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Accurately simulating human mobility can open the door to higher
quality and more robust research in city design, urban sociology and
more. Towards this goal, many recent papers have included some
combination of features to estimate real mobility patterns which con-
sider walking, cycling, public transit, and high resolution routing in
their analyses of human mobility. There is an emergent need for a
comprehensive method that encompasses all of these features. In this
thesis, we address the need for a comprehensive method by present-
ing a new, efficient open-source tool written in Rust and Python with
a parallelized routing engine for fast mobility simulations. We show
the potential of our method to highlight the individual contributions
of walking, cycling, and public transit by evaluating the accessibility
of various locations in Denmark and the US on a new metric, which
we call the n-minute statistic. The n-minute statistic describes the
median number of minutes needed to access the farthest category
of essential point of interest from any origin, and can be used to
measure any city’s progress towards being an n-minute city. Our
results show that in Denmark, bicycle infrastructure contributes to a
12.3% increase in accessibility and transit infrastructure contributes
to a 21.5% increase on average. The increases in accessibility from
bicycle infrastructure are larger for areas of high population density,
while areas of low population density benefit more from the public
transit network. Additionally, we estimate potentially large accessibil-
ity improvements from expanded bicycle infrastructure and increased
transit frequencies across all population densities. The results of our
case studies indicate that cycling and transit contribute to accessi-
bility; and therefore suggest that including all modes of sustainable
transport is important for comprehensively capturing accessibility.
Our tool combines the advantages of previous approaches by includ-
ing all modes of sustainable mobility and, when combined with our
n-minute metric, provides a simple-to-understand and scalable means
of evaluating urban accessibility.

1. Introduction

Despite widespread interest in modeling human mobility, there
does not yet exist a comprehensive framework which incorpo-
rates essential multi-modal aspects of human mobility in high
resolution at scale (1). In this study, we provide a new tool ∗

which streamlines the accessibility analysis pipeline from build-
ing a multi-modal network to estimating accessibility with our
simple metric. Our method for multi-layer network creation,
which accounts for walking, public transit, and cycling, can be
applied to a majority of cities worldwide, has high resolution
for local infrastructure, and includes time sensitive transit
routing. We show the potential and validity of our method for
more accurate simulations of human mobility and provide an
accessible, open-source software package for others to conduct
further research.

We answer the following research questions using our multi-
modal approach to human mobility:

1. To what extent does the presence of bicycle and tran-
sit infrastructure influence the accessibility of essential
resources for people living in cities and rural areas in
Denmark?

∗https://github.com/hextransit/n-minute-city/

2. To what extent does the influence of bicycle and transit
infrastructure on accessibility vary between people living
in Denmark and the US?

3. Can we validate our methodology for simulating travel
time without the use of proprietary data and closed-source
tools?

We give a short overview of our definitions of accessibility
and a high level description of our methodology below. To
proxy accessibility, we create a metric modeled after the 15-
Minute-City idea in urban design literature. The "15-Minute-
City" concept is an idea coined by Carlos Moreno, in which
all people living in cities should be able to reach all amenities
necessary to live a healthy life within a 15-minute travel time
(2). In the original formulation, the number 15 was chosen
arbitrarily (2). This project takes an analytical approach and
replaces the 15 minutes with a variable, n. Our metric, called
the n-minute statistic, answers the following question: Given
any city, in how many minutes can a resident reach essential
services from their residence? More specifically, the n-minute
statistic describes the median number of minutes needed to
access the farthest essential point of interest (POI) from any
origin. See section 4.2 for more details on the n-minute statis-
tic calculation. For determining travel time, we first identify
origins and destinations to simulate trips between. Origins
are represented by residential buildings, and destinations are
represented by buildings with user-defined labels like "super-
market" and "pharmacy." We simplify Moreno’s definition of
relevant destinations and choose the categories supermarkets,
schools, sport facilities, parks, and pharmacies as POIs. See
section 4 for details on the POI filters.

We then perform routing between origins and destinations
on our multi-modal network which includes the possibility to
walk, cycle and use transit. See section 4.1.1 for a complete
overview of how we construct the network. Travel times
resulting from the routing are recorded from every origin to
each origin’s closest POI for each category. These travel times
are then used to compute the n-minute statistic.

Our data processing pipeline is set up to construct sustain-
able transit infrastructure and measure accessibility for any
city that has the necessary data available. For this thesis, we
focus on cities in Denmark and the United States and quantify
the effect individual modes of transport contribute to increases
in accessibility.

We choose not to include the road network and cars in our
analysis because the original formulation of the 15-Minute-City
specifically mentions the exclusion of cars in the ideal model
(2). Moreno et al. justify the exclusion of cars because of the
negative effects of non-active mobility and pollution on human
health and the environment.
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2. Background

There are many urban design paradigms which aim to capture
the bene�ts of human-centered city design ( 2� 5). One in
particular has become increasingly popular in the public sphere
� the �15-Minute-City�.

2.1. The 15 Minute City. The "15-Minute-City" is an urban
design concept coined by Carlos Moreno, which lays out a
roadmap for building cities designed for people (2). Moreno
suggests building cities which center around distributed local
communities, rather than central hubs, as a way to expand
human relationships and culture in cities, while diminishing
carbon footprints and enhancing public health ( 6, 7). Going
beyond academic discussion, many decision-makers have cho-
sen the 15-Minute-City paradigm as their preferred strategy
to attain goals of improving life quality and sustainability ( 8).
A study of 15-minute policies in 2022 by governments of major
cities in North America and Australia found that 25 cities had
planned or begun implementing policies towards the goal of
the 15-Minute-City (8).

Interestingly, the de�nition of the 15-Minute-City varies
greatly by city. Of the 25 cities, there were 11 unique names
referencing the 15-Minute-City concept from "walkable neigh-
borhoods" to the "20-minute city" in policy papers and speeches
by leaders. This burst of popularity, as well as the variance in
naming and measurement, is re�ected in academic literature;
Nearly every major study has their own method of measure-
ment, often tailored to the design of a speci�c city ( 7, 9� 13).
In the following paragraphs, we will give a short overview
of the major papers which have measured a version of the
15-minute statistic, and a short analysis of the pros and cons
of each.

A variation of the 15-Minute-City, the 15-minute walkable
neighborhood, has been outlined by Weng et al. (7) in which
everything relevant to living a ful�lling life should be reach-
able through walking alone. The authors mention the health
bene�ts of such a model and, of particular note to this project,
the authors apply a Walk Score metric which computes the
distance to various categories of amenities, weight each cat-
egory, then add a gravity decay to penalize distance. Ferrer
et al. propose a score based on walkability in Barcelona (10).
Their 15-Minute-City score is based upon how many of 24 POI
categories are accessible within 15 minutes. Gaglione et al.
propose a binary approach by identifying areas of Naples, Italy
which can and cannot reach all categories of POI within 15
minutes of walking ( 11). They also provide very �ne-grained
analysis where walking routes are scored by walk-ability using
data such as sidewalk width and expected road tra�c. Knap
et al. use Open Street Map (OSM) to generate the bicycle
network and use a two-step �oating catchment area (2SFCA)
metric to incorporate both competition for resources and grav-
ity decay ( 12). Closest to our methodology, Birkenfeld et al.
use cycling, walking, and transit in Montreal to identify resi-
dential origins which reach essential POIs using active mobility
within 15 and 30 minute thresholds. They claim that the 15-
Minute-City is not reachable for some North American cities,
given that they show changes in the built environment predict
limited increase in accessibility ( 13). Although metrics like
2SFCA likely more accurately capture accessibility, we prefer
the n-minute metric for our analysis for its simplicity and
interpretability. Keeping the measurement units in minutes,
for example, was a deliberate choice for our metric design.

The concept of the 15-Minute-City has gotten more atten-
tion recently, after it became the subject of a multitude of
conspiracy theories, mostly propagated by conservative in�u-

encers and politicians in the United Kingdom and the US
(14, 15). There is also criticism rooted in legitimate concern;
15-minute neighborhoods have been criticized as they could
lead to an increase in socio-spatial inequalities (7).

In addition to the many methods for de�ning a 15-Minute-
City metric, there also exists a multitude of methods for
designing methods to model human mobility. We describe
previous approaches to multi-modal routing in the following
subsection.

2.2. Multi Modal Routing. In order to more accurately model
human mobility, many have proposed routing on a multi-layer
network of transport modes ( 1, 16� 21). Gil et al. ( 19) proposed
building multi-modal networks for human mobility using OSM.
The authors provide an overview of OSM data quality and
con�rm the data source's suitability for the task of multi-
modal routing of human mobility. Aleta et al. ( 16) propose
a method to model the various mobility layers. Of particular
inspiration for this thesis, the authors describe a method to
model transit layers, in which each transit route has its own
layer in the network. Each transit route being on its own
layer then allows for more accurate modeling of transfer and
wait times. We implement this solution to our own network
in section 4.1.1. Huang et al. (21) provide an overview of the
di�erent methods to incorporate time into the construction
of the transit layers, and propose a "fuzzy" method to model
non-static networks like those of ride-sharing services. All the
previous methods generate the network directly from data of
real world infrastructure, however, mobility networks can also
be constructed directly from mobility traces.

We gave considerable thought into choosing between net-
work generation from existing infrastructure, or network gen-
eration from measured mobile phone GPS signals. Zhang et
al. 2023 (9) generate a mobility network of Nanjing, China
from mobile phone GPS data. Their network architecture is
de�ned by human mobility patterns, which has many bene-
�ts in accurately measuring the travel time taken by actual
residents of an area. GPS data provides a data-driven ap-
proach to generating the network; however, it comes with
biases and drawbacks which make it more di�cult to adopt
widely. Scalability and feasibility may become an issue when
comparing cities globally, as GPS data is not widely available
for public use. Additionally, biases exist in terms of who is
using their phones, who travels at which speeds and more.
Given unlimited data, this approach may be preferable to a
network generated from transit infrastructure, however with
current data availability, we argue that networks generated
from transit infrastructure are preferred.

How does our method �t into and expand on previous
research? Answering the call for a uni�ed multi-modal trans-
portation modeling method ( 1) we provide a comprehensive,
accessible, and fast open-source tool to build the necessary
multi-modal mobility network when conducting research in
human mobility. Previous approaches have either not included
bicycle infrastructure ( 16, 18, 20, 21), not used a precise mea-
surement of street infrastructure ( 16, 17, 20), or not considered
real time dependency in their transit routing ( 19, 20). We
provide a method for creating a multi-layer human mobility
network which encompasses each of these features, as well
as provide an e�cient routing engine, and present it as an
open-source package for further use. Multi-modal transport
provides robustness, reach (for destinations which are far),
and speed to residents and visitors of the city. In order to
capture the nuance of multi-modality, we implement a multi-
layer network consisting of walk, bicycle, and public transport
networks.
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Data Type Data Source Main Tools

Routing Network Walk and Bicycle Nodes and Edges Open Street Map Custom Implementation
Routing Network Transit Nodes, Edges, and Timetables Multiple Sources; Local Transport Authorities Custom Implementation
Point of Interest Destinations Open Street Map Pyrosm, BBBike
Residential Origins EU Global Human Settlement Layer Rasterio, OSMnx
Population Density for Various Cities Multiple Sources; Local Statistics Organizations Pandas

Table 1. Data sources and main tools used for different data types.

3. Data

In this section we present the selected data sources, explain the
rationale behind their selection, and evaluate their advantages
and limitations.

3.1. Data Sources. We summarize our data types, sources, and
main tools used in Table 1.

During processing, all of our data is converted to a hexag-
onal ID, using the H3 geospatial indexing system developed
by Uber ( 22). It covers the globe in multiple, hierarchical
sets of hexagons. A hexagonal index is an unsigned, 64-bit
integer (u64). There are 16 resolutions available, covering the
globe in 122 hexagons at resolution 0 and 569,707,381,193,162
hexagons at resolution 15. Each resolution also includes 12
pentagons, which are placed over the ocean and are not rele-
vant for us. The hierarchical nature of the hexagons allows for
easy mapping to higher and lower resolutions using fast bit
shift operations. An example of the basic use case of H3 is as
follows: Two points which are within the same hexagon will
have the same ID, and will then be snapped to the center of
the hexagon in further analysis.

We use the H3 system to convert all our data into one
common, easily mergeable format that may account for some
inaccuracies in the original data. When we process at resolu-
tion 12, where each hexagon has an edge length 10.8 meters
and covers an area of about 300 m², we mitigate bias of points
being snapped to the center of the hexagon while still gain-
ing computational performance. There are 1,660,954,464,122
hexagons spanning the globe at this resolution. Another ad-
vantage is that nearest neighbor calculations are no longer
necessary to map data points to each other, as we can instead
merge directly on the H3 index. Additionally, we can also use
the built-in k-ring functionality, which returns the indices of all
neighboring hexagons up to a distance k, to �nd neighboring
hexagons and search in the direct vicinity of a hexagon. This
speeds up processing and simpli�es the in- and outputs of our
functions to u64 values or lists of those. The H3 functionality
is especially useful in two cases: (1) The connection of two
layers of the multi-modal network occurs where nodes of two
layers share the same H3 index. (2) Any additional metadata
added to the network, like origins and destinations for routing,
are easily added by simply identifying the metadata's shared
H3 indices with the network.

We rely on data from three sources to build the network
and identify origins and destinations:

ˆ Satellite raster data from the European Union's global
human settlement layer (GHSL) to identify places of
residency.

ˆ Public transport timetable data in GTFS (general transit
feed speci�cation) format, sourced directly from local
transit agencies

ˆ Open Street Map (OSM) data in binary protocol bu�er
format (osm.pbf) downloaded from extract.bbbike.org for
the extraction of points of interest and the network gen-
eration. We initially wanted to use pyrosm to automate
destination extraction but encountered high RAM usage
and high computation time when �ltering with a bounding
box (23).

To identify origins for our multi-modal routing, we use
the EU Global Human Settlement Layer (GHSL) data for
its scalability and comprehensiveness. Speci�cally, we use
the GHS-BUILT-C-R2022A ( 24), a dataset which has human
settlement boundaries as raster images covering most of the
world at a resolution of 10 meters per pixel. The dataset has
been split into 1000 by 1000 kilometer area sections. Each
pixel has 25 possible labels with various characteristics, in-
cluding whether the given pixel is a residential or commercial
building. Given the constraint that our solution needs to be
globally scalable to identify origins in any city, OSM would
have required an exhaustive list of building type tags across
many cities to accurately identify residential versus commer-
cial areas. In this way, we are able to avoid manually building
OSM tag �lters and can better automate our origins pipeline.
We use municipal boundaries extracted from OSM to crop the
GHSL �les, so that processing time is reduced when sampling
origins.

A peer reviewed validation of the automatic classi�cation of
each area is currently unreleased, and as a result we manually
validated the data on Copenhagen based upon a visual inspec-
tion of data quality. We veri�ed that major commercial areas
and residential areas in Copenhagen were correctly classi�ed.

In line with previous literature ( 25, 26), the walking and
cycling networks are created using Open Street Map (OSM).
Adding the appropriate �lters to OSM such that the net-
work returned accurate structures was a lengthy and constant
process. There are many unique tags in OSM which denote
the type or intended use of a "way" or edge. This diversity
causes issues in the cycling network in particular, as we had
to build an extensive list of tags which should and should
not be included. We use our experience and knowledge of
Copenhagen to decide when to include and exclude certain
roads for cycling and walking, and Google Street View for
cities we are not familiar with. The walking network contains
all ways that are not exclusive to cars or have restricted access.
This means that motorways and trunk roads are excluded
from this network. The bicycle network does not include all
cyclable paths, but only the ones that feature dedicated cy-
cling infrastructure, with a painted bicycle lane as a minimum.
Both networks exclude ways that are marked to have access
restrictions. We recognize that it is possible to cycle on roads
without dedicated cycling infrastructure, but decided on not
including, e.g., residential roads. Our network is comparable
to the medium-lower bound network outlined by Reggiani et
al. (27).
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Fig. 1. Processing Pipeline: GTFS and OSM data gets processed in Rust (red) and converted into a Graph, GHSL and OSM data is processed in Python (blue) to determine
origins and destinations for routing. The routing is called from Python, but the calculation is done in Rust. A central step in the pipeline is the mapping of all data to H3 indices.
Note that once the necessary data sources are available, a potential user needs only to input the name of their city, town or region to generate results.

4. Methods

In this section we provide an overview of our processing
pipeline for generating the graph, origins and destinations
as well as describe how routing is conducted.

4.1. Data processing. This section covers the entire, custom-
built data processing pipeline, as well as the data sources we
used. We implemented parts of the infrastructure in Rust for
performance reasons, while others remain in Python.

Data processing can be organized into two major compo-
nents: The network creation and the identi�cation of origins
and destinations for the routing simulation. Find a summa-
rized overview of the processing pipeline in Figure 1. The
�gure shows the two sides of our pipeline, one in Rust, colored
red and one in Python, colored blue. All data gets normalized
by mapping each point to an H3 index. This enables us to
merge data from di�erent sources with ease.

In order to assess the best method for accomplishing multi-
modal routing, we reviewed available open source-tools in
our preceding project (28). There, we used graph-tool (29)
as the graph computation library to build our initial tool.
As we further developed, it became clear that graph-tool
has limitations which would prevent us from conducting our
planned analyses. The graph-tool network required a lot of
memory (around 60 GB for Denmark) and did not support
many-to-many point routing in a fast manner. This means
that we have a high number of origin-destination pairs that we
need to perform routing for. We wanted to be able to calculate
distances in parallel and therefore built a custom, simpli�ed
graph computation library that could do exactly that. Using
the Rust programming language, we built a library with a
Python interface, that stores compact graphs (the graph for
Denmark uses around 10 GB of memory now) and allows for

parallel read access to that data, so routing can be performed
in parallel without copying any data. We go into more detail
on that in section 4.3. With our new, custom tool at hand,
we were now able to optimize for the exact workloads and
tasks we were giving it and could leverage the speed and safety
bene�ts that come from using pure Rust code.

4.1.1. Graph Setup. The multimodal graph is designed as a multi-
layer network with a layer for walking, cycling, and a separate
layer for each transit line. Transit routes are each on their
own layer as in (16) to better model the reality of transfers
between lines of public transit. All layers are connected to the
walking layer, at points where they share an H3 index. See an
illustration of our graph setup in Figure 2. All edges in the
graph are directed and are weighted with their traversal time in
minutes. Edges are connected from the centers of each hexagon.
Using hexagon binning for graph approximation overestimates
distance in the worst case by a factor of 2dp

3
+ 4sp

3
. Where d is

the distance of the path and s is the length of a side of the
hexagon. The �rst term is explained in Figure 3. The second
term represents the added distance in the case where start
and end points are as close to each other as possible while still
being in their respective hexagons. The extra error is then
caused by the hex binning snapping the points to the hexagon
centers.

The weighting for the walk and bicycle layer is dependent
on the selected walking and cycling speed, while the transit
edges are weighted using the di�erence between arrival and
departure time according to the timetable data. The edges
that connect the di�erent layers model a mode switch penalty
for the bicycle layer and the expected waiting time at transit
stations. The penalty for switching to the bicycle layer exists
to discourage the routing from switching between layers too
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Fig. 2. An example of how we set up the multilayer graph. Every layer uses H3
hexagons as nodes. On the walk and bicycle layer, adjacent nodes are connected by
an edge if they are also connected on the OSM network. The walk and bicycle layer
are connected wherever they map to the same H3 index, connections to the transit
layer are only at transit stops. There are connecting edges to each route, which model
the expected weight time for the next departure. Every transit route is considered to
be a separate layer. Adapted from (28).

Fig. 3. Illustration of the hexagon worst case distance over-estimation without con-
sidering start and end point placement within start and end hexagons. Note that the
distance from the center of the shown hexagons to a corner of the same hexagon is 1
unit. Therefore, the total length of the blue line is 3, while the total length of the red
line is 2

p
3

frequently. The expected wait time is either the best-case wait
time for that station and route, or, if speci�ed, the expected
wait time at a given time of day. Wait time is de�ned as
t = f req

2 . We calculate this for each hour for every day of the
week. During routing, we can select either the hour of the
week, which is a number between 0 for Mondays at 00:00 and
167 for Sundays at 23:00, or just use the best case for that
station. The default weighting is based on a walk speed of
1.5 m/s and a bicycle speed of 4.5 m/s which is supported by
similar studies (10, 30, 31).

For some analyses, we modify the weights to simulate the
impact of infrastructure changes. For example, to model a
scenario where dedicated cycling infrastructure is present on
all walking paths, we use the walking network but modify the
edge weights to match cycling speed. We do this by changing
the cycling speed parameter in the graph creation options,
which are accessible from the Python interface. We can also
simulate an increase in departure frequency for transit routes
by changing the weights on the edges connecting to the transit
layers.

Note that we de�ne the bicycle layer to only include bicycle
paths with dedicated bicycle infrastructure. We chose this to
re�ect a nice-to-cycle rather than a possible-to-cycle graph,
given that the quality of bicycle infrastructure has been shown
to induce demand for cycling (32).

4.1.2. GHSL processing. After graph creation, we identify res-
idential areas as origins and relevant points of interest as
destinations to use in our routing simulation. See the Python
section of Figure 1 to place this methodology in the overall
processing pipeline. We identify residential areas as origins in
order to avoid distorting the n-minute calculation by simulat-
ing travel times for paths which are not traversed by residents
in reality. Choosing random nodes in the network as origins
could exaggerate the inaccessibility of non-residential areas.
For example, if we randomly choose a network node in an in-
dustrial area with a population of 0, the likely low accessibility
of this area will be included in the overall n-minute statistic.
Thus, we argue that the identi�cation of residential areas is
essential for accurate measurements of the n-minute statistic.

Origins are extracted from GHSL data in 4 main steps.

1. Crop GHSL with bounding box from municipal bound-
aries

2. Reproject the cropped GHSL

3. Convert cropped reprojection to H3

4. Compute H3 set overlap with municipal boundaries

Each GHSL raster contains 10 billion pixels, and thus the
�rst step to space and time e�ciently process them is to
crop the original grid to a bounding box just large enough to
encompass the municipal boundaries of the city in question.

We generate the boundaries of the city by querying the
function geocode_ to_ gdf () from the OSMnx Python package
with a list of city names. City names have to be as they are
listed in Open Street Map. For example, Copenhagen must
be "København Kommune" to access the correct boundaries.
All city name query, boundary pairs were plotted to ensure
that the correct area was extracted. Additionally, functionality
exists for multiple cities. For example, if one wanted to include
Frederiksberg, which exists entirely within the boundaries of
Copenhagen, both cities can be used as input in a list to return
combined overall outer boundaries.

Using the extrema coordinates in all cardinal directions,
we create our bounding box for cropping the GHSL raster.
Before cropping, we reproject the bounding box to the GHSL
Coordinate Reference System (CRS).

After cropping the GHSL raster, we then reproject the
cropped section to EP SG : 4326 to be able to use standard
latitude and longitude in further analysis. We then take all
latitude and longitude coordinates for each pixel of the raster
and convert them to their corresponding H3 index at a given
resolution, keeping only those with residential labels.

To obtain only the H3 indices within the municipality
boundary of interest, we create two sets of hexagons. (A) All
possible hexagons contained within the municipal boundaries,
which we convert from a Shapely (33) polygon after extracting
them from OSMnx, and (B) The hexagons representing the
residential origins. The �nal list of origins is the intersection
between the two sets, A \ B .

4.1.3. OSM processing. To generate our destinations, we extract
an Open Street Map bounding box as Protocol Bu�er Format
(pbf) �le from extract.bbbike.org, then query the resulting
region with a �lter to retrieve the relevant origins.

Edge e�ects have the potential to bias results in regions
near borders by not taking into account interactions across
boundaries (34, 35). Because we have access to data beyond
the municipal border in question, accounting for edge e�ects
can be done by expanding our destination boundaries well
beyond our municipal boundaries for origins. As a result,

6 |



the destinations bounding box was chosen to be 5 kilometers
beyond the extreme bounds of the residential coordinates for
origins in all cardinal directions. The wider bound avoids many
possible edge e�ects, as points of interest beyond the city limits
are still accessible to residents and better re�ect the reality of
people living near municipal boundaries ( 34, 35). This means
that, e.g., a supermarket in a neighboring municipality is
considered in our routing. Within the bounding box we collect
all points of interest with corresponding shapes, latitudes, and
longitudes. To be able to do routing, destinations should be
points with speci�c tags as destinations. The next steps are
therefore to �lter for relevant tags and convert all geometries
(polygons, lines, and multilines) to single points. These single
points are then mapped to respective H3 indices to be used as
destinations.

Destination types are selected based on a �lter applied to
OSM data. We de�ne our �lter by simplifying the list of POIs
designed for the original 15-Minute-City concept by Moreno et
al. (2). Speci�cally, we do not include cultural, entertainment,
or work related destinations. Our resulting category set is
therefore pharmacy, park, supermarket, sport, and school.
Although we chose a speci�c �lter for this study, we leave the
tag �lter as an editable parameter in our software package,
allowing future studies to modify which POIs are relevant for
their purposes.

OSM data related to network structure is processed in the
Rust side of the pipeline, see section 4.3.

4.2. The n-minute Calculation. In this section, we describe
the method used for measuring the n-minute city. For a
more detailed discussion of the pros and cons of aggregate
statistics, see section 6. In Moreno's recent paper de�ning
the 15-Minute-City, the ideal city is described as a place
where people "are able to access all of their basic essentials
at distances that would not take them more than 15 min by
foot or by bicycle" ( 2). We interpret the use of "more than"
to be taking a maximum. As a result, for a given residential
origin, we de�ne the n-minute statistic as the maximum of
all shortest paths to each category of point of interest. See
an illustration for a single origin in Figure 4. For example,
if we take an apartment building to be an origin, we begin
with a category, like supermarkets, and record the travel time
to the nearest supermarket. We continue by computing the
minimum travel time from the apartment building to the
nearest pharmacy, park, etc. We then take the maximum of
these, which could be, for example, the travel time to the
nearest pharmacy. This is now the n-minute statistic for a
single origin in our graph. For an entire city, we then aggregate
all the n-minute statistics of each origin by taking the median
of all origins. A main design decision of our n-minute statistic
is that we determine n by looking at the point of interest that
is furthest away from the origin out of all the nearest points
from each category. This is a rather simple way of calculating
accessibility, and other approaches have been implemented
by others, such as weighting the di�erent categories based on
their importance ( 26). We discuss the impact of this design
decision in section 5.2.2 and 6 and consider variations of the
n-minute city measurement an area of future work. A more
precise de�nition of our n-minute statistic follows below.

Let A be a k � l matrix where k is the number of origins,
l is the number of categories, and A i;j is the length of the
shortest path from origin i to destination category j .

If max(A i; 1 ; A i; 2 ; : : : ; A i;l ) is the maximum distance of the
i th origin of A, then maxorigin (A) is a column vector of length
k containing the maximum shortest path of each origin of A.

Fig. 4. Example routes from a single origin (blue) in Copenhagen to all nearest
points of interest. The travel time in minutes is shown on the destination dots. Each
path is a route on the hexagonal network from the origin to the nearest POI of each
category. Only the path to the pharmacy utilizes the bicycle network. The distance to
the nearest pharmacy is also what de�nes the origin's n-minute value, 9.29 minutes,
as this is the essential POI that is furthest away.

Formally,

maxorigin (A) =

2

6
6
4

max(A1;1 ; A 1;2 ; : : : ; A 1;l )
max(A2;1 ; A 2;2 ; : : : ; A 2;l )

...
max(A k; 1 ; A k; 2 ; : : : ; A k;l )

3

7
7
5

A city's n-minute value is de�ned as the median of all
maxorigin (A).

Figure 4 shows an example of the n-minute calculation
for a single origin on the walk and bicycle network. For this
point, the routing utilizes the bicycle layer for the path to
the pharmacy. Due to the bicycle penalty for beginning and
ending cycling trips, all other routes are short enough and
only use the walking layer. The bicycle penalty is a weight on
the interlayer edges between the walk and bike network, used
to discourage the routing from switching between layers too
frequently.

4.3. Parallelized graph computations in Rust. To facilitate fast
and memory e�cient computations of the n-minute city, we
implement a generic graph computation library in Rust. Rust
is a low-level, strongly typed, memory and thread-safe pro-
gramming language that o�ers comparable performance to C
or C++ while avoiding many of the common errors that C and
C++ code can produce, due to its unique ownership model
for memory management. It also o�ers easy ways to integrate
with Python through PyO3 ( 36). Our goals are to enable fast
n-to-n point calculations and to reduce memory usage over
our previous graph-tool implementation. To achieve that, we
needed a graph data structure, that allows for multithreaded
read access, so that multiple routing simulations can be per-
formed at the same time. Additionally, all data should be
stored in a compact format to reduce memory usage.

The graph is backed by an adjacency list, which is imple-
mented as a HashMap with an optimized hash function for
sequential unsigned integer indices. Access to the adjacency
list is guarded by an Arc (atomic reference counter) and a
RwLock (read/write lock). The Arc enables concurrent access
to the data, while the RwLock controls the type of access. In
our implementation, write access is granted for edge creation,
while all other functions only require read access. Nodes are
stored in a vector and are referenced using their index. The
graph supports node and edge deletion, but will not shift
indices when doing so. This means that memory usage will
increase if a lot of node additions and deletions are performed
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over time, but for our use case this is not relevant. We are not
modifying the graph after creation. The graph is designed to
be generic and supports any data type for nodes that ful�lls
a certain list of traits. In our case, a Node is of type H3Cell,
with additional metadata being supported but not used. An
H3Cell holds an H3 index and a layer. The memory footprint
of one H3Cell is 10 bytes, with 8 holding the H3 index and 2
being allocated for the layer. An edge references two nodes
by their index in the node list and holds additional, optional
information, such as the weight and capacity. We use a bidi-
rectional HashMap to allow for faster mappings between H3
values and node indices. We implemented both BFS and A*
(A-star) as path�nding algorithms. In addition to the basic
implementation for both algorithms that returns a path, there
is also a parallel version that returns the distance for all valid
origin-distance pairs that are input. That version will use
all available threads to calculate distances and scales by the
number of origins provided. Our usage of A* is equivalent to
using Dijkstra's algorithm, as we are using a constant heuristic
of h(x) = 0 when searching for multiple destinations.

The worst-case time complexity of the parallel A* algo-
rithm is O(n � jE j), with n being the number of origins. The
underlying graph is not copied for parallel operations, but
each routing still needs at worst O(jV j) space. This makes the
worst-case space complexityO(n � jV j).

In addition to the generic graph implementation, we added
functions for processing GTFS and OSM data to the Rust
crate as well. For those, we utilize third-party crates to ease
reading in the �les. The processing of OSM and GTFS is
parallelized using rayon (37). The conversion into H3 indices
is handled by the h3o (38) library. To combine the GTFS
data with the OSM graph, we added a function to merge
multiple graphs based on H3 indices. The merging function
allows us to combine any number of OSM and GTFS �les
without creating duplicate nodes. The graph creation process
for all of Denmark takes about 100 seconds on our test server.
See the hardware speci�cations of that server in appendix
B.To make sure that the graphs are consistent between runs,
we implemented a function that hashes the nodes, and we
print that hash when creating a new graph. To integrate the
graph library as well as the OSM and GTFS parsing with
the rest of our infrastructure, we utilize PyO3 to expose a
Python interface for some of our functions. This allows us
to create a graph and perform routing from Python, while
the data and computations lie in Rust. Each time we update
the graph library, we generate a pip-installable wheel using
GitHub Actions for both Linux and Intel Mac. On the Python
side, we support using the u64 representations of H3 indices
as input to the routing functions.

The experience of using the graph library looks like this:

graph = PyH3Graph( weight_opt ions ={} , k_ring
=2, l a y e r s=" a l l " )

graph . c r e a t e ( osm_path=" denmark . osm . pbf " ,
g t fs_paths =[ " r e j s e p l a n e n . z ip " ] )

We provide some debug output on graph creation as well
as the hash of the �nished graph:

p r o c e s s i n g osm pbf f i l e : denmark . osm . pbf
conver ted OSM f i l e i n t o 14356812 edges
osm graph c rea ted with 13470012 nodes in

87.322426 s
g e t t i n g GTFS feed from r e j s e p l a n e n . z ip
rou tes : 1631

g t f s graph c rea ted with 103525 nodes in
9.1905575 s

merged g t f s graph in t o osm graph , now has
13546387 nodes , took 120 ms

hash : 1352011021897877533

The graph can be customized by selecting layers, the k-ring
search radius for mapping an H3 input to nodes and options
for weighting. A k-ring of 1 includes all six neighbors of the
hexagon, at k=2 it contains the neighbors of the neighbors.
We use the k-ring to map origins or destinations that are not
in the graph to a node that is. Previous literature has used
nearest neighbor search with a threshold of 100 m to establish
interlayer connections (16). Using k-ring search with su�cient
k-rings would produce an equivalent outcome to the previous
method. Optimization of the k-ring parameter is an area of
future work. By default, we use a search radius of 2, which
translates to a ring with a diameter of about 40 meters. The
weight options allow the customization of walking and bicycle
speed, set a multiplier to the wait time at transit stations, and
specify the penalty value for switching to and from the bicycle
layer. The hash is used to ensure that re-processing the same
data results in matching graphs. The hash is not stable across
di�erent versions of the graph library.

Fig. 5. The n-minute statistic is shown for various network types in various Danish
municipalities. Municipalities are sorted by descending population density. Ærø
Kommune, an island in southern Denmark, is clearly an outlier, and can be explained
by the municipality's geography and POI spatial location. An inspection of the POI
spatial distributions reveals that Ærø's single pharmacy on the island is on the east
coast. The East/West span of the island is nearly 30 kilometers, and, with limited
cycling infrastructure, Ærø becomes very dif�cult to traverse without public transit.
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(a) Percent accessibility bene�t contributed by current bicycle and transit infras-
tructure. The municipalities are ordered by population density in descending
order.

(b) Percent accessibility bene�t contributed by improved bicycle and transit
infrastructure.

Fig. 6. Accessibility bene�t plots for (a) current and (b) improved infrastructure.

5. Results

We measure the n-minute statistic for several Danish mu-
nicipalities, Denver and Los Angeles with varying mobility
infrastructure to show the potential e�ects multi-modality
has on accessibility, and to highlight accessibility inequalities
between countries, municipalities, and geography types.

The following section presents the results of our travel time
estimates in Denmark and the United States with varying
mobility infrastructure. We also identify potential explanatory
factors contributing to the measured n-minute statistic.

5.1. Denmark: Municipality Comparison. We randomly sam-
ple 3 Danish municipalities for each of 5 population density
quantiles in a population of 98 municipalities, then take the
top 2 and bottom 2 municipalities for a resulting 19 in our n-
minute measurement for Denmark. Densities range from 14.5
people per square kilometer for Læsø Kommune to 11909.0
for Frederiksberg Kommune. The mean population density is
600.1 while the median is a much lower 119.3. The majority of
Danish municipalities are less dense, more rural areas, while
the outlier dense urban areas of Copenhagen and Frederiksberg
raise the mean.

For each of our 19 selected municipalities, we compute the
n-minute statistic for varying combinations of infrastructure
types. These infrastructure types and their descriptions are
the following:

ˆ All - Includes walking, biking and transit layers.

ˆ Walk - Includes only walking layer

ˆ Walk and Cycle - Includes only the walking and cycling
layers.

ˆ Walk and Transit - Includes only the walking and transit
layers.

ˆ Improved Cycling - All walking paths are modeled as also
including dedicated cycling infrastructure.

ˆ Improved Transit - All layers are included, and transit
average wait times are reduced to 33% of their original
values.

We provide networks with altered and or removed layers to
be able to isolate the e�ect of certain layers. In Figure 5 we
show the calculated n-minute statistic for all municipalities in
Denmark for all network types. By comparing the network
with all layers to Walk and Cycle, we can isolate the bene�t
that transit contributes to the improved accessibility. For
example, for Favrskov Kommune, the network type All shows
a decrease in the n-minute statistic of 4.4 minutes over the
Walk and Transit layer. We can interpret this as current
cycling infrastructure contributing a 4.4 minute decrease in
the median maximum travel time across POI categories and a
4.4 minute increase in accessibility. Our results show current
cycling and transit infrastructure contribute to reduced travel
times in all areas. We can clearly see that the inclusion of
various infrastructures alters the level of measured accessibility,
suggesting that without inclusion of all layers, we may be
underestimating accessibility.

Although we see increases in accessibility in all areas from
the inclusion of bicycle and transit layers, the increase is not
constant across all population densities. We can see in Figure
6a that areas of high population density receive the largest
percentage decrease in travel time when including cycling in-
frastructure, and less dense areas receive the largest decrease
in percentage travel time from public transportation. Con-
tributions of cycling to accessibility decrease as population
density falls, whereas contributions of transit to accessibility
increase as population density falls. The preceding analysis
estimates to what extent current infrastructure is contributing
to accessibility. We also use our new methodology to sim-
ulate the e�ect of potential changes to cycling and transit
infrastructure.

We consider our two cases of infrastructure improvement,
using network types Improved Cycling and Improved Transit .
Figure 6b shows that both network types show improvements
across population densities, with the main exception of Im-
proved Transit giving relatively minimal advantages in areas of
high population density. This makes sense, given that transit
wait times in areas like Copenhagen are already very low, so
the bene�t of their reduction is likely small. On the extreme
end, Improved Cycling shows reductions in the n-minute statis-
tic for rural areas as high as 57%. We hypothesize, that the
large e�ects produced by our model are a result of a lower pri-
ority and therefore a lack of su�cient infrastructure for cycling
and public transit as opposed to car transport in rural areas.
A manual inspection of the network in rural areas shows that
bike and transit infrastructure are very limited. The routing
engine then chooses between walking to �nd the nearest bike
path or waiting very long wait times for low frequency transit.
When adding the Improved Cycling layer, all walking to transit
is replaced with cycling. Because cycling speed in our model
is 3 times that of walking, we expect this to be a large source
of the simulated travel time reductions. Larger sample sizes
in Denmark and beyond are necessary for more robust results
in this area.

9 |



Fig. 7. Breakdown of Danish municipalities by travel time to each POI category
using current infrastructure. Boxplots represent the median, �rst Inter-Quartile Range
(IQR) and 1.5 times the IQR for the center lines, box ends, and whiskers respectively.
Outliers are not shown. Note that at the time of plot generation, Samsø did not have
a building tagged as a pharmacy, and so we leave out this category in the calculation.

The single aggregated n-minute statistic at the level of mu-
nicipality hides the geographic distribution of travel times for
each POI category. We therefore show box plots of travel times
(note, these are not the n-minute statistic) to each category of
POI for Danish municipalities in Figure 7. Variance becomes
extremely large in the more rural areas, partially explained
by the decrease in population density. Interestingly, the �nal
4 least dense municipalities see a slight inverse relationship
between density and the distribution of n-minute statistics.
Upon further inspection, Lemvig Kommune simply has very
few pharmacies, low density, and many rural towns with lim-
ited public transport causing its very high pharmacy travel
times. Samsø and Læsø are both small islands. We hypothesize
that even though their densities are low, the island geography
sets physical bounds on the furthest distance one must travel
to reach POIs, and as a result they do not have high out-
liers. Finally, Tønder seems to have very well distributed town
centers compared to Lemvig, thereby reducing the chance of
having very remote residential areas. Further analysis of the
factors which contribute to the n-minute statistic is an area
of future work.

The n-minute statistic is sensitive to the category with the
maximum travel time for each origin. We show the travel
time distributions by category for Denmark overall in Figure 8.
Clearly, pharmacies are the least accessible POI in Denmark.
In fact, pharmacy ends up being the category which determines
the n-minute statistic in 58.7% when taking the max across
categories for each origin in Denmark as a whole. In the other
extreme, even though sport POIs are on average the closest
POI to our origins, supermarkets are least often the farthest

Fig. 8. Travel time box plots for Denmark Overall. Boxplots represent the median, �rst
Inter-Quartile Range (IQR) and 1.5 times the IQR for the center lines, box ends, and
whiskers respectively. Outliers are not shown.

category. Supermarkets are the farthest POI for only 4.5% of
origins across Denmark.

Overall, our results suggest bicycle and transit layers con-
tribute to the n-minute statistic for a given location. When
comparing the n-minute statistic across municipalities, we see
a clear negative trend between population density and the n-
minute statistic. This begs the question, what is the quanti�ed
relationship between the n-minute statistic and population
density? To address this, we �t a univariate regression and
�nd a strong log-linear relationship between population den-
sity and the n-minute statistic. See Figure 13 in the appendix.
More speci�cally, the log of population density explains 90%
of the variance in the log of the n-minute travel time. Addi-
tionally, the Pearson correlation between the two variables is
� 0:95. These results point to a strong relationship between
population density and the n-minute statistic. We hypothesize
higher densities bring POIs and network features closer to-
gether, thereby increasing accessibility. Less dense areas likely
bene�t more from an increase in network density, e.g., when
creating more safe cycling paths through a suburb.

5.2. Case studies. In this section, we highlight a few select
cities in Denmark and the United States and look at how
they di�er in the n-minute statistic. We give explanations by
breaking down the calculation by network type and categories
of points of interest.

5.2.1. Copenhagen, Denmark. For the purpose of this case study,
we include Frederiksberg Kommune in our analysis, as both
Frederiksberg Kommune and København Kommune form the
urban core of the Copenhagen area. Figure 14 in the appendix
shows sampled origins, which are used for the n-minute calcu-
lation. Origins are sampled from the list of all residential H3
indices, which were collected by processing the GHSL data.
Most calculations were done using 10,000 origins, except for
Dragør Kommune, where we only used 1000 origins due to its
small size.

We �nd that Copenhagen can be described as being around
an 8-minute city if we round down with our de�nition of
essential POIs. We break down the n-minute values by network
type in Table 2. The table shows that even when including
less common POIs like libraries in the list of destinations, the
values remain low. We �nd that adding the option to cycle
improves the n-minutes, but the impact of allowing public

10 |




	Introduction
	Background
	The 15 Minute City
	Multi Modal Routing

	Data
	Data Sources

	Methods
	Data processing
	Graph Setup
	GHSL processing
	OSM processing

	The n-minute Calculation
	Parallelized graph computations in Rust

	Results
	Denmark: Municipality Comparison
	Case studies
	Copenhagen, Denmark
	United States

	Rejseplanen routing comparison

	Discussion
	Applying the N-Minute calculation to areas of low population Density
	Denver and Los Angeles
	Limitations
	Expansions

	Conclusion
	Future Work

	References
	Usage instructions for the n-minute city Python tool
	Hardware
	Additional Figures
	Additional tables

