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Abstract

Microscopic traffic simulation represents one of the most popular tools for analysing and
comparing traffic performance in different scenarios of urban mobility. The reproduction of
real-world traffic dynamics is its primary requirement for providing time-dependent esti-
mates. This study presents a process to build a microscopic traffic model for an urban area
of Athens, developed using high-resolution vehicle trajectories obtained from the pNEUMA
dataset. Based on drone-recorded trajectories, a simulation scenario was built, combining a
realistic road network model, including traffic light regulation, an estimated traffic demand,
and a set of parameters to replicate the observed vehicle behaviour. The modelling process
relies on an iterative comparison between simulated outputs and observed vehicle-level
trajectory data. The proposed approach evaluates travel time distributions and helps de-
velop an improved model, enhancing its ability to replicate the vehicle’s behaviour. The
final calibrated configuration reduced the Wasserstein distance by approximately 55.8%
compared with the default SUMO configuration. The results also show that the calibra-
tion of microscopic behavioural parameters can substantially affect secondary simulation
outputs, including emission estimates relevant for sustainability-oriented traffic analyses.

Keywords: traffic simulation; calibration; trajectories; microscopic simulation; emissions

1. Introduction
Accurate simulation scenarios enable researchers and practitioners to explore traffic

dynamics in a controlled environment, test management policies, and introduce new
technologies in a safe and replicable manner. They are also increasingly relevant for
sustainability-oriented assessments, where simulated vehicle trajectories can be used to
estimate environmental indicators such as emissions and fuel consumption under different
traffic conditions. For these simulations to be truly useful and reliable, it is essential
that the underlying scenarios reproduce real-world conditions with the highest possible
degree of realism. In recent years, the growing availability of high-resolution vehicle
trajectory data, e.g., coming from GNSS applications, has opened new opportunities for
building data-driven simulation scenarios. These data not only support the modelling
of road networks and traffic demand but also allow for a detailed comparison between
simulated outputs and real-world observations using detailed or aggregated traffic statistics,
such as distributions of travel times. This study presents the process of constructing a
traffic simulation scenario in the urban area of Athens, based on real vehicle trajectory
data and implemented using the SUMO (Simulation of Urban Mobility) microsimulation
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environment. The first phase of the work requires the network definition, with some
refinements of connections of the junctions, the demand generation from observed data,
and a cleaning process of anomalous records. Although the obtained model is capable of
reproducing route structures and spatial traffic distributions with an acceptable degree of
realism, considering aggregated traffic indicators, some improvement in capturing temporal
dynamics can be further implemented. Specifically, based on the observation, the present
work introduces a targeted calibration procedure aimed at refining simulated vehicle
behaviour to reduce the discrepancy between simulated and observed traffic flows. The
main contribution of this study lies in the application of a structured, data-driven procedure
for calibrating behavioural parameters in SUMO, with the goal of improving the travel
time estimations of the simulated vehicles. The results demonstrate clear improvements
over typical parameter configurations, proposing a new set of parameters for the calibrated
model that can be used in similar simulation scenarios.

1.1. Related Works

This section reviews existing literature relevant to the construction and calibration of
microscopic traffic simulation models, with a particular focus on the role of high-resolution
trajectory data. The review is structured along three main lines: (i) technologies and
methods for acquiring and applying vehicle trajectory data, (ii) modelling and calibration
techniques within microscopic traffic simulators, and (iii) approaches for building urban-
scale simulation environments, including digital twins. Together, these works provide
the foundation for the modelling workflow proposed in this paper and highlight the key
methodological gaps it aims to address.

1.1.1. Trajectory Data: Acquisition Technologies and Applications

The extraction of vehicular trajectory data is a key component in constructing ad-
vanced virtual models for traffic simulation. Several technologies have been developed for
this purpose, each with specific advantages and limitations depending on the context and
application needs. Among these, GPS is one of the most widely used, due to its ability to
collect georeferenced data over large areas. Through GPS tools, vehicular trajectories can be
reconstructed by processing geospatial and temporal point data [1–4]. This methodology is
widely used for large-scale traffic analysis and allows the collection of large amounts of
data in relatively short time. However, GPS has significant limitations in terms of accuracy,
especially in congested urban settings [5,6]. In parallel, many extraction techniques are
based on direct observation through instruments installed on road infrastructure, such
as poles or bridges. Among these, radar sensors are widely used to detect objects and
measure speed and distance. Radars offer significant advantages, especially in adverse
weather conditions such as rain or fog, which may compromise other technologies. How-
ever, the limited resolution of data collected with radars reduces the ability to capture
complex details in traffic behaviour [7,8]. To overcome these limitations, LiDAR (Light
Detection and Ranging) technology offers an advanced solution based on the emission
of laser pulses. LiDAR enables the generation of high-resolution three-dimensional data,
which is ideal for monitoring vehicles and pedestrians in high-density urban areas [9,10].
Despite its potential, large-scale adoption of LiDAR is hampered by high costs and complex
computational requirements. One alternative is the roadside acquisition of video images,
followed by processing with computer vision algorithms that enable the identification and
tracking of vehicles with high accuracy [11,12]. However, video detection technologies can
be limited by narrow fields of view and the presence of blind sectors. To address these
issues, solutions based on aerial sensing systems, such as Unmanned Aerial Systems (UAS),
are emerging [13–17]. The pNEUMA dataset [18] used in this paper was, in fact, collected
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by drones equipped with high-quality video imaging instrumentation that performed
collection campaigns flying over defined urban areas of the city of Athens. In addition
to pNEUMA, other significant applications include the use of UAVs to monitor traffic
flows both in urban environments [19] and on highways or extra-urban contexts, where
the panoramic view allows tracking vehicles on multiple lanes simultaneously [20–22].
Vehicular trajectory data have applications in multiple areas, with a central role in under-
standing and optimising traffic dynamics. Among these, a particularly significant use is in
the analysis of users’ driving behaviour [23,24]. Through detailed trajectory observations,
it is possible to study phenomena such as car-following [25,26] and lane-changing [27–29],
which are key elements in modelling vehicle interactions under varying traffic conditions
and accurately replicate individual and collective behaviours on the road. Trajectory data
also play a key role in identifying abnormal behaviour, such as abrupt braking, sudden
acceleration, or irregular speed changes [30,31]. This information is crucial for enhancing
road safety and pinpointing trouble spots in road networks. Another relevant application is
in traffic flow monitoring, which utilises trajectory data to analyse and predict congestion,
thereby improving urban mobility management and supporting navigation and route opti-
misation systems [32–34]. While trajectory data are valuable in their own right, their full
potential emerges when they serve as input for the construction and calibration of models
in traffic simulation environments. However, in many existing studies, trajectory data are
still primarily used for aggregate validation, rather than for the systematic calibration of
microscopic behavioural parameters at the individual-vehicle level.

1.1.2. Modelling and Calibration in Microscopic Simulation

Microscopic traffic simulations rely on behavioural assumptions to replicate real-world
dynamics with acceptable fidelity. To bridge the gap between default simulator settings
and observed traffic behaviour, recent research has increasingly focused on systematic
calibration of behavioural parameters. These typically encompass parameters related to
longitudinal control, lane-changing decisions, vehicle dynamics, and stochastic elements of
driver attitude. Calibration practices vary considerably, reflecting not only methodological
choices but also the constraints and capabilities of the particular microscopic simulation
environment used. Several studies have addressed calibration through direct comparison of
simulation outputs with field observations. Ref. [35] performed calibration of car-following
parameters defined in SUMO by minimising the RMSE of travel time and queue lengths in a
congested urban setting. Similarly, Ref. [36] used TransModeler to replicate vehicle merging
on highway acceleration lanes, demonstrating that behavioural modelling can reveal signif-
icant mismatches with geometric design standards. In both cases, calibration was crucial to
enhance the alignment between simulated and observed traffic operations. Other studies
have employed sensitivity analysis and statistical modelling. Ref. [37] analysed the impact
of parameter uncertainty on simulation accuracy using AIMSUN, finding that reaction time
and minimum distance significantly affect travel time outputs. Sensitivity analysis has also
been used by [38] in other simulation-based transport applications to identify influential
input variables and support the exploration of computationally demanding parameter
spaces. A complementary approach is proposed by Punzo and Montanino (2016) [39],
who argue that calibrating models on cumulative spatial variables (e.g., position) yields
better residual dynamics than calibration based on instantaneous speed, especially for
car-following models like the IDM. From a safety-oriented perspective, Ref. [40] showed
that microscopic traffic models calibrated using standard performance indicators may
still exhibit significant local inconsistencies at the conflict level, highlighting the need for
complementary microscopic validation beyond aggregate measures. Optimisation-based
methods represent another step forward. Ref. [41] applied genetic algorithms to calibrate
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VISSIM parameters under heterogeneous traffic conditions [42]. Further expanded this line
by combining global and local parameter tuning using ANOVA and recursive grouping
techniques. Their results, based on the NGSIM dataset, show how point-distribution cali-
bration outperforms single-value matching, particularly when using metrics like MAPE
and Kullback–Leibler divergence. Similarly, Ref. [43] proposed a genetic algorithm-based
calibration framework with vehicle class-specific parameters, showing that differentiating
behavioural parameters across vehicle categories can significantly improve travel time
replication in heterogeneous traffic conditions. Recent urban applications also confirm
the practical relevance of calibrated simulation models for evaluating traffic management
strategies. For instance, Ref. [44] developed a calibrated mesoscopic model for a congested
commercial district using field traffic data and validated the model through statistical
indicators before assessing alternative traffic interventions. Such studies underline the
importance of calibration and validation in applied traffic simulation, while also showing
that many evaluation procedures remain centred on aggregate performance indicators. The
integration of high-resolution trajectory data has played a key role in these advancements.
Ref. [45] utilised detailed vehicle paths to calibrate lane-changing and gap-acceptance
models, revealing that traditional planning rules on access spacing may not be applicable
under consistent traffic demand. Ref. [46] incorporated 3D LiDAR-derived trajectories to
calibrate both car-following and lane-changing behaviours in VISSIM, demonstrating that
such calibration improves safety assessment through surrogate measures. In addition to
accuracy, computational efficiency is becoming a growing concern. Ref. [47] addressed
this by proposing a co-simulation framework that combines microscopic details near ego
vehicles with mesoscopic wave-propagation models for distant traffic, achieving perfor-
mance gains without significantly sacrificing behavioural realism. Lastly, calibration has
also been extended to support safety-focused applications. Ref. [48] introduced a novel
method using Extreme Value Theory (EVT) to align simulated and observed distributions of
traffic conflicts. This approach outperformed correlation-based calibration when predicting
crash-related indicators, highlighting the importance of aligning statistical tail behaviour
for risk estimation. Calibrated behavioural models become the foundation for constructing
realistic digital environments, enabling the simulation of complex traffic dynamics and
the testing of intervention strategies under diverse conditions. However, many existing
approaches still rely on aggregate performance metrics, limiting their ability to reproduce
individual-level patterns.

1.1.3. Building Urban Traffic Models

In this context, advanced virtual environments for traffic scenarios can be essential
tools to support the applications described, providing dynamic simulations that integrate
real-time information to model traffic flows, driving behaviours, and future scenarios.
Using these tools, it is possible to replicate actual traffic conditions and virtually test innova-
tive mobility strategies, such as the introduction of autonomous vehicles. Additionally, they
enable in-depth analyses of driver willingness to enhance road safety and infrastructure
planning. Several experiences in building traffic microsimulation models are documented
in the literature, highlighting different methodological approaches and specific applications.
In Ref. [49], the construction of an urban traffic scenario in the case study of Barcelona is
proposed. As in this paper, the simulation was implemented using the SUMO software, and
the road network was constructed from OpenStreetMap data. In this case, traffic demand
was assigned through origin-destination matrices derived from mobile phone data and
integrated with mobility surveys. This represents a major difference from the methodology
proposed in this paper, which is based on the direct route assignment of individual ob-
served trips. Several similar experiments propose constructing microsimulation models for
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fairly large areas, such as entire urban areas [50–52]. In Ref. [53], a microsimulation model is
proposed for the study area of Bologna (Italy) by assigning traffic to the SUMO tool through
an integration of flows derived from GPS data and O/D matrices to calibrate vehicle flows
on the road network extracted from OpenStreetMap. Other studies [54–56] instead propose
models limited to narrower areas, as in the case of our paper, where a microsimulation
model succeeds most effectively. For instance, an automated method for traffic modelling
is presented in Wang et al. (2022) [57], aimed at creating digital twins in localised traffic
scenarios that are ideal for analysing autonomous vehicle capabilities. There are also
Other studies in the literature that propose the construction of twin models on suburban
highway sections [57–59]. Previously reported experiments focus on experiments in which
traffic demand generation is derived from static data, assigned directly or through models
calibrated to these observations. However, a significant development is the continuous
updating of digital twin models through real-time processing of dynamically collected
data. Various examples of edge-to-cloud applications are available in the literature, where
real-time data is processed by learning algorithms to build and continuously update digital
traffic models [60,61]. In Ref. [62], a traffic model powered by road sensor and camera
data was showcased, integrated with deep learning algorithms optimised for traffic sign
recognition and real-time traffic monitoring via edge computing.

1.2. Discussion and Positioning of the Present Work

The explored literature reveals that recent advancements in data collection technolo-
gies, modelling techniques, and simulation environments have greatly expanded the
possibilities for data-driven traffic analysis. While previous research has made significant
progress in data collection, simulation modelling, and calibration techniques, important
gaps remain. In particular, high-resolution trajectory data are still underutilised for building
calibrated traffic simulations in dense and heterogeneous urban environments. Moreover,
validation procedures tend to rely on aggregate metrics, often neglecting the internal vari-
ability of travel patterns. This study contributes to addressing these gaps by implementing
a distribution-based calibration approach using drone-collected urban trajectory data. By
comparing the full distributions of simulated and observed travel times, rather than just
average values, the method enables a more precise calibration of behavioural parameters.
This study therefore focuses on the development and assessment of a data-driven pipeline
that transforms high-resolution vehicle trajectories into a calibrated microscopic simulation
scenario. The central objective is to show how trajectory data can support the construction
of the road network, demand, signal settings, and behavioural parameter configuration
in a coherent modelling workflow. Within this pipeline, distribution-based calibration
and class-specific parameter tuning are used as methodological components to improve
the reproduction of observed traffic dynamics compared with default simulator settings.
The resulting scenario is then evaluated through disaggregated microscopic indicators
and an independent temporal validation. Furthermore, the entire modelling pipeline is
built on open tools and data, offering a replicable and scalable solution for detailed urban
traffic analysis.

2. Methodology
The methodology adopted in this study is articulated in two main phases. In the

first one, a base simulation scenario is defined using high-resolution trajectory data. This
preliminary process includes the generation and refinement of the digital road network
model, the estimation and direct derivation of traffic demand from observed vehicle trips,
and the adjustment of traffic signal plans to reflect the real-world operational conditions.
The second phase focuses on calibrating key vehicle behavioural parameters used in the
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microscopic traffic simulation environment to improve the model accuracy in travel time
estimation for different vehicle types. The calibration process follows a stepwise, data-
driven approach, evaluating the alignment between simulated and observed travel time
distributions using the Wasserstein distance as the primary metric.

2.1. Traffic Scenario Construction

The construction of a microscopic traffic simulation scenario from empirical trajectory
data requires a methodology to ensure consistency between observed and simulated
dynamics. This process involves defining the road network and extracting vehicle demand
from raw trajectory information. The road infrastructure is typically derived from open
geographic datasets such as OpenStreetMap and subsequently refined to address geometric
and topological inaccuracies that may arise from automatic procedures. Particular attention
must be paid to the correctness of intersection layouts, lane connectivity, turn permissions,
and priority rules. In urban streets, intersections often require manual adjustment to reflect
real-world configurations and avoid simulation artefacts such as unrealistic queuing or
vehicle teleportation. As part of this network refinement phase, traffic signal plans must
also be specified. When direct information on signal timings is unavailable, fixed-cycle
control schemes can be inferred by analysing vehicle stopping patterns observed in the
trajectory data. Traffic demand is instead derived directly from the observed trajectories.
This step involves mapping each trajectory to a sequence of network edges, preserving the
original departure time, vehicle type, and route. The use of trajectory-based demand avoids
the need for aggregated origin-destination models and retains the empirical structure
of traffic flow. Accurate spatial matching between GPS points and network elements is
crucial for maintaining route fidelity, particularly in complex urban areas. When properly
implemented, this methodology yields a base simulation scenario that reproduces the
spatial structure of traffic operations with an acceptable level of realism, serving as a
preliminary platform for behavioural calibration and further analysis.

2.2. Calibration Approach

Once the base scenario has been constructed, the further methodological phase in-
volves calibrating behavioural parameters to enhance the alignment between simulated
and observed traffic dynamics. In this study, calibration focuses specifically on the time di-
mension of traffic performance, aiming to reduce the discrepancy between the distribution
of simulated travel times for individual vehicles and those recorded in empirical trajectory
data. A stepwise calibration strategy is adopted to manage model complexity and reduce
computational burden. Parameters are grouped according to their functional role in the
simulation: car-following model, vehicle dynamics, and speed preferences. Each group is
calibrated sequentially, holding previously optimised parameters fixed during subsequent
steps. This modular approach enhances interpretability and facilitates the isolation of the
individual contribution of each parameter set to the overall model performance. The cali-
bration process involves running batches of simulations in which selected parameters are
varied across predefined ranges. For each configuration, simulation outputs are compared
with observed data using a distribution-based metric. Rather than relying on aggregate
indicators such as average travel time for traffic flow, the comparison is performed using
the Wasserstein distance, which evaluates the full shape and spread of the travel time dis-
tributions for individual vehicles. This enables a more detailed and behaviorally consistent
adjustment of the microscopic traffic model.

2.2.1. Parameter Selection and Sampling Strategy

The calibration process is structured around three groups of parameters, representing
a specific aspect of how a vehicle reacts within the simulation environment. These groups
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are calibrated sequentially, allowing each step to progressively refine the model based on
the corresponding behavioural component:

• Step 1—Car-Following, reaction and speed related parameters.

This step focuses on parameters that define longitudinal vehicle interactions. Specifi-
cally, the calibration focuses on “tau” (reaction time) and “mingap” (minimum follow-
ing distance), which are core elements of the Krauss car-following model. In parallel,
“actionStepLength” is also calibrated; it directly affects how frequently vehicle be-
haviour is updated during simulation and therefore influences overall traffic dynamics.
In addition, this step also includes the exploration of the parameter “speed factor”,
which modifies each vehicle’s desired speed relative to the speed limit of the road
segment, allowing the model to capture variability in driver aggressiveness or caution.

• Step 2—Variability parameters.
The second calibration step focuses on the calibration of parameters related to variabil-
ity in agents’ behaviour. In particular, “sigma” defines driver imperfection generating
differences in agents’ driving ability. Also, “speedDev” is introduced. This param-
eter allows modelling the already defined “speedFactor” as a normal distribution
characterised by its mean and standard deviation (“speedDev”).

• Step 3—Vehicle’s dynamic parameters.
This final step addresses the physical performance limits of vehicles, calibrating “accel”
(maximum acceleration) and “decel” (maximum deceleration), which play a key role
in determining responsiveness and flow propagation under various traffic conditions.

In each step, the parameters under consideration are varied across predefined ranges
derived from both the microsimulation tool’s default values and scientific literature in the
field. The ranges are selected to balance realism, plausibility, and computational feasibility.
A full grid search strategy is employed, where all possible combinations of the selected
parameter values are simulated to comprehensively explore the parameter space. Initially,
in Step 1, the same parameter values are applied uniformly to all vehicle types. This
unified phase enables coarse filtering of parameter effects, helping to identify values that
are clearly suboptimal or optimal across the entire vehicle population. Subsequently, the
calibration is refined by introducing class-specific parameter tuning. Vehicles are grouped
into three categories: light vehicles (cars, taxis, and medium vehicles), motorcycles, and
heavy vehicles (trucks and buses). Each class is then assigned its own set of parameters to
better capture behavioural heterogeneity across vehicle types and contributes to improving
the overall alignment between simulated and observed travel time distributions. In defining
the calibration set, lane-changing parameters were excluded from the grid search. This
choice was made to avoid an excessive increase in the dimensionality of the parameter space.
Nevertheless, lateral behaviour was considered by using the default SUMO lane-changing
model, with its standard parameters fixed throughout the calibration process. In particular,
the model components related to strategic lane selection and cooperative interactions were
retained to reproduce lane-use and interaction patterns, while their explicit calibration is
left for future extensions of the proposed workflow.

2.2.2. Evaluation Metric: Wasserstein Distance

To assess the effectiveness of each simulation configuration, the distribution of travel
times for all the simulated vehicles is compared with the distribution of times observed
from the original trajectory data. Indeed, the proposed methodology does not rely on
simpler aggregate comparison indicators such as average or median travel time, but adopts
a distribution-based approach derived from vehicle-level trajectory data. This choice allows
the calibration to exploit the disaggregated information provided by individual trajectories
while focusing on the reproduction of the overall travel time distribution. The objective is
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therefore not to perform a direct vehicle-to-vehicle matching, but to calibrate a scenario
that reflects the observed distributional properties of traffic dynamics. In particular, the
Wasserstein distance was selected as the main comparison parameter. This metric quantifies
the minimum effort required to transform one probability distribution into another, making
it particularly suitable for comparing distributions that may differ in shape and dispersion,
even when their central trends are similar.

Considering the two one-dimensional distributions s and r, the Wasserstein distance
W(s, r) is defined as

W(s, r) =
∫ ∞

−∞
|S(x)− R(x)|dx

where S(x) and R(x) are the cumulative distribution functions of s and r respectively.
The use of the Wasserstein distance is motivated by its solid theoretical foundation

and its recent application in statistical learning and empirical data comparison. Indeed,
Wasserstein-based metrics provide a robust and interpretable framework for measuring
distributional divergence in complex systems, including transport-related applications [63].
This metric was chosen over alternatives such as the Kolmogorov–Smirnov (KS) test
because it is more sensitive to global differences in distribution shape and less affected by
local deviations, especially in the tails. In preliminary experiments, the KS test showed
limitations in capturing meaningful differences between distributions that had minor shifts
in extreme values but were otherwise well aligned. The Wasserstein distance was computed
using the “wasserstein_distance” function from the scipy.stats 1.18 library, applied to
matched sets of observed and simulated travel times across all simulation configurations.
By using this metric, we ensure a fast and interpretable evaluation of simulation accuracy,
grounded in the full distributional structure of travel time data.

2.2.3. Implementation and Execution of Simulation Experiments

The calibration process was implemented through a systematic full-factorial grid
search strategy, where all possible combinations of parameter values within predefined
ranges were simulated and evaluated. This exhaustive approach enabled a comprehensive
exploration of the full parameter space. Each calibration step was executed in isolation,
following a cascaded structure: parameter groups were calibrated sequentially, while pre-
viously optimised values were held fixed in subsequent steps. This modular structure
allowed for clear attribution of model behaviour to specific parameters. Simulations were
carried out using the open-source microscopic traffic simulator SUMO, and the execution
framework was developed in Python 3.14 to manage the simulation experiments. The code
was designed to automate the generation of configuration files, launch simulation runs in
sequence, and collect performance metrics. In each step, up to 10,000 simulations were
executed to ensure a sufficiently granular evaluation of the parameter range. After each
run, the resulting travel time distributions were extracted and compared to the empirical
reference using the Wasserstein distance. The framework identified the parameter configu-
ration that minimised the distance to the observed distribution, and the best-performing
settings were carried forward to the next calibration step. In the final phase, this process
was repeated independently for each vehicle class, enabling a targeted calibration that
captured heterogeneity across vehicle types. The calibration simulations were performed
on a VMware virtual machine equipped with an Intel Xeon w5-3435X processor, equipped
in a workstation (Dell Inc., Round Rock, TX, USA), with 16 vCPUs, and 32 GB of RAM. To
maximise computational efficiency, SUMO was run in single-thread mode, while process-
level parallelism was achieved by executing up to 12 simulations concurrently. Processing
10,000 simulation runs for a calibration scenario required approximately 4–8 h, with an
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average execution time of 5–12 s per run. This includes an estimated hypervisor overhead
of about 10% compared with bare-metal execution.

3. Dataset and Simulation Scenario Definition
The simulation scenario developed in this study is based on high-resolution vehicular

trajectory data provided by the pNEUMA dataset [18]. This dataset was collected in the
urban area of Athens through a large-scale field experiment conducted using Unmanned
Aerial Vehicles (UAVs). The drones performed continuous aerial video recordings over
multiple zones of the city, capturing vehicular movements with a temporal resolution of
25 Hz. The resulting trajectories contain detailed information for each vehicle, including
timestamped positions, speeds, accelerations, and vehicle types. The high spatiotempo-
ral resolution and coverage of the dataset make it particularly suitable for constructing
microsimulation scenarios, especially for studying detailed driving patterns, vehicle inter-
actions, and dynamic traffic conditions. For this study, a 15 min observation window was
selected during the morning peak hour (from 08:30 to 09:00), focusing on one of the central
zones (Zone 3) covered by pNEUMA (Figure 1).

Figure 1. Extraction of zone 3 observations from pNEUMA dataset.

This subset includes 2112 vehicle trajectories, offering a dense yet manageable sample
of urban traffic. Unlike traditional data sources such as origin-destination matrices or static
traffic counts, trajectory data provides direct insight into individual trip patterns, including
specific routes followed in time. Moreover, the dataset includes a vehicle-type-based
classification (cars, buses, motorcycles, medium vehicles, heavy vehicles, taxis), enabling a
differentiated modelling of vehicle dynamics. This level of detail enables a more realistic
and behaviorally grounded simulation environment, where each trip can be faithfully
reconstructed within the simulation.

The following paragraphs describe the operations that enabled the construction of
a road network and traffic demand suitable for replicating the scenario observed in a
microsimulation environment.

3.1. Road Network Construction and Refinement

The digital road network used for the simulation was initially generated using the
OpenStreetMap (OSM) data via the SUMO Web Wizard tool. This automated procedure
enables the extraction of road geometry corresponding to the selected study area, provid-
ing a basic yet structured representation of road segments, intersections, and priorities.
However, while OSM data offers valuable coverage and open accessibility, the direct im-
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port into the microsimulation environment revealed several limitations in terms of road
network fidelity and operational accuracy. The preliminary version of the network suffered
from geometric inconsistencies, especially at intersections. In particular, several junctions
presented incorrect layouts, misaligned connections, or unrealistic turning configurations
that created severe traffic bottlenecks and simulation failures. One of the most critical
issues was observed at a major signalised intersection along the primary arterial, where
default imported geometry led to excessive congestion and unfeasible vehicle trajectories.
Therefore, several adjustments have been implemented, including:

• Realignment and correction of intersection geometries (Figure 2);
• Verification and adjustment of lane connectivity and priorities;
• Restoration of turn permissions and prohibition rules.

Figure 2. Example of a critical Intersection imported (a) and edited (b).

Furthermore, it was essential to ensure that the network accurately reflected the con-
ditions at the time of the data acquisition. Some parts of the real network had undergone
changes in later years, such as the reduction in the number of lanes or the introduction of
bus-only lanes, which were reversed to match the historical configuration corresponding
to the pNEUMA dataset, which was collected in 2018. Following the corrections, a vali-
dation phase was performed through simulation test runs. These highlighted substantial
improvements in vehicle flow consistency, reduction in teleportation events, and better
alignment between the simulated and observed spatial dynamics. In the initial network
setup, the traffic signal plans were automatically generated by SUMO based on imported
OpenStreetMap data. These default signal configurations (typically fixed-cycle plans with
symmetrical green phases) were often inconsistent with real-world traffic control strategies.
As a result, several intersections exhibited unrealistic congestion patterns, particularly
along the main arterials (Figure 3), where coordinated signal timing plays a crucial role in
maintaining flow continuity.

Figure 3. Positions of the 8 signalised intersections in the study area road network.
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To address this, traffic signal programs were identified using a data-driven method.
Time-space diagrams were constructed for vehicles approaching signalised intersections to
detect stopping patterns and queue formation, and to estimate signal phases and durations.
An example of traffic light timing identification using time-space diagrams is reported in
Figure 4.

Figure 4. Example of traffic light cycle identification using vehicle trajectories in time-space diagrams,
with green, yellow, and red durations.

The identification of signal timings was performed through a stepwise analysis of the
observed trajectories. First, the signalised intersections located along the two main arterials
were identified, and only the trajectories crossing the full arterial section were selected in
order to observe repeated stopping and discharge patterns at consecutive intersections.
Vehicle coordinates were then transformed into progressive distances along the reference
road, and time–space diagrams were generated by plotting vehicle position against time. In
these diagrams, signalised intersections were represented as fixed distance lines, while near-
horizontal trajectory segments upstream of an intersection were interpreted as stopping
and queue formation during red phases. The beginning of the green phase was inferred
from the discharge of queued vehicles and their crossing of the stop line, whereas the
beginning of the red phase was inferred from the onset of systematic stopping upstream
of the intersection. Repeated patterns across different cycles and intersections were then
used to estimate cycle length and green, yellow, and red durations. Finally, offsets were
calculated by selecting a reference intersection with zero offset and estimating the time
required to travel between consecutive intersections at the observed average progression
speed, in order to reproduce the green-wave pattern visible in the trajectory diagrams.
Following this procedure, a fixed cycle of 90 s was adopted for the signalised intersections
along the main arterial roads, consisting of 56 s of green, 4 s of yellow, and 30 s of red for
the main-road approaches. The estimated offsets between traffic control plans were then
implemented in SUMO to reproduce a progression pattern consistent with the observations.

3.2. Traffic Demand Generation from Trajectories

The vehicle demand used in the simulation was derived directly from the individual
trajectories included in the pNEUMA dataset. Each trajectory provides a complete record of
a vehicle’s motion across the study area, including its origin and destination, intermediate
positions, timestamps, and vehicle type. This detailed structure enables a trip-by-trip
reconstruction of vehicular demand. A matching algorithm was designed and implemented

https://doi.org/10.3390/su18147210

https://doi.org/10.3390/su18147210


Sustainability 2026, 18, 7210 12 of 28

to associate each point in a trajectory to the nearest edge in the road network, while
preserving the route geometry and temporal consistency. This required careful handling
of spatial inaccuracies and mapping ambiguities, especially in zones with dense network
elements or complex intersection layouts. The algorithm assigns each vehicle’s entry
and exit edge, departure time, and complete route as a sequence of lane segments. Each
observed trajectory was converted into a SUMO-compatible trip definition by assigning the
vehicle’s departure time, entry and exit edges, and departure speed. A detailed analysis
of the simulation and comparison with real data revealed that some vehicles, particularly
motorcycles, were travelling stretches of road in the opposite direction of travel, which
could not be replicated in the simulation due to the traffic rules implemented in the one-way
edges of the model. An extreme example showed a vehicle with a real travel distance of 90
m but a simulated distance greater than 900 m, due to the circulation rules for travelling
from one point to another available in the simulation (Figure 5).

Figure 5. Observed (green) and simulated (blue) paths for a vehicle not following the traffic rules.

To avoid such errors, it was decided to exclude vehicles that did not comply with
the road traffic rules (approximately 15, mostly motorcycles) from the simulation. This
choice further reduced the discrepancies between simulated and observed data, improving
the overall reliability of the model. The resulting configuration allowed for high-fidelity
reproduction of the observed trajectories. Across the dataset, the average deviation in
simulated travel distance remained below 5%, ensuring strong alignment between the
simulation and the empirical data.

4. Results of Vehicle Behaviour Calibration and Discussion
The simulation scenario defined and described in Section 3 served as the baseline for

the subsequent calibration of vehicle behavioural parameters. In this section, the results
of the calibration process steps are presented and discussed, highlighting the impact of
parameter values on the accuracy of the simulation.

4.1. Step 1—Calibration of Car-Following and Behavioural Parameters

The first step of the calibration process focused on investigating vehicle behavioural
parameters related to longitudinal interactions, simulation update frequency and speed-
related patterns. Given the specific nature of these parameters and the heterogeneity
in driving manners across vehicle types, a two-phase approach was adopted: a general
exploratory pre-calibration, followed by a more detailed and class-specific calibration.
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4.1.1. Pre-Calibration: Exploratory Analysis and Range Refinement

The pre-calibration phase aimed to refine the initial parameter ranges before perform-
ing the main calibration. This process was divided into two sub-stages to progressively
isolate the most influential factors.

In the first exploratory stage, only the parameter speedFactor was varied, while
keeping all other parameters at their default SUMO values. This decision was motivated
by the analysis of empirical traffic data collected in central Athens, which revealed that a
substantial proportion of vehicles exceeded the posted 50 km/h speed limit. Consequently,
speedFactor was considered a critical variable to reproduce the observed speed distribution.
The exploration focused on identifying a scaling factor capable of reflecting the prevalent
speeding behaviour without compromising the stability of the simulation. The value of
the speedFactor defined after an iterative procedure was 1.6. The interpretation of this
value requires considering the role of this parameter within the SUMO vehicle model.
Rather than representing the speed actually reached by each vehicle, speedFactor defines
the desired-speed multiplier applied under free-flow conditions, while actual speeds
remain constrained by car-following interactions, acceleration and deceleration limits,
traffic signals, queues, and local network conditions. To support the selected value, Figure 6
reports the empirical distribution of observed instantaneous speeds in the calibration
scenario. The distribution shows that, although most observations remain below the
nominal 50 km/h limit, a visible tail exceeds this threshold, indicating the presence of
higher-speed observations during less constrained conditions.

Figure 6. Observed instantaneous speed distribution.

In the second exploratory stage, once the speedFactor had been identified, the calibra-
tion process incorporated variations in the remaining three parameters: minGap (minimum
following distance), tau (driver reaction time), and actionStepLength (update frequency of
vehicle dynamics). This stage allowed for identifying minGap = 3 m as the most consistent
value across different configurations and traffic densities, showing robust convergence
compared to alternative settings. The results also served to narrow and centre the feasible
search intervals for tau and actionStepLength, improving the efficiency of the subsequent
main calibration phase.

4.1.2. Main Calibration: Class-Specific Parameter Tuning

Building on the insights from the pre-calibration phase, the main calibration campaign
focused exclusively on the parameters tau and actionStepLength. Unlike the initial explo-
ration, this stage adopted a class-specific approach, testing separate configurations for light
vehicles (cars, taxis, and medium-sized vehicles), motorcycles, and heavy vehicles (trucks
and buses). This distinction was introduced to capture the behavioural heterogeneity
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observed across vehicle categories, while keeping the computational demand at a reason-
able level. A constraint was introduced whereby actionStepLength could not exceed tau,
ensuring consistency between the temporal resolution of driver reactions and the update
frequency of the simulation engine. When actionStepLength is greater than tau, vehicles
react with a delay relative to the defined safety distance, which leads to unrealistic accelera-
tion spikes and collisions. The constraint guarantees at least one behavioural update within
each headway interval, improving both model stability and realism of simulated traffic
dynamics. Table 1 summarises the explored parameter ranges in the pre-calibration and
main calibration phases. The preliminary step helped refine the search intervals, notably
shifting the range of actionStepLength toward higher precision values.

Table 1. Tested range of parameter values selection.

Parameter Description Default SUMO Tested Range
(Pre-Step) Tested Range (Step 1)

tau Reaction time 1.0 s 0.5–1.2 (step 0.1) 0.6–0.9 (step 0.1)

actionStepLength Vehicle update
frequency 1.0 s 0.5–1.1 (step 0.1) 0.5–0.8 (step 0.1)

speedFactor Vehicle’s desired
speed 1.0 0.8–2.0 (step 0.2) Fixed at 1.6

minGap Minimum following
distance 2.5 m 1.5–3.5 (step 0.5) Fixed at 3.0

In total, 2197 simulations were conducted, exploring combinations of defined parame-
ter value ranges. The best-performing parameter configuration was identified based on
Wasserstein distance, marking a substantial improvement over SUMO’s default settings and
indicating a better alignment between the simulated and observed distributions of travel
times. Once the best configuration had been selected from the grid search, an additional
robustness test was performed by re-running this configuration with five independent
random seeds. The same test was also performed for the default SUMO configuration,
in order to compare the calibrated result with the baseline while accounting for simula-
tion stochasticity. The default SUMO configuration produced a Wasserstein distance of
W = 11.36 ± 0.83, reported as mean ± standard deviation over the five replications. The
selected Step 1 configuration reduced the distance to W = 5.59 ± 0.58, corresponding to
an improvement of approximately 50.8% with respect to the default configuration. This
confirms that the improvement achieved by the Step 1 calibration is substantially larger
than the variability associated with the random simulation seed. The optimal values,
differentiated by vehicle class, are as follows:

• Light vehicles: tau = 0.6, actionStepLength = 0.5.
• Motorcycles: tau = 0.6, actionStepLength = 0.5.
• Heavy vehicles: tau = 0.8, actionStepLength = 0.8.
• (speedFactor and minGap were fixed at 1.6 and 3, respectively, based on pre-calibration
results).

The optimal values identified show a differentiation consistent with the character-
istics of the three vehicle classes. For light vehicles (cars, taxis, medium-sized vehicles),
a reduced accepted reaction time (τ = 0.6 s) combined with a rapid decision interval
(actionStepLength = 0.5 s) describes reactive and fluid driving behaviour, typical of urban
traffic where interactions are frequent and require rapid adjustments. Motorcycles have the
same parametric configuration (τ = 0.6 s, ASL = 0.5 s), highlighting an equally dynamic
driving style characterised by short response times. This reflects agile mobility and a
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level of interaction with surrounding traffic similar to that of light vehicles in the context
analysed. Heavy vehicles maintain a more anticipatory behaviour, with a higher tau value
(τ = 0.8 s) and a longer decision interval (ASL = 0.8 s). This configuration is consistent with
their greater inertia, requiring more gradual manoeuvres and more advanced planning.
The maintenance of speedFactor = 1.6 and minGap = 3.0 m derives from the evidence of
the pre-calibration phase, which showed that these values ensure a stable balance between
flow capacity and the absence of abnormal behaviour or unrealistic congestion situations.
Overall, the set of calibrated parameters adequately represents the operational differences
between vehicle categories, improving the dynamic consistency and plausibility of the
simulation model.

In Figure 7, it is possible to observe the notable effect that the calibration had on the
simulated travel time distribution, which is now closer to the observed one with respect to
the previous phase.

Figure 7. Travel time distributions comparison for all vehicles.

Overall, these results underscore the importance of class-specific calibration, partic-
ularly for parameters such as tau, which have a direct impact on interaction timing and
vehicle responsiveness. The gains achieved in this phase provide a base for the subsequent
steps of the calibration process.

4.2. Step 2—Calibration of Variability-Related Parameters

The second phase calibrated the parameters of variability in vehicle speed and longi-
tudinal behaviour, respectively, speedDev (dispersion of the desired speed around speed-
Factor) and sigma (driver imperfection, understood as stochastic noise in acceleration and
deceleration decisions). The other parameters already optimised in the previous phase (tau,
actionStepLength, minGap, speedFactor) were kept fixed to isolate the effect of the behav-
ioral variability component alone. To ensure a robust estimate with respect to the intrinsic
randomness of the simulation, linked to the order of vehicle generation, random sampling
of speeds, and other micro-fluctuations, each pair of parameters (sigma, speedDev) was
evaluated using five independent replicates performed with different seeds of the SUMO
random generator. For each replication, the Wasserstein distance between the distributions
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of simulated and observed travel times was calculated, and the overall performance of the
pair of parameters was summarised using the mean and standard deviation of the metric
over the five replications. This approach allows for the selection of configurations that
are both accurate (low average distance) and stable (low variability between replications),
reducing the influence of stochastic effects. In Table 2 a summary of the calibration step
is reported.

Table 2. Summary of Calibration Step 2.

Parameter Description Default
SUMO Tested Range

Optimal
Configuration

(W = 5.27 ± 0.32)

sigma

The driver
imperfection

(0 denotes
perfect driving)

0.5 0.3–0.7
(step 0.1) 0.3

speedDev The deviation of
the speedFactor 0.1 0–0.20

(step 0.05) 0.05

The optimal value identified corresponds to sigma = 0.3 and speedDev = 0.05. This
configuration suggests that a medium-low noise component in car-following dynamics
(remembering that sigma = 0 represents perfectly deterministic driving) allows for bet-
ter reproduction of the natural variability of driver behaviour without compromising
the numerical stability of the model. Similarly, a limited dispersion of desired speeds
(speedDev = 0.05) allows for a realistic representation of traffic heterogeneity, avoiding
excessive differences between vehicles and maintaining consistent flows. The mean Wasser-
stein distance of the best configuration tested decreased from W = 5.59 ± 0.58 after Step 1 to
W = 5.28 ± 0.33 after Step 2. Although the improvement is smaller than the one obtained in
the first calibration step, the reduction in both the mean value and the standard deviation
indicates that the variability-related parameters improve the stability of the simulated
travel time distribution across stochastic replications. Overall, calibration with multiple
replications with different seeds reduced sensitivity to random effects and produced a
parametric configuration capable of maintaining consistent position and amplitude of the
simulated travel time distribution compared to the observed one.

4.3. Step 3—Calibration of Vehicle Dynamic Parameters

In the third calibration step, the focus was placed on vehicle dynamics, specifically the
maximum acceleration (accel) and deceleration (decel) values for each vehicle class. These
parameters govern how rapidly a vehicle can adjust its speed, influencing its interaction
with other vehicles, queue formation and dissipation, and stop-and-go moments around
signalised intersections. Keeping the car-following parameters obtained in Step 1 and
Step 2 fixed, a grid search was conducted over plausible ranges of “accel” and “decel”
values for light vehicles, heavy vehicles, and motorcycles. In total, 5625 simulations were
executed, and for each configuration, the simulated travel time distribution was compared
to the empirical one. After the best-performing Step 3 configuration was identified, it
was re-evaluated using five independent replications with different random seeds. The
final calibrated configuration yielded a mean Wasserstein distance of W = 5.02 ± 0.29,
further improving the result obtained after Step 2. Overall, the calibration procedure
reduced the Wasserstein distance by approximately 55.8% with respect to the default
SUMO configuration (W = 11.36 ± 0.83). The limited standard deviation across replications
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confirms that the improvement is not driven by a single favourable simulation seed. In
Table 3, an overview of calibration and results is reported.

Table 3. Summary of Calibration Step 3.

Vehicles Class Parameter Default
SUMO Tested Range

Optimal
Configuration

(W = 5.02 ± 0.29)

Light vehicles
accel 2.6 m/s2 2.2–3.0 (step 0.2) 2.2 m/s2

decel 4.5 m/s2 4.1–4.9 (step 0.2) 4.3 m/s2

Motorcycles
accel 6 m/s2 5.6–6.4 (step 0.2) 6 m/s2

decel 10 m/s2 9.6–10.4 (step 0.2) 10.4 m/s2

Heavy vehicles
accel 1.3 m/s2 1.1–1.5 (step 0.2) 1.5 m/s2

decel 4 m/s2 3.8–4.2 (step 0.2) 4.2 m/s2

The calibration of dynamic parameters (acceleration and deceleration) yields small but
significant deviations from SUMO’s default values, thereby improving consistency between
simulated and observed vehicle behaviour. For light vehicles, the optimal acceleration
(2.2 m/s2) is in the lower range of the tested interval, indicating less aggressive acceleration
phases, compatible with an urban context characterised by limited space and frequent
speed variations. Deceleration (4.3 m/s2), slightly below the average value of the tested
range, suggests more progressive and distributed braking, consistent with the presence of
numerous short-distance interactions and the need to maintain smooth driving in heavy
traffic conditions. Motorcycles have acceleration and deceleration values substantially in
line with the typical values: accel = 6.0 m/s2 and decel = 10.4 m/s2. This configuration
reflects a particularly responsive dynamic, typical of vehicles characterised by high agility
and the ability to adapt quickly to traffic conditions. The slight preference for higher
deceleration helps to better capture the instantaneous corrections typical of motorcycle
driving, especially when lateral manoeuvres or sudden changes in surrounding traffic
occur. For heavy vehicles, the optimal acceleration (1.5 m/s2) is consistent with their
greater inertia, requiring longer times to reach cruising speeds. The calibrated deceleration
(4.2 m/s2) is at the high end of the tested range, reflecting robust braking capacity and
generally more anticipatory driving, as expected for professional drivers accustomed to
handling high masses with precision. Overall, the changes are minor but functional in
reproducing more stable and realistic vehicle dynamics, improving the model’s response to
the conditions observed and strengthening the credibility of the simulations in the urban
environment analysed. In Figure 8, the comparison between observed and simulated travel
times, related to the optimal parameter configuration, is reported per vehicle class. An
acceptable alignment is observed for the light vehicles and motorcycle groups, confirming
the effectiveness of the calibration process for these vehicle types. However, some localised
deviations appear, particularly in the 25–35 s range, which may reflect limitations in
capturing mixed-traffic dynamics. In contrast, the heavy vehicles and buses group shows
more significant discrepancies, with simulated travel times consistently underestimating
the observed ones. This mismatch is likely due to the limited number of vehicles in this class,
making the calibration process less robust and less representative for heavy-duty traffic.
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Figure 8. Observed vs. Simulated travel times distribution per vehicle class.

4.4. Lane-Level Microscopic Validation

Following the calibration process, additional microscopic checks were performed to
assess the realism of the simulated traffic beyond travel time distributions. Although travel
time alignment for individual vehicles represents a key performance indicator, it does not
guarantee that local traffic dynamics and interactions are accurately reproduced. For this
reason, a lane-level analysis was conducted on the main arterial, focusing on lane-specific
flows and headway distributions.

4.4.1. Lane Flow Analysis and Scenario Refinement

The analysis was conducted on a central segment of a selected edge located along
the main arterial. On the simulation side, lane-specific vehicle counts were obtained by
installing lane-level detectors in SUMO, as shown in Figure 9. On the observation side, the
same counts were extracted from the pNEUMA trajectories by filtering vehicles included
in the simulation crossing the same section. Table 4 reports the number of vehicle passages
per lane. Lane numbering follows the SUMO convention, where lanes are indexed from
right to left with respect to the direction of travel. Accordingly, lane 0 denotes the rightmost
lane, lane 1 the adjacent lane to its left, and higher lane numbers indicate progressively
more leftward lanes. A pronounced mismatch between observed and simulated traffic is
evident, particularly for lanes 0 and 1. In the baseline simulation, lane 0 is heavily utilised,
whereas in the observed data it is almost entirely avoided, with most vehicles preferentially
using lane 1.

Figure 9. The section investigated by simulated data recorded on detectors (yellow shapes) on edge
209871571#0.
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Table 4. Vehicle passages per lane comparison.

Lane Observation Simulation

0 20 3% 139 19%

1 123 17% 52 7%

2 166 23% 143 20%

3 233 33% 188 26%

4 171 24% 191 27%

This discrepancy originates from a local traffic dynamic specific to the study area.
Although lane 0 is formally available and designated for right-turn movements, drivers
tend to avoid it due to frequent temporary stops caused by taxis, delivery vehicles, and
short-term parking. This behaviour was confirmed through visual inspection of the site
using Google Maps (version 22/05/2024) and Street View. Replicating this dynamic
directly in microscopic models is not straightforward for informal or intermittent lane
obstructions unless they are explicitly modelled. As a result, lane 0 remains fully available
in the baseline simulation and is therefore used unrealistically intensively. To better align
simulated behaviour with observed traffic patterns, targeted adjustments were introduced
at two consecutive signalised intersections along the main arterial. Specifically, right-turn
movements were enabled from lane 1 in addition to lane 0, and the straight-through
movement from lane 0 was disabled, effectively restricting this lane to right-turn traffic
only. Figure 10 illustrates the original (a) and modified (b) intersection configurations.

Figure 10. Intersection (brown) configuration before (a) and after (b) the maneuver (blue) refinement.

The simulation performed using the modified network shows a substantial improve-
ment in the lane flow distribution (Table 5). Traffic in the refined scenario makes greater use
of lane 1 and reduced use of lane 0, closely reproducing the observed lane usage pattern.
Although minor quantitative differences persist, they can be considered within the natural
variability expected in a complex urban traffic environment.

The network refinement inevitably affects travel time distributions; however, this
impact was limited and primarily associated with very short trips. The Wasserstein distance
achieved during the calibration phase remains largely unchanged, indicating that the
refined configuration represents a suitable compromise between travel time accuracy and
realistic lane-level flow representation.
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Table 5. Comparison of observed and simulated lane usage for the analysed section, before and after
network refinement.

Lane Observation Baseline Simulation Modified Simulation

0 20 3% 139 19% 49 7%

1 123 17% 52 7% 134 19%

2 166 23% 143 20% 152 21%

3 233 33% 188 26% 179 25%

4 171 24% 191 27% 199 28%

4.4.2. Headways Analysis

As a further microscopic validation test, headways were analysed in the same section
considered in the previous subsection. Headways provide a sensitive measure of vehicle–
vehicle interactions and are particularly relevant when the model is subsequently used for
road safety analysis. As before, data were collected using lane detectors included in the
model and by a local extraction at the specific point from the observed trajectories. The
global headway distribution for the entire cross-section is shown in Figure 11, comparing
observed and simulated values. The two curves exhibit a similar overall profile, with
consistent behaviour across most quantiles and a slight divergence in the upper tail, where
low traffic density leads to naturally higher variability.

Figure 11. Global headway distributions comparison for the analysed section on edge 209871571#0.

Table 6 reports the average headway per lane. These values provide a more detailed
view of lane-specific interactions and allow the assessment of whether the refined scenario
reproduces the observed microscopic traffic patterns.

Overall, the values in Table 6 indicate that the refined scenario reproduces lane-specific
headways with a satisfactory level of accuracy. Some differences between observed and
simulated averages are present, particularly on lane 0, where the simulation still exhibits
slightly shorter headways. This behaviour is consistent with the residual tendency of traffic
simulation to use lane 0 more than what is observed in the real-world data, despite the
improvements introduced by the network refinement. For the remaining lanes, simulated
headways closely follow the observed values, although non-negligible differences are still
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found on lanes 2 and 3, where the simulated average headways are higher than the observed
ones. These results indicate that the refined scenario captures the general magnitude of
lane-level interactions, but does not fully reproduce all local traffic dynamics. Nevertheless,
the lane-level analysis provides useful evidence of the model’s ability to represent local
traffic patterns and helps identify specific aspects, such as lateral behaviour, that could be
further improved in future calibration efforts.

Table 6. Average headway [s] per lane.

Lane
Average Headway [s]

Observation Simulation

0 18.580 14.836

1 5.969 6.240

2 3.937 5.326

3 2.824 4.824

4 4.196 4.203

4.4.3. Independent Validation Procedure

To further assess the robustness of the calibrated parameter set, an additional val-
idation experiment was carried out using the observed traffic flow on a different time
interval from the same day, in particular from 10:00 to 10:30. The parameters calibrated on
the original scenario (08:30–09:00) were applied to this new scenario without any further
recalibration. The objective was to verify whether the calibrated configuration could still
give an improvement in reproducing the observed travel time distributions with respect
to default values. Figure 12 compares the empirical travel time distributions obtained
from the observed data, the default simulation, and the simulation using the calibrated
parameters in the independent validation scenario. The calibrated configuration provides a
clear improvement over the default parameters, as its distribution more closely matches
the observed curve over a substantial part of the range. This effect is particularly visible
for trips longer than approximately 30–40 s, where travel times are more likely to reflect
the combined influence of car-following behaviour, signal delays, queueing, and local
interactions. Conversely, very short trips are less informative for assessing behavioural
calibration, since their duration is more strongly affected by boundary conditions and
local route reconstruction. Overall, the results indicate that the calibrated parameter set
retains a positive effect when applied to a different time interval within the same study
area, although some discrepancies remain, especially in the upper tail of the distribution.

To better analyse the validation results and reduce the risk that aggregate distributional
agreement masks class-specific effects, stratified comparisons by vehicle type were also
performed. The results are reported in Table 7. For each vehicle class, the Wasserstein
distance was computed over five independent simulation replications, and the table reports
the average value obtained for the default and calibrated configurations. The calibrated
configuration reduces the Wasserstein distance for all vehicle classes considered in the
validation scenario. The largest relative improvements are observed for taxis, medium
vehicles, and cars, while motorcycles also show a substantial reduction. Improvements
are also obtained for heavy vehicles and buses; however, these two classes represent only
a small share of the validation sample, and their results should therefore be interpreted
with caution. Overall, the vehicle-type stratification confirms that the positive effect of
the calibrated parameters is not limited to the aggregate distribution, but is also reflected
across the main traffic components represented in the scenario.
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Figure 12. Comparison of travel time distributions between observed data, default parameters and
calibrated parameters scenarios.

Table 7. Vehicle-type stratified Wasserstein distance in the independent temporal validation scenario.

Vehicle Type N Sample Avg_W_default Avg_W_calibrated Improvement
Percent

Car 751 23.66 13.18 44%

Medium
vehicle 101 21.85 12.02 45%

Taxi 538 24.67 11.33 54%

Motorcycle 860 30.01 16.94 43%

Heavy vehicle 16 13.06 9.78 25%

Bus 40 34.43 20.33 41%

Overall, the independent validation suggests that the calibrated parameters move the
model response in the correct direction, also in a different time window.

4.4.4. Effect of Calibration on Emission Estimates

The calibration process aims to improve the realism of simulated traffic dynamics by
adjusting the behavioural parameters that govern vehicle interactions, speed adaptation,
and acceleration patterns. As a consequence, its effects are not limited to travel time
distributions, but can also influence several other simulation outputs derived from vehicle
trajectories. Among these, emission estimates are particularly relevant, since microscopic
emission models are strongly affected by speed profiles, acceleration and deceleration
events, stop-and-go conditions, and the overall temporal evolution of vehicle movements.
For this reason, an additional comparison was performed between the outputs obtained
from the default parameters scenario and the calibrated configuration. The objective of this
analysis is not to validate absolute emission estimates, since no direct field measurements
of emissions were available, but to assess the sensitivity of emission-related simulation
outputs to the calibration of microscopic behavioural parameters.

Emission outputs were computed using the HBEFA4-based emission model imple-
mented in SUMO. The vehicle categories were mapped to SUMO vehicle classes through
the “vClass” attribute without additional fuel-type, Euro-standard, or fleet-composition
calibration. Therefore, the emission results should be interpreted as HBEFA4-based simula-
tion outputs used to assess the sensitivity of emission estimates to behavioural calibration,
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rather than as directly validated absolute emission values. The analysis focuses on tailpipe
emissions, including CO2, NOx, and fuel consumption. Table 8 reports the comparison
between the default and calibrated configurations. Since both scenarios are based on
the same traffic demand and produce the same number of completed vehicles, with an
almost identical total travelled distance, the comparison highlights the effect of behavioural
calibration on both traffic performance and emission estimates.

Table 8. Total emissions comparison between default parameters and calibrated parameters simulations.

Simulation Vehicles
Total

Distance
[km]

Total
Travel

Time [s]
CO2 [g] NOx [g] Fuel [g] CO2 g/km NOx

g/km

DEFAULT 2104 748.12043 130,641 272,438 152.13 88,170 364.16 0.203

CALIBRATED 2104 748.17038 108,526 313,046 193.37 101,293 418.42 0.258

0% −17% 15% 27% 15% 15% 27%

The aggregate results reported in Table 8 show that the calibrated configuration
produces a clear improvement in traffic performance, with total travel time decreasing
by approximately 17% compared with the default configuration. However, the emission-
related indicators follow an opposite trend. Total CO2 emissions and fuel consumption
increase by approximately 15%, while NOx emissions increase by about 27%. The same
pattern is observed for the distance-normalised indicators, confirming that the increase
is not due to longer travelled distances, but rather to changes in the simulated vehicle
dynamics. To better understand this behaviour, Figure 13 reports the second-by-second
evolution of CO2 and NOx emissions for the default and calibrated configurations. The
temporal profiles show that the calibrated scenario generally produces higher emission rates
during most of the active simulation period, especially in the central part of the observation
window. This result suggests that the calibrated parameters generate vehicle trajectories
that are more consistent with dense urban driving conditions, where frequent speed
adjustments, accelerations, decelerations, and stop-and-go interactions are expected. In this
scenario, such a more reactive driving behaviour contributes to reducing total travel time,
as vehicles are able to complete their trips more quickly. At the same time, however, the
same dynamics lead to higher instantaneous emission peaks and, consequently, to higher
total emission values. This is particularly evident for NOx, which shows a stronger increase
in the calibrated configuration and is highly sensitive to transient driving conditions.

Figure 13. Estimated CO2 (a) and NOx (b) emissions per second comparison between default and
calibrated configurations.

This result highlights the importance of calibration in refining simulated user be-
haviour according to the specific characteristics of the scenario and urban context under
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analysis. The differences observed between the default and calibrated configurations
show that environmental results can be strongly influenced by the behavioural parameters
adopted in the model. Therefore, when microscopic simulation is used for emission-related
analyses, especially in dense urban contexts characterised by frequent accelerations, de-
celerations, and stop-and-go conditions, calibration becomes important because it can
substantially affect the simulated speed and acceleration profiles from which emission
estimates are derived.

5. Conclusions
This study proposed a methodology for calibrating microscopic traffic simulation mod-

els based on high-resolution vehicle trajectory data. The approach enables a progressive
refinement of the model, starting from the definition of the road network and traffic de-
mand directly from observed trajectories and proceeding through a structured, multi-step
calibration of singular parameters specifically estimated by vehicle class. A key element of
the methodology is the use of the Wasserstein distance to compare simulated and observed
travel time distributions from vehicle-level trajectory data, as an alternative to commonly
adopted aggregate performance indicators. This choice allows the calibration process to
capture fine-grained behavioural variability and to consistently improve the alignment
between simulated dynamics and those observed in real data, highlighting the importance
of distribution-based calibration approaches over mean-value matching. The results also
indicate that using travel time distributions as an indicator to compare simulated and
observed situations, while useful to adjust traffic simulation parameters, is not sufficient
to ensure realism at the local level of a microscopic traffic simulation model. In particular,
traffic distribution among lanes may remain undetected when validation relies exclusively
on travel time metrics. For this reason, the proposed workflow integrates additional vali-
dation steps, such as lane-level flow analysis and headway evaluation at specific points.
These complementary checks proved their value for identifying discrepancies that would
not have emerged from travel-time analysis alone and for guiding targeted refinements
of both the network configuration and the calibrated parameters. Finally, the comparison
between default and calibrated configurations also showed that behavioural calibration can
substantially affect emission estimates. This confirms that calibrated microscopic models
are not only useful for reproducing traffic performance indicators, but also for supporting
sustainability-oriented analyses, where environmental outputs depend directly on the
simulated vehicle dynamics. In this perspective, refining road-user behaviour according
to the specific urban context becomes essential to obtain more realistic estimates of both
traffic and emission-related indicators.

Despite these contributions, some limitations should be acknowledged. First, the
calibration was performed on a specific urban area and observation interval, while the
independent validation was limited to a different time period within the same study
area. Therefore, the results support temporal robustness within the analysed network, but
cannot confirm full spatial transferability to other zones or cities. Second, lane-changing
parameters were kept fixed during calibration, which may partly explain the remaining
discrepancies in lane-specific flows and headways. Third, the emission analysis was not
validated against direct field emission measurements; consequently, the reported emission
values should be interpreted as simulation-based outputs useful for assessing the sensitivity
of environmental indicators to behavioural calibration, rather than as absolute validated
emission levels. Future work should extend the proposed workflow to multiple areas,
longer observation periods, explicit calibration of lateral behaviour, and direct validation
of emission-related outputs where suitable field measurements are available.
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Overall, the developed methodology provides a structured and reproducible work-
flow based on open-source tools, which can support future applications in other urban
contexts where high-resolution trajectory data are available. Nevertheless, context-specific
calibration and validation remain necessary before transferring calibrated parameter values
to different networks or traffic conditions. The approach is particularly suited for dense,
signalised urban networks, where detailed observation of vehicle interactions and temporal
dynamics is critical for realistic model calibration. Future work will focus on assessing the
transferability of the calibrated parameters across different periods of the day and on other
parts of the network for extending the validation framework. Also, additional microscopic
indicators can be used to support advanced applications such as road safety solutions.
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