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Abstract

Driving simulators have become essential tools for accelerating the development of ad-
vanced driver assistance systems (ADASs) and autonomous vehicles (AVs) by enabling safe,
repeatable, flexible, and cost-effective experimentation across increasing levels of vehicle
automation. Despite their growing adoption in both academia and industry, the recent
literature lacks a comprehensive review that captures recent advancements and the ex-
panding role of simulators in both feature-level ADAS development and fully autonomous
driving research. This paper addresses this gap by presenting a systematic review of the
evolution of driving simulators and their critical contributions to automotive research,
testing, and validation. A structured taxonomy of contemporary simulators is introduced,
encompassing fidelity, physical configuration, scale, licensing, and system integration
strategies. Key application domains are examined, including driver-centred behaviour and
human-machine interaction studies, traffic modelling and control, vehicle dynamics and
powertrain development, and the testing of ADAS and autonomous driving subsystems
across perception, planning, control, and vehicle-to-everything (V2X) communication. This
review highlights driving simulators as foundational enablers for the safe, efficient, and
scalable deployment of increasingly automated vehicle technologies.

Keywords: advanced driver assistance systems (ADASs); autonomous vehicles; driver-in-
the-loop (DIL); driving simulator; human-machine interaction (HMI); hardware-in-the-loop
(HIL); vehicle-in-the-loop (VIL); vehicle dynamics

1. Introduction

The automotive industry is undergoing a major transformation toward cleaner and
safer transportation. Two key trends are driving this change: 1. the growing adoption
of electrified powertrains to reduce greenhouse gas emissions [1]; 2. the rapid deploy-
ment of advanced driver assistance systems (ADAS) to advance driving safety and traffic
efficiency [2].

Common ADAS features include adaptive cruise control and lane-keeping assistance.
These are foundational for technologies such as vehicle platooning, connected vehicle
technologies and vehicle-to-everything (V2X) studies, which can cut travel time by up to
64% [2—4]. These systems form important blocks on the path toward AVs deployment that
can perform the full driving task without human intervention.

For terminological consistency, this review distinguishes autonomous driving (system)
(AD/ADS) from autonomous vehicles (AVs). AD refers to the technological capability or
system that performs the driving task, including perception, decision-making, planning,
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and control, whereas AVs refer to the physical vehicle platforms equipped with AD or
ADAS functions.

AVs could fundamentally reshape transportation. They lower the impact of human
error, help alleviate traffic congestion, and enhance overall accessibility [5]. However, de-
spite early optimism and major investments, real-world AV deployments have highlighted
serious challenges. High-profile accidents [6] have underscored the need for stronger
testing and validation frameworks, particularly in areas such as perception robustness,
decision-making reliability, and human-machine interaction (HMI).

Evaluating AV performance in varied and unpredictable traffic conditions remains a
major obstacle. Real-world testing is essential but is limited by high costs, safety risks, and
ethical concerns. This makes extensive pre-deployment testing in controlled environments
critical. Driving simulators have become key tools for this purpose, offering safe, repeatable,
and cost-effective platforms to test AV technologies, enabling sensor validation, control
system tuning, and behavioural analysis for both human drivers and autonomous systems.

Simulators can recreate rare, dangerous, or ethically sensitive situations that would be
impractical or even impossible to stage on public roads [5]. The value of simulation has
already been demonstrated in other safety-critical domains. For instance, studies in the
aviation industry show that for pilot training, every 10 h of high-fidelity simulator time
corresponds to approximately 3 h of reduced real-flight training time. It has been reported
that up to 75% of pilot training time is now spent in flight simulators, and that simulator
use can reduce accident rates by up to 50% [7]. By enabling safe, repeatable evaluation
of hazardous scenarios, simulators help close the gap between early system design and
real-world deployment.

Driving simulators are commonly classified into three categories based on their
primary applications: entertainment, training, and research. Entertainment simulators
emphasize high-fidelity vehicle physics and dynamics to replicate competitive racing
experiences [8]. Training simulators support driver education, emergency response prepa-
ration, and defensive driving programs, enabling skill acquisition and behavioural condi-
tioning [9]. Research-oriented simulators are designed for academic and industrial investi-
gations, facilitating detailed studies of driver behaviour, HMI, and artificial intelligence
(AI)-based control systems for AVs [5].

Beyond peer-reviewed research, company and news reports provide supplementary
examples of simulator adoption in commercial vehicle development. These sources are
treated here as illustrative evidence of industrial practice rather than independently val-
idated safety evidence. Major automotive manufacturers such as General Motors (GM),
Toyota, and Honda have reported the use of simulators in different stages of vehicle devel-
opment. They are reported to enable early testing in virtual environments, reducing the
need for physical prototypes until later in the design process. This approach may shorten
development cycles and support the integration of new features. For instance, Toyota’s
Higashi-Fuji research facility has been reported to employ simulator-based driver behaviour
analysis to enhance vehicle safety features [10], and Honda has announced investment in
advanced simulation technology to facilitate future automotive innovations [11]. Similarly,
a news report stated that GM used advanced simulations to refine the Chevrolet Corvette
ZR1, supporting the vehicle’s successful 233 mph record-setting performance in 2025 [12].
Moreover, according to GM company communications, GM employs a simulation-first ver-
ification pipeline to validate its Super Cruise and Ultra Cruise hands-free driving systems
prior to large-scale road deployment. GM also reports that Super Cruise has accumulated
over 700 million hands-free miles since 2017 [13].

As illustrated in Figure 1, simulated-driving research has followed an overall exponen-
tial growth in publication volume over the last three decades, rising from only a handful of
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papers in the mid-1990s to several hundred per year by the early 2020s. Early work (1990s
to 2000s) focused on basic validation of simulator fidelity against on-road performance; the
late 2000s saw growing interest in driver vigilance, fatigue, and impairment. From around
2010 onward, distraction and human—automation interaction (e.g., trust in driver-assist
systems) became central topics, followed after 2015 by a surge in studies of autonomous
driving and virtual reality (VR)-based training. In the most recent years (2020-2025), open-
source urban simulators, high-fidelity scenario testing for AVs, and abnormal-behaviour
detection in simulators have emerged as hot topics, alongside continued work on clinical
assessment and automated-vehicle take-over training.
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Figure 1. Number of studies on driving simulators and trends.

Despite the expanding use of driving simulators across multiple domains, a critical gap
remains in the recent literature. Although several reviews discuss simulation technologies
and configurations, none provide a systematic, up-to-date synthesis of driving simulator
applications specifically for AV development and industrial practice after 2021. Existing
surveys tend to focus on isolated technical aspects rather than offering a comprehensive,
application-oriented perspective.

Bruck et al. [5] explain the mechanisms of driving simulation technology by describing
its architecture and its different component technologies (e.g., motion cueing; dynamics
modelling). However, the review predates recent AV-centric developments and does not
examine emerging research trends or industrial adoption.

Ghafarian et al. [2] focus on motion platform technologies and motion cueing algo-
rithms, comparing filter-based, optimal control (e.g., Model Predictive Control (MPC)), and
learning-based approaches. The review emphasizes the challenges of replicating realistic
inertial sensations within the limited motion-platform workspaces and discusses emerg-
ing methods to improve motion realism and user perception. While technically detailed,
their analysis is limited to motion realism and does not address broader AV testing or
system-level evaluation.

Li et al. [14] focus on open-source simulation platforms specifically designed for
autonomous driving research. It critically evaluates simulators like CARLA, LGSVL, and
SUMO in terms of capabilities such as sensor modelling, realism, extensibility, and support
for testing perception, planning, and control algorithms. The paper is intended as a guide
for researchers selecting the appropriate simulator for specific AV development tasks.

Zhang et al. [15] research driving simulator validation, focusing on how to evaluate
simulators using both objective measures like driving performance data and physiological
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signals and subjective feedback from questionnaires. They also look at key issues that affect
validity, such as how a simulator’s degrees of freedom and level of realism influence results,
and how to measure discomfort or disorientation caused by simulators. Table 1 provides a
comparison between this review and other recent closely related reviews in the literature.

Table 1. Comparison of topic coverage across driving simulator review papers.

. Drivin . .
Enha.ncements m Classification of Simulatgrs D rving
Paper Year Simulator Driving Human-Behavior Simulators
Capability and Simul C d AV-Centered
Scope imulators er}ter.e Applications
Applications

This paper 2026 v v v v
Zhang et al. [15] 2025 - v v v
Lietal. [14] 2024 v v - v
Ghafarian et al. [2] 2023 - v - -
Bruck et al. [5] 2020 - - v v

These reviews address a research gap by providing the applications of driving sim-
ulators in AV research and industry practices post-2021, an area inadequately covered
by previous reviews. Therefore, earlier reviews have generally focused on technical as-
pects such as motion cueing algorithms, comparisons of open-source simulators, and
foundational technology classifications. However, this review provides an up-to-date, com-
prehensive exploration of the practical impacts of driving simulators in AV-specific contexts.
It systematically highlights real-world industrial implementations and investigates recent
technological advancements in sensor modelling, artificial intelligence integration, and AV
subsystem evaluations.

The literature search was conducted mainly through IEEE Xplore, using the query
((“driving simulator” OR “vehicle simulator” OR “driving simulation”) AND (“au-
tonomous vehicle” OR “AV” OR “ADAS” OR “autonomous driving” OR “driver-in-the-
loop” OR “hardware-in-the-loop” OR “vehicle-in-the-loop” OR “HMI” OR “vehicle dynam-
ics” OR “V2X”)). The final literature search was conducted on 10 February 2026, and the
formal database search covered publications from 2021 to 2026. Additional sources were
manually added from relevant websites and citation searching to broaden the coverage.
These supplementary sources were used selectively. Peer-reviewed sources found through
citation tracking were included in the evidence synthesis when they met the same eligi-
bility criteria as the database records. Company websites, platform documentation, and
industrial /news reports were used mainly as contextual examples of industrial practice,
not as independently validated safety evidence. To avoid restricting this review to a single
publication venue, the IEEE-based results were complemented by backward and forward
citation tracking, targeted searches of major simulator and automotive-industry sources,
and selected non-IEEE publications that directly supported the review scope. These supple-
mentary records were included only when they addressed driving-simulator technology,
ADAS/ AV testing, human-in-the-loop evaluation, vehicle dynamics, traffic modelling, or
industrial simulator use. General transportation databases and publisher platforms such as
Scopus, Web of Science, ScienceDirect, SAE Mobilus, and SpringerLink were not searched
as separate systematic sources; this is acknowledged as a scope limitation of this review. To
reduce author-selection effects, all supplementary sources were screened using the same
relevance criteria applied to the IEEE records: exclusion of entertainment-only simulators,
papers without an ADAS/AV development link, and sources with insufficient technical or
methodological detail.
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The initial IEEE-based search identified 1230 records. After removing 492 records
that did not meet the publication-year criteria, 738 records were screened by title, and
462 records were excluded as irrelevant. The remaining 276 reports were sought for
retrieval, of which 100 were not retrieved because the full text was either unavailable
through accessible sources or, after closer inspection of the available record, did not provide
sufficient technical detail to support the scope of this review. A total of 176 reports
were assessed for eligibility, and 88 reports were excluded based on exclusion criteria
such as entertainment or consumer-grade simulation, lack of ADAS or AV development
components, and insufficient methodological detail. Finally, 88 studies were included in this
review, while 51 manually identified supplementary sources were also used, resulting in
139 total references supporting the analysis. Figure 2 shows the flow diagram of this review.

Identification of studies via databases and registers fdentifafoniolEpdiciis

other methods
=
-§ Records removed before Records identified from:
é Records identified from: | screening: Websites (n = 20)
= Databases (n = 1230) Not meeting publication Citation searching (n =31)
§ year criteria (n = 492)
Records screened || Records excluded
(n=738) (n=462)
Reports sought for retrieval o | Reports not retrieved Reports sought for retrieval
2 (n=276) "l (n=100) (n=44)
|
] !
@
Reports assessed for Reports excl}xded (n N 88): Reports assessed for
eligibility (n = 176) > Reason 1: Entertainment eligibility (n = 44)
or consumer-grade
simulator only
Reason 2: No ADAS or
AV development
—J component
— v Reason 3: Insufficient
3 Studies included in the review methodological detail
e (n=288)
‘E Reports of included studies
= (n=139)

Figure 2. Selection of papers for this review.

The remainder of this paper is organized as follows. Section 2 discusses real-world AV
testing platforms and outlines the associated validation and safety challenges, motivating
the need for driving simulators. Section 3 reviews the chronological evolution of driving
simulators, highlighting key technological milestones from early mechanical systems to
modern Al-driven virtual environments. Section 4 synthesizes the technological and
methodological advances that enable modern driving simulators to evolve from basic
testing tools into high-fidelity, scalable platforms for training, validation, and large-scale
evaluation of autonomous vehicle systems. Section 5 presents a structured categorization
of existing simulators based on purpose, fidelity, configuration, and integration level.
Section 6 examines the role of driving simulators in AV development and validation. Finally,
Section 7 concludes this work and states the prospects for driving simulators. Figure 3
illustrates the overall organization of this paper.
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Driving Simulators for Autonomous Vehicle Research: A Comprehensive Review

Section I: Introduction
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Section II: Background
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Section III: Chronological Evolution of Driving Simulators

Section IV: Technological Advancements Affecting Driving Simulation

Learning-Based Methods Synthetic Data
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Section V: Categorization of Driving Simulators ]

Section VI: Applications of Driving Simulators in Developing AVs
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Figure 3. Overview of the main topics and research themes discussed in each section of this study.

2. Background
2.1. Limitations of Real-World AV Testing

AV research originated from early experimental platforms, including Stanford’s lunar
navigation cart (1961) and the University of Tsukuba'’s self-driving vehicle (1977), which
demonstrated the feasibility of machine-based navigation [16]. Subsequent large-scale
initiatives, such as DARPA’s Autonomous Land Vehicle project in the 1980s [17], accelerated
progress in perception, control, and on-road autonomy.

As AV technologies matured, formal safety and validation frameworks were intro-
duced. Standards such as ISO 26262 and ISO 21448 establish systematic approaches for
functional safety and the safety of intended functionality, providing structured methodolo-
gies for hazard analysis, risk assessment, and verification [18,19].

Despite these advances, real-world testing remains inherently costly, time-consuming,
and safety-critical. On-road trials expose both the public and test operators to risk and
provide limited coverage of rare or hazardous scenarios [20,21]. High-profile AV crashes
like Uber’s 2018 fatal test accident [22], Google’s 2016 bus collision [23], and Tesla’s 2018
Autopilot crash [24], highlight persistent challenges in perception robustness, decision-
making reliability, and system-level safety under complex environmental conditions.

These concerns expose two fundamental challenges: ensuring thorough and safe
validation prior to public deployment, and increasing the likelihood of identifying potential
risks and system failures before real-world road testing.

2.2. Advantages of Simulation-Based Testing

Driving simulators enable evaluation capabilities that are difficult or infeasible to
achieve through exclusive reliance on on-road testing. In particular, simulators support
controlled and repeatable execution of safety-critical scenarios, allowing identical experi-
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mental conditions to be reproduced across multiple trials. This capability is essential for
systematically assessing rare and hazardous situations, such as near-collisions, aggressive
cut-ins, extreme braking, and occlusions, that are statistically uncommon and ethically
impractical to stage in public traffic without endangering human lives [20,21].

Simulators also reduce reliance on physical vehicles, fuel, and infrastructure, resulting
in high cost and logistical advantages [25]. Facilities such as the National Advanced
Driving Simulator (NADS) demonstrate the feasibility of conducting large-scale, safe, and
cost-effective driver behaviour studies [20].

Furthermore, simulators enable ethical investigation of risky or sensitive driving
behaviours, including distraction, fatigue, cognitive load, and novice driver performance,
without exposing participants or the public to danger [26].

Owing to their scalability and environmental controllability, simulators are widely
used for the development and validation of ADAS and AVs, enabling systematic testing
under diverse traffic densities, weather conditions, and complex urban scenarios [20,25,27].

2.3. Limitations of Simulation-Based Testing

Despite their advantages, driving simulators cannot fully replace physical testing
because replacing real-world validation requires comparable measurement fidelity, be-
havioural validity, and scenario coverage. In practice, four limitation classes systematically
introduce domain mismatch: (1) sensor-model fidelity, (2) behavioural and environmen-
tal realism, (3) software/model-complexity constraints under real-time execution, and
(4) hardware and motion cueing restrictions, which together exacerbate sim-to-real trans-
fer gaps.

Virtual sensor models often approximate the behaviour of real cameras, LiDAR, and
radar systems, limiting their ability to accurately reproduce sensor noise, environmental
effects, and physical phenomena such as road adhesion and visibility degradation [28,29].
These simplifications can lead to discrepancies between simulated perception outputs and
real-world measurements [30].

Moreover, simulators struggle to capture the diversity and unpredictability of human
behaviour and complex multi-agent interactions. Li et al. [14] reported that simulators
inadequately represent heterogeneous human behaviours, while Miitsch et al. [31] high-
lighted difficulties in modelling dense urban environments and dynamic traffic scenarios,
potentially overlooking safety-critical corner cases [32].

Further, achieving high fidelity is constrained by real-time requirements and model
availability. To maintain interactive execution, simulators often simplify traffic, weather,
and dynamic phenomena, while robust validation remains limited by the scarcity of high-
quality ground-truth data for calibration and verification [14]. In addition, accurately
reproducing the coupled visual, auditory, and motion cues experienced by drivers remains
challenging, affecting HIL realism and behavioural validity [33].

This results in simplified representations of complex urban traffic, weather con-
ditions, and unpredictable behaviours. Obtaining robust, high-quality validation data
remains challenging.

Hardware limitations further constrain realism. Although full-motion platforms can
simulate realistic sensory cues, their physical limitations concerning range and dynamic
response inherently compromise their effectiveness. Adaptive motion cueing algorithms,
such as nonlinear washout filters, address some limitations but introduce trade-offs that
affect responsiveness and may cause simulator sickness [34].

These limitations contribute to the sim-to-real transferability problem, where be-
haviours observed in simulation do not consistently generalize to physical vehicles. Empir-
ical studies, such as Stocco et al. [35], show that simulated and physical AVs can exhibit
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different susceptibilities to adversarial conditions and differing trajectory outcomes de-
spite similar control predictions, attributable to unmodelled friction, actuation latency,
and environmental disturbances. They also report scenario-dependent discrepancies (e.g.,
blurred imagery causing more frequent/severe failures in physical tests), illustrating that
simulation-only evaluation can miss critical vulnerabilities.

2.4. Simulator Validation and Sim-to-Real Transfer

Simulator validation must be treated as purpose-dependent rather than as a single
global fidelity score. For driver-centred studies, validation commonly distinguishes subjec-
tive validity, relative behavioural validity, and absolute behavioural validity. Subjective
validity concerns perceived realism; relative validity means that simulator and field studies
show the same direction or ranking of effects; and absolute validity requires numerical
agreement between simulator and real-world measurements [36,37]. For ADS testing,
validation also occurs at multiple technical levels: component-level validation of sensors,
vehicle dynamics, traffic agents, and human-behaviour models; scenario-level validation
of road geometry, traffic density, weather, and event timing; and system-level closed-loop
validation of perception, planning, control, communication, and actuation under realistic
latency constraints [38,39].

Recent validation practices therefore combine calibration data, hold-out real-world
data, uncertainty analysis, and staged testing. Proving-ground, naturalistic-driving, track-
test, and fleet data can be used to calibrate model parameters and then evaluate hold-out
scenarios using statistical distance measures, trajectory error, time-to-collision (TTC) distri-
butions, speed and acceleration profiles, detection/false-alarm rates, workload measures,
and equivalence testing. Cross-simulator benchmarking and staged MIL, SIL, PIL, DIL, VIL,
HIL, and road testing further reduce the risk that a result is valid only for one simulator
configuration. Simulation-based evidence should therefore be interpreted as one layer in
a validation argument: it can increase coverage of rare or hazardous cases, but it does
not remove the need for physical testing and traceable assumptions about the operational
design domain.

The most suitable external validation evidence depends on the simulator applica-
tion area. Driver-centred studies should be compared with on-road, proving-ground, or
naturalistic-driving behaviour, including reaction time, takeover time, gaze behaviour, lane
keeping, speed choice, workload, and TTC. Traffic studies should be validated against
observed traffic flow, headways, travel times, conflict indicators, and real trajectory data.
Vehicle dynamics and powertrain studies should be compared with instrumented-vehicle,
track-test, or dynamometer measurements, including acceleration, yaw rate, steering torque,
actuator delay, energy use, and battery or powertrain response. For ADAS and ADS studies,
validation should prioritize synchronized sensor and trajectory evidence, such as cam-
era/LiDAR/radar outputs, detection and false-alarm rates, object tracks, safety margins,
TTC, trajectory prediction, and closed-loop control behaviour. These validation needs
correspond to the application domains reviewed in Section 6.

3. Chronological Evolution of Driving Simulators

In this review, a driving simulator is defined broadly as a system that reproduces
road-driving tasks by coupling driver inputs or vehicle-control algorithms with simulated
vehicle, road, and feedback responses. Early devices such as the Aetna Drivotrainer in
1951 and GM'’s “Illusion Machine” in 1969 are therefore treated as precursor training
simulators. The 1970s mark the transition toward more research-oriented and computer-
supported driving simulators with closed-loop vehicle response and improved motion or
visual feedback.
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Driving simulators evolved from these early training-oriented systems into more
advanced research platforms during the 1970s as primarily mechanical systems designed
to replicate basic driving tasks such as steering and braking [5]. These early platforms
were used mainly for driver training and simple performance evaluation, offering limited
dynamic realism. Subsequent developments introduced three-degrees-of-freedom (DoFs)
motion systems, enabling pitch, roll, and yaw movements that enhanced immersion and
improved the accuracy of dynamic vehicle response simulations [5]. A pivotal shift in
simulator development occurred with the move from mechanically or film-based devices
toward analytically designed, task-driven simulation. Wierwille and Fung [40] showed
that computer-generated, closed-loop displays improve dynamic realism by coupling
driver inputs directly to vehicle motion and visual feedback, establishing that accurate
perception—action coupling is essential for valid driver performance measurement. In par-
allel, Valverde’s synthesis of flight-simulator transfer studies demonstrated that training ef-
fectiveness depends on preserving task-critical stimulus-response relationships rather than
duplicating full physical realism, emphasizing functional fidelity over physical replication.

By the 1990s, driving simulator technology had advanced rapidly, driven by the
emergence of high-performance computing and real-time graphics capabilities. This era,
highlighted in [41], saw a surge in research-driven simulators with enhanced vehicle
dynamics and improved driver interaction. Concurrently, the introduction of powerful
graphics processing units (GPUs) enabled more realistic simulations of intricate road
networks, dynamic traffic conditions, and environmental factors such as weather and
lighting. The development of PARAMICS [42] advanced traffic flow analysis, incorporating
multi-model transport models and examining driver behaviour in varied scenarios.

In the early 2000s, driving simulators continued to evolve, with increased compu-
tational power enabling more sophisticated motion cueing and higher graphical fidelity.
Industry leaders such as Mechanical Simulation [43] and IPG Automotive [44] introduced
advanced platforms like CarSim and Virtual Test Driving, greatly enhancing the ability to
simulate real-world automotive behaviours and environments.

During the 2010s, technological advancements led to the integration of VR, Al, and
deep learning into driving simulator environments, greatly enhancing realism and inter-
activity. VR introduced fully immersive 3D experiences, substantially improving users’
sense of presence. Simulators increasingly supported AV development by incorporating
platforms such as SUMO [45] for simulating vehicular ad hoc networks (VANETs). Mohajer
et al. [46] further highlighted the vital role of motion simulators in improving the fidelity of
vehicle dynamics modelling.

In the 2020s, modern platforms integrate high-fidelity physics engines, advanced
sensor modelling, and Al-driven environments to support perception, planning, and
control testing. Platforms such as rFpro [47] and Siemens Simcenter Prescan [48] exemplify
this cutting-edge integration, providing precise testing environments for AD algorithms.
Industry partnerships further illustrate this trend: in 2025, GM and NVIDIA expanded
their collaboration to leverage Al, accelerated computing, and simulation technologies for
AVs, ADAS, and digital twin factory planning, signalling how Al-powered simulation is
being embedded in both vehicle design and production processes [49].

This evolution sets the stage for modern, data-driven methods, as kis shown in Figure 4,
that enhance simulator fidelity beyond hardware improvements alone, as discussed in the
following section.
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Figure 4. Driving simulators’ evolution over time.

4. Advances in Driving Simulation: Fidelity Enhancement and
Application Expansion

Recent advances in driving simulation have fundamentally reshaped how AVs are
trained, tested, and validated. Modern simulators have evolved from static evaluation tools
into dynamic development platforms capable of supporting large-scale learning, systematic
validation, and safety-critical testing. This evolution is driven by four interrelated tech-
nological and methodological trends: learning-based methods, synthetic data generation,
scenario creation, and advanced simulation platform architectures.

Modern driving simulators for AV research differ fundamentally from earlier human-
driver training systems. While earlier simulators primarily emphasized visual realism,
cockpit layout, or motion cueing, current platforms must also reproduce perception inputs,
closed-loop decision-making, traffic-agent interactions, sensor degradation, communication
latency, and rare safety-critical events. Consequently, recent research has shifted toward
software and data-centric simulation methods that improve both fidelity and scalability.
The following subsections summarize the main technical trends enabling this evolution.

4.1. Learning-Based Methods

Learning-based methods form a core component of modern driving simulators because
AV algorithms must be evaluated under changing traffic, environmental, and behavioural
conditions. The ego vehicle is the primary vehicle under control and observation in the
simulation, typically representing the ADS being tested. Rather than replaying only pre-
defined trajectories, learning-based simulation allows the ego vehicle, surrounding agents,
or perception modules to adapt to new simulated conditions.

Online imitation learning updates the driving policy during simulation by comparing
ego-vehicle behaviour with expert or reference behaviour, reducing compounding errors
when a learned controller encounters states outside its original training distribution [50].
Deep learning, particularly convolutional neural networks (CNNs), has been applied to
hazard perception by learning visual features associated with collision risk, obstacles, and
unsafe situations in simulated environments [51]. Similarly, data-driven vehicle-speed
estimation from synthetic simulator images demonstrates how visual simulation data can
train perception modules when labelled real-world data are limited [34]. Reinforcement
learning (RL) further supports policy optimization through repeated interaction with simu-
lated traffic; however, RL-based controllers remain sensitive to adversarial perturbations,
reward design, and sim-to-real distribution shifts. Recent work on deep Q-learning under
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cyberattack scenarios shows that simulators can also serve as controlled environments for
robustness evaluation [52]. Overall, learning-based simulation supports policy learning,
perception-model training, and stress testing, but learned behaviours still require validation
against real driving data to avoid overfitting to simulator-specific visual styles, traffic-agent
models, or reward structures.

4.2. Synthetic Data Generation, Neural Rendering, and Generative Al

Synthetic data generation plays a crucial role in AV development because perception
and planning systems require diverse, labelled, and safety-critical examples that are difficult
to collect on public roads. Earlier workflows relied mainly on graphics rendering, controlled
environment parameters, and manually designed object layouts. Recent work improves
both image quality and controllability by learning mappings from driving states, such as
speed and angular velocity, to generated driving scene images [53].

Sensor realism is a major requirement for synthetic data. LIDAR simulation must re-
produce geometry, intensity, reflectivity, sparsity, range noise, weather effects, and material-
dependent returns. Virtual LIDAR intensity modelling improves the physical plausibility
of simulated point clouds by explicitly modelling return intensity, which is important for
downstream perception algorithms [54]. Neural radiance fields (NeRFs) and related neural
rendering methods further improve environmental reconstruction by learning continuous
scene representations from images. For example, NeRF-based road-surface extraction and
object elimination support more realistic autonomous-driving simulators by reconstructing
road geometry while separating dynamic objects from static background structure [55].
Large-scale neural scene disentanglement decomposes complex scenes into controllable
components, enabling scene editing and new configuration generation [56]. Self-supervised
depth completion also improves 3D reconstruction by filling missing depth information
and increasing geometric consistency [57].

Generative Al has become a key recent breakthrough in synthetic driving scene gen-
eration. GAN-based methods showed that photorealistic image synthesis can be blended
with conventional rendering to reduce the visual domain gap between simulation and
real camera data [58]. More recent diffusion models improve controllability, temporal con-
sistency, and photorealism compared with earlier GAN-only pipelines. MagicDrive uses
diffusion-based street-view generation conditioned on camera poses, road maps, 3D bound-
ing boxes, and text prompts, with cross-view attention for multi-camera consistency [59].
DrivingDiffusion extends this direction to layout-guided multi-view video generation
using latent diffusion with cross-view and cross-frame consistency, which is important for
AV perception systems operating on synchronized multi-camera streams [60]. Diffusion-
based world models further move beyond static scene generation: DriveDreamer predicts
structured traffic constraints and future scene evolution from driving videos [61], while
UniSim converts recorded driving logs into modifiable closed-loop camera and LiDAR
simulations in which actors can be added, removed, or moved [62]. These methods expand
synthetic data from isolated images toward temporally coherent, geometrically controlled,
and interactive sensor simulation; however, photorealistic outputs still require validation
for geometry, sensor physics, temporal coherence, and sim-to-real transfer.

4.3. Scenario Creation, Coverage, and Automated Dataset Construction

Scenario creation is central to simulator utility, as the effectiveness of AV validation
depends on exposure to diverse, rare, and complex traffic situations. Scenario generation
must therefore cover the operational design domain (ODD), including ordinary traffic,
near-miss events, vulnerable-road-user interactions, adverse weather, and edge cases that
are unsafe to reproduce on public roads.
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Risk-based scenario design organizes simulator experiments around specific hazard
mechanisms such as tailgating, illegal overtaking, vulnerable-road-user conflict, distrac-
tion, and adverse weather [63]. Probabilistic methods expand these base cases by varying
initial conditions, agent behaviour, traffic density, and environmental parameters. Monte
Carlo sampling, for example, can generate families of related autonomous-driving sce-
narios rather than a single scripted event, improving coverage across plausible operating
conditions [64].

Scenario generation also supports automated dataset construction. CARLA-based
labelling tools reduce the manual effort required to produce object annotations for synthetic
datasets [65]. This is important because simulators can provide consistent labels for object
classes, bounding boxes, segmentation masks, depth, trajectories, and traffic-light states.
Efficient 3D environment-generation methods further improve scalability by reducing
the effort required to build large urban worlds with roads, intersections, buildings, and
traffic infrastructure [66]. Data-reduction methods, although older, remain relevant because
high-fidelity simulators can generate large volumes of redundant data; reducing dupli-
cated or low-information samples helps preserve computational efficiency while retaining
safety-relevant events [67]. The main challenge is that scenario quantity alone does not
guarantee validation quality; generated cases must remain realistic, non-redundant, and
representative of ODD-specific hazards.

4.4. Advanced Platform Architectures and Real-Time Integration

Advanced platform architectures provide the physical infrastructure that enhances
the realism of simulations. They also provide the hardware and software infrastructure
required for synchronized interaction between humans, vehicle controllers, sensors, and
simulated environments.

High-fidelity platform designs, such as 6-DoF hydraulic platforms, provide nuanced
motion feedback by simulating forces in multiple directions, which is ideal for high-speed
or abrupt manoeuvrers [68]. Additionally, 4-DoF Stewart platforms offer flexible motion
control and efficient integration with simulation software [69]. However, motion fidelity
also depends on motion cueing algorithms, latency, actuator bandwidth, steering wheel
feedback, visual update rate, and synchronization between vehicle dynamics and the
display system.

Real-time synchronization between hardware and software is particularly crucial for
vehicle-in-the-loop (VIL) testing, where the simulation must respond instantaneously to
changing dynamics. In VIL, HIL, and DIL configurations, real vehicle hardware, controllers,
sensors, actuators, or human drivers interact with the simulated environment through
deterministic communication pipelines. High-speed emulation in VIL simulators demon-
strates how physical steer-by-wire vehicles can reproduce high-speed driving dynamics at
lower and safer physical speeds by coordinating visual, vestibular, and haptic feedback [33].
This shows how simulator architectures are shifting from desktop or software-only tools
toward hybrid physical-virtual testbeds. The remaining challenge is maintaining real-
time execution without oversimplifying sensor models, graphics rendering, traffic-agent
behaviour, controller execution, or actuator response.

These innovations identify the key technological and methodological trends that
enabled modern driving simulators to meet the fidelity, scalability, and validation require-
ments of AV development.
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5. Categorization of Driving Simulators

Driving simulators can be differentiated according to their intended applications and
technical capabilities. Simulator selection, therefore, depends on the specific research or de-
velopment objectives. To systematize these differences, Table 2 summarizes a classification
framework based on six dimensions: (1) Licensing and Source Availability, (2) Fidelity and
Realism, (3) Physical Configuration, (4) Scale and Environment, (5) Simulation Integration
and Verification Techniques, and (6) Application or Purpose.

Table 2. Comparison of driving simulators.

Simulator Licensing Fidelity | Physical Configuration Scale Simulation Integration |Application
Open Source Proprietary Single Multi|MIL SIL PIL DIL VIL HIL
SUMO [70] v L* F** v v @
LGSVL [71] v H F v v v v ®®
AirSim [72] v H F v v v v ®
IPG Car-
Maker [73] H F v v v v v ®
CarSim [74] H F v v Vv ©)
CARLA [75] H F v v v o ®,0,®
PreScan [76] v H F v v Vv v @
rFpro [77] v H F v oV v 9,0,
NVIDIA
DRIVE Sim H F v v v v Y ®,0,®
VI-
grade [78] v H F/M v v v v v v 10,00

* L: Low; H: High. ** F: Fixed-based; M: Motion-based. @ Driver-centred studies; @ Traffic modelling and control
studies; ® Modelling of vehicle dynamics; ® AD system development and AV validation.

The labels in Table 2 were assigned using a source-based coding procedure. Each
simulator was reviewed using its official documentation, developer publications, or peer-
reviewed studies cited in the corresponding table row. Licensing was coded according
to whether the platform provides open-source access or is distributed as a commer-
cial/proprietary tool. Fidelity was coded as high only when the cited source reported
closed-loop vehicle dynamics, sensor or environment modelling, visual rendering, and
real-time execution capability; otherwise, it was coded as low. Physical configuration,
simulation scale, and MIL/SIL/PIL/DIL/VIL/HIL support were marked only when the
cited source explicitly described or demonstrated that capability. When a feature could not
be verified from the cited evidence, the corresponding cell was left blank. Therefore, Table
2 reports documented platform capabilities rather than subjective ranking.

Simulators are commonly deployed for driver training, entertainment, or research
and development purposes [14]. This review focuses exclusively on research-
oriented platforms.

From a software perspective, simulators are categorized as open-source or propri-
etary. Open-source platforms provide full access to source code and application program-
ming interfaces (APIs), enabling algorithm customization, model modification, and repro-
ducible experimentation. These characteristics are advantageous for academic research and
rapid prototyping. Proprietary solutions typically provide optimized, tightly integrated
toolchains with commercial support and validated components; however, restricted source
access limits extensibility and experimental transparency.

Simulation fidelity denotes the accuracy with which real-world vehicle dynamics,
sensor behaviour, and environmental interactions are reproduced. Fidelity depends on
factors including dynamic model accuracy, numerical solver resolution, rendering quality,
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Driver-Centred
Studies

sensor emulation, and system latency. High-fidelity simulators are required for safety-
critical validation and closed-loop controller testing [71], whereas lower-fidelity systems
are generally sufficient for early-stage algorithm development or behavioural analysis.

Driving simulators are typically classified into desktop, fixed-base, motion-based, and
dynamic configurations, depending on their level of physical realism and motion capability.
Fixed-base simulators provide visual and control realism without motion feedback, while
motion-based simulators use multi-DoF platforms to reproduce acceleration and vehicle
dynamics. Advanced configurations such as VIL integrate real vehicle hardware for high-
fidelity testing of autonomous driving and ADAS systems.

Simulation environments also differ in scale. Single-vehicle configurations emphasize
detailed vehicle dynamics analysis, while multi-agent environments model interactions
among multiple vehicles, infrastructure, and traffic participants.

Modern simulators further incorporate multiple integration and verification strategies.
Model-in-the-Loop (MIL) and Software-in-the-Loop (SIL) enable virtual testing of control
algorithms [79]. Processor-in-the-Loop (PIL), HIL, VIL, and Driver-in-the-Loop (DIL)
integrate real controllers, sensors, or human drivers to improve real-time fidelity and
experimental realism [80].

6. Applications of Driving Simulators in Developing AVs

This section summarizes the principal applications of driving simulators in AV re-
search and development. Figure 5 categorizes these applications, including driver-centred
studies and AV system modelling and validation.

E Driving Simulator Applications ]

Responces to Risk & Automation

Cognitive Decline and Impairments

Fatigue & Distraction
Training and Special Populations

Traffic Modelling Vehicle Dynamics ADAS and ADS
and Control and Powertrain Development
Traffic Control Perception
Scenario Generation . . Decision-making and planning
Multi-agent Traffic Powertr.am Modglhng V2X communication
Traffic-flow Estimation Chassis Modelling Control
VRU Interactions ADAS function testing

Figure 5. Applications of driving simulators.

The studies reviewed in Section 6 differ not only in application domain, but also in
simulator configuration, scenario design, measured variables, and validation limitations.
Table 3 synthesizes these dimensions across the four major application groups: driver-
centred studies, traffic modelling and control, vehicle dynamics and powertrain validation,
and ADAS/ADS development. This comparison provides a structured overview before
the following subsections discuss the individual evidence streams in more detail.
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Table 3. Comparative synthesis of studies reviewed in Section 6.

Typical Measured
Domain Classification yp Scenario Type Variables Across Main Limitation
Evidence .
Studies
Takeover, .
. trust/HMI, Reaction/takeover g 411 /controlled
. . DIL/VR/fixed- ) time, gaze, ..
Driver-centred Human-in-the- fatigue, samples; limited
studies loop validation base distraction EEG/PERCLOS, real-road
p studies [81-83]. . . ¢ workload, TTC,
impairment, transfer.
te, trust, comfort.
training.
Co-simulation Scenario
o on Traffic control, coverage, traffic ~ Synthetic agents
. CARLA, .
. . Traffic- and . scenario volume, and VRU
Traffic modelling . pedestrian and . . . .
scenario-level . generation, flow  trajectories, de-  behaviour need
and control - bicycle-AV . . :
validation ) ) reconstruction, tection/tracking, real-data
simulation [84— . . . . .
87] VRU interaction.  conflict calibration.
indicators.
DIL/VIL/HIL Steering haptics, Steering Results depend
.. and torque/ effort,
. . Hardware/vehicle- . . shared control, strongly on
Vehicle dynamics dynamic/static . . actuator delay;, .
. response : EV drivetrain, . simulator
and powertrain L simulator . jerk, battery
validation . eco-driving, and hardware and
studies [33,88— . s response, and .
drivability. model fidelity.
90]. energy use.
Sensor . Requires
. . . Sensor realism,
simulation, Perception, safety margin stronger
ADAS/ADS Autonomy-stack HI.L/ SIL, digital plapqlng, vaX, trajectory SIm to r eal
C .. twins, and V2X collision e validation of
development validation . feasibility, V2X
and ADAS avoidance, and Sensors,
prototypes [91-  ADS control exchange, and scenarios, and
control stability.

o4].

traffic agents.

6.1. Driver-Centred Studies

Driving simulators are widely used for human factors evaluation and driver behaviour

analysis independent of vehicle automation. Since ADAS and SAE 2-3 automation are
shared-control systems, system safety depends on both automation performance and
human response. DIL configurations enable real-time observation of perception, decision-
making, reaction time, and control actions. These measurements inform the design, calibra-
tion, and validation of warning strategies, control authority transitions, and HMI [95].

6.1.1. Behavioural Responses to Risk and Automation

Driving simulators enable controlled evaluation of driver behavioural responses to
risk and automation under safety-critical yet repeatable conditions (e.g., dense-traffic
overtaking or near-collision events) [96]. Quantitative measures such as reaction time, gap
acceptance, manoeuvrer selection, and behavioural adaptation characterize how drivers
perceive hazards and regulate risk, supporting the development of predictive safety and
intervention systems.

In partially automated driving, driver behaviour is additionally influenced by trust
in automation in shared-control settings. Simulator-based DIL experiments quantify trust
using Likert-scale subscales and objective behavioural indicators, including gaze allocation
and minimum TTC. Increased trust has been associated with greater eyes-off-road time
and reduced safety margins, demonstrating measurable interactions between attention
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diversion and collision risk [97]. These findings inform calibration of HMI strategies to
maintain appropriate driver engagement.

Recent simulator-based takeover studies further connect driver-centred behaviour
with proactive safety modelling. Shao et al. [81] developed a CatBoost-based takeover-time
prediction framework using data from 44 participants in a high-fidelity driving simulator
representing urban expressway ramp scenarios. The model integrated eye-tracking-derived
mental workload, risk perception, driving style, ramp type, driver role, and surrounding-
vehicle interactions. Their results showed that higher mental workload prolonged takeover
time, especially in visually low-risk but cognitively demanding scenarios, while aggressive
drivers tended to respond faster but exhibited lower post-takeover stability. In contrast,
cautious drivers showed slower but more stable takeover behaviour. The study also
showed that ramp type and interaction events such as lane cut-ins modulated takeover
risk, with the model anticipating risk-inducing interactions up to 0.78 s before their actual
onset. These findings demonstrate how driving simulators can move takeover research
from retrospective behavioural measurement toward predictive and personalized safety
intervention, including adaptive takeover prompt timing and role-aware assistance.

Driving simulators are also used to evaluate HMI designs that shape driver under-
standing and acceptance of automated functions. For instance, a VR-based simulator
study evaluates user acceptance and exposure to automation [98]. Furthermore, in [99], an
explanation-aware HMI is presented that communicates system intent and risk information,
further improving interaction quality. This reduced the reported discomfort by approx-
imately 5-6%, increased complete understanding by up to 14%, and decreased manual
takeover intention by up to 50% in complex scenarios.

Beyond subjective factors, simulators support predictive modelling of driver behaviour
for automated planning and control. Lane-changing intention recognition has been demon-
strated up to 6.6 s prior to manoeuvrer execution with accuracies exceeding 98% [100].
Mixed-traffic studies similarly quantify adaptations in car-following behaviour through
changes in time headway, string stability, and TTC, revealing trade-offs between traffic
stability and driver attention [101]. Crowd-based simulation further estimates visual and
comprehension loads induced by environmental complexity, enabling identification of
violation-prone scenarios [102].

6.1.2. Cognitive Decline and Impairments

Driving simulators provide a controlled platform for quantifying cognitive and phys-
iological impairments that directly affect driving performance. Simulator-derived be-
havioural features have enabled automated classification of safe versus unsafe driving in
cognitively impaired populations with 85% accuracy compared to expert assessments [103].

Physiological monitoring further supports early detection of impairment. EEG-based
approaches improved micro-sleep detection performance by approximately 30%, enabling
identification of transient 1-30 s lapses in alertness that critically affect supervision relia-
bility [104]. This helps to detect subtle cognitive and emotional impairments before they
manifest in unsafe driving behaviours.

HMI design also influences cognitive demand. NASA-TLX workload scores differed
significantly across three HMI designs, with the transparent interface reducing perceived
workload by approximately 18-22%. EEG alpha/theta spectral power showed only non-
significant trends [105].
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Simulator experiments additionally quantify substance-induced degradation of vehicle
control. Research involving alcohol shows a clear link between rising blood alcohol concen-
tration (BAC) and increased risk-taking behaviour, supporting stricter BAC regulations.
These studies indicate that intoxication increases the standard deviation of lane position
by 4 cm and speed variability by 0.38 km/h, while reducing TTC, indicating elevated
risk-taking behaviour [106,107] Similar studies on cannabis have revealed impairments in
reaction time and vehicle control, reinforcing the need for targeted interventions [108,109].

6.1.3. Fatigue and Distraction

Driver fatigue and distraction remain critical human factors challenges in the transition
toward higher levels of vehicle automation. Driving simulators enable evaluation of fatigue,
distraction, and vigilance degradation under conditions that are unsafe or impractical to
reproduce in real traffic.

Multimodal physiological sensing has been widely used to detect reduced alertness.
Fusion of eye-movement and EEG features supports reliable identification of low-vigilance
states in simulated driving by [110]. Real-time eye-tracking systems using fixation duration
and pupil metrics achieve approximately 89% fatigue-classification accuracy [111]. Non-
contact brain-signal monitoring has similarly demonstrated 78.8% overall accuracy and
95% drowsiness detection rate, with strong correlation to PERCLOS [112]. For conditional
automation, multi-camera fusion approaches achieve up to 95.8% accuracy in classifying
takeover readiness [113]. These results establish measurable thresholds for real-time driver
monitoring systems, enabling AVs to detect loss of alertness and trigger warnings or
fallback control.

Visual distraction studies further quantify the performance degradation associated
with secondary tasks. Eye-gaze and visual behaviour also provide measures of distraction.
Simulator studies show that increased visual distraction duration leads to longer reaction
times, degraded vehicle control, and elevated mental workload [82]. Gaze-based metrics
further enable estimation of cognitive load using non-intrusive eye tracking [114]. More
on the prediction performance of lane-changing behaviour by integrating environmental
and eye-tracking data in a driving simulator can be found in [115]. Such measurements
can directly inform HMI design constraints by defining safe glance durations and attention
requirements for in-vehicle displays and infotainment systems.

Environmental conditions also influence supervision reliability. Simulator experi-
ments show that darkness increases subjective sleepiness, EEG alpha/theta activity, and
blink duration while reducing driving speed [116]. Furthermore, the cabin environment
influenced takeover performance. The research in [83] measures elevated CO, and demon-
strated degraded longitudinal speed control and increased fatigue-related gaze indicators.
Environmental temperature modulation has also been evaluated in [117]. It says that a
cooler temperature reduced mean reaction time by about 4%, decreased the eyelid closure
ratio (PERCLOS), and lowered the EEG vigilance ratio by 18-33%, indicating improved
alertness. Environmental factors have also been assessed in [118], where the presence
of roadside vegetation was found to affect driver attention, speed regulation, and lane
positioning. Furthermore, ref. [119] reports reaction time delays of 0.13-0.33 s during
mobile-phone conversation, accompanied by 2-5% speed reductions and 10-40% increases
in headway, indicating degraded hazard response and compensatory behaviour. Table 4
shows a summary of driver monitoring and fatigue/distraction studies.
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Table 4. Summary of driver monitoring and fatigue/distraction studies.

Ref. Factor Key Result

[110] Eye + EEG fusion Low vigilance detection
[111] Eye-tracking 89% fatigue accuracy
[112] Brain monitoring 95% drowsiness detection
[113] Multi-camera 95.8% takeover accuracy
[82] Visual distraction Slower reaction time
[114] Gaze metrics Workload estimation
[115] Eye + environment Lane-change prediction
[116] Darkness Higher fatigue indicators
[83] CO, Reduced control, more fatigue
[117] Temperature Improved vigilance (cooler)
[118] Vegetation Affects attention/lane position
[119] Mobile phone Reaction time delay

6.1.4. Training and Special Populations

Simulators are extensively applied in driver training and rehabilitation, particularly
for novice drivers and individuals with medical or neurological conditions. In a recent syn-
thesis of simulator-based driver training, 14 out of 15 studies (93.3%) reported performance
improvements following simulator training, with 11 studies (73.3%) showing significantly
greater gains in trained groups than controls and with only 1 study (6.7%) finding no effect,
underlining the robustness of simulator-mediated learning for procedural and higher-order
driving skills [120]. Complementing this, ref. [121] shows that simulators are now the
dominant tool for controlled behavioural measurement—especially for speed choice, lateral
control, and acceleration/braking profiles—across domains such as distraction, fatigue,
drugs, and adverse weather.

Training-focused work in at-risk older drivers illustrates how simulators can both
remediate performance and expose detailed metrics that can be fed into AV models. In a
single-session intervention suspected of reduced fitness to drive, simulator-based training
produced measurable gains in road-sign knowledge, general driving performance, and
specific behaviours such as average speed and hazard response time; critically, these
improvements were observed across groups, indicating that even short, context-specific
training can shift clinically relevant indicators in higher-risk populations [122]. Because
these protocols record second-by-second trajectories, speeds, and reaction times, they yield
precisely the sort of age- and impairment-stratified datasets AV developers need to (i) tune
prediction models for older drivers’ speed choice and gaps and (ii) design takeover requests
and shared-control strategies that respect slower processing but avoid overload. In more
specialized contexts, dedicated simulators have been used to assess and tailor driving
experiences for individuals with neurological or physical impairments, such as those living
with Multiple Sclerosis (MS). Drivers with MS had higher median collision and infraction
rates and drove at lower maximum speeds while maintaining similar mean speeds across
urban and highway-like environments [123].

In overtaking manoeuvrers, Calvi et al. [9] used a fixed-base driving simulator to
prototype an AR-based ADAS that trains drivers in safe gap selection, in a manner directly
transferable to connected AV systems. The system emulates V2V /V2I connectivity by
switching a head-up display traffic light to green only when the oncoming-traffic gap is
objectively sufficient for a 10 s overtake. While AR did not significantly alter the kinematics

https:/ /doi.org/10.3390/vehicles8070158


https://doi.org/10.3390/vehicles8070158

Vehicles 2026, 8, 158

19 of 31

of the manoeuvrer, it substantially changed when and where drivers chose to pass. The
average waiting time before a lane change decreased from about 37.01 s (no AR) to 23.4 s
with AR, with the virtual traffic light plus countdown timer configuration yielding roughly
a 40% reduction. The proportion of drivers using the first safe gap increased from 17% (no
AR) to 71-78% with AR, whereas unsafe gap choices fell from 5% (no AR) to 0—2% and to
0% under the virtual traffic light with audio condition.

6.2. Traffic Modelling and Control Studies

One central research focus is the synchronization between micro-level driving be-
haviour and macro-level traffic dynamics. For example, ref. [124] presents an integration
of a non-real-time microscopic traffic simulation with a real-time driving simulator using
model-based prediction. This setup enabled more accurate modelling of how individ-
ual driver behaviours respond to traffic control interventions, such as signal timing and
lane management.

Kang et al. [84] present a behaviour Tree-based framework integrated with the CARLA
simulator to automate scenario generation for AV testing. This approach enables realistic
modelling of multi-actor traffic interactions and supports the evaluation of control algo-
rithms under diverse traffic conditions. The work highlights how driving simulators can
aid traffic modelling and control studies in AV development by facilitating systematic
scenario creation and map-based coverage analysis.

Kumar et al. [125] employ the CARLA driving simulator to establish a vision-based
approach for vehicle re-identification and trajectory reconstruction, utilizing multiple
moving cameras. By simulating diverse traffic scenarios, the authors demonstrate how
driving simulators can support citywide traffic flow analysis and AV perception research
without the limitations of real-world data collection. Their work highlights the utility
of simulation for modelling multi-vehicle interactions and evaluating computer vision
algorithms crucial for autonomous navigation and traffic control.

Kumar et al. [85] employ the CARLA simulator to evaluate a computer vision-based
framework for estimating citywide traffic flow using vehicle-mounted cameras. The study
demonstrates how simulators can support scalable testing of traffic estimation algorithms
under varied controlled scenarios by replicating diverse traffic conditions across seven
virtual environments. Their work showcases the simulator’s role in validating vehicle
detection, localization, and tracking pipelines critical for AV perception and traffic mon-
itoring, achieving traffic volume estimation accuracies of up to 84.2% against synthetic
ground truth.

Simulating pedestrian and cyclist interactions has also become a focal point as urban
mobility evolves. For example, ref. [86] enhanced pedestrian dynamics modelling to
understand how vehicles and pedestrians share space, informing the development of safer
crosswalks and pedestrian zones. Likewise, as cycling gains popularity, particularly in
urban areas, understanding vehicle-bicycle interactions becomes increasingly important.
Ref. [87] investigated these dynamics using simulation tools to identify safety concerns and
refine AV behaviour to ensure safe coexistence with cyclists.

Maroto et al. [126] present a real-time microscopic traffic simulation model tailored for
integration with driving simulators. The model emphasizes dynamic interaction between a
user-driven vehicle and surrounding traffic within a mobile control zone, enabling localized
yet realistic simulation of urban traffic flow. It supports applications in AV development
by replicating complex traffic conditions, including variable vehicle behaviour, signal
regulation, and pedestrian interaction, making it useful for traffic control studies and
real-time behavioural testing in simulated environments.
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6.3. Modelling of Vehicle Dynamics

In AV development, driving simulators support detailed vehicle dynamics studies,
particularly in chassis and powertrain modelling. Chassis modelling focuses on tuning
suspension, steering, and stability systems, while powertrain modelling evaluates energy
management and propulsion strategies.

6.3.1. Chassis Modelling

Modern driving simulators serve as analytical and experimental platforms in chassis
modelling, particularly in developing steering systems, driver interaction models, and dy-
namic validation of control strategies. Their integration with data-driven approaches
and real-time control systems progressively closes the gap between virtual and real-
world testing.

One central area of application is the development of realistic steering feedback.
Damian et al. [88] propose a torque-based control strategy that improves steering stability
and fidelity compared to traditional position-based methods. DIL experiments in a high-
fidelity simulator showed up to 46% higher perceived steering realism, 35.7% lower steering
effort, and about 30% reduction in on-centre “stuck” behaviour, together with reduced
hysteresis and fewer steering wheel oscillations.

To enhance the perceived realism and steering haptics, Zhao et al. [127] introduced
a long short-term memory-based data-driven method for predicting steering feedback
torque. This approach addresses the limitations of physics-based models by learning
nonlinear steering dynamics from real-world data, showing strong generalization even
under unconventional conditions. Bohle et al. [128] examined how high-frequency content
in steering wheel vibrations and vehicle body motion influences subjective assessments
of road feedback. Their findings indicate that a realistic representation of steering system
bandwidth and vehicle motion frequency content is crucial for capturing subtle road texture
and dynamics cues.

Driving simulators are also applied in studies of HMI. For instance, shared control
models such as those explored by Wang et al. [129] highlight how varying levels of haptic
steering feedback influence gaze behaviour and steering performance. Their simulator-
based study demonstrates that Strong haptic guidance reduced the gaze—steering lead time
by approximately 200 ms (from 1.23 s to 1.01 s), indicating tighter temporal coupling
between gaze and steering under higher automation.

In semi-automated and teleoperated scenarios, driving simulators enable supervised
experimentation with driver intent and system intervention. Muslim’s study [130] on
adaptive lane-change assistance leverages simulation to evaluate haptic and autonomous
steering interventions. The results show that driver acceptance and safety outcomes vary
with the intervention strategy, underscoring the value of simulators in fine-tuning the
distribution of control authority between the driver and the system.

Finally, Weiss and Gerdes [33] present an advanced application of VIL simulation
using four-wheel steer-by-wire systems. Their setup emulates high-speed dynamics at
lower physical speeds by decoupling visual, vestibular, and haptic feedback. This approach
is beneficial for emulating highway manoeuvrers within constrained spaces.

6.3.2. Powertrain Modelling

Driving simulators have increasingly been integrated into powertrain modelling work-
flows, especially for electric vehicles (EVs), to facilitate system-level evaluation, enhance
testing safety, and optimize DIL dynamics.

Simulators enable evaluating electric motor control strategies under diverse driving
conditions, such as rapid acceleration or regenerative braking scenarios. These experiments
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help refine motor response models and assess thermal dynamics in real-time. The transition
from internal-combustion powertrains to electrified and new energy vehicles introduces
additional simulator requirements. Unlike conventional powertrains, EV propulsion,
regenerative braking, brake blending, and torque-vectoring functions can generate rapid
torque changes that must be synchronized with vehicle dynamics, driver inputs, sensor
feedback, and communication delays. Therefore, EV-oriented driving simulators require
higher temporal fidelity in drivetrain, battery, inverter, and actuator models, particularly in
HIL, DIL, and real-time co-simulation settings. If these fast transient effects are simplified,
simulators may fail to capture drivability issues such as torque discontinuities, regenerative-
braking transitions, gear-shift jerk in multi-speed BEVs, and energy-efficiency/control
trade-offs [89,131].

Xue et al. [90] developed iCO;, a massively multiplayer online eco-driving simulation
game to collect large-scale driving behaviour data in a virtual environment. Though
primarily designed for behavioural research, iCO; integrates dynamic fuel consumption
feedback and vehicle upgrade mechanics, enabling analysis of how driver interactions
and in-game vehicle configurations affect energy efficiency. The real-time feedback and
player-controlled driving inputs provide a simulated platform for studying powertrain
responses to various driving styles. This makes it applicable for evaluating energy-saving
strategies in EV powertrain modelling.

Jeschke et al. [132] introduced a HIL simulation framework with an interactive driving
simulator built on MATLAB/Simulink to evaluate EV drivetrains across various operational
conditions. The setup incorporated a modular drivetrain comprising a lithium-ion battery,
inverter, and induction motor physically linked to a dynamic simulator via CAN and LAN
networks. The simulator delivered realistic torque demands to the drivetrain and enabled
assessment of battery current, voltage response, and torque generation under predefined
cycles (e.g., US06) and real-driver inputs. The experimental results confirmed a strong
correlation between measured and simulated values, validating the system’s ability to
accurately replicate transient dynamics and energy consumption profiles.

Further advancing this approach, Chada et al. [131] employed a 6-DoF dynamic driv-
ing simulator for real-time evaluation of driver behaviour models and delay compensation
in an eco-driving assistance system (EDAS) for EVs. Through DIL simulations, drivers
tracked advisory speeds influenced by predictive models trained on stochastic and deter-
ministic frameworks. The simulator provided sensory feedback and effectively mitigated
the predicted driver delay, improving energy efficiency and trajectory tracking accuracy.

Louback et al. [89] examined the drivability of clutchless multi-speed gearboxes in
battery electric vehicles (BEVs) using a static simulator. They analysed energy efficiency,
gear shift strategies, and longitudinal jerk across urban and highway driving modes.
The results underscored the need for calibrated shift maps to avoid gear-hunting be-
haviours and emphasized the simulator’s role in assessing transient ride comfort and torque
delivery characteristics.

Moreover, Xue et al. [90] highlighted the importance of dynamic simulators for evalu-
ating the trade-off between energy savings and passenger comfort in eco-driving strategies
such as Pulse-and-Glide (PnG). The dynamic simulator enabled objective measurements
of longitudinal jerk and subjective feedback from participants, revealing that while PnG
can reduce energy use by up to 5%, it risks diminishing comfort unless optimized within
acceptable jerk thresholds.
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6.4. Applications of Driving Simulators in Developing AD/ADAS

ADs consist of multiple interconnected subsystems, including perception, decision-
making, communication, and control, as illustrated in Figure 6. These subsystems require
extensive testing to ensure safety, reliability, and user acceptance.

Perception Communication
Environment Ego-vehicle Obstacle V21 Vav V2X
Recognition Localization Detection
N L2
Decision
Global Planning Behavioral Planning Local Planning
Mission Planni j i
ission Planning Fvent and Mancuver Trajectory generation
Route Planning IR Obstacle avoidance
Control
Lateral Control Longititial Control Reactive Control
Actuation
Steering wheel Throttle/Brake Simulators

Figure 6. General architecture of an ADS within an AD/ADAS.

Perception is at the core of ADS operation, enabling the vehicle to detect and interpret
its surroundings. Simulators can recreate varied environmental and sensor conditions to
validate ADs’ perception systems. For instance, Lee et al. [91] addressed the challenge of
degraded LiDAR performance in foggy conditions, demonstrating that simulators are not
only effective for testing perception algorithms but also for generating synthetic sensor data,
which is especially valuable since collecting real-world LiDAR data in adverse weather is
both costly and time-consuming.

Beyond perception, simulators play a critical role in validating decision-making and
motion planning systems, which must generate safe, efficient, and adaptive responses to
complex and uncertain traffic environments. Simulation-based validation enables con-
trolled testing of planning algorithms under realistic multi-agent interactions, ensuring
robust performance in dynamic scenarios. Studies have demonstrated the use of HIL
simulators to evaluate safety models such as Responsibility-Sensitive Safety for adap-
tive cruise control (ACC), allowing simultaneous assessment of system safety and driver
acceptability [133]. Similarly, simulation environments have been used to validate motion
planning frameworks under realistic traffic behaviours, ensuring that planning algorithms
are robust against unpredictable and non-scripted vehicle interactions [134]. Zhou et al. [92]
introduced an interaction-aware MPC framework that integrates interaction modelling
and multi-modal uncertainty into AD planning. It predicts probable behaviours (lane
changes; braking) of surrounding vehicles and associated trajectory uncertainties. These
predictions are then embedded into the MPC formulation to guide safe, proactive trajectory
planning. Their method allows tuning between conservative and aggressive behaviour
via a safety-awareness parameter, and was validated through synthetic and real-world
dataset-based simulations. This provides a sophisticated approach to modelling realistic
traffic interactions within simulated environments.
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Recent advances in generative Al and digital twin technologies have further expanded
simulation capabilities. For instance, ref. [135] developed a digital twin of highway on/ off-
ramps to identify potential conflict zones and traffic risks before deployment. This tool
supports decision-making by allowing pre-emptive simulation of complex merging, exiting,
and congestion conditions. These risk maps enhance strategic planning in navigation stacks
and can be integrated into AV simulators to test route selection or manoeuvrer initiation.

Communication systems also represent a critical component of AV architectures.
Connected vehicle (CV) technologies enhance AV situational awareness and cooperative be-
haviour, particularly in complex scenarios like intersection negotiation and platooning [4].
To support the development and validation of such capabilities, Dokur and Katkoori [93]
introduced CARLA Connect, an extension of the CARLA simulator that incorporates com-
munication elements, including on-board and roadside units. Their work demonstrated
the simulation of V2X algorithms and the real-time exchange of basic safety messages,
highlighting the framework’s value for testing cooperative behaviours under communi-
cation uncertainties. This simulation-based validation approach helps ensure algorithm
robustness while reducing the risks and costs associated with physical testing. Ko et al. [94]
took this approach further by applying a multi-agent driving simulator to evaluate the
safety benefits of CV. Their results showed that CV-CV configurations achieved up to
45% CPI reduction, demonstrating the potential of communication-enhanced safety and
providing a rigorous validation through driving simulation.

Simulators are essential not only for evaluating high-level planning but also for validat-
ing the low-level control stack. Control systems form the critical bridge between perception,
planning, and physical actuation. These systems, responsible for translating decisions
into smooth and safe vehicle motion, require rigorous testing across diverse operational
scenarios, making them the backbone of any effective ADAS architecture. ADAS includes
features such as lane departure warning, automatic emergency braking and adaptive cruise
control. Testing these systems requires a vast range of scenarios, which is difficult, costly,
and sometimes dangerous to replicate in the real world. For instance, Wang et al. developed
a personalized ACC that learns individual drivers’ car-following behaviour and generates
customized acceleration profiles. HIL driving simulator experiments showed that the
controller reduced driver override duration by 60-85% compared with standard ACC
models, indicating improved comfort and user acceptance. Another study has focused on
evaluating specific ADAS functions where surface electromyography-controlled pedestrian
collision avoidance demonstrated that simulators can effectively test system responsiveness
in scenarios involving vulnerable road users [136].

As the line between ADAS and fully autonomous systems blurs, simulators are increas-
ingly used to test autonomous driving functionalities. Dedicated simulation environments
have been developed to assess steering angle prediction and dynamic motion planning for
safely navigating unpredictable traffic conditions [134,137].

Another study [138] focused on the driving simulation of AVs, evaluating the perfor-
mance of ADS control strategies under different driving conditions. It allows researchers to
fine-tune AD algorithms and assess their effectiveness in a simulated, risk-free environment.
The simulator enabled the testing of steering, acceleration, and braking algorithms and
their ability to respond to various road conditions and obstacles.

7. Conclusions

This review has presented a comprehensive examination of driving simulators and
their critical role in ADS development and AV validation. The fundamental motivations
for simulation were first established by examining the limitations, risks, and constraints
of real-world AV testing, thereby highlighting the need for safe, repeatable, and scalable
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validation platforms. The evolution of driving simulators was then traced from early me-
chanical systems to modern high-fidelity, Al-driven simulation environments, illustrating
the technological progression that has enabled increasingly realistic and capable simula-
tion platforms. In addition, key technological advancements were discussed, including
learning-based simulation methods, synthetic data generation, scenario creation techniques,
and advanced platform architectures, all of which have significantly enhanced the realism,
scalability, and effectiveness of simulation-based validation.

This review has also presented a structured categorization of contemporary driving
simulators based on licensing models, fidelity levels, physical configurations, scale, and
system integration capabilities. These classifications provide a systematic framework
for understanding simulator capabilities and selecting appropriate platforms for specific
research and development objectives. Furthermore, major application domains were
examined in detail, including driver-centred human factors studies, traffic modelling and
control research, vehicle dynamics and powertrain modelling, and the development and
validation of autonomous driving subsystems. These applications demonstrate that driving
simulators serve not only as testing tools but also as integrated development environments
that support the development of AD functions and the broader AV validation lifecycle.

The reviewed literature highlights several key benefits of driving simulation, includ-
ing enhanced safety by eliminating risks to human participants, reduced development
time and cost through early virtual testing, and the ability to reproduce rare, hazardous,
and complex scenarios under controlled and repeatable conditions. These capabilities are
particularly important for validating AD perception systems, decision-making algorithms,
control strategies, and HMI in AV platforms. At the same time, this review identified
important challenges, including limitations in sensor modelling accuracy, environmen-
tal and behavioural realism, computational constraints, and the sim-to-real transfer gap.
These limitations emphasize that while simulation is indispensable, it must be comple-
mented by real-world testing and supported by ongoing improvements in fidelity and
validation methodologies.

Future research should move toward evidence-calibrated simulator ecosystems that
address fidelity, scalability, real-time execution, and ethical validation together. Sensor-
model fidelity can be improved through physics-informed models, data-driven noise and
degradation models, and validation against synchronized road datasets, while behavioural
realism requires larger naturalistic-driving datasets, driver-state modelling, and calibrated
multi-agent traffic models. Real-time constraints can be mitigated through model reduction,
parallel simulation, deterministic co-simulation, hardware acceleration, and edge-assisted
execution, particularly for latency-sensitive HIL, VIL, and DIL workflows. Beyond conven-
tional digital twins, metaverse-based and cloud/edge-enabled simulation frameworks may
support distributed collaborative testing, shared virtual proving grounds, and large-scale
scenario evaluation. Simulators can also contribute to ethical AV validation by enabling
controlled assessment of rare safety-critical dilemmas, vulnerable-road-user interactions,
perception or decision-making bias, and policy choices that cannot be safely or ethically
evaluated directly on public roads.
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