EAIl Endorsed Transactions
on Smart Cities Research Article EALLEU

An Integrated Framework for Virtual Testing of
Autonomous Vehicles in Mixed Urban Traffic

B. Caroleo"”, J. Sadeghi', C. Botta', S. Nikneshan' and M. Arnone'

'LINKS Foundation, Via P.C. Boggio 61, 10138, Turin, Italy

Abstract

INTRODUCTION: As cities gradually begin integrating autonomous vehicles into existing transport systems, it becomes
essential to assess their potential impacts on traffic dynamics and safety in a comprehensive and systematic manner —
particularly through tools that can anticipate impacts before actual on-road deployment.

OBJECTIVES: This paper aims to develop a data-driven and modular framework to evaluate the integration of autonomous
mobility solutions in mixed traffic conditions.

METHODS: A data-driven approach combining sensor data collected during autonomous shuttle trials with video-based

behavioural analysis of road users and calibrated traffic microsimulation is employed to perform ex-ante assessment of]
different deployment scenarios.

RESULTS: The framework enables the evaluation of the impacts of autonomous mobility solutions on traffic performance
and safety, providing insights across multiple scenarios.

CONCLUSION: The framework supports informed decision-making and enhances the understanding of how autonomous
mobility can be effectively integrated into urban environments.
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1. Introduction Integrating autonomous vehicles in urban context requires

careful planning to ensure safety and efficiency. As public
autonomous shuttles operate on predefined authorized
routes, traffic simulation frameworks play a crucial role in
evaluating their impacts by allowing researchers and
planners to model and analyse various traffic scenarios.
Microscopic traffic simulation models are useful for
studying individual vehicle dynamics, interactions, and
localized traffic phenomena [1], providing insights also in
emissions, travel times, and safety metrics.

The city of Turin (Italy) serves as a test environment for

Urban mobility is experiencing an era of transformation
with the rise of Autonomous Vehicles (AVs) and
Cooperative, Connected, and Automated Mobility
(CCAM). Recent studies have been shifted toward
autonomous transportation, particularly public
autonomous shuttles using minibus technology which are
expected to become an essential element of future urban
mobility.

Current autonomous shuttle experiences are often
limited to controlled environments, thus the main challenge studies on autonomous mobility within several European

is .to integrat.e them iqto mixed traffic, Where they interact and national projects such as the European project SHOW
with pedestrians, cyclists, and human-driven vehicles. [2], IN2CCAM [3], and the national project ToMove [4].
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Various types of data were collected from these trials,
including sensor, infrastructure, and environmental data,
providing a comprehensive dataset that supports
simulation, validation, and improvement of AV systems in
diverse urban scenarios.

Traffic simulation models often rely on aggregated data,
which fails to capture the nuances of vehicle interactions.
This is particularly challenging for modelling interactions
between autonomous and human-driven vehicles, due to
their distinct behavioural patterns. AVs rely on sensor-
driven decision-making, whereas human drivers exhibit
variable responses influenced by cognitive and
environmental factors. Recent tracking technologies make
it possible to continuously collect vehicle telemetry data,
such as speed and location, enabling more realistic traffic
analysis.

This work has two main objectives. First, to provide a
comprehensive framework based on data from urban
infrastructure and autonomous vehicle experimentations,
simulating the behaviours and interactions of these vehicles
with other road users. Second, to provide a tool that allows
decision-makers to test AV deployment in the simulation
environment before the actual deployment, thus assessing
the impact of introducing AVs in specific areas and
preventing potential issues regarding safety.

2. Related works

The exploration of Autonomous Vehicles (AVs) and their
integration into urban mobility is a multifaceted endeavour
that has captivated the attention of researchers, engineers,
and urban planners worldwide. Considerable research has
been dedicated to understanding the implications of AVs in
urban environments. Early studies primarily focused on the
technological aspects, such as sensor fusion, perception
algorithms, and decision-making processes of autonomous
systems [5]. As AV technology matured, attention shifted
towards assessing the impact of these vehicles on traffic
flow, congestion, and overall urban mobility [6][7][8].

The domain of autonomous shuttle services, in
particular, has gained significant interest due to its potential
to provide efficient last-mile connectivity and enhance
public transportation systems. Initiatives such as the
European SHOW project [2] have explored the integration
of autonomous shuttles into public transport systems
[9][10], emphasizing their role in advancing the
understanding and deployment of autonomous shuttles in
real-world urban settings [11].

To align the proposed research with the most recent
scientific trends, it is essential to engage with the emerging
digital twin (DT) paradigm and its associated ethical
considerations. Recent advancements highlight the
virtualization of motorway dynamics through run-time
synchronized models that create a continuous synergy
between simulation platforms and real-time traffic data
streams [12]. Recent studies have further extended DT
approaches to urban-scale environments, integrating multi-
source data and real-time simulation frameworks to support
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predictive traffic management and AV deployment
strategies [ 13]. High-fidelity modelling has also progressed
through the integration of detailed vehicle dynamics and
environmental factors directly into microscopic simulators
to identify safety-critical issues [14], with emerging
explorations into Generative Al (GenAl) for autonomous
scenario augmentation [15]. Moreover, advanced
frameworks are beginning to combine infrastructure-based
sensing (e.g., camera systems) with reinforcement learning
techniques to optimize traffic control policies within digital
environments [16]. Parallel to these technical
developments, recent literature emphasizes that the ethics
of urban data use and democratic governance must be
treated as central pillars of smart city DTs [17]. This
includes the necessity for ethics-aware risk control
frameworks that prioritize the protection of vulnerable road
users [18] and the establishment of standards for cross-
disciplinary collaboration between planners and ethicists
[19]. From a policy perspective, these challenges also
involve data governance, privacy, and equitable access to
mobility services, particularly when dealing with large-
scale high-resolution mobility datasets. The proposed
framework supports these requirements by ensuring ethical
data management through the use of anonymized trajectory
data.

Traffic simulation has been used in numerous
simulation research scenarios of AVs, highlighting its
versatility and wide-ranging applications: it provides a
helpful tool to answer complex research questions, to
evaluate or test traffic management strategies and their
impacts [20]. Simulation offers a safe and cost-effective
method of testing and validating autonomous algorithms
and control systems before real-world deployment. These
simulations provide a crucial bridge between theory and
practice, allowing researchers to refine AVs technologies
in controlled virtual environments. Traffic simulators
replicate situations and evaluate the consequences of
different strategies for using AVs. In the majority of
microscopic simulation research, AVs have been
distinguished from human-driven vehicles based on their
driving patterns, highlighting the pivotal role of driving
behaviour in modelling AVs [21]. Understanding the AV
driving behaviour is essential for creating realistic and
effective simulations that mirror real-world conditions.
Using microsimulation, some researchers studied the
impact of different AVs penetration on traffic parameters
[22] and on urban traffic flow and road capacity [7],
highlighting potential risk that if AVs increase overall car
use, they could strain traffic management. In the context of
communication, technologies like Cooperative Awareness
Messages (CAM) - defined by the European
Telecommunications Standards Institute (ETSI) [23]-
facilitate real-time data exchange between vehicles and
infrastructure, further enriching the available datasets.
Additionally, microsimulation has emerged as a pivotal
tool for understanding the complex interactions between
AVs and other road users in realistic traffic scenarios.
Existing works delve into the development of
microsimulation environments for AVs, often utilizing
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platforms such as SUMO (Simulation of Urban MObility)
[24]. The assessment of impacts related to autonomous
services, safety, and overall traffic dynamics becomes
feasible through this simulation, guiding the identification
of optimal strategies in various contexts. Recent digital
twin-based simulation frameworks further enhance these
capabilities by integrating real-time traffic data streams
into microscopic environments, improving both prediction
accuracy and responsiveness, although they often rely on
aggregated rather than high-resolution trajectory data [13].

The safety of AVs and their interactions with
pedestrians and conventional vehicles have been
extensively investigated. Studies have utilized surrogate
safety measures like Time to Collision (TTC) and Post
Encroachment Time (PET) to evaluate and compare the
safety of AV-pedestrian interactions with conventional
vehicle-pedestrian interactions [25][26]. These approaches
are increasingly complemented by video-based interaction
analysis, enabling a more detailed characterization of
micro-level conflicts and behavioural patterns in real-
world urban environments.

In parallel, recent interdisciplinary research has focused
on developing “human-like” automated vehicles whose
behavioural decision-making aligns with human driving
habits and cognitive expectations [27]. Empirical studies
reveal that human drivers exhibit significantly higher stress
levels during hard-braking scenarios with conventional
vehicles compared to AVs, with behaviour and headway
choices varying by driver age [28]. Trust remains a central
factor, as shown by trials evaluating how pedestrians and
cyclists perceive AV manoeuvres in shared spaces [25].
Innovative infrastructure-mediated communication has
also emerged to foster safer navigation for pedestrians [29],
especially at unsignalized crosswalks where pedestrians
often exhibit discomfort when interacting with automated
shuttles [8]. More recent studies further highlight the
complexity of behavioural adaptation in mixed traffic,
showing that interactions with AVs may generate
uncertainty, reduced predictability, or lower trust in
specific ~ scenarios, particularly in  multi-agent
environments [29]. These findings stress the importance of
incorporating perception, risk awareness, and decision-
making processes into behavioural models.

From an operational and policy perspective, the impact
of autonomous shuttles can be assessed across different
infrastructure strategies, such as dynamic or separated
lanes [30], while vehicle connectivity is being investigated
to manage dynamic responses to unplanned urban events
(e.g., road closures or accidents) via TraCl-mediated
rerouting algorithms [31]. This approach is further refined
by considering heterogeneous driving styles to ensure that
virtual models accurately reflect real-world diversity [32]
and by calibrating virtual environments based on specific
automated shuttle service influence on urban networks
[33].

In summary, the landscape of AV research is vast and
continually evolving, but research contributions in the field
of virtual testing for autonomous vehicles have been
sectoral, and an overall view is lacking. There are some
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scientific contributions that try to give an overview by
cross-referencing the contributions that may come from
different domains [34], but there is a lack of real data from
connected / autonomous vehicles, and thus no concrete
results from such integrated frameworks. In particular,
many existing approaches rely on synthetic or aggregated
data and lack validation based on high-frequency real-
world trajectory data in mixed urban traffic conditions.

Specifically, the proposed approach distinguishes its
substantive novelty through three key dimensions. First, it
leverages high-frequency real-world AV trajectory data to
ensure behavioural realism often absent in synthetic
studies. Second, it integrates video-based analysis with
sensor data for vehicle tracking [35], enabling interaction-
level analysis and precise calibration in unsignalized
contexts. Third, it provides a modular testing environment
that bridges individual trajectory detail with system-level
policy evaluation. Additionally, the framework enables
dynamic co-simulation, supporting ex-ante testing of
traffic management and policy scenarios.

3. The case study

The City of Turin (Italy) with a robust CCAM ecosystem
encompassing local institutions, research centres, the
Traffic Control Centre, and the public transport operator
served as a compelling case study regarding the integration
of autonomous shuttle in urban transportation. During
August—October 2022, as part of the H2020 SHOW project
[2], two SAE level 4 autonomous shuttles (provided by
Navya [36]) were deployed in mixed traffic.

The pilot was designed to offer a flexible, on-demand
transport service for up to 15 passengers, circulating on a 5
km authorized route near the hospital area. Navya’s shuttle
was equipped with LIDAR and onboard sensors to navigate
autonomously. Data collected from these sensors during
the pre-demonstration phase, before passenger service
began, was used in this study. The dataset included
kinematic data sampled at 1 Hz. This level of granularity
enabled the accurate replication of real-world behaviours
within the simulation. In addition to trajectory data, traffic
signal states transmitted via Signal Phase and Timing
Extended Message (SPATEM), and road network features
such as crosswalks and intersections were used. The use of
these data into SUMO simulations ensured validity of the
resulting models.

In addition, some videos were recorded along the
section of the shuttle route at an unsignalized crosswalk
with moderate traffic (Figure 1). This allowed the study of
natural interactions between road wusers, including
pedestrians, vehicles, and the AV. Two Garmin VIRB™
action cameras (1080p HD, 30 fps) mounted on a pole at a
height of 10.80 m, were used for this purpose.
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Figure 1. Snapshot of the monitoring area

4. Methodology

The proposed framework consists of three main phases:
data gathering, data analysis and modelling, and traffic
microsimulation (Figure 2). This modular structure allows
flexibility across diverse urban contexts. The Data
Gathering phase collects inputs from multiple range of data
sources, including sensor, infrastructure, and camera-based
data. The Data Analysis and Modelling phase preprocesses,
validates, and enriches this data through statistical methods
and machine learning techniques. The Traffic
Microsimulation phase integrates the processed data into
SUMO to simulate mixed-traffic scenarios and evaluate the
impacts of AV deployment. The following subsections
describe each phase of the Turin case study.

GATHERING
TRAFFIC
SIMULATION

DATA ANALYSIS
AND MODELLING

in co-simulation
with autonomous
driving simulator

Figure 2. Proposed framework

4.1. Data gathering

The foundation of the proposed framework is based on an
extensive and detailed data collection process. The types of
data gathered in this case study are as follows:

(1) Sensor data from the autonomous vehicle constituted
the primary source. In accordance with the Italian
Smart Road Decree, which defines the minimum
requirements for autonomous vehicles operations in
Italy, the shuttles logged time-series data at regular
intervals. The collected data included operational and
kinematic variables such as WGS84 position,
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operation mode (autonomous or manual),
instantaneous speed and acceleration, vehicle
dynamics, steering and braking states, lightening and
signalling status and other system-level indicators, as
well as V2X messages received and transmitted.
High-frequency operational logging of this kind is an
intrinsic byproduct of AV operation itself and is
therefore expected to be available wherever
autonomous vehicles are deployed.

(ii)) Infrastructure data from signal groups along the
experimentation route were made available through
the City's Traffic Control Centre. These signal groups
transmitted phase and timing information via
SPATEM (Signal Phase and Timing Extended
Message), providing the time-to-green and time-to-
red countdowns for each intersection.

(iii) Road network data were supplied by the

Municipality of Turin in collaboration with the Traffic
Operation Centre. This included the road geometry for
the authorised zone, cross-referenced with
OpenStreetMap, along with traffic  demand
information, and relevant data for the authorized zone.
Public transport routes and stops were obtained from
the local operator in GTFS format, allowing their
incorporation into the simulation as an additional
traffic layer.

(iv) Camera recordings were collected at a single

unsignalized crosswalk along the shuttle route during
different days. Interactions among different road users
in the scene were captured. This location was
deliberately chosen because the absence of signal
control allowed the observation of unregulated
crossing behaviour — the type of interaction that
poses the greatest uncertainty for AV deployment in
urban areas.

4.2. Data analysis and modelling

Once data is collected in the previous phase, two parallel
analysis streams are carried out: a sensor-based analysis of
AV telemetry data and a camera-based analysis of video
recordings, as shown in Figures 3 and 5.

Sensor-based analysis

In the case study presented in this paper, high-frequency
data from AV sensors were pre-processed and validated
using statistical techniques in Python, ensuring the
reliability of the dataset. Compliance with legislative
requirements was also systematically checked to ensure
adherence to safety and operational standards. Speed
profiles were then derived from AV telemetry data to
inform microsimulation settings and to support model
validation.

Anomaly detection was then performed using the
Median Absolute Deviation (MAD) [37], a robust
statistical method for identifying outliers. The analysis
focused on abrupt changes in vehicle speed, which were
indicative of irregular behaviour during the operation.
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MAD was selected due to its robustness to outliers and its
flexibility, allowing the detection threshold to be adjusted
according to the analysis requirements. Feature
relationships were also examined through correlation
analysis, providing insights into dependencies among
variables and supporting a better understanding of AV
operational dynamics.

Finally, a PowerBI dashboard has been created to
visualize sensor-based data, offering a user-friendly,
interactive interface. This tool visualizes key metrics and
trends, enabling stakeholders and end users to explore the
data. Sensor data during the shuttle experimentation were
periodically uploaded to PowerBI as structured datasets
following a batch processing rather than semi-real-time
approach.

AV sensor
data

Data pre- Anomaly
processing

- detection

\%

Visualization
dashboard

Correlation

analysis

Figure 3. Sensor-based analysis workflow

Camera-based analysis

Given the absence of dedicated lanes for AVs in the case
study area, understanding their behaviour in interactions
with other road users is imperative. Camera recordings
were used for data enrichment as they covered a limited
section of the route for a limited period of time. Due to the
wide-angle lenses, videos were affected by radial
distortion, which causes straight lines to appear slightly
curved. To address this, camera calibration was performed
to estimate the intrinsic camera matrix and lens distortion
coefficients, which were then used to correct radial
distortion in the recorded frames. This allowed geometric
correction of the frames and improved the accuracy of road
user positioning in the scene.

After distortion correction, object detection and tracking
was applied to extract and follow road users within the
video frames, enabling subsequent interaction analysis
(Figure 4). For object detection, YOLOvV7 [38] was
utilized. Since autonomous shuttle was not included in the
default detection configuration, a customized YOLOv7
model was trained using a dataset collected for this study,
containing labelled instances of autonomous shuttle which
enabled their reliable detection alongside conventional
vehicles. Object tracking was then performed using SORT
[39], a tracking-by-detection algorithm based on Kalman
filtering and the Hungarian assignment method. Each
detected object was assigned a unique identifier that
remained consistent across frames, ensuring consistency in
tracking and trajectory construction. This step was crucial

< EAI

in detailed examination of movement patterns and
interactions between objects within the dynamic traffic
environment.

28:person
L]

48:person

Figure 4. Detection and tracking results on a video
frame

In the following, conflict analysis was carried out using
the spatial-temporal trajectories extracted from the
detection and tracking step. For each pairwise encounter
between a pedestrian and a vehicle — whether
conventional or autonomous — two surrogate safety
measures were computed: Time-to-Collision (TTC), which
measures the time remaining before a potential collision,
and Post-Encroachment Time (PET), which captures the
time gap between a vehicle and a pedestrian passing
through the same spatial point. The resulting distributions
were then compared across vehicle types using the
Kolmogorov—Smirnov (K-S) test to determine whether
statistically significant differences exist in how each
vehicle type interacts with pedestrians at the unsignalized
crosswalk. Beyond conflict analysis, the trajectory data
also served a second purpose: speed profiles were extracted
by vehicle type and used to inform the parameterisation of
car-following behaviour in the microsimulation phase,
ensuring that the distinct driving patterns of the shuttle and
conventional vehicles were reflected in the SUMO
environment.

Camera Detection and
calibration tracking

Camera
recordings

TTC/PET
conflict
analysis

Statistical
comparison

Figure 5. Camera-based analysis workflow
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4 3. Traffic microsimulation

After data collection and analysis, the traffic
microsimulation phase was developed to replicate traffic
conditions in a defined urban zone and to support future
evaluation of the impact of AV introduction. Traffic
microsimulation, rather than macro or meso-simulation,
was used to simulate individual vehicle movements and
interactions.

In this study, the open-source SUMO (Simulation of
Urban Mobility) simulator [24] was selected, due to its
active user and developer community, and compatibility
with Python through the TraCl (Traffic Control Interface)
[40] API. TraCI allows real-time interaction with the
running simulation and customization of various traffic
scenarios, providing more flexibility. This approach
enables a wide range of applications, from testing traffic
management strategies to developing autonomous vehicle
algorithms, making SUMO particularly effective compared
to other simulators. By incorporating AV telemetry data
into SUMO, realistic traffic conditions can be reproduced
and evaluated in mixed urban traffic where both
conventional and autonomous vehicles exist. To represent
the behavioural differences between autonomous and
conventional vehicles, derived from the data analysis and
modelling phase, distinct car-following and lane-changing
models were defined. Human drivers were modelled with
standard parameters reflecting visual perception and
variable reaction times, while AV parameters were
adjusted to reflect sensor-based decision-making.

High-Performance Computing was used to handle the
computational demands of running large-network
simulations with real-time trajectory injection, accelerating
execution time compared with standard hardware. While
this significantly reduced processing time, the same
simulations could still be performed without HPC, with
longer runtimes depending on the scenario size and
duration.

The following steps were carried out in SUMO to
simulate the selected study area in Turin (Figure 6).

Network Data Dynamic Scenario
> Integration > >

Figure 6. Overview of SUMO simulation workflow

(i) Network generation and traffic demand: e simulation
network was generated using OpenStreetMap (OSM)
data and refined to accurately reflect the real road
infrastructure, including lane configurations, traffic
signals, and speed limits for each road segment. An
origin—destination =~ (OD) matrix  representing
passenger demand within the study area was used to
generate baseline traffic demand. The OD matrix was
converted into individual vehicle routes using SUMO
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built-in routing tools, which were then used to
initialise traffic flows in the simulation environment
[24].

(il)) Data integration: Recorded AV telemetry data and
speed profiles for both autonomous and conventional
vehicles were integrated into the simulation
environment using TraCl. Vehicle trajectories were
assigned unique identifiers and mapped onto the
simulation network. Coordinate transformations
between geographic (latitude/longitude) and SUMO’s
Cartesian coordinate system were performed using
built-in functions to ensure spatial consistency.
Vehicle classes and behavioural parameters (e.g.,
maximum speed, acceleration, and physical
characteristics) were defined in XML configuration
files and incorporated into the simulation setup. In
addition, pedestrian and public transport flows were
defined to represent mixed traffic conditions.

(iii) Dynamic control: Vehicle trajectories were replayed

in SUMO using TraCl. The MoveToXY function was
used to update vehicle positions according to recorded
trajectory points, ensuring alignment with the
simulation network. Between successive update steps,
vehicle movement was governed by SUMO’s internal
mobility models, while external trajectory inputs were
applied at each simulation timestep. This procedure
enabled the temporal reconstruction of observed
vehicle movements within the simulated environment.

(iv) Scenario management and performance monitoring:

Simulation scenarios and control logic were
implemented using TraCl during runtime. This
included the activation of predefined interventions,
specification of their spatial and temporal conditions,
and management of lane permissions, intersection
behaviour, and routing adjustments where applicable.
Throughout the simulation, key performance
indicators (KPIs) were continuously recorded to
evaluate system behaviour under different traffic
configurations and operational scenarios.

5. Results

This section presents the main results from each phase of
the methodology, based on the collected and processed
data.

The first data gathering phase has proven to be a
valuable asset for the proposed study. The dataset,
encompassing diverse data sources offers a comprehensive
snapshot of real-world scenarios which serves as a
foundation for subsequent steps of the framework. On-
board sensors on the two autonomous shuttles recorded
operational data continuously throughout the three-month
period (August-October 2022), from which a dataset of
approximately 1,157,000 records was derived at a sampling
rate of 1 Hz. Regarding the infrastructure data, signal phase
and timing data from around 14 signal groups along the
route—transmitted to the shuttle via SPATEM during the
trials—were recorded onboard and used to calibrate traffic
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signal timings in the SUMO model, aligning the simulation
with real-world conditions experienced by the shuttle.
Camera recordings totalled roughly 10 hours of footage
across multiple days at the unsignalized crosswalk,
capturing naturalistic interactions between pedestrians,
conventional vehicles, and the shuttle.

As regards the data analysis and modelling phase, the
anomaly detection analysis successfully identified
deviations in AV speed that were flagged as potential
anomalies. These events may correspond to unexpected
situations, such as sudden interactions with obstacles or
irregular vehicle responses. The use of MAD enabled the
identification of both pronounced and subtle deviations by
adjusting detection thresholds, providing flexibility in
highlighting events of interest.

The dashboard is deployed via the Power BI Service and
is accessible to authorised stakeholders through a standard
web URL, with no local installation or data-analysis
expertise required (Figure 7). The interface is specifically
designed for non-technical end users: interactive filters —
by date, operational zone, and key variables — allow to
explore key performance metrics through self-explanatory
charts, maps, and summary cards. This makes the tool
directly usable by researchers, policymakers, and transport
operators, a feature that is often missing in technically
oriented AV assessment frameworks.
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Figure 7. Snapshot of Power Bl dashboard

The dashboard consists of four main pages, the content
of which is described below.

e Vehicle Dynamics: This page presents crucial metrics
such as speed, steering rate and angle, bearing, and
battery level. These features are analysed over time to
understand shuttle dynamics. It also reports the share
of time spent in different operational modes, including
autonomous operation.

e Operational Status: This page visualises various
sensor and system status such as GNSS correction,
door state, and battery status. Temperature data
(engine, indoor, outdoor) is also displayed. This page
helps in monitoring and assessing the shuttle’s
operational conditions.
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e Lighting and Signalling Systems: This page focuses
on the signalling components, including the state of
blinkers, brake lights, and reverse lights. The analysis
here aims to ensure that these safety components are
functioning correctly, providing a statistical
representation of their operation.

e Fleet Overview: This page aggregates data across the
two shuttles, showing key metrics like distance
travelled and trip duration in both manual and
autonomous modes. It allows stakeholders to evaluate
performance and compliance with legislative
requirements.

Regarding the camera-based analysis, object detection and
tracking methods, using customized YOLOv7 and SORT,
have been employed to identify and track vehicles,
pedestrians, and shuttles within the environment.

CDF of the minimum TTC

e chuttle
—a— tracitional vehicle

PDF of the PET

01 W traditional vehicle
- e
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00 L —h .o
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1 104

T t(s) o)
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traditional vehicle / pedestrian
interactions

Cautionary behaviour of the AV after
the interaction with pedestrians.

Figure 8. Cumulative Distribution Function of
minimum TTC (left) and Probability Density Function
of PET (right): autonomous shuttle (blue) vs.
traditional vehicles (red)

To study the interactions in real traffic, camera-based
data from an unsignalized crosswalk zone were used,
where specifically pairwise interactions of pedestrians with
both conventional and autonomous vehicles were
observed. The analysis focused on two surrogate safety
measures (SSMs) to quantify conflict severity: Time-to-
Collision (TTC) and Post-Encroachment Time (PET). The
analysis comprised a total of 33 pedestrian-AV interactions
and 135 pedestrian- conventional vehicle interactions, and
the resulting distributions were compared using the
Kolmogorov—Smirnov test (Figure 8).

Regarding TTC, based on the cumulative distributions
for the two vehicle types, no statistically significant
difference was found. However, the tail of the distribution
showed a notable divergence. In particular, the distribution
for conventional vehicles shows a faster increase at very
low TTC values, meaning that human drivers more
frequently found themselves in near-miss situations with
pedestrians. The shuttle, by contrast, almost never reached
those critical thresholds. Regarding PET, the histogram
indicates that most interactions with conventional vehicles
occur at low PET wvalues, with the majority below 10
seconds. The shuttle's distribution, on the other hand, is
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visibly shifted to the right and spread across a wider range,
extending well beyond 20 seconds in several cases. This
difference was statistically significant and reflects the
shuttle's tendency to stop earlier and resume movement
more gradually, leaving a substantially larger temporal gap
between its passage and the pedestrian's.

What emerges from these two measures points to a clear
trade-off. While TTC did not reveal major differences, PET
demonstrated that AVs adopted more conservative driving
behaviour such as braking earlier and waiting longer,
which improved pedestrian safety. However, this same
caution can increase the time vehicles occupy road space,
potentially affecting traffic flow and network capacity in
mixed-traffic conditions. The results underline the
importance of considering vehicle type to balance safety
benefits with operational impacts when evaluating AV
deployment in urban environments.

Figure 9. Snapshot of SUMO simulation in the study
area: AV (red), conventional vehicles (yellow), public
transport (blue)

The key outcome of the traffic simulation phase is the
development of a ‘baseline environment’ to test further
traffic management strategies in the dedicated area. The
shuttle's real-world trajectories, derived from the 1 Hz
sensor data, were dynamically injected into the simulation
via TraCl and synchronised with OD-based conventional
traffic flows and public transport routes operating on the
same network. Figure 9 shows the resulting environment
with all three traffic layers coexisting. Traffic signal timing
in the simulation was configured using the infrastructure
data collected during the trials, ensuring consistency
between the simulated conditions and those actually
encountered by the shuttle. The incorporation of real-world
mobility data into the simulation ensures high degree of
accuracy, enabling it to serve as a virtual testing platform
for evaluating AV deployment scenarios under realistic
mixed-traffic conditions without additional on-road
experimentation. The baseline scenario provides a
reference  for  systematically = comparing future
interventions, such as alternative routing strategies, signal
priority schemes, dedicated lane configurations, and
varying AV penetration levels. Initial tests confirmed that

the simulation runs efficiently on HPC infrastructure, with
execution times reduced to minutes for scenarios that
would otherwise require hours on standard hardware.

6. Conclusions

This paper presented a data-driven framework for assessing
the integration of autonomous vehicles into mixed urban
traffic, developed and tested using three months of real-
world data from autonomous shuttle trials conducted in
Turin as part of the European SHOW project.

Five contributions distinguish this work. First, the
framework is grounded in actual operational data rather
than synthetic or estimated parameters. The AV telemetry
dataset, infrastructure signal timing, road network
information, and external video recordings collectively
provide an empirical basis that most existing simulation
studies lack. Second, the video analysis pipeline —
combining YOLOv7-based detection, SORT tracking, and
extraction of surrogate safety measures — demonstrated
that the shuttle produces significantly higher PET values
and fewer near-miss TTC episodes than conventional
vehicles when interacting with pedestrians at an
unsignalized crosswalk. These findings offer concrete,
field-validated evidence that AVs adopt more conservative
behaviour in conflict situations, although the same caution
raises questions about potential impacts on network
capacity that will need to be examined as deployments
scale up. Third, the anomaly detection component, based
on the Median Absolute Deviation method with adjustable
thresholds, proved effective at flagging unexpected
operational events in the sensor data. Fourth, the Power BI
dashboard provides a non-technical interface through
which city planners, transport operators, and regulators can
explore AV performance data without requiring
programming expertise — an aspect that is often
overlooked in technically oriented frameworks. Finally, the
microsimulation phase produced a functioning baseline
scenario in SUMO, where the shuttle's recorded trajectories
were dynamically replayed via TraCI alongside OD-based
conventional traffic and public transport flows, creating a
representative mixed-traffic environment against which
future interventions can be compared.

Several limitations should be acknowledged. High-
resolution microsimulations with real-time trajectory
injection are computationally demanding; longer
processing times can be expected under less
computationally intensive setups. The dataset, while rich,
is specific to Turin's urban layout and CCAM ecosystem.
Cities with less mature traffic infrastructure or limited
access to AV trial data would require adaptations to the
data gathering process; in such contexts, kinematic and
safety parameters could be sourced from published
research datasets, traffic simulators, or pilot studies in
similar traffic contexts. Signal timing data are typically
retrievable from municipal Traffic Control Centres through
standard protocols (SPATEM, UTMC, or direct XML
exports), and OD matrices can be reconstructed from
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census or mobile-phone-based origin-destination studies.
The transferability of the quantitative findings —
particularly the surrogate safety measures — would need
to be re-validated in the new environment. The framework
itself is agnostic to the source of these inputs, which is what
makes it transferable. What would require re-establishment
in a new city is not the framework but the empirical
calibration of its inputs against local conditions. The safety
analysis, though statistically significant, was based on a
relatively small sample at a single crosswalk — and
broader validation across multiple locations and traffic
contexts would strengthen the generalisability of the
findings.

The current microsimulation relies on standard car-
following and lane-changing models for conventional
vehicles, which do not fully capture the variability and
unpredictability of human driving behaviour. While AVs
are typically distinguished from human-driven vehicles
through operational parameters such as reaction time,
minimum gaps, and acceleration profiles, these simplified
representations do not account for the broader cognitive
and perceptual factors influencing human decision-
making. A promising direction for future research is the
integration of more advanced behavioural models that
better represent driver heterogeneity, situational
awareness, and adaptive responses to mixed-traffic
conditions. In addition, insights from the video-based
analysis of pedestrian—vehicle interactions presented in
Section 4.2 can support the development of more realistic
pedestrian models, particularly in terms of crossing
behaviour and gap acceptance in the presence of
autonomous vehicles. Specifically, the extracted TTC and
PET distributions can be used as calibration targets within
SUMO to better represent pedestrian decision-making
processes.

Beyond model-level improvements, future work will
focus on data expansion and transferability. Ongoing
projects, including ToMove [4], are expected to provide
additional CCAM datasets from new trial campaigns,
enabling cross-city comparisons and enhancing the
generalisability of the proposed framework.
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