT): Lateral acceleration must drop below −3.0 m/s2 and remain below this
threshold for at least 2 s.

The thresholds were set as low as possible to ensure generalization. In particular,
due to the nature of vehicle acceleration data, the magnitude varies depending on speed
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even when following the same path. That is, when changing direction at higher speeds,
greater acceleration occurs in proportion to the speed. Considering this characteristic,
the thresholds for class separation were determined based on low-speed driving data for
each scenario. As illustrated in Figure 5 for the ST case, typical straight driving does not
exceed an absolute lateral acceleration of 0.05 m/s2 even at higher speeds (Minimum:
−0.0449, Maximum: 0.0268). In contrast, S-curve driving exhibits absolute lateral acceler-
ation values exceeding 0.3 m/s2 in both right and left turns, and the effect persists for a
relatively longer duration than RT or LT maneuvers. To distinguish such maneuvers from
other turning actions, an additional threshold of at least 8 s of duration was introduced.
The same phenomenon was observed in RRST and LRST scenarios, and thus, the same
criteria were applied. Using this approach, threshold values for other maneuver classes
were also determined. However, as these thresholds were manually defined by the re-
searcher, they may not represent the optimal parameters. This limitation and the parameter
optimization process will be further discussed in Section 4.2.

4. Experimental Results
This section presents the results of scenario classification based on the previously de-

scribed rule-based conditions. It first addresses the issue of overlapping class assignments,
where a single scenario may be classified into multiple maneuver types due to shared rule
conditions. To resolve this problem, we explored and established rule priorities to eliminate
redundant classifications. Finally, recognizing the limitations of manually set parameters,
we conducted a parameter optimization process to further improve performance.

4.1. Observed Issues During Inference

The results of maneuver classification based on the proposed rule-based conditions
are presented in Table 3. This table illustrates how each rule applies to individual scenar-
ios, allowing identification of which classification conditions are satisfied by each case.
For example, a roundabout (RA) scenario may fulfill not only the RA rule but also those
associated with ST, UT, LT, or RLC, indicating that a single scenario can correspond to mul-
tiple maneuver classes. Conversely, scenarios that do not meet any of the defined rules are
assigned to the UL (Unlabeled) class. As shown in Table 3, rule-based classification without
post-processing may result in ambiguous labeling, where a single scenario is mapped to
multiple classes. This overlap highlights the limitation of using rule-based methods alone
for exclusive class identification.

Table 3. Label Matrix for Scenario Classification without Priority.

Real
Prediction

Samples
RA ST UT LT RT LLC RLC UL

RA 240 84 0 168 0 0 252 0 252
ST 54 243 0 81 63 9 0 2 252
UT 0 0 224 224 0 197 0 0 224
LT 0 0 0 252 0 52 0 0 252
RT 0 0 0 0 252 0 0 0 252
LLC 0 0 1 1 0 252 0 0 252
RLC 0 0 0 0 0 0 252 0 252

UL (unlabeled) denotes scenarios that do not satisfy the conditions of any predefined maneuver class.

In this approach, rules with narrower scope or stronger discriminatory power should
be applied earlier, while more general rules (e.g., those for LT and RT, which tend to
match a wide range of turning behaviors) should be applied later in the sequence. These
broader rules, though effective in capturing turning maneuvers, may lack the specificity
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needed to distinguish between fine-grained behavior types. To address this issue, an addi-
tional experiment was conducted to determine an optimal rule application order based on
classification performance.

4.2. Extended Experiments for Problem Resolution

To determine the rule application order that yields the highest score, we conducted
experiments on all possible permutations. This process corresponds to the priority search
and configuration stage indicated by the red blocks in Figure 6. In total, all 7! (=5040) per-
mutations were tested and the evaluation was performed using F1-score. After analyzing
the results for all permutations, the top 16 priority sequences with the highest F1-scores
in the manual parameter are presented in Table 4. These represent the best-performing
rule orders among the 5040 permutations. From the sequences listed in Table 4, it can
be observed that more fine-grained rules (RA, ST, UT) tend to appear earlier in the order.
In particular, RA consistently shows the highest priority, likely because it represents one of
the most distinctive driving behavior patterns. Specifically, the characteristics of RA involve
acceleration patterns in the sequence of right–left–right movements, while RT, RLC, LC,
and LLC are often detected within portions of this RA trajectory. These priority orders are
based on manually set parameters and may change in future optimization. Among them,
a single representative order was selected, corresponding to the first sequence presented in
the Table 4. Parameter optimization will be discussed in the following paragraph.

Table 4. Rule Priority Orders with the Highest Matching Scores.

No. Rule1 Rule2 Rule3 Rule4 Rule5 Rule6 Rule7

1 RA ST UT LT RT LLC RLC
2 RA ST UT LT RT RLC LLC
3 RA UT ST LT RT LLC RLC
4 RA UT ST LT RT RLC LLC
5 RA UT ST LT LLC RT RLC
6 RA UT ST LT LLC RLC RT
7 RA UT ST LT RLC RT LLC
8 RA UT ST LT RLC LLC RT
9 RA UT ST RT LT LLC RLC

10 RA UT ST RT LT RLC LLC
11 RA ST UT LT LLC RT RLC
12 RA ST UT LT LLC RLC RT
13 RA ST UT LT RLC RT LLC
14 RA ST UT LT RLC LLC RT
15 RA ST UT RT LT LLC RLC
16 RA ST UT RT LT RLC LLC

Using manually tuned parameters based on trajectory information, the classification
achieved an accuracy of 0.9510 and an F1-score of 0.9515, as shown in Table 5. These results
demonstrate that the classification approach that uses lateral acceleration (y-axis) has a
significant impact on the identification of vehicle behaviors. Although most classes exhibit
high recall values, the ST class shows a relatively low recall of 0.75. In addition, some
instances were misclassified across different classes.

To overcome these issues, we used the Optuna framework to optimize parameters
dynamically instead of setting them manually. We employed the framework to dynamically
search for optimal parameters within a predefined range, allowing for more efficient
exploration compared to other optimization methods [48,49]. The Optuna framework
was applied in the yellow blocks shown in Figure 6. Recognizing that the results varied
depending on the priority of the rules we defined, we repeated the parameter optimization,
priority search, and assignment processes three times. The final outcomes obtained from
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these iterations are presented in Table 6. As shown in Table 6, most classes were successfully
distinguished. The model achieved an accuracy of 0.9784, a recall of 0.9745, and an F1-score
of 0.9764, which are higher than those obtained with manually configured parameters.
In the optimized parameters and priority settings as shown in Table 7, RA maintained the
highest priority, as observed in Table 5, while the priorities of the other classes changed.

Priority Search

& Assignment

Apply Manual 

Rules

Output

(Class)

Scenario file

(XML)

Simulator 

Execution

Vehicle Data 

Extraction

Input

(csv)

Output

(csv)

Data

Preprocessing

x3Parameter

Optimization

Priority Search

& Assignment

Model Optimization

Figure 6. Research Flowchart. The figure divides the research procedure into three sections: data
extraction, manual rule configuration, and parameter optimization. The green block represents data
extraction, where the simulator’s physical engine processes XML-defined scenario files (.xosc) to
obtain vehicle position, speed, and acceleration data. The red block shows the analysis of driving
data, defining manual rules and parameters and assigning corresponding priorities. The yellow
block depicts parameter optimization. The framework sets a search range based on manually defined
parameters and repeats the training three times while considering priority-based variations to obtain
the final model.

Table 5. Confusion Matrix with Manually Set Parameters.

Real
Prediction

Samples
RA ST UT LT RT LLC RLC UL

RA 240 0 0 0 0 0 12 0 252
ST 54 189 0 0 0 0 0 9 252
UT 0 0 224 0 0 0 0 0 224
LT 0 0 0 252 0 0 0 0 252
RT 0 9 0 0 243 0 0 0 252
LLC 0 1 0 0 0 251 0 0 252
RLC 0 0 0 0 0 0 252 0 252

Total 294 199 224 252 243 251 264 9 1736
UL (unlabeled) denotes scenarios that do not satisfy the conditions of any predefined maneuver class.

Table 6. Confusion Matrix with Optimized Parameters.

Real
Prediction

Samples
RA UT LT RT ST LLC RLC UL

RA 252 0 0 0 0 0 0 0 252
UT 0 224 0 0 0 0 0 0 224
LT 0 0 252 0 0 0 0 0 252
RT 0 0 0 252 0 0 0 0 252
ST 45 0 0 0 207 0 0 0 252
LLC 0 0 0 0 0 252 0 0 252
RLC 0 0 0 0 0 0 252 0 252

Total 297 224 252 252 207 252 252 0 1736
UL (unlabeled) denotes scenarios that do not satisfy the conditions of any predefined maneuver class.
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Table 7. Optimized Parameter Set.

Class Parameter Name Value

LLC llc_min_threshold 0.21236
llc_min_duration_sec 0.87535

RLC rlc_min_threshold 0.13783
rlc_min_duration_sec 0.83308

ST
st_zero_abs_threshold 0.07793
st_rotation_abs_threshold 0.99754
st_min_duration_sec 7.53244

RT
rt_min_right_threshold 1.18379
rt_min_duration_sec 1.57470
rt_max_duration_sec 5.47996

LT
lt_min_left_threshold −0.42793
lt_min_duration_sec 4.13702
lt_max_duration_sec 6.15622

RA

ra_negative_threshold −0.14637
ra_positive_threshold 0.09736
ra_min_duration_sec 1.45499
ra_max_duration_sec 14.44937

UT ut_min_threshold −2.18747
ut_min_duration_sec 2.82387

Parameter values used in the optimized maneuver detection configuration.

For each of the seven maneuver classes as shown in Table 7, the variables primarily
consist of two common elements: the minimum threshold and the minimum duration.
The minimum threshold determines the detectability of a maneuver when the measured
value exceeds or falls below a certain limit. Specifically, for RT trajectories, the threshold
corresponds to values exceeding a positive limit, while for LT trajectories, it corresponds
to values below a negative limit. In the case of ST, the lateral acceleration maintains a
constant value and both the initial and sustained threshold values are identical. The ST
parameters are composed of the rotation-related value and the duration for which the
rotation is maintained. Similarly, for RA (Roundabout trajectory), separate thresholds are
defined for right and left rotations, each with its own minimum and maximum duration.
Although the rule-based trajectory classification model achieved an F1-score of 0.9764
using these parameters, the thresholds themselves do not necessarily represent optimal
boundary values. For example, in the case of the UT, the previous configuration used a
threshold of −3.0 m/s2 and a duration of 2 s, producing a similar level of performance.
This indicates that the parameters do not always correspond to globally optimal values.
Although the optimization process used the Optuna framework, the discontinuity of the
objective function likely led to the discovery of these parameter sets through random-space
exploration rather than true global optimization.

4.3. Results

To validate the practical utility of the proposed method, a supplementary compara-
tive experiment was conducted against a basic RNN baseline and the LSTM architecture
adopted in [17], with an emphasis on computational efficiency and practical applicability.
All models were evaluated under identical conditions, using the same preprocessing to
that of the rule-based classifier, without additional calibration for time-series length.

As summarized in Table 8, the rule-based classifier demonstrated substantially faster
processing speeds than both the RNN and LSTM models, reflecting its structurally simple
and computationally lightweight design. In terms of classification performance, the rule-
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based method achieved higher accuracy and an F1-score superior to the RNN baseline,
while showing slightly lower performance than the LSTM model. These results indicate that
the proposed rule-based framework serves as a practical and efficient lightweight baseline
for simulation pipelines requiring large-scale scenario evaluation. In addition, unlike
deep-learning-based approaches that operate as “black boxes,” the rule-based method
provides clear interpretability, allowing classification decisions to be explicitly examined
and visualized.To demonstrate this transparency, Figure 7 visualizes the classification
logic for specific classes through masking. This visualization is crucial because certain
maneuvers, such as Roundabout (RA), S-curve, and Straight (ST), exhibit strikingly similar
lateral acceleration profiles, as shown in Figure 8. By providing such visual evidence,
the proposed framework ensures that the underlying physical rationale for distinguishing
these ambiguous cases is fully transparent and verifiable.

Notably, the LSTM model achieved strong classification performance despite relying
solely on lateral acceleration as the input feature. This observation reinforces the premise
that lateral acceleration alone encodes sufficient information for distinguishing driving
maneuvers, provided that temporal dependencies are effectively captured. Accordingly,
these findings validate that lateral acceleration functions as a informative core feature for
both rule-based logic and learning-based architectures.

In summary, the comparative analysis highlights a distinct trade-off between com-
putational efficiency and discriminative power. While the rule-based framework offers
exceptional speed and transparency, learning-based models like LSTM provide enhanced
performance at the cost of increased computational burden. These insights provide a
quantitative basis for selecting an appropriate classification strategy depending on the
specific requirements of the autonomous driving validation task.

Table 8. Comparison of the Proposed Rule-based Model and Deep Learning Models.

Model Accuracy (%) F1-Score (%) Rate (Samples/s)

RNN 0.2661 0.1676 29.06
LSTM 0.9856 0.9855 29.96
Proposed Model 0.9741 0.9764 74.72

Figure 7. Visualization of Misclassification from S-shape Straight to Roundabout. This figure
visualizes the section where the S-shape Straight is classified as a Roundabout. The data indicate that
the model detects a long period of acceleration in one direction, which is characteristic of a Straight
scenario, while also capturing the alternating right–left–right acceleration pattern that typically
appears in a Roundabout.
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(a) Roundabout (9 o’clock exit) (b) S-curve Straight

Figure 8. Comparison of Lateral Acceleration between the Roundabout (9 o’clock exit) and S-curve
Straight Scenarios. The dashed horizontal line indicates zero lateral acceleration.

5. Discussion
The findings of this study provide critical insights into the balance between inter-

pretability and classification performance, while also highlighting areas for further refine-
ment in scenario-based validation.

5.1. Structural Limitations and the Need for Hybrid Modeling

The structural limitations of the rule-based approach must be addressed. While the
proposed classifier is highly efficient, it encounters challenges when maneuver classes
exhibit nearly identical lateral acceleration patterns. Because the classification logic relies
on a constrained set of handcrafted physical features, it lacks the inherent flexibility to
integrate high-dimensional kinematic cues, such as trajectory curvature or subtle variations
in heading. Consequently, scenarios with overlapping dynamic characteristics remain
difficult to distinguish under a purely rule-based framework. This suggests that while
rule-based logic is ideal for high-level filtering, it may require augmentation from more
sophisticated models to resolve fine-grained ambiguities.

5.2. Scalability to Real-World Traffic Dynamics

Regarding the transition from simulated to real-world data, this study lays a founda-
tional framework for automated scenario indexing. Previous literature [11–15] underscores
the importance of structuring real-world driving data into reusable scenario units. How-
ever, several considerations remain before this approach can be fully deployed in complex
real-world environments. A primary constraint of the current dataset is the absence of inter-
action with other traffic participants. As noted in prior studies [11–15,42,50,51], the presence
of surrounding vehicles significantly influences the duration and timing of maneuvers
(i.e., such as lane changes or turns) due to required stops or yielding behaviors. Future
iterations of the framework must incorporate these interactive dynamics to ensure that the
classified scenarios accurately reflect the stochastic nature of real-world traffic.

5.3. Dataset Characteristics and Learning Stability

The characteristics of the dataset itself pose challenges for broader machine learning
applications. As illustrated in Figure 9, the current dataset exhibits a degree of class
imbalance, which acts as a constraint for conducting extensive experiments across diverse
deep learning architectures. Such imbalance can hinder stable model training and lead
to inconsistent performance metrics, particularly for underrepresented maneuver classes.
To mitigate this, future work will focus on expanding the dataset and implementing data
augmentation techniques to achieve a more balanced class distribution, thereby enabling a
more robust and statistically significant comparative analysis.

https://doi.org/10.3390/ijgi15010037

https://doi.org/10.3390/ijgi15010037


ISPRS Int. J. Geo-Inf. 2026, 15, 37 20 of 23

Figure 9. Distribution of Dataset Sample Lengths. This figure illustrates the length distribution of the
dataset used in this study. Most samples are approximately 30 s long, while about 10% exceed 40 s.
The longer samples primarily correspond to situations where vehicles wait at left-turn signals, which
introduces challenges for training deep learning models.

5.4. Simulator Dependency and Cross-Platform Consistency

Differences in simulation outcomes may arise depending on the specific simulator
used to execute a given scenario. Several simulation platforms support the ASAM Open-
SCENARIO standard, including CARLA (https://carla.org/ (acessed on 9 January 2026)),
esmini (https://esmini.github.io/ (acessed on 9 January 2026)), dSPACE-AURELION
(https://www.dspace.com/ (acessed on 9 January 2026)), MORAI (https://www.morai.ai/
(acessed on 9 January 2026)), and Autoware (https://autoware.org/ (acessed on 9 Jan-
uary 2026)) [52]. Because each simulator implements its own internal vehicle dynamics
models and physics engines, the resulting trajectory data and vehicle responses may vary
across platforms, even when the same scenario specification is applied. Consequently,
for consistent scenario classification and evaluation, it is necessary to fix a single simulation
environment and conduct all experiments within that platform.

6. Conclusions
This study introduces a rule-based classification framework designed to identify

maneuver-level scenarios within autonomous driving simulations. By leveraging lateral
acceleration patterns extracted from trajectory data, the proposed method categorizes
seven representative urban maneuvers through a prioritized sequence of handcrafted rules.
Achieving an accuracy of 0.9784 and an F1-score of 0.9764, the framework demonstrates
that a trajectory-driven, rule-based approach provides an accurate and highly interpretable
solution for automated scenario labeling in simulation-based validation pipelines.

A significant contribution of this work lies in the establishment of a scalable valida-
tion environment compliant with the international OpenSCENARIO standard, specifically
optimized for autonomous driving learning. Beyond mere categorization, this frame-
work enables a quantitative assessment of driving performance across distinct scenario
classes. This capability allows developers to precisely identify specific vulnerabilities in
autonomous agents, particularly in complex maneuvers or edge-case navigation. By pro-
viding an interpretable classification of these performance gaps, the system serves as a
strategic foundation for targeted data augmentation and retraining, directly addressing
data imbalance and systematically hardening the system’s safety and generalization.

Moving forward, we aim to evolve this framework into a comprehensive scenario
architecture that incorporates intricate risk factors. Future research will focus on transi-
tioning from manually defined thresholds to hybrid models—integrating decision trees
and time-series deep learning—to enhance classification robustness while preserving the
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transparency of rule-based logic. Ultimately, this integration will support the development
of sophisticated simulation environments that accurately reflect the complex and stochastic
demands of real-world autonomous driving.
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