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Abstract. Assessing the environmental impacts of mobility in peri-urban areas requires
individual-level emission indicators that link travel practices to vehicle characteristics.
While microscopic traffic simulators such as SUMO offer high representational accu-
racy, they lack realistic mobility demand as input. This paper proposes a reproducible
workflow coupling synthetic demand generation with microscopic simulation to estimate
individual emissions in peri-urban contexts. The approach integrates three compo-
nents: Eqasim for synthetic population generation and activity-chain assignment; MAT-
Sim for plan consolidation and mobility-choice refinement; and SUMO for microscopic
simulation, with activity locations anchored to the road network via points of interest and
public transport integrated through GTFS feeds. Fleet composition is derived from local
open data, translated into HBEFA4 emission classes, and distributed across the sim-
ulated population to improve emission realism. The workflow is demonstrated through
a case study on eight peri-urban municipalities surrounding La Rochelle (Charente-
Maritime, France). Its modular architecture and reliance on open data and open-source
tools support reproducibility and transferability to other peri-urban territories.

Keywords: Activity-Based Demand Generation, Individual Emission Estimation, Syn-
thetic Population

1. Introduction

Peri-urban areas concentrate a significant share of contemporary mobility challenges:
extended home-to-work distances, limited public transport supply, and consequently
high levels of car dependence [1]. In this context, assessing environmental impacts
on a fine spatial and behavioral scale, linking emissions to individual travel practices
and vehicle characteristics, is of particular relevance. This assessment can leverage
agent-based modeling, microscopic traffic simulation, and emission models. However,
producing credible individual-level indicators requires an accurate representation of the
territory’s population, its socio-demographic attributes, and the daily activity chains that
structure mobility demand.
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SUMO enables detailed microscopic representation of vehicle movements on a
road network [2], but it is not designed to generate autonomously realistic descriptions of
daily schedules and trips of residents [3]. As a result, even though traffic dynamics can
be simulated with high fidelity, building a complete and consistent demand model that
specifies who travels, when, for what purpose, and between which locations remains a
methodological bottleneck, especially when individual-level interpretability is required.

This paper addresses precisely this gap by proposing an estimation framework for
individual emissions in peri-urban contexts, enriching SUMO with an adapted demand-
generation process. The pipeline combines three complementary components: Eqgasim
for synthetic population generation and activity-chain assignment from publicly available
data; MATSim for plan consolidation and mobility-choice refinement within a multi-agent
simulation framework; and SUMO for microscopic simulation, where the assignment
of vehicle emission classes enables the computation of individual-level environmen-
tal indicators. The pipeline is applied to the La Rochelle Agglomeration Community
(Charente-Maritime, France) and its peri-urban fringe, a context well suited to exam-
ining the relationship between car dependence, daily activity structures, and individual
emissions.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 details the methodology, from demand generation to microscopic simulation
and emission-class assignment. Section 4 presents the case study and implementation
choices for the La Rochelle peri-urban area. Section 5 presents the resulting indica-
tors for the target population. Section 6 discusses limitations and perspectives, and
Section 7 concludes.

2. Related Work

Microscopic simulators such as SUMO offer fine-grained representations of traffic dy-
namics and are well suited to producing the detailed trajectory-level outputs required for
emission estimation [2], [4]. However, constructing realistic mobility demand is a dis-
tinct methodological challenge. It involves specifying who travels, when, why, between
which locations, and with which activity chains, and is typically addressed through ded-
icated demand models or synthetic population pipelines [5], [6].

SUMO provides several families of demand-generation tools, including random or
heuristic generators (randomTrips, OSMWebWizard), count- or OD-matrix-based ap-
proaches (od2trips), and the activity-based generator ActivityGen [7]. From a scenario-
engineering perspective, these tools lower the barrier to obtaining a first functional sce-
nario, an explicit design objective of the SUMO ecosystem [4]. Nevertheless, Activity-
Gen supports only a limited set of activity types (work, school, leisure) and transport
modes, and produces mobility wishes rather than fully specified activity chains in the
sense of activity-based modeling (ABM) [8]. The SUMOPyY demand generator recog-
nizes that its virtual population can be rigid and that integrating OD patterns or survey
data remains difficult. It positions itself as a step toward more flexible plans, while rec-
ognizing the difficulty of scaling to 24-hour multi-modal simulations [9]. More recently,
SAGA (SUMO Activity GenerAtion) has further automated the construction of multi-
modal scenarios from open data (notably OpenStreetMap), providing an end-to-end re-
producible tool-chain [10]. Although SAGA represents a significant step toward acces-
sible multi-modal scenario creation, its objective remains largely pragmatic: to produce
plausible, heuristic-based scenarios rapidly rather than to implement the full behavioral
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mechanisms of a state-of-the-practice ABM (hierarchical choices, intra-household co-
ordination, endogenous location choice, tour formation, etc.). Thus, SAGA and related
generators partially bridge the gap between demand based on OD/trips and activity,
but do not substitute for ABM approaches when behavioral realism is required at the
individual level [5].

Activity-Based Models (ABMs) were specifically designed to represent travel de-
mand as the outcome of a temporally and spatially constrained activity program, with
interdependencies across decision dimensions [5], [11]. Methodological reviews em-
phasize that these models provide an explicit representation of time constraints, activity-
trip linkages, and intra-household interactions, elements that are difficult to recon-
struct with conventional trip-generation approaches [5], [12]. ActivitySim is a promi-
nent open-source implementation of this paradigm, adopted by multiple metropolitan
planning organizations in the United States [13], [14]. Its hierarchical decision struc-
ture is designed to produce behaviorally consistent individual-level travel diaries from
a synthetic population. It proceeds from long-term choices to daily scheduling, tour
formation, and mode and time-of-day choice [15]. SimMobility represents another key
reference, with a multi-scale architecture integrating short-term microscopic dynam-
ics, mid-term activity scheduling, and long-term land-use interactions within a unified
agent-based platform [16]. Together, these frameworks illustrate that microscopic traf-
fic simulators (SUMO, Aimsun, Vissim) excel at representing network dynamics but, for
individual-level analyzes, must be supplied with externally generated demand. This ob-
servation has motivated substantial research on demand-supply coupling: pairing an
ABM or synthetic population pipeline with a traffic assignment or microscopic simulation
model to combine behavioral realism with network fidelity. Recent work has formalized
this approach through ActivitySim—MAT Sim co-simulation frameworks, treating demand
scheduling and traffic dynamics as complementary but distinct components [17], [18].
Beyond travel demand realism, the environmental evaluation of such simulated scenar-
ios raises additional methodological choices (e.g., fleet composition, emission factors,
and occupancy assumptions), which can strongly affect results.

Our work follows this separation between demand construction and microscopic
simulation. Egasim and MATSim are used upstream to construct and refine the syn-
thetic population, activity chains, schedules, and travel choices, while SUMO is used
downstream for microscopic execution and emission estimation. Building on our previ-
ous review of environmental assessment methods for shared autonomous vehicles[19],
this paper applies this coupling to a real peri-urban case study and provides a trans-
parent workflow for producing individual-level emission indicators.

3. Methodology

To assess the environmental consequences of mobility behaviors in peri-urban areas,
we implement a processing chain spanning from demand synthesis to microscopic sim-
ulation. The pipeline comprises three successive stages: synthetic population genera-
tion and activity-chain assignment using Eqasim [20]; multi-agent simulation and mode-
choice refinement with MATSim [6]; and microscopic simulation in SUMO [4], including
multimodal route conversion and vehicle fleet characterization. Figure 1 provides an
overview of the complete workflow.
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Figure 1. Overview of the proposed end-to-end workflow for individual-level emission estimation.

3.1 Mobility Demand Generation with Egasim

The first stage consists of generating realistic individual-level mobility demand from
publicly available data. We use Egasim [21], a reproducible open-source framework
designed to generate synthetic populations and associated travel demand for agent-
based transport simulation. The pipeline integrates four processing blocks: socio-
demographic synthesis, activity-chain assignment, activity location, and trip genera-
tion. Internal mechanisms are described in detail in [20]; the present section focuses
on adaptation choices relevant to a generic peri-urban deployment.

3.1.1 Input Data

Eqgasim combines five families of public datasets to build the synthetic travel demand:

Population census: provides the micro-sample of households and individuals,
with socio-demographic attributes (age, sex, employment status, car ownership,
etc.) used to seed the synthetic population.

Origin—-destination flow data: enables the assignment of workplace and study
municipalities for each synthetic individual.

Income data: used to attach a household income level consistent with the munic-
ipal distribution.

Household Travel Survey (HTS): supplies activity sequences, schedules, and
modal practices, matched to synthetic individuals by socio-demographic profile.

Spatial opportunity datasets: geo-referenced databases of addresses, estab-
lishments, and facilities used to locate activities explicitly in space.

The availability and format of these datasets vary across national contexts. The
pipeline accommodates this variability through a configurable data-loading layer.



Ngari Lendoye et al. | SUMO Conf Proc 7 (2026)

3.1.2 Synthetic Population

The synthetic population determines who travels, where individuals reside, and their
socio-demographic attributes. Following [20], the census provides a micro-sample of
households associated with a statistical weight w; indicating how many real households
each observation represents. The population is generated by direct sampling: each
household is replicated proportionally to w;. Since w; is not generally an integer, Eqasim
applies stochastic rounding to convert weights into integer multipliers m;, preserving
the correct statistical expectation while producing a discrete agent population. The
procedure is deterministic once a random seed is fixed.

Running a full-scale simulation is computationally expensive. A sampling rate is
therefore applied to reduce the number of agents while maintaining acceptable statisti-
cal representativeness.

The census is structured at the household level; Eqasim preserves household—
person links throughout, avoiding the artificial disaggregation of family structures. Syn-
thetic households are associated with a residential spatial unit (sub-municipal zone or
municipality) in accordance with the geographic precision available in the census data,
which varies according to the statistical disclosure rules of the national statistical office.

3.1.3 Activity Chains

Once the synthetic population is constructed, each agent is then assigned a daily activ-
ity chain describing activity types (e.g., home—work—home, home-shopping—leisure—
home), schedules, and transport modes. This assignment relies on the Household
Travel Survey (HTS), which provides behavioural information on day structures, tem-
poral profiles, and modal practices rather than fine spatial precision.

Survey days are transferred to synthetic agents based on socio-demographic prox-
imity (age, sex, socio-professional category, etc.), producing an activity chain that con-
stitutes a temporal and behavioral skeleton of the day. Following [20], five modal
classes are retained (driver, passenger, public transport, bicycle, walking) and six activ-
ity categories (home, work, education, leisure, shopping, other). The transfer also en-
riches the synthetic population with variables not systematically present in the census,
such as driving license ownership or public transport subscription. The precise spatial
location of activities is addressed in a subsequent step, distinguishing primary activities
(home, work, education) from secondary ones using spatial opportunity datasets.

3.1.4 Egasim Outputs

At the end of its execution, Eqasim produces a mobility demand in a standardized tab-
ular structure, usable directly for analysis or as input to MATSim. The main output files
are described in Table 1.

3.2 MATSim Simulation and Mode-Choice Refinement

The Egasim outputs describe an initial demand. Simulation is then performed with MAT-
Sim [6], used here as a multi-agent simulation engine providing network assignment and
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Table 1. Main Eqasim output files and their role in the workflow.

File Content Role in the workflow
meta. json Generation metadata (seed, sampling rate, date) Traceability and reproducibility
households.csv Household attributes (car/bicycle availability, in-  Socio-demographic baseline
come, etc.)
persons.csv Individual attributes (age, sex, employment, driving  Agent reference
licence, etc.)
activities.csv Activities per person (type, start/end time, location)  Activity schedules and locations
trips.csv Trips between activities (times, mode, purposes) Demand description
activities.gpkg Georeferenced activities (points) GIS checks and spatial diagnostics
trips.gpkg Georeferenced trips (lines) GIS checks and spatial diagnostics
homes. gpkg Home locations (linked to households) Spatial distribution of residences

agent interaction. Within the Eqasim framework, MATSIim handles mobility execution
and network interactions while Egasim provides integration tooling and modules [21].

The demand is converted into a MATSim scenario and simulated iteratively. At
convergence, travel times and traffic conditions are consistent with network assign-
ment, and trips are made compatible with capacity constraints and agent interactions,
a prerequisite for conversion to SUMO. Mode choice is handled through the Discrete
Mode Choice (DMC) module [22], called during MATSim’s replanning phase. We rely
on the DMC implementation distributed with the Egasim framework, which allows the
mode of a subset of agents to be re-evaluated at each iteration based on trip attributes
produced by MATSim routing (in-vehicle time, waiting time, transfers, access/egress,
costs). At the end of this stage, stabilized plans contain, for each agent, an activity
chain with modes and schedules consistent with the simulation.

3.3 Microscopic Simulation with SUMO

The final stage converts the stabilized MATSim plans into a microscopic SUMO sim-
ulation [4], yielding fine-grained trajectory outputs and an operational framework for
computing individual-level and aggregate environmental indicators. In the current im-
plementation, the coupling is one-way: SUMO is used for microscopic traffic execution
and emission estimation, but the resulting travel times are not fed back into the up-
stream demand-generation or MATSim mode-choice stages.

3.3.1 Network Construction

The SUMO road network is built from OpenStreetMap data using netconvert, covering
the study area defined by the analyst. The network extraction should encompass the
full spatial extent of the target population’s activity space, including a buffer to limit
boundary effects.

3.3.2 Post-Processing and Spatial Filtering of MATSim Outputs

After MATSim simulation, outputs contain all agents and trips generated at the full sim-
ulation extent. Spatial filtering is applied to restrict the dataset to the study area while
preserving a coherent mobility context. Two complementary populations are retained:

» Target population: residents of the peri-urban municipalities of interest.

« System population: individuals whose complete set of activities falls within the
agglomeration perimeter, to maintain realism in network interactions.
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The final retained population is the union of these two sets. Filtering is applied
consistently to all tabular outputs (CSV) and geographic files (GeoPackage), as well as
to the MATSIm population XML, to ensure downstream consistency.

3.3.3 Extraction and Anchoring of Activity Locations

Converting MATSim plans to SUMO requires resolving activity locations into network
positions. In MATSim, activities reference facilities defined in a dedicated file; SUMO
does not natively handle this concept. A set of Points of Interest (POIs) is therefore
constructed from the facilities used by the filtered population, and each POI is anchored
to the road network via mode-compatible edges.

Facility coordinates, expressed in the source coordinate reference system, are
transformed to WGS84 (EPSG:4326). For a facility i with Lambert-93 coordinates

(X, ¥i):

(Ai> Pdwesss = Tn1sa—a326(Xis Vi) (1)

where J° denotes the geodetic transformation (implemented using pyproj).

For each POI, a multimodal network anchoring is computed: one edge compat-
ible with pedestrian traffic (vClass=pedestrian) and one compatible with car traffic
(vClass=passenger). The nearest compatible edge is found by iterative radius search
using geometric progression:

o =20M, Fpip =21, T <4000m (2)

Candidate edges are filtered to exclude internal edges, edges shorter than 5 m,
and edges that do not allow the required vehicle class. A local connectivity check fur-
ther ensures that selected edges have both incoming and outgoing connections within
a search depth of two hops, avoiding assignment to isolated or disconnected network
fragments. The POI coordinate is then projected onto the selected lane geometry to
obtain a curvilinear paosition, slightly offset from the lane endpoints to prevent initializa-
tion artifacts. Results are exported as a tabular file (facilities2sumo _multimode.csv)
providing, for each POI, the edge, lane, position, and anchoring distance by mode.

3.3.4 Integration of Public Transport

Public transport is integrated using GTFS data, processed with the standard SUMO
tool-chain:

* netconvert generates the road network (*.net.xml) and a candidate stop file
(busstop.add.xml) via the --ptstop-output option.

» gtfs2pt.py imports the GTFS feed, reconstructing line geometries by shortest-
path routing between stops when no explicit shape is available, and producing a
PT vehicle file (x.rou.xml) and an additional file describing stops and routes.
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Because GTFS encodes calendar-dependent service, a simulation date must be
specified (--date YYYYMMDD) to instantiate the services active on the chosen day. A
weekday is recommended to represent a standard service level (regular peak frequen-
cies), avoiding weekend or holiday configurations.

3.3.5 Conversion of MATSim Plans into Multimodal SUMO Trips

The core conversion step transforms MATSim activity chains (activities and legs) into
a *.rou.xnl file directly executable in SUMO. Each agent is described as a <person>
element containing <stop> elements (activities) and inter-activity segments (<walk>,
<personTrip>, <ride>). Technical MATSim activities (e.g., interaction) are filtered
out; consecutive activities referencing the same facility are merged.

Trips are summarized by dominant mode following a priority rule: car > public trans-
port > bicycle > walking. Before writing each segment, a network feasibility check is
performed via shortest-path computation on the SUMO network; agents for whom no
valid path exists are excluded and logged rather than producing an inconsistent route
file. Mode-specific segment generation proceeds as follows:

* Walking (<walk>): anchored on pedestrian edges; a short adjustment walk is
prepended if the activity anchor differs from the departure edge.

» Car (<personTrip modes="car">): anchored on passenger edges; driver/passenger
roles are preserved when available in the MATSim plan.

* Bicycle (<personTrip modes="bicycle">): generated from the pedestrian an-
chors of the origin and destination facilities, while route feasibility is checked on the
SUMO network using (vClass=pedestrian). If no bicycle-compatible path exists
between these anchors, the corresponding agent is excluded and logged.

* Public transport (<ride>): reconstructed as an access walk + in-vehicle ride
+ egress walk sequence, consistent with the GTFS-based supply imported into
SUMO. Walking time is estimated as:

d
Lyalk = X (3)
Owalk

with v, = 1.3 m/s and @« = 1.30 (detour correction factor). Vehicle departures are
selected by binary search to satisfy:

do 2 tq = Ap (4)

where ¢, is the agent’s arrival time at the boarding stop and A, is the GTFS time offset
of that stop relative to the trip’s first stop. When transfers are required, two <ride>
segments are chained, with the transfer point determined by spatial proximity between
stops. A lightweight pedestrian connectivity check (breadth-first search) is applied to
reduce inconsistencies in discontinuous pedestrian graphs.

Conversion failures (unmapped POIs, missing routes, unknown edges) are
recorded in a log file with status codes (ok, skipped_nan, skipped_no_route, etc.),
enabling transparent quantification of agent losses.
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3.3.6 Vehicle Fleet Characterization and Emission-Class Assignment (HBEFA4)

To ground emission estimates in local conditions, the passenger car fleet composition is
derived from publicly available municipal vehicle registration data. Fleet counts are ag-
gregated by fuel type and environmental classification category (or equivalent national
proxy), and each combination is mapped to an HBEFA4 [23] emission class using an
explicit correspondence table. When the mapping is ambiguous, a deterministic as-
sumption (e.g., most recent applicable standard) is applied to ensure reproducibility.

The share of each emission class k in the fleet is computed as:

Ny

Px =
=N

x 100 (5)
The expected number of simulated individuals assigned to class k is:

Pk

qr =N X 100 (6)
where N is the number of individuals performing at least one car trip in the route file.
Allocation is performed using the largest-remainder method to minimize deviation from
target proportions, with deterministic ordering (fixed random seed and sorted person
identifiers) to ensure reproducibility. The selected emission class is applied to all car
trips of the individual, and corresponding <vType emissionClass="HBEFA4/..."/> def-
initions are injected into the route file.

4. Application to the La Rochelle Peri-Urban Area

The methodology is applied to a case study centered on the La Rochelle Agglomeration
Community (Communauté d’Agglomération, CdA), an inter-municipal authority group-
ing 28 municipalities around the city of La Rochelle, on the Atlantic coast of southwest-
ern France, in Charente-Maritime (a French department, i.e., a county-level adminis-
trative unit). This section documents the datasets, parameters, and implementation
choices used for this context.

4.1 Study Area and Network

The SUMO network is extracted from OpenStreetMap using the following bounding box:
bbox = (-1.571, 45.800, -0.533, 46.353)

This extent covers approximately 80 x 60 km (west—east x south—north), encom-
passing the La Rochelle CdA and its main surroundings. The CdA comprises 28 mu-
nicipalities over 327 km?, with 181,057 inhabitants in 2022. It combines a dense urban
core with a dispersed peri-urban fringe, making it a relevant context for analyzing car-
dependent mobility. The environmental analysis focuses specifically on residents of
eight peri-urban municipalities in this fringe: Bourgneuf, Montroy, Clavette, La Jarrie,
Saint-Médard-d’Aunis, Saint-Christophe, Croix-Chapeau, and Salles-sur-Mer.
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4.2 Input Data for Charente-Maritime

The Eqasim pipeline is applied at the scale of the Charente-Maritime department (De-
partment 17). In the French context, most socio-demographic and spatial statistical data
used in the pipeline are provided by INSEE, the French National Institute of Statistics
and Economic Studies. Table 2 details the data sources used.

Table 2. Public datasets used in the Eqasim pipeline for Charente-Maritime (Department 17).

Category Source Role in pipeline Application (Dept. 17)

Socio-demographic data  Population Census (INSEE) Synthetic  household/person Residents of Dept. 17
generation

OD flows INSEE (commuting matrix) Workplace/school municipality ~ Flows involving Dept. 17
assignment

Income data Filosofi (INSEE) Household income assign-  Municipal distributions
ment

Mobility survey EMP 2019 Activity chains and modal National profiles applied lo-
practices cally

Spatial opportunities BPE, SIRENE, IRIS, BD Activity location Objects in Dept. 17

TOPO, BAN

4.3 Synthetic Population: Sampling and Spatial Resolution

Charente-Maritime had 668,160 inhabitants in 2022. To limit computational cost while
retaining statistical representativeness, a sampling rate is applied. Since our analysis
focuses on the eight peri-urban municipalities (about N ~ 15,000 inhabitants), we esti-
mated a target sampling rate for this sub-area using the classical formula for proportion
estimation with finite-population correction [24], setting p = 0.5 (maximum variance):

Z* - p(1-p)
”0=% @)
_ "o
n_1+n°_1 ®
N

where N is the total population size, Z is the critical value associated with the chosen
confidence level, e is the desired margin of error (expressed as a proportion), and p is
setto 0.5. Table 3 reports required sample sizes for various combinations of confidence
level and margin of error, computed using Equations (7)—(8).

Table 3. Required sample sizes by confidence level and margin of error (N = 15,000, p = 0.5).

Confidence level Margin of error (¢) Sample size (n) Sampling rate (n/N) %

95% 5% 374 2.49%
95% 3% 996 6.64%
99% 5% 637 4.25%
99% 3% 1,646 10.97%

For a 99% confidence level and a 3% margin of error, the required sample size
is n ~ 1,646, i.e., about 11% of the target population. Accordingly, we generate the
synthetic population by sampling 11% of individuals and then report the effective share
retained in the eight municipalities after filtering.
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Charente-Maritime presents a heterogeneous spatial structure: 463 municipalities,
of which only 15 are subdivided into IRIS units (llots Regroupés pour I'Information Statis-
tique), i.e., French sub-municipal statistical zones defined by INSEE for the dissemina-
tion of local socio-demographic data. In total, the department contains 94 IRIS units.
For the majority of the territory, low-density rural municipalities, the geographic preci-
sion available in the census is at the municipal level. We follow the operational rule of
the reference Eqasim pipeline [20]: IRIS when available, municipality otherwise. When
only departmental information is present (typically for very small municipalities), a mu-
nicipality is sampled with probability proportional to population totals, and an IRIS is
then sampled within that municipality.

4.4 Activity Chains: EMP 2019

Activity chains are derived from the Enquéte Mobilité des Personnes (EMP 2019), a
national household travel survey conducted between May 2018 and April 2019 among
approximately 20,000 households in metropolitan France. EMP 2019 was selected be-
cause it predates the COVID-19 pandemic, providing behavioral patterns representative
of pre-disruption travel practices. Applying a national survey to a specific department
rests on the principle that the HTS is not expected to provide fine spatial representa-
tiveness, but rather to supply robust behavioral distributions (day structures, temporal
profiles, modal practices) applicable to synthetic agents matched by socio-demographic
profile.

4.5 MATSim Configuration

The demand generated for Charente-Maritime is converted into a MATSIim scenario
and simulated for several iterations, at which point travel times and modal shares are
considered stabilized. The DMC module [22] is used without additional re-estimation of
utility parameters, relying on the default Eqasim calibration.

4.6 Spatial Filtering

After MATSIim, filtering retains: (i) residents of the eight target peri-urban municipalities
(target population, n = 1,647); and (ii) individuals whose activities all fall within the 28
CdA municipalities (system population, n = 17,096). In total, the filtered dataset contains
n = 17,478 individuals. The filtering is applied to 17households.csv, 17persons.csv,
17activities.csv, 17trips.csv, 17pt_legs.csv, their GeoPackage equivalents, and
17population.xml.gz.

4.7 Public Transport: Yélo Network

Public transport is represented using GTFS data from the Yélo network (La Rochelle ag-
glomeration), retrieved from the national open data portal [25]. The network comprises
regular urban routes (including high-frequency bus lines) and a night service (routes
N1-N3, operating on Fridays and Saturdays from approximately 22:00 to 01:00, com-
plemented by on-demand night service). A weekday (Tuesday, March 17, 2026) is
selected as the simulation date to instantiate a standard service level and exclude night
and weekend-specific configurations.
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4.8 Conversion of the Retained Population to SUMO

The retained population, obtained after spatial filtering, is converted into SUMO person
plans using the procedure described in Section 3.3.5. SUMO simulations are conducted
on the filtered synthetic sample only, not on the full CdA population. Therefore, the
results describe the simulated sample rather than a full-scale reconstruction of traffic
conditions in the agglomeration. During conversion, 16,952 out of 17,478 individuals
were successfully written to the SUMO route file, corresponding to a conversion rate of
97%. The remaining 526 agents were excluded because no valid path could be found
or because of unresolved network/PT mapping issues. These exclusions are logged
by cause to quantify conversion losses and ensure traceability. Importantly, all 1,647
individuals belonging to the target population were successfully converted.

4.9 Vehicle Fleet and Emission Classes

The local fleet composition is derived from the Données sur le parc de véhicules au
niveau communal dataset [26], filtered to retain passenger cars (Véhicule Particulier)
registered in the 28 CdA municipalities as of January 1, 2022. The French Crit’Air
classification [27] serves as the operational proxy for inferring Euro standard, as it en-
codes both powertrain type and emission standard in a publicly available sticker cat-
egory (Crit'Air 0 to Crit’Air 5). The mapping from (fuel type, Crit'Air) to HBEFA4 [23]
emission class is detailed in Table 4.

Table 4. Mapping from fuel type and Crit’Air category to SUMO HBEFA4 emission classes.

Fuel Crit’Air SUMO emission class Model

Diesel Crit'Air 2 HBEFA4/PC_diesel Euro-6ab HBEFA4
Diesel Crit'Air 3 HBEFA4/PC_diesel_Euro-4 HBEFA4
Diesel Crit'Air 4 HBEFA4/PC_diesel_FEuro-3 HBEFA4
Diesel Crit'Air 5 HBEFA4/PC_diesel_Euro-2 HBEFA4
Diesel Unclassified HBEFA4/PC_diesel_Euro-1 HBEFA4
Diesel HNR  Crit’Air 2 HBEFA4/PC_diesel_Euro-6ab HBEFA4
Diesel HR Crit'Air 1 HBEFA4/PC_PHEV_diesel_Euro-6ab HBEFA4
Electric CritAir E HBEFA4/PC_BEV HBEFA4
Petrol Crit'Air 1 HBEFA4/PC_petrol_Euro-6ab HBEFA4
Petrol Crit'Air 2 HBEFA4/PC_petrol_Euro-4 HBEFA4
Petrol Crit’Air 3 HBEFA4/PC_petrol_Euro-3 HBEFA4
Petrol Unclassified HBEFA4/PC_petrol_Euro-1 HBEFA4
Petrol HNR Crit'Air 1 HBEFA4/PC_petrol_Euro-6ab HBEFA4
Petrol HNR  Crit'Air 2 HBEFA4/PC_petrol_Euro-4 HBEFA4
Petrol HR Crit'Air 1 HBEFA4/PC_PHEV_petrol_Euro-6ab HBEFA4
Gas Crit'Air 1 HBEFA4/PC_LPG_petrol_Euro-6_(LPG) HBEFA4
Gas Crit’Air 3 HBEFA4/PC_LPG_petrol_Euro-3_(LPG) HBEFA4

When the Crit’Air—Euro correspondence is ambiguous, an explicit and documented
assumption is applied (most recent applicable standard) to maintain determinism. For
example, diesel plug-in hybrids (diesel HR) are assigned to Crit'Air 1, following the
Crit'Air rule for all plug-in hybrid vehicles, whereas non-rechargeable diesel hybrids
(diesel HNR) are mapped according to the diesel Euro-standard rule. Fleet proportions
px are computed using Equation (5) and assigned to simulated car users using the
largest-remainder method (Equation (6)), with a fixed random seed to ensure repro-
ducibility.
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5. Results

To obtain emissions at the individual level, an allocation rule must be defined, since
SUMO computes emissions at the vehicle level. For each car trip, emissions reported
directly by SUMO in the tripinfo.xml file (CO,, PM,, etc.) are extracted and linked to a
person using the identifier scheme adopted in the simulation, whereby private vehicles
carry the person’s identifier. In the analysis, we restrict emission accounting to individ-
uals from the target population who perform at least one car trip, yielding n = 1,293
persons.

Allocation is based on the role associated with each car segment: when an indi-
vidual is a driver (role="car"), 100% of the trip emissions are attributed to them; when
they are a passenger (role="car_passenger"), 50% are attributed to them, under the
simplifying assumption of a two-occupant vehicle with equal sharing. Formally, for a
trip j with total emissions E; and an allocation factor f; € {1, 0.5} depending on the role,
the emissions allocated to the person i over a day are:

E?Iloc — Z f}Ejs (9)

JET (D)

where 7(i) denotes the set of car trips associated with person i. This approach yields
per-person, per-day emission estimates suitable for descriptive statistics and distribu-
tional analyzes.

The descriptive statistics in Table 5 summarize the individually allocated emissions
for car trips only (driver allocation factor = 1, passenger allocation factor = 0.5). Two
findings stand out immediately. First, distributions are highly dispersed, as evidenced
by large standard deviations and wide interquantile ranges (P10—-P90). Second, the
mean consistently exceeds the median for all pollutants, indicating right-skewed distri-
butions: most individuals exhibit moderate emission levels, while a smaller subgroup
concentrates substantially higher values.

For CO,, the mean emission allocated is 5.58 kg per person per day (median:
4.174 Kkg), with a P10 of 0.943 kg and a P90 of 11.638 kg. The gap between the mean
and the median, combined with the wide P10—P90 spread, highlights strong hetero-
geneity in daily car-related emissions: a fraction of individuals experiences markedly
more emissive days than the typical profile. This is confirmed by Figure 2, which dis-
plays a pronounced right tail indicative of a high-emitter subpopulation. To assess emis-
sion inequality, we use the Lorenz curve and the Gini coefficient: the Lorenz curve com-
pares the cumulative share of emissions with the cumulative share of individuals, while
the Gini coefficient summarizes the degree of concentration from O (perfect equality) to
1 (maximum inequality). The curve reveals a non-negligible concentration of emissions,

Table 5. Descriptive statistics of individually allocated car emissions.

Indicator Mean Median Std.Dev. P10 P90

CO, allocated (kg) 5.580 4.174 4.887 0.943 11.638
CO allocated (g) 19.330 2911 40.162 0.414 56.544
HC allocated (mg) 494.12 281.68 800.29 52.78 1,066.72
NO, allocated (g) 13.535 4.375 20.507 0.435 37.124
PM, allocated (g) 0.917 0.568 1.087 0.113 2.164
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Figure 2. Distribution of individually allocated daily car CO, emissions and associated inequality.

with a Gini coefficient of 0.452 reflecting an unequal, though not extreme, distribution
consistent with a high-emitter effect driven by differences in distances traveled, trip fre-
guencies, and vehicle characteristics.

For particulate matter (PM,), the mean allocated emission is 0.917 g per person per
day (median: 0.568 g), with P10 at 0.113 g and P90 at 2.164 g. Figure 3 illustrates the
corresponding distribution and its concentration, through the histogram and the Lorenz
curve. As observed for CO,, the mean-to-median gap confirms a right-skewed distribu-
tion; however, the degree of concentration is stronger, with a Gini coefficient of 0.531.
PM, emissions are thus more strongly dominated by a minority of individuals, consis-
tent with the sensitivity of aggregate particulate emissions to vehicle profiles and traffic
conditions such as cold starts, frequent stops, and congestion.

Table 6. Summary statistics of daily distance traveled (km): full sample vs. top-50 highest CO, emitters.

Group n Mean Median P10 P90

All individuals 1,293 31.07 25.83 5.00 59.37
Top-50 emitters 50 104.49 9593 60.53 158.03

To interpret this heterogeneity, we examine the 50 highest CO, emitters. This group
accounts for 14.8% of total CO, emissions and is used to identify the drivers of the
upper tail of the distribution. The most direct determinant of road-transport emissions
is total distance traveled per day. The results reveal a clear mobility gap between the
full sample and the top-50 group, as summarized in Table 6.

Across the full population analyzed (n = 1,293), the mean daily distance traveled
is 31.07 km. By contrast, the 50 highest emitters travel on average 104.49 km per
day, approximately 3.4 times the population mean. This over-mobility is also visible
in Figure 4: the distance distribution for the top-50 is markedly shifted toward longer
values, and the distance-vs.-CO, scatter plot reveals an overall increasing relationship.
A substantial share of the heterogeneity in CO, emissions can therefore be attributed
to a small group of individuals undertaking considerably longer car-based journeys on
a daily basis.
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We now examine a second potential driver of heterogeneity: powertrain type. The
objective is to assess whether the highest emitters also exhibit a vehicle-fleet profile
that differs from the rest of the population.

The powertrain distribution (Figure 5) reveals a clear contrast: diesel vehicles
are over-represented among the 50 highest emitters, while petrol vehicles are under-
represented. This pattern is summarized by the top-50-to-fleet ratio: diesel yields a ratio
of 1.08 (approximately 8% more prevalent in the top-50 than in the overall fleet), while
petrol yields a ratio of 0.84 (approximately 16% less prevalent). Minority powertrains—
Battery Electric Vehicles (BEV), Liquefied Petroleum Gas (LPG), and Plug-in Hybrid
Electric Vehicles (PHEV)—remain marginal in the overall fleet and are almost absent
from the top-50, limiting their statistical explanatory power for the highest individual
emissions in this sample.

Powertrain distribution — All fleet vs Top-50 CO&
H Allfleet [ Top-50 COé

Ratio Top-50 / Fleet
Diesel: 1.08

BEV (electric) Petrol: 0.84

LPG: 2.35

PHEV: 3.69

LPG

Powertrain

Petrol

Diesel

0 10 20 30 40 50 60
Share (%)

Figure 5. The powertrain distribution (overall fleet vs. top-50 CO, emitters).

Taken together, these results suggest that the observed heterogeneity arises from
a combination of factors: a dominant behavioral effect, driven by substantially higher
distances traveled among the highest emitters, and a secondary structural effect linked
to the over-representation of diesel vehicles within this subgroup. In other words, the
highest individual emissions appear to be driven primarily by more intensive daily mo-
bility and are further reinforced by a more diesel-oriented fleet composition.

6. Discussion

In this section, we assess the credibility of the emission estimates produced by our
pipeline. We first assess the plausibility of the simulated emissions by using institu-
tional reports at the La Rochelle scale as external order-of-magnitude references, then
describe the assumptions and simplifications that constitute the main sources of uncer-
tainty.
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6.1 Order-of-magnitude comparison

To assess the plausibility of the simulated emissions, we compare our results with two
official documents covering the La Rochelle CdA: the Bilan Carbone Territoire 2019
[28] and the Plan Climat Air Energie Territorial 2024 [29]. Bilan Carbone 2019 re-
ports approximately 283,400 tCO,/year attributed to road passenger travel (private
cars, buses, and motorized two-wheelers) at the CdA scale. Compared to the ref-
erence population of approximately 162,400 inhabitants, this corresponds to roughly
4.78 kgCO,e per inhabitant per day. Over one simulated day, our model yields approx-
imately 83 tCO,/day for 16,952 agents (target population and system population), i.e.,
approximately 4.89 kgCO,/agent/day, which is close to the per-capita average reported
in the territorial carbon assessment.

The simulated per-capita estimate is close to the territorial reference value, sug-
gesting a plausible order of magnitude rather than a strict quantitative validation. The
simulated population does not represent the full CdA population, but rather residents
of the eight peri-urban municipalities and individuals whose daily activity chains are
fully captured within the CdA perimeter. Moreover, the territorial assessment and the
simulation rely on different accounting frameworks and population scopes.

Table 7. Comparison of daily road-transport CO, emissions: simulation vs. territorial reference.

Source Population tCO,/day kgCO,/person/day
Simulation 16,952 82.93 4.89
Territorial reference [28], [29] 162,381 776.49 4.78

6.2 Limitations

Our approach relies on a multi-step processing chain, and several methodological
choices may influence the results, particularly with respect to simulated distances and
individual emission estimates.

POI-to-network anchoring

Activity locations are projected onto the SUMO network through a heuristic nearest-
edge procedure. Although effective at scale, this may occasionally assign activities to
unsuitable or poorly connected edges, affecting distances, speed profiles, and emis-
sions.

Agent exclusion and selection bias

Agents for whom conversion fails (no valid route, unknown edge, or disconnected net-
work components) are excluded to ensure simulation stability. This introduces a se-
lection bias: excluded agents may be more peripheral, involve more complex multi-
modal chains, or correspond to atypical activity locations, potentially distorting aggre-
gate statistics and distributional analyzes.
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Activity simplifications

Removing interaction activities and merging consecutive activities at the same location
improves SUMO plan consistency, but may slightly alter daily schedules, peak-hour
patterns, and emission estimates.

Fleet vintage mismatch

The vehicle fleet is derived from a 2022 snapshot, whereas the order-of-magnitude
reference is based on a 2019 territorial report. This temporal inconsistency may intro-
duce biases related to changes in diesel/petrol market shares and fleet renewal rates,
contributing to discrepancies in emission levels, particularly for pollutants sensitive to
vehicle emission standards.

Traffic dynamics calibration

The SUMO car-following parameters were not specifically calibrated against local traf-
fic counts or speed observations. Since emission estimates are sensitive to speed and
acceleration profiles, this may affect the representativeness of absolute emission val-
ues. Future work will therefore include calibration of traffic dynamics parameters when
suitable local validation data are available.

Emission allocation assumption

Individual emission allocation relies on a simplified occupancy model: driver = 1 and
passenger = 0.5 (equal sharing between two occupants). Actual vehicle occupancy
varies substantially in practice. This assumption may underestimate the driver’s at-
tributed impact in predominantly single-occupant vehicles, or overestimate the passen-
ger’s share when average occupancy differs from two. A dedicated sensitivity analysis
using alternative occupancy scenarios (e.g., f € {1/1, 1/0.33} based on empirically plau-
sible occupancy rates) would strengthen the robustness of the results. This allocation
should therefore be interpreted as an accounting convention rather than as an explicit
matching between passengers and drivers within the simulated population.

7. Conclusion

This paper presented a reproducible workflow for generating individual-level emission
indicators from a microscopic SUMO simulation in peri-urban contexts, addressing a
key gap in SUMO-based environmental studies: the construction of realistic mobil-
ity demand encompassing synthetic population, activity chains, daily schedules, and
activity locations. The proposed pipeline combines Eqasim for synthetic population
and activity-chain generation, MATSim for plan consolidation and mobility-choice re-
finement, and a dedicated conversion layer to SUMO including POI-to-network spatial
anchoring, GTFS-based public transport integration, and emission-class assignment
calibrated to reflect the local passenger-car fleet.

Applied to the La Rochelle peri-urban area, the pipeline produces per-person, per-
day emission estimates and reveals strong inter-individual heterogeneity. For car-
related CO,, the distribution is right-skewed and moderately unequal (Gini ~ 0.46), while
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PM, exhibits stronger concentration (Gini ~ 0.55). The top-50 CO, emitters alone ac-
count for 14.8% of total CO, emissions within the study population, with their profile
pointing to a dominant behavioral driver, substantially higher daily car distances, com-
pounded by a secondary structural effect: over-representation of diesel vehicles relative
to the fleet average. An external comparison with territorial references at the CdA scale
confirms that the simulated daily CO, emissions are plausible at the order-of-magnitude
level, while underscoring the importance of population definitions and accounting con-
ventions when comparing model outputs to aggregated institutional reports.

Future work will focus on the eight peri-urban municipalities involved in the Yélo
DETA project, a pilot initiative funded by Bpifrance under the national program France
2030 [30]. Building on the current baseline scenario, we will simulate the deployment of
this on-demand automated transport service and assess its effects on travel behavior.
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