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Abstract

This paper explores the impact of vulnerable mobility infrastructure on carbon emissions efficiency
in four countries in the Global South: Colombia, Mexico, Indonesia, and India. The study assesses
how inadequacies in transportation networks—insufficient infrastructure, unreliable connectivity, and
risk vulnerability—affect the carbon efficiency of mobility systems. Using a combination of empirical
data analysis and comparative assessments, the study identifies key characteristics of infrastructural
vulnerability and their relation to both carbon emissions and changes in the spatial interactions
of people. Our results suggest that accessibility is a key driver in public transport, but high fare
costs could reduce travel and, therefore, people’s spatial interactions. By expanding the capacity of
reliable transit systems, both spatial interactions and carbon efficiency can be enhanced.
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This paper explores the impact of vulnerable mobility infrastructure on carbon emissions efficiency
in four countries in the Global South: Colombia, Mexico, Indonesia, and India. The study assesses
how inadequacies in transportation networks—insufficient infrastructure, unreliable connectivity,
and risk vulnerability—affect the carbon efficiency of mobility systems. Using a combination of
empirical data analysis and comparative assessments, the study identifies key characteristics of
infrastructural vulnerability and their relation to both carbon emissions and changes in the spatial
interactions of people. Our results suggest that accessibility is a key driver in public transport, but
high fare costs could reduce travel and, therefore, people’s spatial interactions. By expanding the
capacity of reliable transit systems, both spatial interactions and carbon efficiency can be enhanced.

I. Introduction

While carbon-efficient transportation projects are
ubiquitous in developed economies, cities in the Global
South mainly rely on informal, vulnerable mobility in-
frastructure. Therefore, it is important to understand
how these systems modulate the citizens’ travel patterns,
which can lead to higher carbon emissions.

Transportation-related emissions account for ≈21% of
the total contribution of carbon dioxide, making it the
second most significant contributor worldwide [1]. Focus-
ing on the ground transportation of people within cities,
the contribution of CO2 largely depends on the travel
choices citizens make [2, 3]. For example, a trip in which
the main mode was a (combustion engine) car would gen-
erate more CO2 compared to a trip based on active trans-
portation such as biking or walking. Compared to car-
based trips, a public transit-based trip, using a bus or
the subway, would have a higher carbon efficiency since
the total carbon emitted corresponds to a larger number
of passengers. Furthermore, a higher number of cars can
lead to a higher trip duration due to congestion, further
reducing the carbon efficiency.

These commute choices are shaped by the configura-
tion of the multimodal mobility system, which consists of
multiple factors. An example is the degree of vulnerabil-
ity, since citizens can be more incentivized to choose taxis
in a less reliable public transportation system. Another
factor is accessibility: if the mass transit system does not
reach the peripheries of the cities, citizens can be more
inclined to own a car. Although climate resilience is a
widely explored subject in academic discourse, signifi-
cant gaps remain in its study on transportation networks
[4, 5].

At the same time, one of the main drivers for cities to
exist is to enable spatial connectivity and the resulting
interactions of people, accelerating knowledge diffusion,
agglomeration economies, and social integration [6, 7].
As a result, policy objectives should not aim to reduce the

number of trips per se, but rather to find ways in which
carbon emissions are lowered while fostering those spa-
tial interactions. To that end, this study seeks to evaluate
the characteristics of the urban transportation infrastruc-
ture across cities in the Global South on a daily basis and
examine their influence on carbon emissions and spatial
interactions by analyzing the intraurban human mobility
patterns. By doing so, we address a research gap regard-
ing traveler’s behavior and vulnerability, which has not
been sufficiently explored in the existing literature [8].
The focus on mobility, carbon, and interaction provides
a nuanced understanding of how mobility infrastructure
impacts environmental and social dynamics, contribut-
ing to the broader discourse on sustainable urban devel-
opment.

The objectives of this study are:

1. Providing a conceptual and quantitative character-
ization of vulnerability-related features of the mo-
bility infrastructure focused on cities in the Global
South.

2. Evaluating the influence of the mobility infras-
tructure characteristics on ground-transportation
carbon emissions and spatial interaction, indepen-
dently and as a composite ratio.

3. Building a data-driven approach that integrates in-
frastructure risk and vulnerability to carbon emis-
sions, aiming to complement the more explored, in-
verse relationship.

To accomplish the objectives, the research framework
combines spatial calculations, network analysis, and re-
gression techniques. First, we identify nine features that
through a process of data collection, spatial processing,
and network simulation are numerically defined. Sec-
ond, using mobile data location and carbon estimations,
we quantify a composite ratio that measures the perfor-
mance of carbon emissions and spatial interaction. This
ratio is then studied with the risk characteristics through
statistical analysis.
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This report is divided into five sections. The following
describes the various datasets that were used to construct
the study variables. Section 3 focuses on the method-
ological framework to build each of the explanatory and
dependent variables, as well as the process of describing
the relationship between them. Section 4 presents the
results of the regression techniques and comparative pat-
terns between the urban agglomerations. Finally, section
5 presents an overview of the results in light of other
current studies and avenues for further research.

II. Datasets

The datasets used include aggregated origin-destinatio
data for Colombia, Mexico, Indonesia, and India [11],
flood risk satellite imagery [12], urban center boundaries
[13], daily gridded ground-transportation CO2 emissions
for November and December 2019 [14], WorldPop pop-
ulation counts [15], and OpenStreetMaps [16]. For this
study, we focus on urban agglomerations greater than
one million citizens (n = 111) on a daily measurement
between November 1st 2019 and December 31, 2019.

A. Transportation Network Data

To estimate the features that derive from the public
transit network, we used OpenStreetMap [16] as the data
source and processed with OSMnx [17] to retrieve a col-
lection of edges and nodes for each city. OpenStreetMap
is an open-source collective dataset that is continuously
updated, as a result, the extracted instance depends on
the date and time when the data collection occurs. For
each urban agglomeration, we obtain a single connected
undirected graph representing an aggregation of public
transit routes. Out of the 111 urban agglomerations we
are studying, only 2 have an empty graph due to the
absence of public transportation data.

B. Carbon Emissions

For this study, we focus on transportation-driven car-
bon emissions, specifically the volume generated from
ground transit, including private and public vehicles. We
used the GRACED dataset [14] which provides high-
resolution (0.1 degrees of spatial resolution), global daily
CO2 emissions data which relies on the Carbon Monitor,
EDGAR, and TROPOMI NO2 satellite measurements.
GRACED datasets have independent subtypes focused
on different sectors like aviation, residential, energy, or
ground transportation. It is important to mention that
we focused only on ground transportation for the months
of November and December of 2019, which allows us
to reduce potential biases that could come from non-
transportation sectors. The original rasters were com-
bined for each agglomeration boundary and aggregated
into a single daily CO2 emission volume.

C. Flood Hazard Raster

As a measure of the level of hazardousness of public
transit in these four countries, we selected the flood haz-
ard dataset provided by the European Joint Research
Centre [12]. The raster, of a spatial resolution of 30 arc-
seconds, indicates the water depth in a 100-year return
period flood. For this study, we selected a flood exposure
of 1 meter as a minimum.

D. Mobility Data Patterns

The main dataset for this study is the mobility data
patterns estimated from GPS tracking. This dataset
is obtained from Spectus [11] and provides the origin-
destination statistics across four countries in a gridded
geographical boundary. The dataset is spatially divided
into geohashed cells of level 5 resolution with a daily tem-
poral dimension. It describes the descriptive statistics of
the patterns which include the average distance, average
time, standard deviation, median, and counts, which are
based on mobile phone data tracing for a day of duration
between November 1st 2019 and December 31, 2019.

III. Methodology

The study aims to explain the relation of the mobility
infrastructure with carbon emission and spatial interac-
tion within the cities. The analysis is conducted at the
city level in its geographical dimension which is com-
posed of: (1) Mobility infrastructure characterization,
whose quantitative dimensions are depicted in Table I,
(2) Calculation of the human interaction - carbon emis-
sion efficiency (HI-CE efficiency), and (3) Estimation of
the infrastructure effects in (1) on the spatial interaction,
HI-CE efficiency, using statistical analysis and machine
learning techniques. For this study, we focus on urban
agglomerations above one million citizens (n = 111) on a
daily measurement between November, 1st 2019 to De-
cember, 31st 2019.

The first stage involved preparing the datasets to en-
sure spatial and temporal consistency across the urban
agglomerations. For this purpose, we defined the urban
agglomerations based on the catchment regions of contin-
uous urbanized areas developed by Cattaneo et al. (2024)
[18]. To provide a sufficient breadth and sample size, we
selected Tier 1 urban centers which includes 1430 city-
regions worldwide. These are then spatially merged with
the GADM datasets [19] to filter by country and pop-
ulation and ensure consistency with the administrative
delimitations per country. The outcome is shown in Fig-
ure 1.

With the generated boundaries, we associated the
origin-destination daily data at the geohash level 5 to
the urban agglomerations to calculate the static charac-
teristics in Table I. These are service quality, variabil-
ity, and speed efficiency. Capacity is calculated with the
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Characteristic Measurement Dataset Temporality
Service Quality Average travel time to destination NetMob OD Daily
Capacity Peak trips count (all modes) during typical travel days NetMob OD Static
Fare Burden Ratio of monthly transit fare to national minimum income Various Static
Hazardousness Percentage of public transit network length in flood-prone area JRC Flood Hazard Static
Accessibility Population within access to public transit services OSM, WorldPop Static
Variability Aggregated standard deviation of travel time NetMob OD Daily
Speed Efficiency Ratio of trip distance and travel time NetMob OD Daily
Robustness Ratio of removed critical edges before public transit network failurea OSM Static
Connectivity Network global efficiency of public transit network [9] OSM Static
aEdge order calculated using betweenness centrality until network shrinks to 50% of the total length [10]

TABLE I: Characterization of mobility infrastructure.

maximum number of trips that occur in the city when
the average travel time is within a ± 5% of its median.
Hazardousness is calculated by estimating the proportion
of the length of the public transit system that is located
within flood-prone areas based on the European Joint
Research Center Flood Hazard dataset [12]. Fare burden
is expressed as a ratio between monthly public transit
fare, assuming a daily round-trip travel during a 30-day
period, and minimum country income. Transit fare in-
formation was obtained using ChatGPT [20], for prelim-
inary collection, and manually cross-referenced with the
cost of living by Numbeo [21]. Accessibility represents
the total population that lives near the transit system
using the WorldPop grid cells of 3 arc seconds (≈100 m).

For each agglomeration, transportation networks were
extracted and processed using OSMnx [17], which pro-
vided graph representations of public transit routes. The
graph allowed us to calculate Robustness and Connec-
tivity. Robustness represents how many network links
would have to fail to cause a substantial failure of the en-
tire system. It is calculated by sorting the links by their
importance in the system, using the betweenness cen-
trality, and removing continuously until the length of the
largest connected component drops to 50% of the com-
plete graph. Connectivity was obtained through OSMnx
[17] that represents the average efficiency of the graph
defined by Latora and Marchiori (2001) [9].

For the second stage, we clipped emissions and mobil-
ity data using urban boundary files, allowing for the anal-
ysis of spatial relationships and infrastructure features.
The Human Interaction - Carbon Emission (HI-CE) effi-
ciency serves as a key indicator of how efficiently human
activities (visits) are managed in relation to the carbon
emissions generated by ground transportation. The daily
visit count variable captures the number of trips that
ended within each geohash cell during a 24-hour period.
We calculate the HI-CE efficiency for each city by relat-
ing the aggregated trip count across all cells to the total
daily CO2 emissions. The total daily CO2 emissions are
the aggregation of all the cells within the urban bound-
ary. Equation 1 reflects the operationalization of this
variable.

HI-CEUij =

∑Ui

k Visitskj∑Ui

l Daily CO2 Emissionslj
(1)

Where Visitskj is the end visits to the cell k during
the day j and Daily CO2 Emissionslj is the aggregation
of the volume of CO2 ground-transportation emissions
in the cell l during the day j. Ui represents the urban
agglomeration i.

The third stage consists in ordinary least squares mod-
els to quantify the relationship between the mobility
variables (such as service quality, robustness, efficiency,
among others) and two key outcomes: carbon emissions
and spatial interaction efficiency or HI-CE. Independent
variables include infrastructure-related metrics, while de-
pendent variables are the carbon emissions (Model 1)
and spatial efficiency (Model 2). Since some variables
have large scales, the variables are standardized to make
the comparison between regression coefficients more in-
terpretable. The linear regressions is supplemented with
a machine learning technique (random forest) to cap-
ture potential non-linear relationships. The residuals his-
tograms for both models is shown in Figure 2.

IV. Results and Discussion

The relations between transportation infrastructure,
ground transport carbon emissions (kgC/h), and inter-
action efficiency show a consistent trend among ordinary
least squares (OLS) as described in Table II. The random
forest regressions show a similar trend with R2 scores
of 0.99 for the test sets for both models. For Model
1, it is worth mentioning that a positive value repre-
sents a positive association between the infrastructure
variable and higher emissions of CO2. As mentioned in
the datasets section, the CO2 information only includes
ground-transportation emissions in its inventory. In the
case of Model 2, a positive coefficient value suggests that
the variable is positively correlated with HI-CE or in-
creased spatial interactions per kg of carbon emissions.
Considering the urban objectives described in the intro-
duction, cities should strive for more spatial interactions
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(a) Colombia (b) Mexico

(c) India (d) Indonesia

FIG. 1: Urban agglomerations (in red) for each country obtained from the contiguous catchment regions, the GADM
administrative boundaries and the mobile phone data (MPD) as described in the first stage of the methodology. The blue

areas represent the MPD at the geohash level 5.
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FIG. 2: Histogram of residuals for both models tested in the study. The left plot shows the distribution for the
model 1 of CO2 emissions. The right plot shows the distribution for the model 2 which shows the HI-CE metric.

Both show bell-shaped distributions to hold the normality assumption of residuals for the OLS regression.

keeping lower CO2 emissions, or equivalently, a higher
HI-CE metric.

The most important factor in the public transport vari-
ables is accessibility, but managing fare affordability is
crucial in developing economies. Considering the capi-
tal costs of building infrastructure, increased accessibil-
ity to the mobility system could be reflected in higher
fares. While they may reduce emissions by suppressing
travel demand, they negatively impact the spatial inter-
action metric (coefficient of -0.1204), as we found in both
Model 1 and 2 of this study. In consequence, the posi-
tive effects of increased transit accessibility on interac-
tion efficiency can be diminished when the cost burden
is too high. This result supports that environmental sus-
tainability depends both on good economics and social
equality for a policy to produce satisfactory results pro-
posed by Cervero [22].

When considering all the mobility characteristics, not
only those related to public transit, the total capacity
of the infrastructure, whether roads, parking, or public
transport, is of strong statistical significance for both the
carbon and HI-CE models. Interestingly, higher capac-
ity is associated with increased carbon emissions (coeffi-
cient of 0.1765), implying that without a broader strat-
egy, a capacity expansion policy induces more travel de-
mand, including CO2-intensive informal transport [23].
This relationship, coupled with the influence of robust-
ness of the public system on both target metrics, sug-
gests that boosting reliable transit capacity can improve
overall spatial interaction-carbon efficiency. Our models
suggest that increased robustness leads to lower CO2 and
higher interaction efficiency.

One possible explanation is that in the event of a dis-
ruption, such as floods or maintenance closures, residents

in cities with less resilient public transit systems are more
likely to resort to private transportation, which results in
higher carbon emissions. Alternatively, some residents
may forego travel altogether, leading to reduced levels
of interaction and a decline in the Human Interaction-
Carbon Emission Efficiency (HI-CE) metric. This illus-
trates how the public transport robustness can influence
both environmental and social efficiency.

Figure 3 shows a comparison between two Colombian
cities prone to flood hazards with different robustness and
HI-CE efficiencies. Cali shows a higher interaction effi-
ciency than Barranquilla. This indicates that despite the
flood vulnerability, Cali’s transit infrastructure facilitates
more spatial interactions per carbon emissions. In the
robustness simulation shown in Figure 3, the black line
indicates a baseline in which the effect of edge removal
is constant linear relationship with the largest connected
component. Urban agglomerations above the line, like
Cali, have a more robust public system than those under
the baseline.

Together, our work explores an important, yet less
studied trade-off in the growth of transit networks and
the resulting CO2 emissions: building more expensive
sparse networks that cover larger urban areas but are
less resilient, versus denser, affordable networks that (ini-
tially) cover smaller areas but are more resilient. As such,
we expect that our results will have direct implications
for climate-sensitive and inclusive transit planning in the
Global South.
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OLS Model 1 - CO2 OLS Model 2 - Efficiency
Variable Coefficient St Error t-stat Coefficient St Error t-stat
Constant -2.776e-17 0.005 -5.51e-15 2.45e-16 0.011 2.25e-14
Service Quality -0.0527 0.010 -5.418* -0.0267 0.021 -1.267
Capacity 0.1765 0.009 20.150* 0.4126 0.019 21.758*
Accessibility -0.6546 0.010 -63.920* 0.1329 0.022 5.992*
Variability 0.0154 0.009 1.626 0.0295 0.021 1.435
Speed Efficiency -0.0048 0.005 -0.940 -0.0328 0.011 -2.990*
Robustness -0.0278 0.006 -4.857* 0.0657 0.012 5.313*
Connectivity -0.0255 0.006 -4.456* 0.0035 0.012 0.286
Fare Burden -0.0772 0.006 -12.826* -0.1204 0.013 -9.234*
Hazardousness -0.0395 0.006 -6.491* -0.0470 0.013 -3.567*
Population 1.6216 0.026 62.996* -0.6036 0.056 -10.829*
Area -0.4904 0.018 -27.042* 0.1876 0.039 4.776*
Density -0.1770 0.008 -23.454* 0.5223 0.016 31.955*

TABLE II: Model 1: Regression for Carbon Emission (kgC/h). R2 = 0.853. Model 2: Regression for HI - CE
(Interactions per kgC/h). R2 = 0.309. * represents a p-value < 0.05.

FIG. 3: Comparison of robustness simulation across cities. The left plot shows the relationship between the
percentage of removed edges in the public transit system and the length of the largest connected component,

obtained from the robustness simulation. Each line plot represents an urban agglomeration. The right plot shows an
example of the spatial distribution of HI-CE and flood hazard for Cali and Barranquilla.
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