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Abstract

Urban transportation is one of the largest sources of greenhouse gas emissions, responsible for almost
a quarter of global CO; output. Reducing these emissions requires tools that can capture how people
actually travel across cities with fine spatial and temporal detail. In this paper, we apply a data-driven
framework for Montreal that integrates an existing synthetic population dataset with multimodal
routing using OpenTripPlanner and segment-level emissions estimation. Using more than 4.1 million
weekday person trips, we evaluate six intervention scenarios ranging from the electrification of SUVs
and pickups to ride-pooling and short-distance shifts to walking or cycling. The results show that
targeting the most polluting vehicle categories can cut over 90% of their emissions, while behavioral
strategies, although less impactful per trip, deliver meaningful reductions when scaled across the
system. The framework is designed to balance detail, privacy, and scalability, making it transferable
to other cities with limited access to high-resolution mobility data. By combining synthetic travel
data, routing models, and emissions factors, it provides practical insights into both technological and
behavioral pathways for decarbonizing urban mobility and supports the development of effective,
evidence-based climate policies.

Keywords: CO, emissions; urban transportation; multimodal routing; electric vehicles; active trans-
portation

1. Introduction

The urgent need to mitigate greenhouse gas (GHG) emissions from urban transportation systems
has made cities critical actors in climate action and sustainability planning. Urban mobility, primarily
driven by the use of internal combustion engine (ICE) vehicles, contributes significantly to global
CO; emissions. This is further intensified by inefficient land use patterns and rising travel demand.
In response, cities worldwide are increasingly turning to data driven strategies to measure, monitor,
and reduce the environmental footprint of transportation systems. However, existing efforts often
rely on macro level estimations such as modal share statistics, fuel sales data, or vehicle registration
figures which, while useful for broad policy planning, lack the spatial and behavioral detail required
for localized intervention [1,2]. As highlighted by Creutzig et al. [1], transportation remains one of the
most persistent barriers to achieving climate goals due to its complex systemic nature. Gouldson et al.
[3] further argue that targeted, city level strategies are essential to accelerate low carbon development,
especially when grounded in more granular, trip level data. These findings collectively reinforce the
need for bottom up carbon accounting methods capable of capturing emissions with greater spatial,
temporal, and modal resolution. Achieving such high resolution emissions assessments requires access
to integrated and dynamic mobility datasets. However, most urban areas, including Montreal, face
challenges in acquiring comprehensive travel behavior data. Although emerging data sources such as
GPS traces, mobile phone signals, smartcard transactions, and vehicle trajectory offer promise, they
remain fragmented, proprietary, or limited in scope. This lack of coordination across data streams,
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combined with privacy concerns and institutional silos, impedes the development of detailed and
actionable emissions models [4-6]. As a result, urban transportation studies in North America still
largely rely on traditional travel surveys or isolated data sources, which often lack the granularity
required to support real time emissions modeling and spatially targeted interventions [7]. Bridging
this gap demands innovative methodologies that are scalable, privacy preserving, and capable of
capturing multimodal travel dynamics.

In this context, synthetic data offers a compelling solution. By statistically mimicking the charac-
teristics of real world populations without exposing personal data, synthetic datasets support detailed
analysis while enhancing reproducibility and safeguarding privacy. Recent research has demonstrated
the potential of synthetic population models to facilitate microsimulation of urban mobility systems.
For example, Horl and Balac developed a reproducible, open data based synthetic travel demand
model for the Paris region [8], while Liu et al. introduced a multi scale emissions platform integrating
synthetic travel behavior to support smart mobility management [6]. These studies underscore the
growing value of synthetic data in enabling fine grained, scalable, and ethical transport modeling
frameworks [9,10].

To support detailed urban emissions modeling, this study uses a synthetic travel dataset repre-
senting weekday mobility patterns across the Island of Montreal. The dataset is generated through a
spatialized population synthesis framework that integrates survey and spatial data to simulate realistic
travel behaviors [11].

To estimate CO, emissions, the study applies a mode specific framework that assigns emission
values based on standard factors. This allows for meaningful aggregation and segmentation by travel
mode, vehicle type, geography, and user profile. By focusing on trips that originate and end within the
Island of Montreal, the analysis ensures consistency and relevance to local mobility and infrastructure
conditions.

Overall, this research introduces an integrated, privacy preserving approach to urban emissions
modeling, combining synthetic population data, multimodal routing, and scalable emissions estimation.
It offers a replicable framework for cities with limited access to high resolution mobility data and
supports evidence based climate planning and sustainable transportation strategies.

This study contributes to the urban transportation and sustainability literature by presenting a
fully integrated, open-source-based framework for CO, emissions estimation at high spatial granularity
using synthetic population data. It further demonstrates the application of this framework through the
operationalization and evaluation of six decarbonization scenarios, encompassing both technological
and behavioural strategies. This combination of synthetic data, multimodal modeling, and scenario-
driven analysis offers a novel and transferable approach for cities aiming to reduce transport-sector
emissions through evidence-based planning.

The remainder of this paper is structured as follows. Section 2 presents the Literature Review,
which examines existing approaches to modeling carbon emissions from urban transportation, high-
lighting both traditional and data driven methods while identifying key research gaps. Section 3
outlines the Methodology, detailing the emissions estimation framework, including the use of synthetic
population data, multimodal routing, and trip level CO, calculations. Section 4 introduces the Case
Study focused on the Island of Montreal, describing how the proposed methodology is applied within
this urban context. Section 5 provides a Scenario Analysis, demonstrating how the model responds
to different urban mobility scenarios, such as increased adoption of electric vehicles or shifts toward
public transit. The final sections of this paper examine the broader implications of these strategies.
Section 7 summarizes the study’s main contributions, emphasizing the effectiveness of targeted inter-
ventions and the adaptability of the proposed framework. This is followed by Section 8, which outlines
potential methodological enhancements and future research directions, including the integration of
congestion-aware routing, behavioral response modeling, and life-cycle emissions accounting.
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2. Literature Review

The transportation sector is among the largest contributors to global greenhouse gas (GHG)
emissions, responsible for nearly one quarter of energy-related CO, emissions [12]. Of this, road
transport, particularly private cars and freight trucks account for the largest portion. Without decisive
policy and technological interventions, emissions from road-based transportation alone are projected to
increase by up to 305% by 2050 [13,14]. The environmental burden of car centric systems is intensified
by fuel inefficiency, vehicle age, engine type, and traffic congestion, which can elevate CO, output
by over 50% during peak periods [15]. These issues underscore the urgent need for high resolution
localised strategies to model, monitor and mitigate transportation related emissions. Urban transport
emissions have typically been quantified using two distinct approaches: the top down approach, which
relies on aggregate fuel consumption or sales data, and the bottom up approach, which estimates
emissions using detailed traffic, vehicle, and travel behavior data [16,17]. Top down models are cost
effective and scalable but lack the granularity needed for urban planning. Bottom up methods while
data intensive allow for spatially and temporally resolved modeling, supporting finer policy levers.

Various tools and models have operationalized these methods. Average speed models such
as COPERT, and cycle specific simulators like HBEFA, MOVES, and PHEM have been widely used
for fleet level and corridor specific emission analysis [18-20]. MOVES, for instance, now includes
electric vehicle (EV) energy consumption factors and can accommodate link specific traffic dynamics
[21]. Similarly, COPERT has evolved to account for grid based CO, emissions from EVs and rail
transit, linking emissions directly to electricity mix [22]. However, these models typically rely on
static activity patterns and lack behavioral realism unless paired with detailed mobility inputs. In
light of these data limitations, the emergence of synthetic travel data has significantly reshaped
emissions modeling. Generated using population synthesis and machine learning, synthetic datasets
can replicate realistic travel behavior while overcoming challenges related to privacy, data availability,
and collection costs [8,23]. These datasets offer full spatial and temporal coverage of population level
mobility and have been shown to enhance predictive model performance. For instance, Albrecht et al.
[24] demonstrated that augmenting real training data with synthetic samples improved the prediction
accuracy of upcoming trips by up to 4.63% in the context of emerging carsharing programs. Given
their scalability and transferability across regions, synthetic data are increasingly being leveraged in
policy evaluation and scenario modeling.

Recent advancements in urban mobility modeling have increasingly relied on synthetic popula-
tions to simulate fine grained travel behaviors, enabling high resolution emissions modeling without
the privacy and coverage limitations of survey based data. Vallet et al. [25] proposed a novel frame-
work for matching synthetic populations with mobility personas, illustrating how agent level design
and behavior modeling can support the development of decarbonization scenarios. Agent based
models (ABMs), which represent individuals as autonomous agents with behavior rules, have further
enhanced the realism of synthetic mobility simulations and allowed for scenario testing under dynamic
travel conditions [26]. These agents can be assigned routes using multimodal network engines such as
the Open Source Routing Machine (OSRM) and OpenTripPlanner (OTP), which compute time- and
mode-specific paths across real-world street and transit networks [27,28].

By integrating synthetic populations with dynamic routing, researchers are now able to capture
the spatial temporal complexity of urban trips, evaluate targeted interventions, and conduct bottom
up emissions accounting with a much higher degree of behavioral fidelity than previously possible.

Additionally, deep learning and Al methods have enhanced emissions modeling using GPS,
ride hailing, and mobile sensing data. Lu et al. [29] and Liu et al. [30] demonstrated how real time
emissions estimation at the street and city level can be achieved using neural networks trained on
dynamic spatio temporal data. When integrated with synthetic travel simulations, these Al-driven
models offer a powerful framework for virtually evaluating urban decarbonization strategies, enabling
detailed assessments without requiring real-world implementation.
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A wide range of interventions has been proposed in the literature to reduce transport-related
emissions, broadly categorized into technological and behavioral shifts. Technological strategies
include the electrification of private vehicles while behavioral strategies involve shifting to public
transit, increasing ride-sharing, and promoting walking or cycling. For instance, Wang et al. [31]
explored the potential of electric vehicles (EVs) in China, highlighting their promise in reducing
greenhouse gas emissions, depending on the energy mix used for electricity generation. In European
contexts, Brand et al. [32] found that cycling one additional trip per day could reduce personal CO,
emissions by approximately 0.5 tonnes annually. Ride-sharing has also been shown to offer significant
reductions in vehicle kilometers traveled (VKT); for example, a study by [33] demonstrated that ride
pooling could reduce aggregate VKT by 8.21% compared to standard ride hailing modes in a mid sized
city.

However, most existing studies tend to evaluate these intervention strategies in isolation, focusing
on either technological transitions (e.g., electrification) or behavioral shifts (e.g., mode choice) without
integrating them within a unified analytical framework. There remains a noticeable gap in comprehen-
sive, scenario driven platforms that incorporate synthetic mobility data, spatially detailed routing, and
multimodal emissions estimation. Farnood et al. [34] addressed a similar gap by integrating GIS-based
spatial metrics with System Dynamics modeling to explore how transit accessibility, parking policies,
and active transportation investments interact over time to influence mode choice, vehicle ownership,
and greenhouse gas emissions. Moreover, evaluating the real world feasibility of targeted interventions
such as prioritizing high emitting vehicles for electrification or encouraging modal shifts for short
distance trips requires high resolution spatial and behavioral data that are often unavailable through
conventional data collection methods.

Addressing these limitations, the present study introduces a comprehensive modeling framework
for estimating urban transportation related CO, emissions using synthetic travel data, high resolution
routing, and mode specific emission factors. The framework leverages agent-level activity data to
simulate realistic, multimodal travel patterns across a full synthetic population. This approach is
increasingly supported in the literature as it preserves behavioral fidelity while remaining scalable
across urban contexts [8,23,35]. Building on this foundation, the study implements six intervention
scenarios that reflect a range of technological and behavioral strategies, including electric vehicle (EV)
adoption, proximity based modal shifts to public transit, short distance shifts to active transportation,
and ride pooling. This integrative approach aligns with recent calls for hybrid modeling platforms that
combine emissions accounting with fine grained mobility simulations to evaluate policy impacts across
spatial and behavioral dimensions [30,32,36]. Furthermore, by employing open source routing engines
and disaggregated emission factors for both conventional and alternative modes, the framework
provides the flexibility to assess the potential decarbonisation under various urban planning and
energy scenarios. Such a system level evaluation is crucial for understanding trade offs, synergies, and
policy design implications across interventions, and for supporting evidence based strategies in urban
sustainability transitions.

3. Methodology

This study proposes a bottom-up emissions estimation framework that integrates synthetic
origin—destination (OD) data, open-source multimodal routing, and mode-specific emissions modeling.
The methodology combines multimodal travel simulation and CO; estimation within a scalable data
processing pipeline. All components are designed to provide high spatial and temporal resolution
while maintaining extensibility and preserving data privacy.

The travel data used in this framework are derived from a spatialized population synthesis model
developed by Khachman et al. [11]. This machine learning—based approach integrates high-resolution
spatial and household survey data to construct a detailed synthetic population for the Island of
Montreal, assigning households at the building level. Each individual is allocated a sequence of daily
activities, which are subsequently transformed into multimodal OD trips, providing a comprehensive
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representation of weekday travel behavior. The dataset has been validated against representative OD
survey data to ensure alignment in trip distance, departure time, and mode choice distributions, as
shown in Figure 1.
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Figure 1. Validation of the synthetic travel dataset against observed OD survey distributions.

The first panel compares the distribution of trip distances, showing a close alignment between
synthetic and observed trips with respect to short- and mid-range distances. The second panel
illustrates departure hour distributions, where the synthetic data successfully capture both morning
and evening peak periods. The third panel compares mode choice proportions, demonstrating that
synthetic estimates align closely with survey-reported shares for car, public transit, and active travel
modes.

Each trip in the synthetic dataset was routed using OpenTripPlanner (OTP), a multimodal trip
planning engine that supports walking, cycling, driving, and public transit. OTP was deployed locally
and queried through its API with trip specific parameters including origin and destination coordinates,
departure time, and allowed travel modes. The output for each trip consists of a detailed itinerary,
segmented into legs, each with its associated mode, distance, and geometry.

This approach ensures that routing reflects realistic travel behavior by accounting for multimodal
connectivity, time dependent transit schedules, and network constraints. Leg level data extracted from
OTP forms the basis for trip emissions estimation.

CO; emissions are calculated for each trip leg using standardized mode specific emissions factors.
Emissions are expressed in grams per person kilometer. The general formula for each leg i is:

d;

Ei = 1555 % EFn (1)

where:

e  E;is the emissions for leg i,
*  d;is the leg distance in meters,
* EF, is the emissions factor for transport mode m, in gCO,/km.

To conduct this analysis, we used fleet data for Montreal originally categorized into ten emission
groups based on average CO; emissions per kilometer (gCO;/km), following the methodology in
Laffont et al. [37]. Category 0 represents fully electric vehicles (6.9 gCO,/km), while Category 1
primarily consists of plug-in hybrid and hybrid electric vehicles (47.6 gCO,/km). The remaining
categories (2-9) include conventional internal combustion engine (ICE) vehicles with emissions ranging
from 170.2 to 375.9 gCO, /km.

For this study, these ten categories were consolidated into six broader groups to simplify analysis.
This regrouping preserved the emission gradient across the fleet while reducing complexity, enabling
a clearer comparison of electrification scenarios across major vehicle types. Table 1 summarizes these
consolidated categories, their typical fuel types, and their representation in the fleet.
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Table 1. Consolidated vehicle categories with fleet share and average emissions.

Cat. Vehicle Type (Fuel) Vehicles % Fleet gCOy/km
1 Battery Electric Vehicles (BEVs) 12,576 0.26% 6.9
2 Hybrid Electric Vehicles 55,843 1.17% 47.6

(HEVs/PHEVs)
3 Compact Gasoline Cars (small-mid 1,932,577  40.35% 180.5
size)
4 Mid-size Gasoline Cars 1,385,468 28.94% 222.5
5 SUVs and Crossovers 1,047,767  21.89% 277.5
6  Pickups and Large SUVs (Gaso- 344,959 7.20% 353.6
line/Diesel)

To convert vehicle kilometer emissions into per person estimates, an occupancy adjustment is
applied:

Evehicle km (2)

E =
personkm ™ ¢ cupancy

To capture the effects of congestion on fuel consumption and emissions, travel times were adjusted
using time-of-day-specific correction factors. These factors account for reduced speeds and increased
idling during peak periods, reflecting observed temporal variability in urban traffic conditions. Two
congestion periods were defined based on regional travel demand profiles: morning peak (07:00-10:00)
and evening peak (16:00-19:00). Empirically derived multiplicative factors of 1.1 and 1.3, respectively,
were applied to base travel times to represent the expected increase in trip duration during these
periods. The adjusted travel time (T,gjusted) is calculated as:

Tadjusted = Tbase + (D x Congestion Factor) (3)

where Tj,qe is the uncongested travel time, D is the trip distance, and the Congestion Factor represents
the additional time per kilometer during peak periods.

The impact of these adjusted travel times on emissions is incorporated by scaling the base
emissions in proportion to the increase in travel time. This ensures that trips affected by congestion
reflect higher emissions due to longer engine operation times and less efficient driving conditions.

Once trip-level emissions are estimated, spatial allocation is performed by aligning each trip’s
polyline to the actual road network using Valhalla, an open-source routing engine chosen for its robust
shape-matching capabilities and support for multimodal network attributes [38,39]. This process
aligns trip geometries to the most probable network paths, breaking them down into individual road
segments.

Segment-level emissions are then distributed proportionally based on the segment’s share of the
total trip distance:

E—
D total

X Etotal (4)

where E; is the emissions for segment i, d; is the segment length, Dy is the total trip length, and Eio,)
is the trip-level emissions.

4. Case Study

To evaluate the performance and applicability of the proposed framework, a case study was
conducted for the Island of Montreal, one of Canada’s most densely populated and transit rich regions
(Figure 2). This urban environment is characterized by a complex multimodal transportation system
that includes private automobiles, public transit (bus and metro), cycling infrastructure, and an
extensive pedestrian network. The diversity and scale of transportation activity make Montreal a
suitable setting for testing high-resolution carbon accounting.
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Figure 2. Road network of the Island of Montreal.

The geographic scope of this case study is limited to the Island of Montreal, covering all 19
boroughs. The region is home to approximately 1.9 million residents and exhibits a mix of high-density
urban cores and low-density residential areas. The transportation infrastructure includes:

® A road network composed of local streets, arterials, and highways, derived from OpenStreetMap
(OSM).

* A comprehensive public transit system operated by the Société de transport de Montréal (STM),
including over 200 bus lines and 4 metro lines.

*  Active transport facilities such as bike lanes and pedestrian paths.

For this study, the OpenTripPlanner (OTP) engine was configured using GTFS data from STM and an
OSM derived road network. OTP was hosted locally to enable real time API queries and multimodal
trip routing across the full extent of the island.

The input travel dataset comprises over 4.1 million synthetic origin destination (OD) trips derived
from a spatialized population synthesis model developed by [11], as described in Section 3. Each trip
is associated with a specific individual from the synthetic population and includes detailed attributes
such as origin and destination coordinates, departure time, and primary mode of transport.

Each trip was routed using the OTP engine, which was configured to support multimodal routing
across public transit, cycling, walking, and private vehicle networks. The routing process was based
on trip specific parameters, including the coordinates of origin and destination, departure time, and
permitted travel modes. Routes were generated to reflect realistic travel behavior by considering
network connectivity and scheduled transit services, with OTP returning the fastest feasible itinerary
based on the provided departure time.

Trip-level emissions were calculated for all travel modes using the methodology outlined in
Section 3. For motorized modes (car, bus, and metro), emissions were estimated in grams per person-
kilometer using standardized emissions factors and adjusted for travel distance and time. Emissions
for private vehicles were further disaggregated by vehicle category. Category assignment for each
trip was based on probabilistic distributions derived from the observed composition of the Greater
Montreal vehicle fleet, as detailed in Laffont et al. [37] and summarized in Table 1. This ensured that
the modeled trips reflect the actual heterogeneity of vehicle types in the region.
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Using the routing geometries generated by OTP, emissions were spatially mapped to the road
network using the Valhalla tool. Each trip’s path was decomposed into road segments, and emissions
were proportionally allocated based on segment length. The resulting dataset includes over 350,000
road segments, each with an associated CO, emissions value.

A geospatial heatmap was created to visualize emissions intensity across the network. As shown
in Figure 3, the highest emitting segments are clustered in urban centers, major roadways and highway
access zones. This spatial pattern reflects both the intensity of travel demand and the dominance of
car-based modes in these areas.
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Figure 3. Spatial distribution of estimated CO, emissions across the Montreal road network.

5. Scenario Analysis

This section synthesizes six strategically distinct interventions (S1-56), each designed to assess the
mitigation potential of urban transportation emissions on the Island of Montreal. The interventions are
grouped into technological (e.g., electric vehicle uptake), behavioral (e.g., modal shift, active travel),
and hybrid strategies. This comparative assessment reveals not only a ranking of scenarios by CO,
impact, but also insights into how targeted urban policies can yield disproportionate environmental
gains.

S1: Baseline Scenario (No Intervention)

The baseline scenario assumes no changes in mobility patterns, fuel technologies, or behavior.
Emissions are calculated for each trip leg using mode-specific emission factors and travel distance,
following a probabilistic classification of vehicle types. This scenario serves as the benchmark with
total estimated emissions of 1,288.23tCO,.

N
Eiotal = Z E;
i=1

where:
¢ Eiota: Total emissions

*  N: Total number of trips (across all modes)
¢ [E;: Adjusted emission for trip i
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§2: EV Replacement Scenarios

Two sub-scenarios (52A and 52B) were developed to evaluate the electrification of the private
vehicle fleet using the consolidated categories presented in Table 1.

In the first scenario (S2A), electrification focuses on the highest-emitting vehicle segments, namely
Categories 3 to 6, which comprise compact gasoline cars, mid-size gasoline cars, SUVs and crossovers,
as well as pickups and large SUVs. Together, these categories account for roughly 98.6% of the fleet and
produce the vast majority of on-road transportation emissions in the city. Replacing them entirely with
battery electric vehicles (BEVs) yields substantial benefits, with each category achieving a reduction of
about 96-97% in its own emissions, as shown in Table 2.

Table 2. Impact of Targeted EV Replacement by Vehicle Category (S2A).

Vehicle Cate- Total Vehi- Fleet Share Original Emis- New Emis- Category Re-

gory cles (%) sions (tCO,) sions (tCO;) duction %
3 1,932,577 40.4% 888.98 30.00 96.6%
4 1,385,468 28.9% 931.67 28.00 97.0%
5 1,047,767 21.9% 949.53 27.00 97.2%
6 344,959 7.2% 1,144.61 41.00 96.4%

In contrast, S2B applies a uniform approach, simulating proportional electrification across all
vehicle categories, with adoption levels ranging from 50% to 100%. A complete transition delivers a
96.3% emissions reduction, while even a 50% adoption level already achieves nearly half of the potential
emissions savings (Table 3). These results highlight the nonlinear nature of emissions reductions, with
steep gains occurring once electrification passes a critical adoption threshold, providing useful insights
for pacing future policy implementation.

Table 3. Impact of Partial Fleet Electrification (52B).

EV Adoption % New Emissions (tCO,;) Reduction %

10% 1,164.16 9.6%
25% 978.05 24.1%
50% 667.87 48.2%
75% 357.69 72.2%
100% 47.51 96.3%

The advantages of targeting high-emitting categories are further emphasized by analyzing the
progressive electrification of individual and combined categories. As demonstrated in Table 4, electri-
fying only Category 6, which consists of pickups and large SUVs, reduces total emissions by 11.16%.
Combining Categories 4, 5, and 6 achieves over a 60% reduction, while fully electrifying Categories 3
through 6 yields a 91.02% reduction. These findings clearly indicate that substantial emissions reduc-
tions can be achieved without full fleet electrification when strategies prioritize the most polluting

vehicles.

Table 4. Impact of Gradual Electrification of Vehicle Categories on CO, Emissions.
Electrified Categories Fleet % Affected New Emissions (tCO;) Reduction %
None (Baseline) 0% 1,288.23 0.0%
Category 6 only 7.2% 1,144.61 11.2%
Category 5 only 21.9% 949.53 26.3%
Category 4 only 28.9% 931.67 27.7%
Category 3 only 40.4% 888.98 31.0%
Categories 5 + 6 29.1% 857.40 33.5%
Categories 4 +5 + 6 58.0% 486.80 62.2%
Categories3+4+5+6 98.6% 115.70 91.0%
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53: Modal Shift to Public Transit

This scenario explores how much CO; could be reduced if a portion of car trips were shifted
to public transit. The baseline total emissions from all trips in the dataset amount to 1,443.44 tCO,.
To identify trips that could realistically make this shift, we considered those that both start and end
within walking distance of a transit station. We used an 800-meter walking distance threshold, which
is widely recognized in the literature as a practical upper limit for pedestrian access to high-capacity
transit systems [40]. Two variations of this scenario were examined, each representing a different level
of access to the public transit network.

e  S3-A: Trips Both Starting and Ending Near Metro Stations
In this case, we only considered trips where both the origin and destination are within 800 meters
of a metro station (Figure 4a). Out of the 2,098,549 total trips in the dataset, 266,072 (about 12.7%)
met this condition. When focusing only on car trips, this amounted to 49,601 trips. Switching these
trips to the fully electric metro reduced their combined emissions from 59.05 tCO, to 10.51 tCOs.
Compared to the baseline of 1,443.44 tCO,, this represents a 3.36% reduction in total emissions,
and a 68.8% decrease for the trips affected.

e  S3-B: Trips Both Starting and Ending Near Metro or Bus Stations
Here, we expanded the definition of accessibility to include bus stations as well as metro stations
within the 800-meter walking distance (Figure 4b). This wider coverage captured 1,830,755 trips,
or about 87.2% of all trips. For car trips, that meant 914,047 were eligible. In this scenario, shifting
those trips to public transit reduced emissions from 1,274.54 tCO, to 406.43 tCO,. Compared
to the baseline of 1,443.44 tCO,, this equals a 60.14% reduction in total emissions, and a 69.0%
reduction for the affected trips (Figure 5).

N

A

(b) Public transit stations and lines.

Figure 4. Transit accessibility maps for modal shift scenarios.
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Figure 5. Total CO, emissions (tCO;) for baseline, S3-A (metro-only), and S3-B (metro+bus). Percentages show
reduction from baseline.

Although S3-B includes many more trips than 53-A, the extra emissions savings are not as large
as the increase in coverage might suggest. This is because metro and bus service areas overlap in
many parts of the city, and a large share of the most emission-intensive trips are already within metro
catchment areas. In addition, our model assumes buses use diesel or hybrid engines, which produce
higher emissions per passenger than Montreal’s electric metro system. As a result, shifting trips to
buses offers smaller per-trip savings. If the city’s bus fleet were fully electric, the emissions savings
from S3-B would be substantially higher, showing how combining mode shift policies with low-carbon
transit technologies could greatly increase the climate benefits.

S4: Active Transportation Scenario

This scenario models the substitution of short car trips with active transportation modes such as
walking and cycling. Focusing on a 2 km threshold, the analysis assesses the environmental potential
of reallocating car travel within this walkable distance.

The results show that implementing a 2 km threshold leads to a 3.97% reduction in total
transportation-related CO, emissions. This reduction corresponds to shifting approximately 25.06% of
all car trips to active modes. The findings highlight the significant number of short-distance mode
shifts, especially in dense urban areas where walking and cycling infrastructure can support such
transitions. Encouraging active travel for short trips not only reduces emissions but also promotes
healthier and more sustainable urban mobility patterns [41]. The emission reduction impact may
seem modest, but in terms of trips affected, it is transformative: over a quarter of vehicular activity is
eliminated with zero infrastructure emissions. Importantly, gains scale with distance, reaching over
20% reduction at 6 km.
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Figure 6. Relationship between distance thresholds for active mode substitution and the resulting emissions
reduction and trip shift rates.

S5: Ridesharing Potential

This scenario examines the potential for reducing emissions by combining trips through ride
pooling during peak hours. We applied the HDBSCAN (Hierarchical Density Based Spatial Clustering
of Applications with Noise) algorithm, which is well regarded for its ability to handle noise and identify
meaningful patterns in complex datasets [42,43]. Unlike simpler clustering methods, HDBSCAN can
adapt to areas with different trip densities and cluster sizes, making it particularly effective for
detecting groups of trips that share similar origins, destinations, and departure times. These groups
form realistic opportunities for ride pooling, which we then used to estimate how much CO, could be
saved by sharing rides.

To evaluate the spatial-temporal compactness of ride-pooling groups, we computed a cohesion
score for each cluster returned by HDBSCAN. This measure corresponds to the average pairwise
Euclidean distance between all trips in the same cluster, calculated in the standardized feature space of
origin coordinates, destination coordinates, and departure time. For a cluster Cy with nj > 2 trips, the
cohesion is:

2 = xile 5)

Cohesion(Cy) = —nk(nk = L

where x; and x; are the standardized feature vectors of trips i and j. Smaller cohesion values
indicate tighter clusters, meaning trips are more closely aligned in both space and time, and thus better
candidates for pooling. This formulation follows common practice in cluster validation, where the
average intra-cluster distance is used to assess compactness [44,45].

When allowing up to three passengers per vehicle, 10,215 trips were grouped into 3,405 clusters.
This reduced total emissions from 16.18 tCO; to 4.30 tCO;, a 73.41% decrease. Increasing the capacity
to four passengers expanded pooling to 24,319 trips across 6,931 clusters, lowering emissions from
40.20 tCO; to 8.93 tCOy,, a 77.79% reduction.

To assess the quality of the clusters, we calculated cohesion as the average distance between trips
in the same group within a standardized feature space. Low cohesion values indicate strong alignment
in both location and time, which is ideal for ride sharing with minimal detours.
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Even under conservative assumptions, these results show that large numbers of car trips can
be combined without major inconvenience. This highlights ride sharing as a practical and scalable
strategy for lowering urban transport emissions through better use of existing travel patterns.
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Figure 7. HDBSCAN cluster sizes and pooling emissions.

6. Discussion

The scenario analysis, based on the synthetic travel dataset developed by Khachman et al. [11],
shows how each intervention, when applied on its own, can help reduce transportation-related CO,
emissions on the Island of Montreal. Each case is considered as an independent policy pathway, giving
planners the flexibility to weigh them individually according to local priorities and resources.

In the targeted electrification scenario (S2A), replacing the most polluting vehicle categories,
including large pickups, SUVs, and mid-size gasoline cars, delivers the largest single-strategy reduction.
This approach cuts more than 90% of emissions from the affected fleet, aligning with Laffont et al.
[37], who highlight the importance of prioritizing high-emission classes in regions with low-carbon
electricity.

The modal shift to public transit scenario (S3) examines the impact of switching eligible car trips
to the fully electric metro system in S3-A, and extending eligibility to include diesel- or hybrid-bus
corridors in S3-B. The metro offers greater per-trip reductions, while the broader bus—metro network
covers more trips, particularly in areas outside metro catchment zones.

The active transportation scenario (S4) focuses on replacing short car trips with walking or cycling.
A 2 km threshold shifts over one-quarter of all car trips to active modes, leading to a 3.54% reduction
in total daily transportation emissions, while requiring minimal infrastructure investment.
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The ridesharing scenario (S5) explores peak-hour ride-pooling based on spatial-temporal trip
clustering. For participating trips, this approach can cut emissions by up to 77%. While the total
citywide reduction depends on adoption rates, ridesharing offers scalable benefits, particularly when
combined with high-occupancy vehicle incentives and intelligent trip-matching systems.

Overall, the results indicate that each intervention can function as a stand-alone policy measure,
allowing decision-makers to select strategies that best match the city’s mobility patterns, budget, and
infrastructure readiness.

7. Conclusions

This study presented a high-resolution, synthetic data—driven framework for estimating and
analyzing CO, emissions from urban passenger transportation. Developed and applied to the Island
of Montreal, the methodology integrated spatialized synthetic population data, multimodal routing
via OpenTripPlanner, and mode-specific emission modeling at the trip-leg level. The resulting system
captures travel behavior with fine-grained spatial and temporal fidelity, while remaining scalable and
privacy-preserving.

The framework was used to simulate and evaluate six strategic decarbonization scenarios, encom-
passing targeted electrification, uniform EV adoption, mode shifts to public transit, active transporta-
tion substitution, and dynamic ridesharing. Among these, targeted electrification (52A) demonstrated
the greatest standalone impact, achieving over 90% reduction in emissions by converting only the
highest-emitting vehicle categories. Active transportation for short trips also proved effective: shifting
just 2 km of travel distance per trip eliminated over a quarter of all car trips, yielding a modest emission
reduction with low infrastructure demands. Modal shift scenarios revealed that much of the emission
reduction potential is already captured by metro-accessible zones, though future electrification of buses
could amplify gains. Ride-pooling strategies, based on spatial-temporal clustering, offered substantial
efficiency within specific trip clusters, highlighting the promise of intelligent, data-driven mobility
matching.

These findings underscore that no single intervention is sufficient in isolation. Instead, deep
decarbonization of urban mobility systems depends on combining high-impact technological upgrades
such as electrification of polluting vehicle classes, with broad behavioral and operational shifts that
reduce the need for private car use. The framework developed in this study offers a transferable,
evidence-based approach for supporting urban climate action, particularly in contexts where detailed
real-world travel data are unavailable or sensitive. Future extensions will integrate congestion-aware
routing, life-cycle vehicle emissions, and adaptive behavioral responses to better inform robust, long-
term planning under uncertainty.

8. Future Directions

Emerging research in urban mobility emphasizes the need for dynamic, multi-source, and behav-
iorally responsive modeling approaches. Future extensions of this framework could integrate real-time
traffic data and congestion-aware routing to better capture emissions from stop-and-go conditions,
particularly in dense urban cores. This would also support peak-period policy evaluation, including
congestion pricing and adaptive transit incentives.

Recent literature on life-cycle assessment (LCA) in transportation stresses the need to evaluate not
only operational emissions but also upstream and downstream impacts. Incorporating vehicle produc-
tion, energy supply chains, and infrastructure-related emissions would yield a more comprehensive
view of carbon reduction strategies.

Behavioral elasticity is another key refinement area. Studies show that responses to pricing, in-
frastructure, and awareness campaigns can significantly shape travel demand. Incorporating adaptive
behavior through elastic mode choice models or agent-based simulations would improve scenario
robustness and help capture rebound effects.
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Additionally, commercial freight and service vehicles, though fewer in number, contribute dispro-
portionately to urban emissions. Integrating freight routing and vehicle classification would expand
the model’s relevance to mixed-use mobility systems.

Finally, advances in synthetic population methods and privacy-preserving modeling make this
framework adaptable to data-scarce or privacy-sensitive regions. Its modular, open-source design
supports scalable, localized emissions planning across diverse urban contexts.
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GHG Greenhouse gas(es)
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oTP OpenTripPlanner

HDBSCAN  Hierarchical Density-based Spatial Clustering of Applications with Noise
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