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Abstract: Microscopic traffic simulation calibration is often constrained by limited data
availability and the inherent complexity of calibration processes. In some cases, only
aggregated speed information is accessible, while detailed data such as vehicle trajec-
tories are unavailable. To address this challenge, this work proposes an automated
Dynamic Traffic Calibration Framework (DTC-Framework) based on SUMO calibra-
tors. The framework relies exclusively on varying average speed data over daytime
and transforms it into a dynamically calibrated SUMO simulation. Consequently, it re-
mains applicable even in the absence of Origin-Destination (OD) matrices, turn counts,
or trajectory data. In addition, this work evaluates both speed-based and flow-based
SUMO calibration approaches and concludes that the speed-based approach is the
more effective method. The required real-world speed data is obtained via TomTom’s
Traffic Application Programming Interface (API), which provides Vector Flow Tiles rep-
resenting average speed data for processing. The DTC-Framework is validated using
real-world traffic data from a German city. The results demonstrate that the speed-
based calibration approach significantly improves the realism of the simulation.

Keywords: SUMO, traffic simulation, calibrators, data-driven calibration, speed-based
calibration, data-flow-based calibration, Floating Car Data (FCD)

1 Introduction

The increasing complexity of urban mobility systems drives the need for high-fidelity
traffic simulations [1]. Microscopic traffic models enable detailed analysis of vehicle
interactions and congestion dynamics [1]. In this context, SUMO (Simulation of Urban
Mobility) [2] has become one of the most widely used simulation environments for this
purpose, especially in research, due to its open-source license, transparent modeling
assumptions, and continuous research-driven development [2]–[4]. In contrast, com-
mercial simulation frameworks such as PTV Vissim [5], Aimsun Next [6], or Paramics
[7] are often associated with substantial licensing costs.
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Accurately representing real-world traffic dynamics is essential for such applications.
Purely synthetic demandmodels or static simulation scenarios are unable to adequately
capture short-term disturbances such as congestion waves, accidents, construction
sites, or temporary bottlenecks [1]. At the same time, available real-world traffic data are
typically limited [8]. However, this does not imply that traffic calibration becomes eas-
ier when more detailed data are available: previous studies show that traffic calibration
remains a significant challenge even in the presence of extensive datasets, such as tra-
jectory data [9]. Commercial Floating-Car-Data (FCD) providers such as TomTom [10]
typically offer aggregated information such as average speeds or probe counts at the
segment level, but do not supply complete trajectories or Origin-Destination (OD) matri-
ces [11]. This mismatch between aggregated data and microscopic simulation require-
ments creates a fundamental calibration challenge where different existing approaches
attempt to bridge this gap. Parameter calibration using optimization methods has been
demonstrated with genetic algorithms [12] while multi-source offline and online cali-
bration workflows show how historical and real-time data can be fused to adjust traffic
states dynamically [13], [14]. Other research proposes automated segment-matching
and the generation of route distributions based on commercial probe counts [15]. Al-
though effective in specific case studies, these techniques often require high-resolution
data, substantial manual tuning, or computationally intensive optimization, limiting their
scalability and transferability.

To address the aforementioned challenges, this paper proposes a Dynamic Traffic
Calibration Framework (DTC-Framework), which provides a structured, stepwise cali-
bration methodology and is implemented as a software-based solution. The framework
dynamically calibrates SUMO simulations using aggregated real-world speed data that
varies over the course of the day and reflects current, and therefore more realistic, traffic
conditions. The implementation is publicly available via a GitHub repository [16]. It gen-
erates a randomized base traffic demand using standard SUMO tools and introduces a
dynamic calibration layer based on SUMO calibrators [17], which iteratively adjust traffic
conditions. For real-world data integration, the DTC-Framework describes the acquisi-
tion and processing of traffic speed data from a TomTom Traffic API [18]. Since SUMO
calibrators support both speed‑based and flow‑based calibration approaches [17], this
work investigates and compares both methods. While both approaches are evaluated,
the remainder of the paper focuses on the speed‑based approach, as it proves to be
more robust and better suited for calibration using aggregated speed data, as demon-
strated by a comparative analysis. Furthermore, a dedicated SUMO simulation sce-
nario was defined to apply and evaluate the DTC-Framework. The framework targets
scenarios with limited data and enables dynamic, data-driven calibration without rely-
ing on OD matrices, turn counts, or trajectory data. It relies exclusively on aggregated
real-world speed data which change over daytime and does not model flows, densi-
ties or demands. Its objective is to reproduce observed speeds rather than to capture
demand–supply feedback such as congestion-induced re-routing, thereby preserving
consistency with the input data concerning the number of vehicles and the assigned
routes.

The remainder of this paper is structured as follows: Section 2 reviews related work.
Section 3 introduces the DTC-Framework, describing its steps from traffic data acqui-
sition to metric generation. Section 4 presents the SUMO simulation scenario used to
apply and evaluate the framework. Section 5 compares and validates the two main
SUMO calibration approaches, speed-based and flow-based, to identify the most ef-
fective strategy. Section 6 describes the execution of the defined SUMO scenario by



PR
E-
PR
IN
T
VE
RS
IO
N

Guist et al. | SUMO Conf Proc 7 (2026)

using the speed-based approach. Finally, Section 7 presents the results and validation,
and Section 8 concludes the paper and provides an outlook on future work.

2 Related Work

Research on data-driven microscopic traffic simulation covers frameworks, reference
scenarios, calibration, and FCD-based modeling. This section positions the present
work within this context.

Several traffic simulation tools are used in research and industry which differ in com-
plexity, licensing, and methodological focus. SUMO’s transparent model structure
makes it well-suited for reproducible scientific workflows. Furthermore, SUMO’s cal-
ibration functionality (using e.g., calibrator, routeProbe) provides great flexibility for
experiments based on aggregated measurements [17], [19]. Commercial tools, e.g.,
Aimsun [6], PTV Vissim [5] or Paramics [7] offer comprehensive modeling environments
but come with licensing constraints and closed-source model assumptions.

A number of large-scale SUMO scenarios have been developed to benchmark mi-
croscopic simulations and ensure reproducibility across studies. These include, e.g.,
the Luxembourg SUMO Traffic scenario [20], the Bologna scenario [21], or recent high-
resolution models such as Berlin SUMO Traffic [22] or Monaco SUMO Traffic [20]. They
provide well-calibrated environments to evaluate routing algorithms or simulation tech-
niques. Table 1 shows publicly available SUMO scenarios and the input data they rely
on. Across all scenarios, a consistent pattern emerges: each model relies on extensive
empirical datasets, including full OD matrices, induction-loop measurements, or high-
resolution FCD trajectories. This creates a high barrier to build comparable scenarios
in cities with limited sensing infrastructure. This work explicitly addresses this gap by
enabling a realistic microscopic traffic reconstruction using only aggregated speed data,
a fundamentally lower-information setting than those used in established benchmarks.

Calibration is crucial to ensure consistency between simulated and real-world traffic
states. Several studies propose optimized calibration approaches. [12] utilize vehicle
speed data and genetic algorithms to tune model parameters. [13] integrate historical
and real-time traffic data to incrementally calibrate SUMO simulations in the Intelligent
Transportation Systems (ITS) Upper Austria project. [14] demonstrate online calibration
for network-wide monitoring in the ITS Huainan test environment. These approaches
rely on detailed speed and flow measurements, which are often unavailable in commer-
cial FCD datasets. By contrast, this work examines if meaningful calibration is possible
with only aggregated average-speed data using SUMO calibrators.

FCD has been used for traffic-flow analysis, congestion detection, and the reconstruc-
tion of microscopic states [11]. A further work outlines core use cases and limitations
related to penetration rates and sampling variability [11]. Furthermore, [27] analyze
TomTom trajectories and demonstrate the presence of synchronized flow. [15] provide
an advanced pipeline for converting probe counts into high-resolution detector data for
SUMO scenarios. Their approach, however, requires frequent probe updates and can-
not be applied directly to datasets consisting only of mean speeds. Thus, this paper
extends the applicability of SUMO calibration techniques to these more limited data
environments. Moreover, the use of pure traffic count data represents a classical ap-
proach to addressing limited data availability. However, as shown in [28], such data are
often affected by measurement errors or incompleteness. Against this background, the
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Table 1. SUMO Simulation Conference

Scenario Size
[km2] Input data for demand

Bologna Scenario [21] – Induction loops, public mobility statistics, detector data
from several junctions

Luxembourg SUMO
Traffic [20] 156 Public statistics for activitygen, induction loops,

floating-car validations
Berlin SUMO Traffic
[22] 800 Demand extracted from MATSim scenario, iterative

traffic assignment, population model

Dublin Scenario [23] 17.5 Induction loops (approx. 480, every 6 minutes),
Bluetooth sensor flows

Ingolstadt Traffic
Scenario [24] 51.54 Induction loops (24 junctions, every lane, 15-minute

intervals), demographic statistics
Ingolstadt City Model
(extended) [24] 100 Traffic-light loop detectors and socio-demographic data

Monaco SUMO Traffic
[20] 22 Public statistics for activitygen, elevation model,

induction loops
Tokyo SUMO Traffic
Scenario [25] 33.22 Induction loops (7 junctions, 60-minute intervals),

population statistics

Mannheim SUMO
Traffic Model [26] 144

OD matrices, loop detectors, floating-car
measurements; Covariance Matrix Adaptation Evolution
Strategy (CMA-ES) calibration under data-scarce
conditions

proposed framework deliberately focuses on modern aggregated speed data sources,
which are now widely available and enable a more realistic representation of traffic
conditions.

Compared to existing tools, scenarios, and calibration approaches, this work con-
tributes a framework that does not rely on OD matrices or comprehensive detector
networks. It uses aggregated speed data changing over daytime and representing a
more realistic traffic situation. By combining baseline traffic generation with SUMO’s
calibration mechanisms, the approach examines a reproducible method for construct-
ing realistic microscopic simulations from minimal data.

3 Dynamic Traffic Calibration Framework

This section introduces the DTC-Framework, an automated solution that transforms
aggregated real-world speed data into a dynamically calibrated SUMO simulation. The
framework constitutes a structured, stepwise calibration methodology, implemented as
an automated pipeline [16]. The pipeline is organized into sequential steps including
Traffic Data Acquisition (1), SUMO Network Generation (2), Speed Mapping (3), Base
Traffic Generation (4), Calibrator Generation (5), and Metrics Generation (6), building
on a defined SUMO network (Figure 1). All processing steps illustrated in Figure 1,
including the associated scripts, were implemented by this work as part of the DTC-
Framework. Several of these scripts internally make use of existing SUMO tools (e.g.,
randomTrips, duarouter, or routeSampler), which are explicitly referenced and de-
scribed in the corresponding subsections.
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Figure 1. Overview of the DTC Framework, its six-step process, and key implementation details

3.1 Traffic Data Acquisition

This first step of the framework focuses on acquiring traffic speed data depending on
the area covered by the simulation. The speed data are retrieved from a TomTom
API [18], which provides Vector Flow Tiles containing speed information varying over
daytime. Vector tiles are a vector-based representation of spatial data, in which the
road network is partitioned into square sections; each tile contains a predefined set of
road geometries enriched with associated traffic flow information [18]. Retrieving traffic
data are decoded from TomTom’s Protocol Buffer Binary Format and reconstructed as
LineString representations in the World Geodetic System 1984 (WGS84) coordinate
system. Each LineString represents a road segment and carries attributes, e.g., road
type or traffic level. Relative tile coordinates are transformed into absolute geographic
positions to ensure spatial consistency and interoperability. Each extracted LineString
defined by its corresponding tile and timestamp is stored as an individual record in a
PostGIS-enabled PostgreSQL database.

Furthermore, the traffic speed data is organized in geographically bounded tiles de-
fined by a global XYZ tiling scheme, where X and Y denote the tile’s position on a
two-dimensional grid and Z represents the zoom level. The zoom levels range from
𝑍 = 0 to 𝑍 = 22, where at 𝑍 = 0 the entire Earth is represented by a single tile, and
each subsequent level subdivides the grid into 2𝑍 × 2𝑍 tiles [29]. The physical size of a
tile can be derived from the Earth’s circumference using the relation 40,075,017

2𝑍
, yielding

the tile edge length in meters [29]. At the highest zoom level (𝑍 = 22), a tile corre-
sponds to an area of approximately 9.5×9.5meters. While the TomTom documentation
does not explicitly define zoom levels in terms of spatial resolution or road-type filter-
ing, the hierarchical structure of the tiling scheme implies a decreasing spatial extent
with increasing 𝑍. This relationship can also be empirically observed when requesting
tiles at different zoom levels. For this work, a zoom level of 𝑍 = 13 was chosen as a
compromise between spatial resolution and data volume.

The DTC-Framework supports both processing data dumps containing proper traffic
data from TomTom and collecting data using dedicated scripts based on the lambda
architecture for processing large amounts of data [30]. It includes tomtom_input.py
for retrieving the data, tomtom_cleaning.py to transform LineString data objects, and
tomtom_storing.py, which stores the data in a PostgreSQL database. These scripts
share the data via the message broker RabbitMQ.
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3.2 SUMO Network Generation

This step involves generating the SUMO simulation network. This step is primarily
conceptual, highlighting the necessity of a SUMO network, which then serves as the
basis for the later steps. The framework does not provide an implementation for this
step. However, SUMO offers the OSMWebWizard (based on OpenStreetMap, OSM)
[31], a well-suited tool for constructing simulation scenarios that can be used to create
a SUMO scenario using OpenStreetMap (OSM) data defined by a bounding box.

3.3 Speed Mapping

The next step retrieves LineString geometries which are mapped to the SUMO net-
work. This speed mapping is performed at the lane level, since lanes are the primary
driving units where vehicles move and interact, whereas edges may contain multiple
lanes, causing ambiguous speed assignments [3], [4]. The mapping uses the geomet-
ric centerline; if no speed data lies exactly on it, the nearest available data is assigned.
This ensures a precise link between real-world speeds and the simulated network. Fig-
ure 2 shows the mapping process for a single lane by starting with the first step of
requesting an average speed for a lane (1). For sets of SUMO lanes, each TomTom
street segment is reconstructed using PostGIS ST_Buffer() in the next step (2) to cre-
ate a polygon representing the road surface. The buffer radius corresponds to half of
the SUMO road, and a buffer style parameter controls side-specific buffering behavior.

Figure 2. Overview of the speed mapping functionality illustrated for a single lane.

In the next step (3), the buffered polygon is then spatially compared with the TomTom
LineString geometries using ST_Intersects() to get all intersecting segments. To
ensure that only the most relevant speed information is assigned, a nearest-neighbor
selection is performed. A subquery identifies the TomTom segments with the minimum
spatial distance to the SUMO segment using ST_Distance(). Only segments matching
this minimum distance are retained (4), ensuring that speed aggregation considers the
closest corresponding road segments. Finally, the average speed is available (5). The
implementation can be found in speed_lookup_service.py providing the service for
speed requests, and postgres_connector.py retrieving speed data (see Figure 1).

A short excerpt of retrieved speed data for requested SUMO lanes at a given
timestamp is shown below. Each record contains a timestamp and tuples (LANE_ID,
average speed), allowing efficient assignment of time-dependent speeds to lanes.

{'2026-01-27 06:05:00': [



PR
E-
PR
IN
T
VE
RS
IO
N

Guist et al. | SUMO Conf Proc 7 (2026)

('1035471353_1', Decimal('35.0000000000000000')),
('-105914659#1_1', Decimal('15.0000000000000000')),

...]}

3.4 Base Traffic Generation

This step ensures that the simulated traffic covers the entire network while preserving
realistic vehicle interactions and route diversity. The initialization of base traffic in SUMO
is done by the implemented base_traffic_generator.py script which uses several
SUMO tools to generate trips and routes across the network (see Figure 3).

Figure 3. Overview of the steps to generate trips and routes across the network

In the first step, baseline trips are generated using the SUMO tool randomTrips.py,
which takes the osm.net.xml file as input. This tool stochastically assigns trip ori-
gins and destinations based on the network topology [32]. Trip generation can ei-
ther apply uniform sampling across the network or incorporate user-defined weight-
ing schemes to reflect network structure, such as road hierarchy or spatial den-
sity. Temporal constraints allow the approximate representation of typical daily mo-
bility patterns. The output consists of trip.xml, containing trip definitions, and
routes.rou.xml, containing route definitions. Routes are then finalized using duarouter
from SUMO, ensuring feasibility with respect to network connectivity and traffic rules
[33]. Step two, turning ratios between consecutive edges are derived using the
SUMO tool generateTurnRatios.py [34]. It takes routes.rou.xml as input and out-
puts turnCounts.xml, representing traffic volume distribution at network intersections.
Finally, in the third step, which has the turnCount.xml and the routes.rou.xml as in-
put, the SUMO tool routeSampler.py generates routed vehicles or flows based on a
combination of turn ratios, edge counts or origin–destination relations [35]. The output
is stored in route_distributions.rou.xml.

The output of this step is a plausible base traffic definition that populates the network
but does not yet enforce conformity with empirically observed traffic speeds. In the
current framework implementation, only the routes.rou.xml file is used as base traffic
for the simulation. The additional artifacts are generated and provided by the framework
but are currently not actively utilized in the simulation workflow.

3.5 Calibrator Generation

SUMO offers calibrator objects, which dynamically adjust traffic flows, speeds, and ve-
hicle types based on measurements or location-specific behavior, adding or removing
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vehicles as needed and preventing unrealistic congestion [17]. Applied on top of the
previously generated base traffic, this step creates SUMO calibrators using the imple-
mented calibrator_generator.py script (see Figure 1). The procedure is fully deter-
ministic and automated. The script reads previously defined SUMO lanes that are rele-
vant for calibration, i.e., those that serve primary traffic functions, such as highways or
main roads. If observed speed data exists for a relevant lane, retrieved and processed
by the speed mapping step (Section 3.3), a SUMO calibrator is generated, positioned
at the middle of the lane, and written to an XML file. Only lanes with available speed
information are calibrated. No additional filtering or clustering is applied at this stage.
This design choice keeps the calibration layer simple and modular: any prior aggrega-
tion or clustering of lanes can be performed as a preprocessing step. The framework
provides the option to thin the amount of lanes, e.g., to prevent potential performance
issues, as studies have shown that memory consumption and runtime increase with the
number of simulated agents and network size in SUMO [36].

To determine when and for how long a SUMO calibrator should calibrate a lane based
on speed data, calibrators rely on SUMO flows, which generally specify traffic condi-
tions over defined time intervals using parameters such as vehsPerHour or speed [17].
Depending on the calibration approach (i.e., speed-based or flow-based (Section 5)),
the attributes of flows and the characteristics of the calibrator vary [17]. The DTC-
Framework supports both approaches. However, in the remainder of this paper 5.5,
only the speed-based calibration approach is considered. An excerpt of generated cali-
brators via an XML file using flows for the speed-based approach is shown in the follow-
ing. Each calibrator is identified by a unique ID and its corresponding lanes. Within the
speed-based approach, the flows specify the time periods (in seconds) during which
the defined speed is applied to the calibrator. Using the speed-based approach, where
only the speed attribute is specified for the calibrator flows, each calibrator acts as a
variable speed sign [17]. Conceptually, this imposes a time-dependent speed limit on
the connected edge, adjusting the permissible vehicle speed to a desired target value
[37]. As the calibrators are placed on individual lanes within the DTC-Framework, this
variable speed limit is applied at the lane level, preventing vehicles from exceeding the
specified max. speed.

<?xml version="1.0" ?>
<additional><calibrator id="calib_-1035471353_0" lane="-1035471353_0" ...>

<flow begin="0" end="54000" speed="13.88888888888889"/>
</calibrator>
<calibrator id="calib_-105914659#1_1" lane="-105914659#1_1" ...>

<flow begin="300" end="600" speed="4.166666666666667"/>
<flow begin="600" end="900" speed="4.166666666666667"/> ...

</calibrator></additional>

3.6 Metrics Generation

This step focuses on generating evaluation metrics from the executed simulation sce-
nario. During runtime, the framework collects time-weighted, lane-specific speeds us-
ing the implemented metrics_generator.py script. These simulated values are then
compared with corresponding empirical data (e.g., TomTom speed measurements) to
assess the accuracy of the calibration. In addition, the script computes aggregated
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global metrics over the entire simulation period. Thus, this evaluation step enables sys-
tematic testing of different simulation parameters, e.g., reducing the number of lanes or
modifying traffic patterns in order to analyze their impact, e.g., on traffic flow dynamics.

4 Simulation Scenario for DTC-Framework

For validating the DTC-Framework, we defined a suitable SUMO simulation scenario
based on the following requirements. The traffic situation must include both congested
and free-flow periods, and the area shall be defined as an urban region of moderate
size, avoiding both small cities and large metropolitan areas. The area of Esslingen,
a city in the southwest of Germany, southeast of Stuttgart, meets these requirements
(Figure 4, left side).

Figure 4. Overview of the local conditions in Esslingen and the extracted SUMO Map

With a population of around 95,000 [38], Esslingen represents a medium-sized ur-
ban area. It is located about 10 km from Stuttgart and is integrated into the regional
transportation network, including major roads such as the B10 and connections to the
A8 highway and regional rail and local bus services [39]. In addition, a mobility strat-
egy aimed at promoting active travel (pedestrians, bicycle traffic) is currently being de-
veloped in Esslingen, with public participation to identify barriers and opportunities for
network improvement [40]. This indicates notable traffic variability within the area.

For creating a SUMO simulation network, the OSMWebWizard [31] is used as de-
scribed in step 2 of the DTC-Framework (Section 3.2). Figure 4 shows the SUMO
network (right side) that has been sliced for the simulation scenario by using OSMWeb-
Wizard resulting in several XML files, including osm.net.xml and numerous intermediate
files. The SUMO network of this scenario consists of 15.379 lanes and 14.383 edges.
This work does not introduce a dedicated verification or correction step for the gener-
ated SUMO network. Basic plausibility checks, such as verifying network connectivity
or identifying unrealistic geometries, are considered a necessary preprocessing step
and should be performed after generating the network with the OSMWebWizard.

5 Experimental Comparison of SUMO Calibration Approaches

There are two complementary SUMO calibration approaches: (1) the speed-based cal-
ibration, in which target speeds are directly imposed on vehicles entering selected road
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segments and (2) the flow-based calibration, in which traffic is adjusted such that the
resulting traffic density reproduces observed speed patterns [17]. In general, when
using SUMO calibrators, SUMO routeProbes are additional elements for traffic mea-
surements [19]. These detectors track route distributions taken by vehicles on specific
SUMO elements such as lanes over given time intervals, analogous to collecting route
information through surveys or navigation provider data [19]. For choosing a suitable
strategy for running and calibrating the defined SUMO simulation scenario of Esslingen
(Section 4), this section experimentally compares these approaches.

5.1 Speed-Based Calibration

In the speed-based approach, when a calibrator is assigned to a SUMO lane 𝑙 with a
desired lane speed 𝑣obs𝑙 , all vehicles traversing this lane are limited to this max speed.
Vehicles entering the calibrated SUMO lane are constrained to the target speed from
the moment they spawn, analogous to a dynamic speed limit or a variable speed sign
[17]. Since no additional vehicles are introduced, no routeProbe is required in this con-
figuration. The resulting mean simulated speed 𝑣sim𝑙 emerges directly from the imposed
constraint and vehicle interactions within the SUMO lane. This method provides a sta-
ble and computationally efficient way to enforce speed conformity. However, it does
not explicitly model the relationship between traffic generation and speed and therefore
bypasses fundamental traffic flow mechanisms.

5.2 Flow-Based Calibration (Exploratory)

Instead of constraining vehicle speeds explicitly, the flow-based calibration approach
aims to reproduce observed average speeds as an emergent property of traffic den-
sity and vehicle interactions [17]. In classical traffic flow theory [1], the macroscopic
variables traffic flow 𝑞, density 𝑘, and mean speed 𝑣 are related by the equation:

𝑞 = 𝑘 ⋅ 𝑣. (1)
This implies that changes in speed are inherently linked to changes in density and,
consequently, to traffic generation. However, when only aggregated average speeds
are available, as is the case in this work, the system is under-determined: for a given
observed lane speed 𝑣obs𝑙 , infinitely many combinations of flow and density may satisfy
the fundamental relation. As no direct measurements of density or flow are available,
the traffic generation cannot be uniquely inferred from speed observations alone. Nev-
ertheless, to investigate whether speed conformity can be achieved through demand
adjustment, a simplifying assumption is introduced. Motivated by fundamental diagram
models, which typically describe a monotonic decrease of speed with increasing den-
sity, a linear dependency between speed reduction and flow is postulated. For each
calibrated SUMO lane 𝑙, a target flow 𝑞𝑙 is defined as

𝑞𝑙 = 𝑞0 + 𝛼 ⋅ (𝑣free𝑙 − 𝑣obs𝑙 ), (2)

where 𝑣free𝑙 denotes the free-flow speed derived from the network speed limit, 𝑞0
represents the baseline traffic generation under free-flow conditions (in veh/h), and
𝛼 is a global sensitivity parameter with unit veh/h

km/h
controlling how strongly deviations

from free-flow speed translate into additional demand. Consequently, both 𝑞0 and
𝛼 ⋅ (𝑣free𝑙 − 𝑣obs𝑙 ) are expressed in vehicles per hour, consistent with SUMO’s calibrator
parameter vehiclesPerHour. Both parameters are kept constant across the network.
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The linear relationship between speed deviation and induced flow is chosen for three
reasons. First, classical fundamental diagrammodels [1] exhibit an approximately linear
decrease of speed with increasing density in the free-flow regime. Thus, the proposed
formulation represents a first-order approximation of the macroscopic speed-density
relationship rather than a fully specified fundamental diagram. Second, only aggregated
average speeds are available, while density and flow remain unobserved. Introducing
nonlinear mappings would add parameters that cannot be empirically identified. The
linear form thus provides the simplest identifiable model consistent with traffic theory.
Third, a single global sensitivity parameter 𝛼 is used due to the absence of lane-specific
calibration data. Allowing lane-dependent parameters would increase flexibility but risk
overfitting. A constant 𝛼 ensures parsimony and interpretability.

In this configuration, calibrators inject vehicles according to the derived flow rates,
while vehicle speeds remain unconstrained and emerge solely from microscopic vehi-
cle interactions [17]. To preserve realistic routing behavior when additional vehicles are
introduced, each calibrator needs to be associated with a corresponding routeProbe
[19]. It records the routes taken by vehicles traversing this location over a defined aggre-
gation period. Based on these observations, an empirical route distribution is derived
that captures the prevailing turning behavior and route choices induced by the baseline
demand. Newly injected vehicles are subsequently assigned to routes according to this
distribution, ensuring that the additional demand introduced by the calibrator remains
consistent with the existing traffic flow structure.

It is emphasized that this formulation does not claim a unique or physically exact
reconstruction of traffic generation. Rather, it constitutes an exploratory approach that
explicitly acknowledges the under-determined nature of the problem and tests whether
a simple flow–speed coupling can serve as a plausible surrogate in the absence of
detailed traffic counts. The linear relationship represents a first-order approximation in
the free-flow regime, while the congested regime is not explicitly modeled due to the
lack of density or flow data. To the authors’ knowledge, systematic investigations of
such demand inference strategies using calibrators and aggregated speed data remain
limited, motivating the inclusion of this approach as a conceptual contribution.

5.3 Experimental Conditions

The following sections evaluate the effectiveness of the proposed calibration ap-
proaches by comparing simulated mean speeds with empirical averages from TomTom.

5.3.1 General Conditions and Configurations

All simulation experiments were conducted on the same SUMO network from the de-
fined SUMO scenario described in Section 4. Calibrators were placed in the middle of
lanes. However, not all lanes are used, only those serving a primary traffic function, e.g.,
main streets or highways, and for which an average speed value from TomTom is avail-
able. To ensure comparability across the calibration approaches, the same base traffic
configuration is used generated by SUMO’s base_traffic_generator.py tool over the
full simulation horizon with stochastic trip generation (Section 3.4). An initial warm-up
phase of 400 seconds was excluded from the evaluation to eliminate transient initial-
ization effects and ensure steady-state traffic conditions. For each calibrated lane, the
simulated mean speed was computed as a time-weighted average over all simulation
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steps in which at least one vehicle was present on the respective lane. Performance
metrics were calculated on the set of calibrated lanes; uncalibrated lanes were excluded
from the error analysis, as no direct target values were defined for these segments. All
reported speed values are expressed in km/h.

5.3.2 Error Metrics

To assess the conformity between simulated and observed traffic, three complementary
metrics are used: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
and Mean Signed Error (Bias), computed exclusively over the calibrated SUMO lanes.
For each calibrated SUMO lane 𝑙, the simulated mean speed 𝑣sim𝑙 is obtained as a
time-weighted average over the evaluation period, while 𝑣obs𝑙 denotes the corresponding
observed average speed derived from the TomTom data. TheMAE, used as the primary
evaluation metric, is defined as:

MAE = 1
𝑁

𝑁
∑
𝑙=1

||𝑣sim𝑙 − 𝑣obs𝑙 || , (3)

where 𝑁 is the number of calibrated SUMO lanes. The MAE provides a directly inter-
pretable measure of the average deviation in physical units (km/h) and is therefore well-
suited for comparing calibration strategies [41]. To complement the MAE, the RMSE is
computed as:

RMSE =
√√√
√

1
𝑁

𝑁
∑
𝑙=1

(𝑣sim𝑙 − 𝑣obs𝑙 )2. (4)

Due to its quadratic weighting, the RMSE penalizes larger deviations more strongly
and is particularly sensitive to pronounced local mismatches, such as congestion near
junctions or spillback effects [41]. Finally, Bias is defined as:

Bias = 1
𝑁

𝑁
∑
𝑙=1

(𝑣sim𝑙 − 𝑣obs𝑙 ) . (5)

It captures systematic over- or underestimation of speeds. A positive Bias indicates
that simulated speeds exceed observed values on average, whereas a negative Bias
reflects systematic underestimation [42]. Together, MAE, RMSE, and Bias provide a
compact yet comprehensive characterization of calibration accuracy, robustness to out-
liers, and systematic tendencies in the experimental results.

5.4 Experimental Investigation

Three experimental cases are presented and compared: (1) a scenario without cali-
bration, which relies solely on statically generated base traffic, (2) a speed-based cal-
ibration using calibrators with explicit target speeds, and (3) a flow-based calibration
employing a linear flow-speed coupling with varying sensitivity parameters.
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5.4.1 Experiment 1 - Without Calibration

As a reference, a baseline simulation using only statically generated base traffic was
evaluated (Table 2, left column). The pronounced positive bias indicates a systematic
overestimation of speeds in the absence of calibration. In combination with the high
MAE, it confirms that base traffic generation alone is insufficient to reproduce realistic
speed levels, as it primarily ensures structural connectivity and route diversity rather
than quantitative traffic state accuracy.

5.4.2 Experiment 2 - Speed-Based Calibration

In this experiment, calibrators are configured with explicit target speeds corresponding
to the observed average speeds 𝑣obs𝑙 . No additional vehicles are introduced, and traffic
generation is solely determined by the pre-generated base traffic. With direct speed
enforcement, the resulting deviations are listed in Table 2 (middle column). The small
MAE indicates close conformity between simulated and observed speeds. The Bias
reveals a slight systematic underestimation of approximately 1.97 km/h. This offset
can be attributed to aggregation effects, junction interactions, and the fact that target
speeds are assigned at vehicle insertion, while the subsequent motion along the edge
is governed by microscopic car-following dynamics. To compensate for this systematic
offset, an experimental second run was conducted with all calibrator target speeds in-
creased by 2 km/h. The results are shown in Table 2 (right column). The Bias is reduced
to 0.25 km/h, effectively eliminating the previously observed systematic underestima-
tion. This demonstrates that, in this specific configuration, the global offset correction
largely removes systematic underestimation and reduces the variance-sensitive error
(RMSE). At the same time, the slight increase in MAE shows that absolute deviations
do not uniformly improve. Consequently, the +2 km/h adjustment cannot be considered
unequivocally superior in general, but rather represents a trade-off that depends on the
chosen evaluation criterion. If statistical neutrality (Bias ≈ 0) is prioritized, the adjusted
configuration is preferable. However, if minimizing average absolute deviation is the
primary objective, the original speed-based calibration performs slightly better. In sum-
mary, the correction mainly redistributes the error structure rather than fundamentally
improving predictive performance.

Overall, speed-based calibration provides an upper bound on achievable conformity
with observed speed data, but the global offset correction does not fundamentally alter
the underlying deviation structure.

Table 2. Summary of evaluation metrics for different calibration scenarios

Metric Without calibration Speed-based calibration Speed-based calibration 2 km/h

MAE 18.99 km/h 1.97 km/h 2.24 km/h
RMSE 22.68 km/h 4.25 km/h 3.15 km/h
Bias 13.75 km/h -1.97 km/h 0.25 km/h

5.4.3 Experiment 3 - Flow-Based Calibration with Linear Coupling (Exploratory)

Flow-based calibration adjusts traffic generation rather than explicitly constraining ve-
hicle speeds [17]. For each calibrated lane 𝑙, the injected flow is determined by:

𝑞𝑙 = 𝑞0 + 𝛼 ⋅ (𝑣free𝑙 − 𝑣obs𝑙 ) , (6)
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where 𝑞0 represents a baseline flow and 𝛼 controls the sensitivity of demand to devia-
tions from free-flow speed. In all experiments, 𝑞0 = 10 was fixed, while 𝛼 was varied
systematically. The calibrator period was set to 50 s for all simulations, meaning that
the specified flow rates were applied in aggregation intervals of 50 seconds. Table 3
summarizes the error metrics for different sensitivity parameters. As 𝛼 increases from
10 to 50, simulated speeds decrease due to rising traffic generation, resulting in a sub-
stantial reduction of MAE and Bias. For small values of 𝛼, the system remains close to
free-flow conditions (MAE > 20 km/h) with a strong positive Bias, indicating systematic
overestimation of speeds. Increasing the sensitivity to 𝛼 = 50 significantly reduces the
MAE to 13.64 km/h and lowers the Bias to 4.18 km/h, representing the best configura-
tion among the tested parameters.

Table 3. Flow-based calibration results for different sensitivity parameters 𝛼.

𝛼 MAE [km/h] RMSE [km/h] Bias [km/h]
10 24.30 26.34 24.25
20 21.48 23.97 21.41
30 17.82 21.13 17.31
50 13.64 17.87 4.18
100 17.61 20.91 -4.25
150 21.01 23.75 -7.53

However, further increasing 𝛼 does not lead to continued improvement. At 𝛼 = 100,
the MAE rises again to 17.61 km/h and the Bias becomes negative (-4.25 km/h), indi-
cating a systematic underestimation of speeds due to excessive demand. For 𝛼 = 150,
the deviations deteriorate even further, suggesting that overly aggressive demand ad-
justments destabilize the traffic state and amplify errors. These results indicate the ex-
istence of an optimal sensitivity range. While moderate 𝛼 values effectively reduce sys-
tematic deviations, larger values overcompensate and degrade performance, demon-
strating the nonlinear response of the network to linear demand scaling.

Compared to the baseline scenario without calibration (MAE = 25.09 km/h), the flow-
based approach still yields noticeable improvements, particularly around 𝛼 = 50. Nev-
ertheless, even in its best configuration, it remains considerably less accurate than the
speed-based calibration, which achieves MAE values below 2 km/h.

5.5 Comparison of Speed-Based and Flow-Based Approaches

The comparison of the speed-based and flow-based approach highlights a clear dis-
tinction between direct speed enforcement and flow-based calibration. While speed-
based calibration achieves very low deviations (MAE ≈ 1.97 km/h), the flow-based ap-
proach yields substantially larger errors throughout the sensitivity parameters. This dif-
ference reflects a fundamental property of traffic systems: average speed alone does
not uniquely determine traffic generation.

From a traffic flow theory perspective, speed, flow, and density are related through the
fundamental diagram. However, knowing only the average speed 𝑣 does not uniquely
determine the corresponding flow 𝑞 or density 𝑘. Multiple traffic states may exhibit sim-
ilar speeds but differ in density and flow. Consequently, reconstructing demand solely
from speed observations constitutes an under-determined problem. The linear coupling
from equation 6 therefore represents a heuristic approximation rather than a theoreti-
cally exact inversion of the fundamental relationship. The experiments confirm this lim-
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itation. Increasing 𝛼 initially reduces the positive Bias and lowers the MAE compared
to the baseline scenario, indicating that higher traffic volume partially reproduces the
observed congestion effects. However, beyond 𝛼 ≈ 50, further increases in sensitivity
lead to a deterioration rather than continued improvement. The MAE rises again and
the Bias turns negative, suggesting overcompensation of demand and highlighting that
demand scaling alone cannot resolve structural mismatches between simulated and
observed traffic states. In contrast, direct speed enforcement effectively constrains the
system to match observed mean speeds. However, this approach modifies vehicle
dynamics explicitly and therefore does not reconstruct a physically consistent traffic
volume. It should thus be interpreted as an upper bound on achievable calibration ac-
curacy rather than as a demand-recovery method.

Overall, the findings suggest that aggregated speed data alone are insufficient to
uniquely determine traffic generation. While a simple linear flow–speed coupling im-
proves realism compared to purely synthetic base traffic, the flow-based calibration
approach cannot fully replicate empirical conditions. Thus, this work uses the speed-
based calibration approach for the following SUMO simulation scenario.

6 Running the Speed-Based Simulation Scenario

To simulate the defined SUMO simulation scenario of Esslingen with the speed-based
approach using historical real-world speed data from TomTom and SUMO calibrators,
the proposed DTC-Framework is applied. The simulation period was defined as Jan-
uary 27, 2026, a Tuesday, selected as a representative day with typical traffic condi-
tions. The SUMO simulation scenario is defined to start at 5:00 am UTC and end at
8:00 pm UTC, covering the time range that includes morning and evening rush hours.
This represents a total time horizon of 54,000 seconds (15 hours) with a simulation step
length of 1 second. The following simulation configuration was done:

1. Traffic Acquisition (Section 3.1): TomTom data were collected within the spec-
ified period at a temporal resolution of between 5-15 minutes, varying with rush-
hour conditions, resulting in 67 timestamps. It should be noted that, due to a minor
data collection issue, data points at full-hour timestamps are missing, occasionally
resulting in sampling intervals exceeding 15 minutes; however, this has no impact
on the results.

2. SUMO Network Generation (Section 3.2): The OSMWebWizard was used for
generating the SUMO network.

3. Speed Mapping (Section 3.3): 295 relevant lanes were identified out of a to-
tal of 15,379 lanes and subsequently reduced by 50% to improve computational
efficiency, resulting in 147 lanes used for calibration. Furthermore, lane types
which are not related to passenger cars, such as highway.steps, railway.subway
or highway.bus_guideway, were excluded, whereas major road types, such as
highway.primary or highway.secondary, were retained. For each selected lane,
speed data were retrieved for the 67 timestamps.

4. Base Traffic Generation (Section 3.4): Trips were restricted to passenger vehi-
cles, a min trip length of 100 m was enforced to avoid unrealistic short movements,
and a random routing factor of 2 was applied to increase route diversity. A fringe
factor of 100 was used to emphasize boundary traffic, and a period of 1 with fixed
random seed ensured reproducibility across the experiments.



PR
E-
PR
IN
T
VE
RS
IO
N

Guist et al. | SUMO Conf Proc 7 (2026)

5. Calibrator Generation (Section 3.5): With the information of the relevant lanes
and the output of the base traffic, the calibrators were generated and positioned
at the midpoint of each relevant lane defined within an XML file. Finally, the corre-
sponding retrieved time-dependent average speeds from TomTom were assigned
to the calibrators used as dynamic input for the SUMO simulation.

6. Metrics Generation (Section 3.6): Several metrics were defined to evaluate the
calibration performance. The MAE, RMSE, and Bias are computed over the entire
simulation period. In addition, the speed difference between the average target
speed and the average simulated speed across all calibrated lanes (147 lanes)
were calculated at 60-second intervals.

7 Simulation Results and Validation

The results of the SUMO simulation scenario of Esslingen demonstrate that the pro-
posed DTC-Framework using the speed-based calibration approach significantly im-
proves the realism of the simulated traffic dynamics and enables the simulation to
closely reflect real-world traffic behavior.

Figure 5. Comparison of target and simulated mean lane speeds over time for uncalibrated (left) and
calibrated (right) scenarios

The evaluation is based on lane-specific speeds across all calibrated lanes as the
primary performance metric, which are compared to the corresponding empirical Tom-
Tom data. Figure 5 shows the results of the target and simulated mean lane speeds
over time for the uncalibrated (left) and for the calibrated (right) scenario. The right dia-
gram in Figure 5 illustrates the time-dependent changes of the simulated average lane
speed aggregated over all calibrated lanes in comparison to the target speed through-
out the day. The target speed defined in the calibrators is dynamically updated during
the simulation according to the TomTom speed data. The low MAE, together with the
small RMSE and Bias in Table 4 (right column), indicates a strong agreement between
simulated and observed speeds. This indicates that the approach is capable of closely
reproducing the empirical TomTom speed data, even under varying traffic conditions
over the day. Running the same scenario without any calibration further highlights the
impact of the proposed approach. In the uncalibrated case (Figure 5, left diagram), sub-
stantially larger deviations from the empirical speed profiles are observed, along with
more pronounced discrepancies in the temporal traffic patterns. This clearly underlines
the effectiveness of the DTC-Framework in improving simulation accuracy.
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Table 4. Summary of evaluation metrics for the DTC-Framework compared to the baseline scenario

Metric Baseline Scenario DTC with Speed-based calibration

MAE 16.36 km/h 3.21 km/h
RMSE 19.20 km/h 5.46 km/h
Bias 6.50 km/h 1.42 km/h

Table 4 confirms that the speed-based calibration performs significantly better than
the baseline scenario, as the metrics for the baseline show substantially higher devi-
ations compared to those from the speed-based calibration. Calibration based solely
on speed data ensures consistency with observed traffic states but does not guarantee
a physically consistent reconstruction of traffic demand or microscopic behavior, and
should therefore be interpreted as a state calibration approach.

8 Conclusion and Future Work

This work presented the Dynamic Traffic Calibration Framework (DTC-Framework), an
automated pipeline for calibrating microscopic SUMO traffic simulations using aggre-
gated empirical speed data which are changing over daytime from the TomTom Traf-
fic API. The framework enables a systematic integration of real-world measurements
through automated data acquisition, speed mapping and calibrator generation. Its
structure ensures that the baseline traffic can be reproduced while allowing continu-
ous, data-driven adjustments based only on average speeds, without the need for OD
matrices, turn counts, or vehicle trajectories. Furthermore, this work investigates the
differences between SUMO’s speed-based and flow-based calibration approaches and
demonstrates through controlled experiments that the speed-based calibration outper-
forms the flow-based approach, given that only average speed data is available. Finally,
the framework demonstrates strong potential for improving the accuracy and applica-
bility of microscopic traffic simulation in real-world contexts, particularly when using the
speed-based calibration approach.

Simulation results for the Esslingen scenario show that the DTC-Framework using the
speed-based approach makes the SUMO traffic simulation more realistic and closely
matches real-world speeds, given that the number of the simulated vehicles is set con-
stant by a randomized base traffic generation. The evaluation using key performance
metrics shows that the calibration with the DTC-Framework in the presented simulation
scenario reduces the MAE to the target speed from 16.36 km/h (baseline) to 3.21 km/h,
achieving a closer match to the provided TomTom data.

The following potential improvementsmay be considered as part of future work. Using
more accurate road widths can improve the realistic representation of lanes and spatial
matching, since OSM data is often incomplete or inaccurate. Furthermore, a weighted
speed assignment might be an improvement, instead of using simple averages, Tom-
Tom segments could be weighted based on their overlap with SUMO lanes, yielding
a more realistic calculation of lane-average speeds. Additionally, using other aggre-
gated data sources, such as vehicle densities or the number of vehicles per hour, could
further improve the simulation and might enable a closer representation of real-world
traffic by allowing flow-based calibration based on observed traffic volumes. These
ideas also point to opportunities for future research on data use, calibration methods,
and improving scenario realism.
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