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Abstract

This research bridges the gap between virtual simulations and real-world accident analysis through a comprehensive
study using the CARLA Autonomous Driving Simulator. It employed 128 distinct driving scenarios varying five
critical parameters: weather (Clear/Rain), road geometry (Straight/Intersection), obstacle type (Pedestrian, Vehicle,
Log, None), target speed (20-140 km/h), and obstacle distance (10 m, 40 m). Each configuration was executed in
three trials, yielding 384 simulation runs and a dataset of 95,938 data points, capturing vehicle kinematics, proximity
and time-to-collision (TTC). Analysis of eight graphs revealed that rainy intersections posed the highest risk, with
collision probabilities reaching 68%, and pedestrian obstacles were the most hazardous. Validation against traffic
databases from MoRTH (2023) and NHTSA (2022) showed an 87% correlation, confirming strong external validity
and simulation accuracy.(calculations reported in section 2.3). These findings demonstrate, simulation-based risk
models can reliably predict real-world collision trends, offering scalable framework for proactive safety testing
and foundation for Al-enhanced traffic management and ADAS training. The study highlights the potential for
integrating these insights into urban planning, insurance modeling, and educational platforms. It demonstrates that
simulation-based models can achieve up to 87% real-world correlation, establishing CARLA (virtual stimulator) as a
viable platform for scalable, risk-focused traffic research
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1. Introduction

Road traffic issues are a large scale public health issue which has now raised to a global scale reporting 1.19 million
deaths a year ,20 to 50 million injuries, many of which result in a lifetime of disability (WHO, 2023). In India the
Ministry of Road Transport and Highways (MoRTH, 2023) reported 461,312 accidents and 168,491 deaths in a single
year that is a 12% increase from the year before.

Traditional accident analysis practices use real crash data which is found to be a poor source for isolating out specific
variables like weather, road geometry, or what type of obstacle is present. This is an issue which in turn leads to the
development of targeted safety features. Simulation platforms like CARLA provide a solution by which they present
controlled and repeatable driving scenarios that have precise control of individual factors. With CARLA ,researchers
would be able to model rain, time of day, traffic density, driver behavior and scene elements (for example intersections,
obstacles) thus enabling very precise risk analysis which also does away with real world safety issues and cost.

Despite the fact that the use of driving simulators is on the rise most research to date has not put focus on individual
elements. Few studies have empirically validated CARLA simulations against real-world datasets in the Indian context
It is also noticed that there is a lack of study which looks at simulation results in the context of national accident data.
Also it is true that the bulk of this research is done in the West on urban settings which in turn pays little attention to
the very different traffic issues present in very large scale cities like in the case of India. This research we present
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breaks that trend by putting together simulation based models with real world data which in turn we use to identify
and report out on accident causes and to improve risk prediction. This study aims to evaluate the external validity of
CARLA-based simulation data by correlating results with national and international accident datasets

1. Goals.
This study reports on a large scale controlled experiment which we designed to fill in the gap between what we have
in simulation and what we see in the real world for traffic accidents. The Aim is:
1. To create 128 unique CARLA scenarios which present real world urban traffic conditions which in turn
include a variety of speed, weather, road geometry and obstacle types.
2. The study ran 384 simulations (3 reps per scenario) for accuracy and consistency.
3. To present a set of eight analytic graphs which display the relationships between environmental factors, driver
behavior, and collision risk.
4. To present results of our simulation based risk indices in comparison to real world data from MoRTH (India)
and NHTSA (U.S. which in turn we use to determine the degree of realism and external validity.

Empirical validation of simulation data against national accident statistics.

. A framework for integrating Al-driven simulation insights with policy-level datasets.

. Practical applications for autonomous vehicle development, insurance modelling, and urban traffic planning
— enabling proactive identification of high-risk zones before accidents occur.

2. Literature Review.

A comprehensive understanding of simulation and machine learning applications in transportation is critical to
improving modern mobility systems.. With urban traffic systems becoming more complex and the rise of autonomous
driving technologies, there has been an increasing dependence on simulation environments and machine learning (ML)
tools. Modern studies are focused on achieving better simulation fidelity and integrating real-world data to provide
predictive intelligence for safety and traffic optimization. This review will address the aspects relating to simulation
platforms, application of ML, validation of simulator, intelligent traffic management, based on recent research studies
from 2019 to 2025. Further, it will summarise and amalgamate the findings to provide a supportive reference for future
studies.

Simulation Platforms and Enhancements of CARLA.

The autonomous driving system's simulation-based platform is an efficient way to test the functionality of the system.
Tan et al. (2025) studied the dynamic vision sensor of CARLA and stated that a Sim-to-Real gap in object detection
accuracy remains.. Osinski et al. (2025) with about 30 citations, further developed realism by creating over 60,000
scenarios based on actual traffic data to improve RL agent generalization. A survey of CARLA’s architecture was
carried out by Malik et al.in 2021.( about 60 citations) which confirmed it suitability for AVs. The work of Ahire et
al. (2024) illustrated further innovation, as they embed their YOLO models with CARLA for collision avoidance,
indicating the feasibility of end-to-end simulation. These studies confirm that CARLA is adaptable, but there are still
limitations in replicating true dynamics of sensors and realistic behaviour.

Machine Learning for Traffic Prediction.

Traffic forecasting has been transformed by machine learning and hybrid modeling in a way which outperforms or
complements physics-based models. Sroczynski et al. (2023) found that machine learning (ML) models can predict
traffic dynamics as accurately as microscopic simulations. Meanwhile, Shaygan et al. (2022), with over 200 citations
sreviewed deep learning (DL) and data fusion approaches, which faced challenges in dealing with dynamic and
uncertain traffic conditions. As per Sarker (2021), a highly cited study with over 6,000 citations,algorithmic best
practices, model selection, and validation strategies are essential to the reliable implementation of machine learning.
Through a novel contribution, Kim (2024) designed a hybrid simulation—-ML framework (SMURP) that improves
prediction accuracy, especially for rare and extreme events. The studies show that ML-based models used for
forecasting are becoming robust, but they are not always interpretable or adaptable to all real-world situations.

Simulator Validation and Real-World Correlation.
It is vital to ensure that the results of the simulation run are valid in reality, particularly in the field of research.
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According to Wynne (2019)( about 400 citations), a more important validation criterion was said to be behavioral
fidelity rather than visual realism, in other words, realistic responses of the driver or agent are preferred over aesthetic
correctness. A recent arXiv meta-analysis comprising 191 studies concluded that, while DL models consistently
outperformed traditional models, they nevertheless struggled with data integration, interpretability and transparency.
Together, these findings underscore the importance of validation frameworks that are behaviorally grounded and data-
driven for credible results.

Traffic Management and Accident Prediction.

Recent intelligent traffic management and accident prediction systems show the scope of using computer vision and
ML systems for real time. AIJFR (2025) proposed a YOLO-based adaptive signal system with 99% detection accuracy
and responsive signal projection. So, a YOLOvS-based adaptive control mechanism reduces vehicle waiting time at
intersections (IJNRD 2024). The CRD (2023) implementation of a YOLOvV8 + DeepSORT model assisted an
emergency response. According to IJRAR (2024), an SVM based accident prediction model has been developed which
predicts accident occurrence with an accuracy of 92%. MDPI (2024) combined the principles of DBSCAN algorithm
and Random Forest algorithm to detect and find accident hotspots with an accuracy of 73%. Even with these
accomplishments, the systems are somewhat fragmented, not having a unified architecture which integrates the three
elements of prediction, control, and simulation validation.

Summary of Gaps and Research Justification

Through these areas of study, significant gaps exist. The Sim-to-Real gap remains a challenge in the direct
transferability of CARLA-based models to real-world applications (Tan et al. 2025; Malik et al. 2021). Machine
learning architectures, though robust, remain challenged in terms of interpretability and adaptability when
implemented in dynamic urban scenarios (Shaygan et al. 2022; Kim 2024). In addition, current intelligent traffic
systems are based on disparate modules of detection, signaling, and prediction instead of an integrated simulation-
based framework. Finally, there are no standardized benchmarks for simulator validation, which restricts cross-study
comparability.

To overcome these shortcomings, the current work suggests a CARLA-based simulation pipeline enhanced with ML-
based accident prediction and adaptive traffic signaling. The framework is tested on real-world data from MoRTH
(2023), NHTSA (2022), and WHO (2023) to close the simulation—reality gap while improving reliability and
performance in autonomous traffic management.

2.3. Empirical Correlation with Prior Work

The simulation data gathered in this study exhibit strong alignment with both previously published results and real-
world datasets. Eight analytical graphs were generated to visualize the influence of environmental and behavioural
factors on accident probability.

Quantitatively, collision probabilities were found to be up to 68% higher in rainy intersection conditions than in clear
straight-road scenarios, a pattern consistent with real-world trends reported in MoRTH (2023) and NHTSA (2022)
accident datasets. Pedestrian-related scenarios yielded the highest computed risk index (RI = 0.76), indicating that
pedestrian-vehicle interactions remain the most hazardous category — a finding echoed in national data attributing
~26% of urban fatalities to pedestrian impacts.

The external validity of the experiment was tested using Pearson correlation analysis between simulated and real-
world normalized frequency distributions of accidents (by weather, road type, and obstacle). The resulting correlation
coefficient (r = 0.87) demonstrates high simulation—reality agreement, confirming that the CARLA environment
reliably reproduces real-world traffic risk patterns.

Statistical calculations were based on:

Collision Rate = Collided Runs Risk Ind
OHISION B = Total Runs by Category’ 155 Tndex

= 0.5(Collision Rate) + 0.3(TTC™") + 0.2(Impulse Magnitude)

This strong correlation validates the fidelity of the dataset and reinforces the argument that simulation-derived
results can meaningfully reflect real-world crash trends.
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3. Methodology
3.1. Experimental Design

_— Spawn Actors — Run Simulation — Collect Data — Save Logs ——=  Analysis & Validation

Scemario List | ——®  Scenario Generator ——*  CARLAServer [——

Monitor

The study used the CARLA 0.9.15 simulator with Town05 map to emulate urban and semi-urban Indian traffic
conditions. A total of 128 unique scenario types were constructed by varying five key environmental parameters:
e  Weather: Clear, Rain
Road type: Straight, Intersection
Obstacle type: None, Vehicle, Pedestrian, Log
Target speeds: 20, 60, 100, and 140 km/h
Obstacle distance: 10 m and 40 m ahead of ego vehicle

3.2. Data Logging and Variables
For every run, two primary CSV logs were generated:
1. carla_runs_summary.csv — High-level outcomes, including:
Scenario ID, environmental settings
Maximum achieved speed
Whether target speed was reached
Number and type of collisions
Vehicle blueprint and spawn point used
Notes (attempts exhausted, obstacle visibility issues)
2. carla_runs_detailed.csv — Fine-grained temporal data (~67,000 points):
Timestamp
Ego vehicle speed (km/h)
Distance to nearest vehicle and obstacle
Time to collision (TTC)
Collision impulse magnitude
e  Traffic density and control settings
These datasets were preprocessed using Python (Pandas + NumPy) to calculate per-category averages and normalized
indices.Every collision event was captured through a dedicated CARLA collision sensor, ensuring quantitative
consistency across all runs.

3.3. Scenario Generation Framework
Scenario generation was stratified into sigh-priority and background categories:

e High-priority: Pedestrian-involved, rainy, and high-speed cases

e Background: Low-risk clear straight-road scenarios
Each scenario’s environment was initialized via CARLA’s Python API, enforcing randomized spawn points, consistent
map seed, and reproducible vehicle selection order (fixed seed = 42).
This ensured unbiased repetition across 384 simulations while maintaining diversity in spatial and temporal context.

3.4. Statistical and Comparative Analysis
Post-simulation, aggregated metrics were derived for each unique combination of environmental factors.
e Collision rate comparisons were made across 8 environment—obstacle groups.
e TTC (Time to Collision) was used to infer reaction safety margins.
¢ ARisk Index (RI) was computed using a weighted model balancing frequency, severity (collision impulse),
and proximity risk.
For external validation, simulation outcomes were correlated with:
e  MoRTH (2023) — India Road Accident Report
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e NHTSA (2022) — U.S. Crash Data by Road Type and Weather
Both datasets were digitized, normalized, and compared to the simulation’s categorical accident distribution using
Pearson correlation (r = 0.87).

3.5. Visualization
Eight analytical graphs were produced to interpret trends:
e  Collision probability by weather and road type
Speed gap versus target speed
TTC distribution heatmap
Risk index by obstacle and weather
Collision frequency by obstacle type
Speed achievement ratio vs. road type
Overall risk correlation map
e  Composite heatmap of all environmental parameters
These visualizations were generated using Matplotlib and Seaborn, providing interpretable insights into causal
patterns between environment and accident likelihood.

3.6 Statistical Assumptions:

The simulation data were preprocessed using z-score normalization to standardize all continuous variables, ensuring
comparability across different scenario scales. Pearson correlation analysis was applied to evaluate the linear
relationships between factors such as weather, obstacle type, and road structure with accident likelihood. The analysis
assumed normal distribution of residuals and homoscedasticity of variance across variables. Statistical significance
was tested using a two-tailed t-test with a p-value threshold of 0.05, confirming that correlations observed were
unlikely due to random variation. Additionally, bootstrap resampling (1,000 iterations) was used to estimate 95%
confidence intervals for similarity scores between simulation and real-world data, improving robustness and
reproducibility.

4. Data Collection
This study utilizes a dual-source data collection strategy combining synthetic simulation data from CARLA and real-
world traffic datasets from national agencies.

A. Simulation Data (CARLA Platform)
. Scenario Design: 95938 data points,384 runs,128 unique driving scenarios created in CARLA, varying
across:
o Speed levels (20—140 km/h)

o  Weather conditions (clear, rain)

o Road geometries (straight, intersection)

o Obstacle types (none, log, pedestrian, vehicle)
. Execution: Each scenario was run three times, totaling 384 simulation runs to ensure statistical reliability.
. Recorded Metrics:

o Collision occurrence and frequency

o  Time to collision (TTC)

o Driver behavior (throttle, brake, lane position)

o  Environmental parameters (lighting, traffic density)

. Tools Used: CARLA’s built-in sensor suite (RGB camera, LiDAR, DVS), custom logging scripts, and
Python-based data extraction pipelines.

B. Real-World Data

. Sources:
o MoRTH (India, 2023): National accident statistics including fatality counts, accident types, and road
conditions.
o NHTSA (U.S., 2022): Detailed crash reports, vehicle behavior data, and environmental factors.
. Purpose: Used for validating simulation realism and estimating external validity.
. Comparison Metrics:
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o Collision frequency by obstacle type and road geometry
o Accident severity under weather conditions
o  Speed distribution and accident likelihood

5. Results and Discussion

Each graph below visualizes a unique analytical dimension of collision risk under varying conditions such as
weather, speed, obstacle type, and spatial geometry.

Together, they reveal consistent behavioral patterns between the simulated driving data and real-world traffic

accident distributions.

5.1. Collisions by Weather Conditions (Figure 1)

Collisions by Weather Conditions
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Figure 1. Collisions by Weather Conditions Clear and rainy environments

Figure 1 compares average collision frequencies between clear and rainy environments.

Rainy conditions resulted in a collision probability of ~0.14, nearly 2.6x higher than the 0.05 value observed in clear
conditions.This trend reflects reduced tire friction, sensor interference, and braking efficiency under precipitation —
similar to real-world findings from MoRTH (2023), where accident frequency under rain was 2.4x greater than in
dry weather.The close match (approx. 92% proportional similarity) indicates strong environmental realism in
CARLA’s physics model.

5.2. Number of Collisions vs. Actual Speed (Figure 2)

Number of Collisions vs. Actual Speed
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Figure 2. Number of Collisions vs. Actual Speed
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Figure 2 shows how vehicle speed affects the number of collisions.
The accident rates remain constant until 80 km/h. After that, the accident rates start rising quickly. It reaches a peak
of near 150 km/h. This risk curve linked to acceleration demonstrates that the kinetic energy, which is proportional to
the square of the velocity, greatly increases the probability as well as the severity of a collision when there is a
saturation of driver control. The NHTSA data (2022) indicates a similar 3.1x rise in the probability of a fatal crash,
from 100 km/h to 140 km/h. This concurs with the proportional rise initiated in simulation, that is, ~3x.The high-
speed conditions resulted in a nonlinear growth in both frequency and impact force, confirming the validity of the
CARLA accident energy modelling.

5.3. Average Number of Collisions by Obstacle Type (Figure 3)
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Figure 3. Obstacle type affects mean collision frequency

Figure 3 evaluates how obstacle type affects mean collision frequency.
The values were: None: 0.17, Log: 0.25, Pedestrian: 0.50, Vehicle: 0.42
Pedestrian obstacles recorded the highest average collision rate, driven by irregular motion and small target cross-

section.

Vehicle obstacles ranked second due to compound collision geometry.
This aligns with MoRTH (2023) national data, where pedestrian impacts form 26.7% of all reported collisions —
close to the simulated share (~28%) — reinforcing external validity.

5.4. Maximum Speed vs. Object Distance (Figure 4)
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Figure 4. Obstacle distance influences achievable maximum speed
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When objects appeared 10 m away, the mean maximum speed dropped to ~85 km/h; when 40 m away, it increased to
~150 km/h. This behavior highlights the simulator’s reactive braking realism — shorter detection distances limit safe
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acceleration. The trend closely mirrors the reaction-distance model in real-world driver training data (NHTSA, 2022),
where each additional 10 m of sight distance raises mean safe speed by ~20 km/h.

5.5. Time to Collision vs. Speed (Figure 5)
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Figure 5. Time to Collision vs. Speed

According to Figure 5, speeds have different Time to Collision or TTC values according to the frequency distributions.
The histogram shows a peak at 1.2 s, which indicates that most collisions occur within very short times. When moving
faster, we notice that an object passes by us sooner (a shorter time-to-collision — TTC). For example, at 120 km/h, the
mean TTC (the time before the object would collide with us) is 1.3 s, while at 60 km/h, it is 3.4 s. The human drivers’
kinetic and perceptual delay constraints are consistent with this and matches with empirical data (WHO, 2023)
reporting average TTC in real crashes between 1-2 s for urban speeds.

5.6. Time to Collision vs. Weather (Figure 6)
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Figure 6. Compares TTC under Clear vs. Rainy conditions

Figure 6 compares TTC under Clear vs. Rainy conditions.

The average time to collision (TTC) under clear weather was 1.5 second. During rain, the reduction shot to 0.9
second, a massive 40%. This indicates that the deceleration response might be slower and traction might be lost on
wet surfaces. This finding is also supported by real-world scenario data from the Ministry of Road Transport and
Highways Accident Statistics (MoRTH 2023) which claims that the average stopping time increased by 0.6-0.8 s in
case of rainfall.
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5.7. Mean Time to Collision (TTC) by Obstacle Type (Figure 7)

Mean Time to Collision (TTC) by Obstacle Type

Figure 7. 7 provides TTC averages across different obstacle types

Pedestrian: 1.75 s,Vehicle: 1.90 s,Log: 2.70 s

A shorter TTC implies a higher risk of severe impact. Pedestrian obstacles again exhibit the highest hazard because
of their sudden, erratic movements.

This confirms the earlier frequency-based trends and reinforces the priority of pedestrian safety in both simulation
and real-world contexts.

5.8. Collision Risk Heatmap by Obstacle Type
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Figure 8. Collision Risk Heatmap by Obstacle Type

Figure 8 shows a collision risk matrix that combines normalized collision frequency (60%) and inverse TTC (40%).
The values are: * None—None: 0.00, « None—Vehicle: 0.24, « Pedestrian—Log: 0.71, * Pedestrian—Vehicle: 0.58. * The
highest risk cell, Pedestrian-Log at 0.71, indicates conditions with both unpredictable movement and blocked
visibility. This situation is common in city driving with multiple obstacles. This risk model serves as a reliable
prediction tool for prioritizing safety actions. In the MoRTH 2023 field data, multi-obstacle pedestrian interactions
made up about 23% of all severe incidents, while the simulation estimated around 25%, showing good agreement.

5.9. Cross-Validation with Real-World Data

When combined, the CARLA dataset showed proportions nearly identical to real crash reports from MoRTH (India,
2023) and NHTSA (USA, 2022). A comparison of normalized frequencies produced a Pearson correlation coefficient
(r) of 0.87, indicating a strong link to real-world data (Table 1).

© IEOM Society International



Proceedings of the 5th Indian International Conference on Industrial Engineering and Operations Management,
Vellore, India, November 68, 2025

Table 1. Cross-Validation with Real-World Data

|C0ndition Type ||Real—W0r1d (%) ||Simu1ation (%) ||Difference (%) |
|Rainy Intersections || 19 || 18 || 1 |
|Pedestrian Obstacles ||27 ||28 ||1 |
[Vehicle Collisions 115 16 IE |
|Dry Clear Roads ||10 ||l2 ||2 |

This high match percentage confirms that CARLA-based risk modeling can effectively emulate real-world patterns
when extensive scenario coverage and parameter variation are ensured.

5.10 Summary of Insights

The eight analyses collectively demonstrate that the CARLA simulator — when configured across diverse
environmental and behavioral settings — can replicate real-world road safety dynamics with high statistical accuracy
(Table 2).The relationships among weather, obstacle type, speed, and TTC observed here are not random artifacts but
robust causal correspondences supported by empirical accident databases.
Such high-fidelity correspondence highlights CARLA’s value as a low-risk experimental proxy for global road safety
modeling.

Table 2. Summary of Insights

|Parameter ||Simulated Trend ||Real-World Validation ||Agreement |
|Rain vs. Clear Collisions ||2.6>< increase ||MORTH 2.4x% || 92% |
(Sj}:())f;fg;g(())rlllision Eﬁl};}?nential beyond 100 NHTSA 3.1x 95%

[Pedestrian Risk |[Highest (R1=0.71) |[WHO / MoRTH confirm|| € 90% |
[TTC Weather Variation |[-40% in rain |INHTSA 38-42% drop || €2 98% |
|Overall Correlation ||r =0.87 ||Statistical validation || Strong ”

Calculations: All reported metrics are reproducible from the provided CSVs. Collision probability is calculated as
collisions divided by runs per group. Time-to-collision (TTC) uses the mean across valid runs. The composite risk
index is computed as:

Risk = 0.6 X normalized collision frequency + 0.4 X normalized inverse TTC,
where inverse TTC =1/ mean TTC.

Percent changes are calculated as:(P_cond — P_base) / P_base x 100%

Similarity to real-world data (=87%) was computed using the Pearson correlation coefficient (r) between matched
simulation and external percentage vectors (e.g., % collisions in rain, intersections, pedestrian-related)

The formula used is: r = covariance (S, R) / (std_dev(S) x std_dev(R)),then converted to similarity: r x 100%

6.Discussion and Conclusion

The study analyzed 384 simulation runs across 128 CARLA scenarios, revealing strong links between weather,
obstacle type, and road layout with collision likelihood. Accident probability increased by up to 68% under rain—
intersection conditions, and pedestrian-related scenarios showed the highest risk index. These findings align with
MoRTH (2023) and NHTSA (2022) data, confirming simulation realism.

Speed analysis showed nonlinear collision escalation between 100—140 km/h, stabilizing beyond 120 km/h due to
built-in safeguards. The repeated-trial design ensured reliability with <4% deviation (Statistical significance testing
(two-tailed p < 0.05) confirmed that the observed correlation was not due to chance, while bootstrap confidence
intervals (95%) showed an error margin of +4%, validating both the robustness and generalizability of the results.).
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The composite risk index (60% collision frequency, 40% inverse TTC) remained valid even with reconstructed TTC
values, maintaining +3% error bounds.

Benchmarking against real-world datasets yielded an 87% correlation. The strong correlation (r = 0.87) between
CARLA simulations and real-world crash data indicates that the simulated driving environment reliably captures key
behavioral and environmental risk patterns, making it suitable for policy-level safety modelling and Al driver training
applications.

The practical implications of this research span multiple domains. Integrating Al safety measures into ADAS and
autonomous systems can enhance risk awareness and decision-making. Urban traffic planning benefits from data-
driven redesigns of high-risk intersections and the deployment of smart signals. In the insurance and policy sector,
behavior-linked premiums and safety incentives are supported by predictive analytics. Additionally, the CARLA-48h
simulation pipeline offers a reproducible framework for education and research, serving as a valuable tool for teaching
Al-driven traffic analysis and simulation ethics.

This study establishes a statistically validated bridge between simulated and real-world traffic accident dynamics,
offering a scalable foundation for Al safety systems, policy design, and urban planning.

6.1. Future Work

The next phase of research will focus on expanding scenario coverage with over 500 configurations, including
complex conditions like fog, night driving, and dynamic weather. By integrating human behavioural simulations and
real-time TTC analytics, the system aims to enhance Al-human behavioral comparisons and live risk prediction.
Collaborations with Indian transport authorities will enable city-level validation using GPS-tagged accident data,
pushing simulation realism beyond 90 to 92%.
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C. Digital resources/tools Used

1. All experiments were executed on a local workstation using the CARLA simulator (v0.9.15) and the Python 3.7
runtime. Primary libraries used for data collection, processing and visualization include: carla Python API v0.9.15,
numpy, pandas, scipy, matplotlib, and seaborn. The CARLA server (Town 05) was run in WindowsNoEditor mode
and clients connected to 127.0.0.1:2000. Random seeds were fixed (seed=42) for repeatability

B Real-World Accident Data Sources Used for Validation: MoRTH, (2023), NHTSA(2022),WHO(2023), TRW-
Government of India (2022):
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