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Abstract

Travel time is a fundamental component of accessibility measurement, yet
most accessibility analyses rely on static timetable data that assume pub-
lic transport services operate exactly as scheduled. Such representations
overlook the substantial variability in travel times arising from operational
conditions and service disruptions. In this paper, we present rt2gtfs, an
open-source Python package for reconstructing empirical public transport
timetables from high-frequency vehicle location data. The package provides
a configurable and scalable workflow for collecting GTFS-Realtime vehicle
position feeds from the UK Bus Open Data Service (BODS), matching ob-
served vehicle locations to scheduled GTFS trips and stops, inferring stop-
level arrival and departure times, and exporting corrected GTFS format
timetable bundles. Using national-scale real-time bus data feeds from BODS,
we demonstrate how rt2gtfs can be used to generate observed timetables
suitable for routing and origin-destination travel time calculation, as well as
accessibility analysis. By packaging the framework as reusable software, this
work supports more reproducible and realistic accessibility analysis and pro-
vides a practical tool for researchers and practitioners seeking to incorporate
observed public transport performance into transport planning.

Keywords: Public Transport Accessibility; Travel Time Variability; GTFS;
Open-source Software; Bus Data
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1. Introduction

Fair access to essential services such as healthcare, education and grocery
shops is fundamental to spatial justice and transport equity. Public trans-
port plays a particularly important role in enabling such access, especially for
populations without access to private vehicles. Poor public transport access
to services can lead to social exclusion, reduced wellbeing, and diminished
life opportunities (Farber et al., 2011; Lucas, 2012; Stanley et al., 2022), re-
sulting in what are often termed transport deserts, which are places where
opportunities exist but are effectively out of reach (Jiao and Dillivan, 2013).
Consequently, measuring public transport accessibility has become a central
task in transport geography and planning research, informing both academic
understanding of spatial inequalities and policy interventions aimed at im-
proving service provision.

Substantial research has sought to measure accessibility to services, with
some having been conducted at national or global scales (Weiss et al., 2018,
2020; Verduzco Torres and McArthur, 2024; Ye et al., 2024). However, they
typically focus on a single time point or rely on average travel times derived
from static published timetables, overlooking temporal variability and op-
erational uncertainty. This approach implicitly overlooks the fact that the
same journey could take different amount of time to complete at different
times of day or day of week (known as Travel Time Variability, TTV), and
assumes that services run as planned without delay or cancellation (known
as Travel Time Inaccuracy, TTI), which often leads to miscalculation of ac-
cessibility (Liu et al., 2023; Lee and Kim, 2023; Chen et al., 2017; Javanmard
et al., 2025). In reality, public transport operations, particularly road-based
ones, are affected by congestion, breakdowns, weather conditions, and many
other disruptions that vary systematically by place and time of day. Ignoring
these dynamics can obscure the temporal dimension of accessibility and po-
tentially misrepresent the geography of transport-related inequalities. Even
without considering real-world operational disruptions, our previous work
(Chen and Botta, 2025) identified variability in travel times across the day
when journeys were modelled with different departure times using timetable
data alone; this variability also differed temporally and geographically. Ap-
plying the same analytical framework using real-time operational data could
potentially reveal more pronounced spatial and temporal inequalities in ac-
cessibility than those suggested by timetable-based analyses.

Advances in large-scale open transport data and routing engines have
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made it possible to compute these travel times at increasingly fine spatial
scales and across large geographical areas. In particular, the widespread
adoption of the General Transit Feed Specification (GTFS) and the develop-
ment of open-source routing engines such as OpenTripPlanner and R5 have
enabled researchers to calculate multimodal origin–destination travel times
efficiently and reproducibly using standardised data formats. These devel-
opments have substantially lowered the barriers to large-scale accessibility
analysis and have helped establish reproducible computational workflows in
transport data science research. In recent years, the increasing availability of
real-time operational data offers new opportunities to capture the dynamics
of transport systems and address the TTV and TTI problems. A growing
body of work has begun to explore how real-time vehicle location data can be
integrated with transit schedules to improve accessibility estimates (Wessel
and Farber, 2019; Braga et al., 2023; Javanmard et al., 2025; Braga et al.,
2026). However, implementing such approaches at large geographical scales
remains computationally demanding with existing methodologies. Moreover,
real-time transit datasets often contain incomplete or inconsistent informa-
tion, requiring careful data cleaning and processing which often needs to be
tailored for a specific dataset.

In this paper, we present rt2gtfs, an open-source Python package that
implements a scalable framework for reconstructing empirically observed
public transport timetables from real-time vehicle location data. Using
national-scale real-time bus data from the UK Bus Open Data Service
(BODS) (Department for Transport, 2020), the package links real-time vehi-
cle positions to scheduled GTFS trips and stops, infers empirical stop-level
arrival and departure times, and exports corrected GTFS timetable bundles.
These observed timetables reflect how the network actually operated and
can be used directly within existing routing engines to calculate observed
travel times and accessibility. Building on the work of Wessel et al. (2017),
rt2gtfs prioritises computational efficiency and reproducibility so that
corrected timetables can be produced repeatedly over long study periods and
large geographical areas. Using six months of national-scale bus location
data collected at high temporal frequency, we conduct a series of case
studies to demonstrate how the package can be used to construct corrected
timetables and quantify the differences between scheduled and observed
accessibility. We further illustrate how the resulting dataset enables the
analysis of travel time variability across space, revealing patterns that are
not captured by conventional timetable-based approaches.
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Our work is closely aligned with, and inspired by, the broader ecosys-
tem of open-source software tools developed for urban research. In recent
years, a growing number of tools have emerged to support different stages
of the research lifecycle. These include tools that facilitate data acquisi-
tion from sources that are otherwise less accessible to researchers (Boeing,
2017; Botta et al., 2025; Botta, 2025), tools for data cleaning, processing,
and format conversion (Morgan, 2023; Sato, 2026), methods for computing
or quantifying urban indicators (Biljecki and Chow, 2022; Mahajan, 2024),
and analytical and modelling tools (Félix et al., 2025; Botta, 2025; Sevtsuk
and Alhassan, 2025). More recently, integrated platforms have also been
developed that combine several of these functionalities within unified work-
flows (Ito et al., 2025; Danish et al., 2025). Within the transport domain
specifically, open-source tools have also been developed to enable large-scale
accessibility modelling. These include language-specific wrappers for the R5

routing engine such as r5r (Pereira et al., 2021) and r5py (Fink et al., 2022),
as well as analytical libraries such as the accessibility R package (Pereira and
Herszenhut, 2025), which implements a range of accessibility measurement
methods. These tools have played a crucial role in advancing reproducible
research and have informed the design of rt2gtfs. In keeping with this
open-science ethos, we provide the framework as a reusable Python pack-
age to enable reuse, replication, and further methodological development by
other researchers. While rt2gtfs is currently optimised for UK BODS data,
the underlying approach is based on GTFS and GTFS-Realtime standards
and is in principle applicable to any GTFS and real-time vehicle location
dataset that provide a linkable trip-level identifier.

The remainder of the paper is structured as follows. Section 2 reviews
existing research on travel time variability and the incorporation of real-time
data into accessibility analysis. Section 3 describes the proposed data pro-
cessing and matching framework in detail. Section 5 presents empirical case
studies using England-wide bus data to illustrate the implications for acces-
sibility measurement. Finally, Section 6 discusses limitations and directions
for future research.

2. Background

2.1. The definition of travel time variability
Travel Time Variability (TTV) describes a common phenomenon whereby

travel time on recurrent journeys with the same origin, destination, and route
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may vary depending on several factors including time and date of departure
and mode of travel. Numerous endeavours have attempted to dissect the
concept of TTV while Noland and Polak (2002) proposed arguably the most
widely adopted classification which includes three perspectives: vehicle-to-
vehicle TTV, referring to variability in travel times between vehicles travel-
ling on the same route at the same time; over the course of the day (within-
day) TTV, referring to variability in travel times across different departure
times within a single day; and day-to-day TTV, referring to variability ob-
served for the same journey across different days. Research interest in public
transport travel time variability (TTV) has been rising in recent years. The
majority of existing work does not directly address TTV itself but instead
mainly explores its impact on accessibility measurement with a strong em-
phasis on day-to-day TTV. A few exceptions quantified and examined within-
day TTV directly and its spatial inequalities and socioeconomic implications
(Farber et al., 2014; Wessel and Farber, 2019; Chen and Botta, 2025).

Before reviewing further TTV literature, it is worth mentioning that de-
spite the term TTV being widely adopted in literature, several alternative
terms have been used which is often due to the different causes of the vari-
ation in travel time. Some studies attempted to distinguish between them
and TTV (Liu et al., 2023; Braga et al., 2023; Javanmard et al., 2025; Braga
et al., 2026) but fundamentally they all describe some form of dynamic travel
time phenomenon. We think it is important to discuss these different terms
although we do not attempt to distinguish them, as often researchers use
them synonymously or use one to mean another. Ultimately it is safe to as-
sume that TTV would be the most generic and neutral term that covers all
instances without revealing the direct cause of the phenomenon or excluding
certain types of variability, despite it not always being used in this way.

• Travel Time Inaccuracy (TTI). TTI is not an alternative term to TTV
but describes how observed travel times deviate from scheduled travel
times (Braga et al., 2023), which in turn results in systematic deviations
of accessibility from a standard benchmark (Liu et al., 2023). Most
public transport schedules are designed to make travel time between
the same OD pairs relatively consistent across days in short periods of
time, therefore TTI could result in TTV when the magnitude of this
inaccuracy varies temporally. As a result, solving the issue of TTI is
a predecessor to studying TTV. Existing literature mostly attributed
TTI to traffic, weather, and operational conditions, which are the same
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causes associated with TTV (Liu et al., 2023; Braga et al., 2023), while
Wessel et al. (2017) added that in some cases TTI could also be due to
agencies scheduling their services in a conservative manner to guarantee
a higher adherence but in reality drivers may not strictly adhere to this
schedule.

• Travel Time Uncertainty (TTU). TTU is one of the most popular terms
used in accessibility research to describe the dynamic nature of travel
time. Liu et al. (2023) defined uncertainty in accessibility measurement
as the stochastic variation in it, often due to the variation in travel time
resulted from on-time performance and measurement error. One may
assume TTU is one type of TTV which is not caused by expected
fluctuation of travel demand, either within a day (i.e. peak vs off-
peak) or seasonally. Braga et al. (2023, 2026) conducted an extensive
review of TTU literature but used the term day-to-day TTV in their
own work, effectively treating TTU as synonymous with TTV. Chen
et al. (2013, 2017, 2019, 2020, 2026) maintained a constant interest
in studying TTU over the past two decades by integrating it in the
classical space-time prism (STP) model to measure accessibility more
reliably, with the exception of Chen et al. (2020) which uses floating
catchment area (FCA) methods.

• Travel Time Reliability (TTR). TTR is another popular term but also
a very arbitrarily defined one, both by academia and government agen-
cies (Taylor, 2013), the latter of which often used it as a performance
measurement for transport systems. Classical definition of TTR in aca-
demic literature describes it as the probability that travel between an
origin-destination (OD) pair will perform adequately and be completed
within an intended reasonable time Nicholson et al. (2003); Bimpou and
Ferguson (2020). The arbitrariness perhaps arises from this definition
in that it is difficult to define or measure this ‘adequate performance’.
Australian Transport Council (2006) emphasised on-time performance
for TTR assessment which is different from most other definitions that
focus more on the degree of variation alone regardless of punctuality.
For example, The UK Department for Transport defined TTR as the
variation in journey times that individuals are unable to predict (De-
partment for Transport, 2025), which is effectively TTU as defined by
Liu et al. (2023). The Federal Highway Administration in the USA
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defined TTR as the consistency or dependability in travel times, as
measured from day-to-day and/or across different times of day (Fed-
eral Highway Administration, 2006), which is more closely aligned with
TTV as it recognises the different types of variations. Parallel to defin-
ing TTR, the work of Pu (2011) attempted to compare different TTR
measurements, ranging from simple statistics (e.g. standard deviation
and percentiles) to more sophisticated ones. This also provides valuable
insight in measuring TTV for our work.

2.2. Incorporating real-time data in travel time and accessibility calculation
Travel time to destinations is central to most accessibility measurements

as it provides a more meaningful representation of the cost borne by trav-
ellers than physical distance alone. Common indicators of accessibility in-
clude minimum travel time to the nearest essential service (e.g. the UK’s
Journey Time Statistics (Department for Transport, 2019)); cumulative op-
portunity measures (Wachs and Kumagai, 1973), which count the number of
destinations reachable within a given travel time threshold; and a family of
floating catchment area measures (Luo and Wang, 2003), which incorporate
both service supply and population demand to reflect spatial competition of
limited resources.

Conventional accessibility studies rely on static, schedule-based data
(Owen and Levinson, 2015). Such representations assume that services
operate exactly as timetabled. However, public transport systems are
inherently subject to operational variability arising from traffic congestion,
weather conditions, and various other factors causing service disruptions.
As a result, schedule-based travel times may systematically underesti-
mate observed and experienced travel times (TTI) and obscure temporal
uncertainty. This limitation is particularly significant when accessibility
metrics are used to assess spatial inequality, as variability and unreliability
may disproportionately affect already disadvantaged populations. Existing
literature has sought to address TTI by incorporating real-time data into
travel time and accessibility calculations. Traditionally, these data will need
to be manually collected by hand either by survey (Noland et al., 1998) or
actually travelling those trips and recording experienced travel times (May
et al., 1989). This method continued on being implemented to this day
(Durán-Hormazábal and Tirachini, 2016) but is costly and time-consuming
to run at large geographical scale. Some studies have attempted to automate
this using digital technologies such as the work of Eliasson (2009) using

7



data from an automatic travel time measurement system which collects
data through a camera system that captures images of number plates of
individual vehicles as they enter and leave each road link. More recently,
Bimpou and Ferguson (2020) used a novel data stream, the Google Distance
Matrix API, to obtain travel times. However, the accuracy of such data is
problematic as it is obtained by tracking Android devices through time and
space and processed using an undisclosed algorithm.

The popularity of GPS technology made collecting real-time data much
easier. Works such as Mazloumi et al. (2010); Ma et al. (2016); Chepuri
et al. (2018); Rahman et al. (2018) attempted to calculate transit travel
time between route segments using GPS trajectory data and studied the
distribution of these travel times and their temporal variation extensively.
Some also attempted to integrate other forms of data such as smart card
data to complement GPS data (Arbex and Cunha, 2020). These studies
tend to be applied only at route level on a few selected transit routes in a
single city. Further research has also recognised the need to model door-to-
door or origin-destination (OD) based travel times and attempted to apply
some bespoke shortest path algorithm on transit networks (Farber et al.,
2014; Langford et al., 2016; Chen et al., 2017, 2020; Liu et al., 2023; Lee and
Kim, 2023).

The increasing availability of large-scale public transport open data, par-
ticularly the arrival of General Transit Feed Specification (GTFS) standard
for publishing transit timetables, alongside open-source routing engines such
as OpenTripPlanner and R5 (Pereira et al., 2021; Fink et al., 2022), has
made it easier to calculate multimodal OD travel times at scale. These de-
velopments have enabled accessibility analysis to be conducted with greater
spatial granularity and computational efficiency than was previously possi-
ble. The more recent introduction of GTFS–Realtime (GTFS-RT) data was
intended to address the limitations of schedule-based accessibility modelling
by providing real-time updates on transit service operation. In principle,
GTFS-RT supports stop-level arrival and departure times updates through
TripUpdates feeds. In practice, however, these updates frequently consist
of predicted arrival and departure times Webb et al. (2025) or delay offsets
relative to the timetable (Auckland Transport, 2026), rather than ready-to-
use empirically recorded stop events, and often require substantial manual
processing before they can be used in travel time calculation and subsequent
accessibility analysis. By contrast, the VehiclePositions feed in GTFS-RT,
which provides time-stamped geographic coordinates of vehicles (also known

8



as Automated Vehicle Location (AVL) data), offers a more accurate repre-
sentation of transit operations. The UK Bus Open Data Service (BODS)
TripUpdates specifically does not provide TripUpdates in its GTFS-RT feed,
and instead only supplies VehiclePositions information. As a result, em-
pirical stop-level arrival times cannot be directly obtained at national scale
and must instead be reconstructed from high-frequency vehicle location data
available. While this reconstruction approach allows for a more realistic rep-
resentation of service performance, it introduces additional methodological
complexity and computational demands. Nevertheless, incorporating such
empirically derived travel times offers important opportunities to move be-
yond static representations of accessibility and to better capture the temporal
variability that shapes the geography of transport-related inequalities.

Two main approaches for addressing TTI have since been developed which
utilise this latest advancement in data standard and tools. Wessel et al.
(2017) first developed a methodology to correct GTFS timetable data us-
ing AVL data which produces a retrospective timetable where the stop-level
arrival times are modified to reflect their actual arrival times. The process
involves matching vehicle positions with transit stops along the route it is
operating on, and then use linear interpolation to derive the empirical ar-
rival time at each bus stop. Applying this method on data from four cities
in North America, Wessel and Farber (2019) found that TTI (i.e. using
scheduled instead of observed empirical travel times) resulted in an inflation
of accessibility by 5-15% on average, and such overestimation shows strong
spatial autocorrelation. The highlight of the Wessel methodology is that
it seeks to maximise the accuracy of interpolated stop level arrival times
using street network data, which also makes it computationally expensive
to implement at large scale. What adds to the computational cost is that
such process will have to be repeated for the entire study period to produce
a revised timetable for each day, if day-to-day travel time variability is to
be examined. To address this issue, Braga et al. (2023) proposed a new
method which constructs single corrected GTFS files across a study period,
based on median and dispersion-based (85th percentile) travel times between
transit stop segments. This results in two synthetic GTFS files where the
travel time between each consecutive pair of stops are the median and 85th
percentile travel times, calculated from all trips in the study period. They
subsequently conducted two analyses using r5r for calculating travel time
and accessibility to jobs in Fortaleza, Brazil. Firstly, by comparing accessi-
bility calculated from timetabled travel time and that from median observed
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travel times (i.e. TTI), they found that inaccuracy contributes to accessibil-
ity underestimation by 1.5% on average, although in some area it could be
over or underestimated by over 40%. This is contrary to what Wessel and
Farber (2019) found in their work which showed overwhelming overestima-
tion. One explanation might be that, using observed timetable to calculate
travel time makes the assumption that travellers have perfect knowledge of
system operation when in reality they do not, as pointed out by Liu et al.
(2023). This results in a deflation of travel time which cannot be realised
in real life scenarios. Secondly, by comparing accessibility calculated from
median observed travel times and that of 85th percentile observed travel
times, they found significant impact of TTV on accessibility estimation at
50% on average, which is also unevenly distributed across the study space.
Subsequent work used the same methods to explore accessibility to other
destinations such as healthcare (Javanmard et al., 2025) and found similar
patterns. Braga et al. (2026) also sought to improve accessibility estimate by
taking into account competition of resources. Such method greatly reduces
computational cost but also has limitations in that it assumes all links in the
public transport network operate under 50th or 85th percentile conditions,
which may overestimate travel time. Our examination of the UK data found
that this is not the case, and therefore our revised approach mainly took
inspiration from the Wessel method and seeks to improve its computational
efficiency while maintaining relative accuracy for our intended analysis. Such
approach also allows us to directly examine the distribution and variability
of travel times within a day and across days, which is currently understudied.

3. Methodology

Here we briefly describe the method implemented in rt2gtfs to con-
struct a corrected empirical timetable by matching real-time vehicle location
data with scheduled timetable data. The approach builds on the method
proposed by Wessel et al. (2017) and related work, but introduces several
adaptations that substantially improve computational efficiency while pre-
serving the accuracy required for large-scale accessibility analysis. We also
highlight optimisations developed specifically for UK data which may or may
not be applicable to other datasets.

The package is organised around a configurable processing workflow. Its
main entry point, construct_observed_gtfs(), takes a target date and
a MatchingConfig object specifying the locations of GTFS timetable and
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real-time dataset inputs, output directories, matching periods, search ra-
dius, time zone settings, interpolation options, whether additional timetable
dates should be checked, and whether or not to output additional diagnostic
files. This design separates the methodological parameters from the pro-
cessing logic, making the workflow easier to reproduce, audit, and apply to
multiple dates or regions. Detailed guidance and examples for configuring
MatchingConfig and running the package are provided in the package doc-
umentation on GitHub. The principal stages of the package are described
below: data collection, GTFS-RT parsing, vehicle-to-stop matching, stop
time inference, interpolation of missing stop times, and export of a corrected
GTFS bundle.

3.1. Data collection
We retrieved bus timetable and location data from the Bus Open Data

Service (BODS) in GTFS (General Transit Feed Specification) and GTFS-
Realtime (GTFS-RT) format respectively. It is worth noting that the data
BODS supplies were originally stored in the UK’s native data format, namely
TransXChange for timetable and SIRI-VM for bus locations. The GTFS and
GTFS-RT versions of the BODS data are said to be direct conversions from
these native formats. We chose to use GTFS formats for our work for two
reasons. Firstly, GTFS is the de-facto international standard for transit data
first developed by Google. Using GTFS in rt2gtfs allows the package to
be easily applicable in other parts of the world with minimal adaptations,
promoting reproducibility. Secondly, the routing engine we utilise to calculate
travel time, namely r5py, requires GTFS format data as input. This is also the
case for other popular open-source routing choices, such as OpenTripPlanner.
Therefore, it is natural for us to collect GTFS data.

Like many public transport data services, BODS only provides access to
current bus location data through live API feeds, with no archive of histori-
cal real-time vehicle location data available as of early 2026. Consequently,
analysing travel time variability over extended periods requires the contin-
uous collection and storage of these live data for later use. The rt2gtfs
package includes data acquisition utilities for downloading vehicle location
data from live feeds at user-defined intervals. By default, these utilities are
configured for the UK BODS data, although users can specify alternative feed
URLs where compatible data are available. For UK applications, the package
also supports spatial filtering through a user-defined rectangular bounding
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box, allowing users to download a subset of the national BODS feed and re-
duce storage requirements when the full dataset is not needed. For the case
study presented in this paper, we collect the full BODS bus location feed at
least every 30 seconds, continuously throughout the year. In parallel, we also
archive a complete copy of the UK’s GTFS bus timetable data on a daily
basis. This mechanism enables the subsequent matching of observed vehicle
locations to the corresponding published timetables, allowing construction
of a corrected empirical bus timetable. Using this pipeline, we have been
continuously collecting national-scale bus timetable and location data since
February 2024, creating a growing archive of historical timetable and vehicle
location records.

3.2. Data preparation
We begin our procedure by preparing the real-time data for the matching

process. In its raw form, GTFS-RT is distributed as Protocolbuffer Binary
Format (PBF) files, which are optimised for efficient data transmission but
are not human readable. Following guidelines from the official GTFS-RT doc-
umentation (General Transit Feed Specification, 2025), we therefore parse all
downloaded GTFS-RT files into Python objects, and subsequently convert
them into CSV formats. Note that a GTFS-RT feed can contain three types
of messages: trip updates, which reports real-time departure delays of trips;
vehicle positions, which reports real-time position of vehicles; alerts, which
reports real-time alerts. The UK BODS data provides only vehicle position
feeds, which has important implications for the design of our matching proce-
dure, as stop-level delay information is not directly available, and therefore
needs to be inferred by matching vehicle location data with stops data in
timetable data. This also implies that our matching procedure can be easily
adapted to other forms of real-time vehicle location data, not only GTFS-RT,
provided that the data include a trip-level identifier key that allows observa-
tions to be linked to a corresponding timetable (further details below).

All vehicle position records collected within the same day are merged
into a single CSV dataset, after which duplicate records are removed. On
a typical day, approximately 50% of the raw observations are duplicates
(same vehicle at the same position and timestamp), reflecting the fact that
vehicles are frequently stationary between successive API calls, for example
while dwelling at stops or waiting at depots. Removing these duplicates
substantially reduces data volume while preserving the full spatio-temporal
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trajectory of each vehicle, preparing the dataset for efficient and reliable
matching in the next stage of the package workflow.

3.3. Matching vehicle locations to stops
With data preparation complete, we proceed to matching real-time ve-

hicle locations to the corresponding GTFS timetable. For this matching to
be possible, each vehicle position record must contain a valid trip_id input,
which serves as the key linking real-time observations to the correspond-
ing timetabled trip 1 within the GTFS bundle. This identifier allows each
observed vehicle trajectory to be associated with a specific scheduled trip,
alongside the route it is operating, stop sequence, and stop-level scheduled
arrival and departure time, forming the basis for correcting the timetable
with real-time information. Like many large scale datasets, BODS data con-
tain substantial missing information. In particular, not all vehicle position
records include a valid trip_id, which in principle prevents them from being
directly matched to the scheduled GTFS timetable. Some previous studies
have attempted to mitigate this issue by using the vehicle_id field to infer
or interpolate missing trip_id values (Open Innovations, 2024, 2025). In our
experiments, however, these approaches yielded only marginal improvements
in data completeness.

Next, we process each matchable vehicle position record. For each ob-
servation, we identify the corresponding scheduled trip in the GTFS feed
and retrieve its associated route and ordered list of stops, each with known
geographic coordinates (longitude and latitude). To efficiently locate the
stop most likely associated with a given vehicle position, we first performed
a coarse spatial search along the route to identify candidate stops within a
bounding box centred on the vehicle’s reported location (Figure 1). For a
vehicle position p, a stop s on route r was retained as a candidate if

|ϕs − ϕp| < δ and |(λs − λp) cos(ϕp)| < δ,

where ϕ and λ denote latitude and longitude respectively, and δ is a small
angular threshold corresponding which can be customised (300 metres used

1In a GTFS feed, a trip represents a single, scheduled run of a vehicle along a specific
route and direction. Each trip corresponds to one instance of a service along a route
operating at a particular time on a given day, defined by a unique trip_id, and linked to a
route_id, a service_id (specifying the days on which it runs), and a shape_id (describing
the spatial path it follows). A trip is realised operationally when a physical vehicle is
assigned to it and travels along its sequence of stops according to the timetable.

13



in our work). The cosine adjustment accounts for the convergence of meridi-
ans with latitude. This coarse filter substantially reduces computational cost
by avoiding the calculation of exact distances to all stops along the route.
When one or more candidate stops are identified, we then compute the precise
distance between the vehicle and each candidate stop and select the closest
stop as the most likely match. For each such match, we record the matched
stop_id, the corresponding distance, and the timestamp of the vehicle po-
sition observation. Repeating this procedure across all records produces a
large dataset of vehicle stop matchings over time.

Figure 1: Map showing the matching procedure. Candidate Stops A, B, and C were
identified during the initial coarse search within a rough 300-metre radius of the recorded
vehicle position at 17:23:07. The exact distance between the vehicle position and the three
candidate stops were then calculated, with Stop B being identified as the closest match at
the shortest distance of 60 metres. Basemap tiles © OpenStreetMap contributors.

3.4. Inferring empirical stop times
These matchings are then used to infer observed stop times. Because a

vehicle may be matched to the same stop multiple times as it approaches
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and departs, we retain only the match with the minimum distance for each
stop–vehicle pair. The timestamp of this closest observation is taken as the
observed empirical arrival time and is used to replace the scheduled time in
the GTFS stop_times.txt file. GTFS stop_times.txt contains separate ar-
rival_time and departure_time fields. However, in the BODS GTFS feeds
used in this study, these two fields are typically identical for bus stops, mean-
ing that scheduled dwell time is not explicitly represented. rt2gtfs therefore
does not infer separate stop-level observed arrival and departure times. In-
stead, the same inferred observed stop time is written to both fields. This
preserves consistency with the structure of the input timetable data while
producing a corrected GTFS feed that remains compatible with standard
routing engines. It is worth noting that our approach does not estimate the
exact moment when a vehicle comes to rest at a stop, but rather the mo-
ment when it is closest to that stop. This represents a deliberate trade-off
compared with the method of Wessel et al. (2017), which uses network-based
interpolation to obtain more precise arrival and departure times at the cost
of substantially greater computational complexity. However, when real-time
vehicle positions are collected at high temporal frequency, the difference be-
tween the closest recorded observation and the true stop event is likely to
be relatively small in many cases. For the purposes of accessibility analysis,
where the primary concern is the cumulative impact of operational delays
on end-to-end travel times rather than punctuality at individual stops, this
approximation provides a scalable and sufficiently accurate solution.

3.5. Interpolating missing stop times
Unfortunately, not all stops along a bus route can be matched with live

vehicle position observations. This can occur when vehicles pass through
stops without dwelling, when vehicles travel quickly between stops, or when
the sampling interval of the real-time feed misses the moment of closest ap-
proach. In rare cases, large segments of GPS data may be lost when vehicles
travel through rural areas with weak mobile signal coverage, preventing on-
board equipment from transmitting data to the server.

Before interpolating missing stop times, rt2gtfs applies a temporal con-
sistency check to the matched observations within each trip. Because stop
times should follow the order of the scheduled stop sequence, cases where
an earlier stop is assigned a later observed time than a subsequent stop are
treated as inconsistent and removed from the set of interpolation anchors.
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This step reduces the risk that erroneous spatial matches, noisy GPS observa-
tions, or irregular vehicle position updates propagate into the reconstructed
timetable.

Missing stop times are then interpolated using the nearest successfully
matched stops along the same trip. When both upstream and downstream
matched stops are available, we linearly interpolate the missing stop time
using the scheduled timetable as a reference. When missing stops occur at
the beginning or end of a trip, such that only one neighbouring matched
stop is available, we use one-sided extrapolation. We recognise that this
extrapolation approach is less robust than interpolation, as it assumes that
the deviation between scheduled and observed time at the nearest matched
stop remains constant across neighbouring stops. However, this approach
preserves the temporal structure of the scheduled timetable and enables com-
plete stop-level arrival/departure times to be reconstructed.

Formally, let n denote a stop with scheduled arrival time tn and esti-
mated observed arrival time r̂n. Let p and q denote the nearest upstream
and downstream stops that have been successfully matched with real-time
observations. Their scheduled arrival times are tp and tq, while their observed
arrival times are rp and rq, respectively.

r̂n = rp +
tn − tp
tq − tp

(rq − rp) , if both rp and rq are available. (1)

r̂n = tn + (rq − tq) , if rp is unavailable and rq is available. (2)

r̂n = tn + (rp − tp) , if rq is unavailable and rp is available. (3)

Equation 1 linearly maps the scheduled temporal position of an un-
matched stop within the interval [tp, tq] to the corresponding interval in ob-
served real time [rp, rq]. Table 1 shows an illustration of this interpolation
process. Equations 2 and 3 are used for stops at the beginning and end of
a trip, respectively, where only one neighbouring matched stop is available.
In these cases, the scheduled stop time is shifted by the observed deviation
between timetable and real time at the nearest matched stop. For exam-
ple, stops on a trip may only be matched starting from the second stop on
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the route. If the vehicle arrives at Stop 2 with a two-minute delay, our ex-
trapolation estimates the observed arrival time at Stop 1 by assuming that
the vehicle also left that stop two minutes late (Table 2). Similarly, if the
vehicle arrives at Stop 29 (second-to-last) with a two-minute delay, our ex-
trapolation estimates the observed arrival time at Stop 30 by assuming that
the vehicle also arrived at that stop two minutes late (Table 3). This as-
sumption is unlikely to always hold in reality, as delays can accumulate or
dissipate between stops depending on traffic conditions, passenger boarding
times, or operational adjustments by the driver. Nevertheless, in the ab-
sence of real-time observations at those stops, this approach provides a rea-
sonable approximation that preserves the temporal structure of the resulting
timetable.

Stop Sequence Scheduled Matched Interpolated

1 14:25:00 14:27:02 14:27:02
2 14:26:00 NaN 14:28:34
3 14:27:00 14:30:06 14:30:06

Table 1: Illustrative example of interpolation used to estimate missing stop arrival times.
In this example, Stop 2 could not be matched so we used Equation 1 for the interpolated
time.

Stop Sequence Scheduled Matched Interpolated

1 14:25:00 NaN 14:27:00
2 14:26:00 14:28:00 14:28:00

Table 2: Illustrative example of extrapolation (Equation 2) used to estimate missing stop
arrival times at the beginning of a trip.

Stop Sequence Scheduled Matched Interpolated

29 15:23:00 15:25:00 15:25:00
30 15:24:00 NaN 15:26:00

Table 3: Illustrative example of extrapolation (Equation 3) used to estimate missing stop
arrival times at the end of a trip.
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3.6. Finalisation and optimisation
At the end of this procedure, rt2gtfs writes a corrected GTFS bun-

dle containing the services that were matched as operated and their recon-
structed stop-level arrival/departure times. The output preserves the GTFS
structure expected by routing engines, allowing the observed timetable to be
used directly for calculating observed travel times.

Optimisations were implemented in rt2gtfs, with some designed specif-
ically for UK BODS data. First, because a substantial number of vehicle
position records lack valid trip_ids, we sought to maximise the usefulness
of those records that do contain this identifier. In practice, we found that
some trip_ids present in the operational data could not be located in the
corresponding GTFS timetable for the same day. This is likely due to the
bus operators not updating their GTFS timetable data or the trip_id used
in their operation. To address this, we extended the matching process be-
yond the timetable for the observation date to include GTFS feeds from a
specified number of days before and after the target date. As this increases
the computational time required for matching, the number of additional days
included was made configurable in the package. In our experiments, extend-
ing the matching window to seven days before and after the observation date
increased the proportion of matchable vehicle position records by up to 20%
on some days, representing a substantial improvement.

3.7. Outputting matching details and diagnostics
In addition to producing empirically corrected GTFS timetables, rt2gtfs

can generate stop-level matching details and diagnostic outputs that sum-
marise the matching process. These outputs are designed to help users eval-
uate the quality and completeness of the reconstructed timetable before using
it in routing or accessibility analysis.

For stop-level matching details, when enabled through the package con-
figuration, rt2gtfs outputs a table detailing the relationship between sched-
uled stops and matched vehicle positions (Figure 2). This table includes the
straight-line distance between each bus stop and the closest matched vehicle
location, as well as the time difference between the scheduled stop time and
the matched vehicle timestamp. The time difference is reported both as a
signed value, where positive values indicate delay and negative values indi-
cate running ahead of schedule, and as an absolute value. It is important that
users do not assume that this is a precise delay measurement, and therefore
should exercise caution when using these outputs directly for punctuality
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analysis. The matched timestamp represents the time at which a vehicle
location observation was closest to a nearby scheduled stop, rather than an
empirically recorded arrival or departure event at that stop, as outlined in
Section 3.4. Yet, these outputs can provide useful insights on service perfor-
mance and matching plausibility, but they should not be treated as a direct
substitute for validated stop-level arrival or departure records.

Figure 2: Example of the optional matching detail output generated by rt2gtfs. Each row
represents a scheduled stop on a specific bus journey along a specific bus route. The table
reports, from left to right, the scheduled arrival/departure time, stop ID, stop sequence,
matched empirical stop arrival/departure time, distance between the stop and the nearest
matched vehicle location, and the time difference between the scheduled stop time and the
matched timestamp.

rt2gtfs can also generate summary statistics for the matching process.
Not all real-time vehicle location observations can be matched to scheduled
GTFS records. This may occur, for example, when the observed trip_id is
absent from the corresponding timetable feed, or when the vehicle position
falls outside the spatial search radius of candidate stops on the scheduled
trip. In rt2gtfs, this search radius is user-configurable and defaults to 300
metres. The summary statistics include the proportion of real-time vehicle
location observations that can be matched to scheduled GTFS records, as
well as the timetable dates to which real-time observations are matched and
their relative proportions when matching across multiple days is enabled.
The package can also report aggregate delay-related statistics by comparing
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matched vehicle timestamps with the corresponding scheduled stop times.
Figure 3 shows an example of the diagnostic output.

Figure 3: Example of the optional matching diagnostics output generated by rt2gtfs. The
output summarises the performance of the matching process, including the proportion of
real-time vehicle location records that could be matched to scheduled GTFS records, the
timetable dates used for matching when additional archived GTFS feeds from other dates
are considered and their corresponding proportions, and aggregate delay-related statistics
derived from differences between matched vehicle timestamps and scheduled stop times.

Beyond supporting the construction of corrected GTFS timetables, these
outputs can enable a range of additional analyses of public transport oper-
ations. For example, the proportion of real-time observations successfully
matched to scheduled records can be used to assess data completeness and
feed quality across dates, regions, or operators. The distribution of matched
timetable dates can help identify inconsistencies between real-time feeds and
published timetables. Delay-related summaries can also provide indicative
evidence of service reliability, although, as noted above, they should be in-
terpreted with caution when used for punctuality analysis. These outputs
therefore provide both an analytical resource and an important quality con-
trol step. Reporting matching statistics allows users to identify days, regions,
or feeds with poor match quality, assess whether additional timetable dates
should be considered, and evaluate the reliability of the corrected timetable,
etc.

4. Software and data availability

The methodology described in this paper is implemented in the open-
source Python package rt2gtfs. The package is available from GitHub at
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https://github.com/kevinwinsper/rt2gtfs. The repository includes documen-
tation, a tutorial, and example workflows demonstrating how to configure
and run the package. rt2gtfs provides reusable functions for downloading
GTFS and GTFS-RT data, parsing vehicle position feeds, matching obser-
vations to scheduled trips and stops, interpolating missing stop-level times,
and exporting corrected GTFS bundles.

The case studies presented here use data from the UK Bus Open Data
Service (BODS). BODS provides live access to current vehicle location feeds,
but not a historical archive of past vehicle positions. The historical dataset
used in this study was therefore constructed through continuous collection
by the authors. Sample data for running and testing the package are avail-
able through Zenodo at https://doi.org/10.5281/zenodo.19889312. Addi-
tional processed data can be made available where licensing, size, and storage
constraints allow.

5. Case Studies

To demonstrate how the corrected timetable reveals differences between
scheduled and observed accessibility, as well as day-to-day variability over
extended periods, we present a set of case studies using England-wide BODS
data from May to October 2025.

The rt2gtfs package was applied to each day in the study period, pro-
ducing a corrected timetable that was passed to r5py, a Python interface
to the R5 routing engine for fast multimodal routing (Fink et al., 2022).
Bus travel times from each Lower layer Super Output Area (LSOA) 2 to
selected essential services were computed for multiple departure times, and
summarised using their mean and standard deviation to characterise typical
travel time and travel time variability (TTV).

5.1. Case study 1: Within-day travel time and TTV for hospital access
We first analysed within-day travel time and TTV for journeys to hos-

pitals 3. Hourly travel times from 7:00 to 17:00 were calculated from each

2Lower Layer Super Output Areas (LSOAs) are small statistical geographic units used
in England and Wales for reporting census and administrative data, each containing
roughly 1,500 residents.

3The hospitals used were from the Estates Return Information Collection (ERIC) Site
Data for year 2024/25 published by NHS Digital (NHS England Digital, 2024). We used

21

https://github.com/kevinwinsper/rt2gtfs
https://doi.org/10.5281/zenodo.19889312
https://digital.nhs.uk/data-and-information/publications/statistical/estates-returns-information-collection/summary-page-and-dataset-for-eric-2024-25


LSOA to all hospitals, retaining the shortest time in each hour. Scheduled
travel times and TTV for a representative weekday (the second Tuesday of
each month) were used as a benchmark, while observed travel times and TTV
from July to October 2025 were averaged across weekdays. Figure 4 maps the
resulting differences between scheduled and observed average travel time and
TTV. Across the study period, 79.3% of LSOAs experienced longer observed
average travel times than scheduled (79.9% for urban and 76.2% for rural),
while 81.6% exhibited higher observed TTV (86.3% for urban and 57.7% for
rural). Note that here we consider a travel time to be longer if the differ-
ence between observed and scheduled travel time is strictly positive, so even
a small difference of 1 second contributes to this. We report this statistic
only for demonstrative purposes of the type of analysis our work may enable
researchers to do; in policy and operational settings, it is more likely to be
appropriate to only consider differences which are larger (or smaller) than a
given threshold (e.g. a bus may only be considered to be late if the difference
is larger than 60 seconds).

the same selection criteria as the DfT Journey Time Statistics to include only the NHS
‘general’ hospitals. For details: https://www.gov.uk/government/publications/journey-
time-statistics-guidance/journey-time-statistics-notes-and-definitions-2019
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Figure 4: Maps of the differences between scheduled and observed average travel time
and travel time variability (TTV) for journeys from each LSOA in England to the nearest
hospital. Red indicates observed travel time and TTV are higher than scheduled while
blue indicates the opposite. LSOAs shown in grey are unable to reach a hospital by bus
within two hours.

5.2. Case study 2: Day-to-day travel time and TTV for town centre access
We next examined day-to-day travel time variability during the morning

peak. Travel times from each LSOA to nearby town centres 4 were calculated
at one-minute intervals between 08:00 and 10:00 on each weekday across the
study period, producing 120 travel time estimates per origin–destination pair
per day. Minimum, median, and 85th percentile travel times were extracted
for each two-hour window. Day-to-day TTV is defined as the standard devi-
ation of these travel times, while average travel time is their mean. Figure 5
reveals a general positive correlation between TTV and average travel time,

4We used locations of English town centres in 2004 from the DLUHC (Department for
Levelling Up, Housing and Communities) Town Centres and retail planning statistics for
England and Wales.
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with urban areas exhibiting lower values for both metrics, while rural areas
tend to show higher variability and longer travel times. Overall, the distri-
bution highlights the urban-rural divide in accessibility.

Figure 5: Scatterplot of travel time variability (TTV) versus average travel time for
trips from each LSOA in England to the nearby town centre, with points color-coded by
settlement type (urban/rural). Minimum, median, and 85th percentile travel times were
calculated for travel times between 8:00 and 10:00 on each weekday from May to October
2025.

5.3. Case study 3: GP accessibility when accounting for TTV and competi-
tion for resources

Last but not least, we examine access to general practitioner (GP) services
in England using two commonly used accessibility measures: cumulative op-
portunities and the two-step floating catchment area (2SFCA) method (Luo
and Wang, 2003). While cumulative opportunity measures count the num-
ber of services reachable within a given travel-time threshold, 2SFCA further
accounts for the balance between healthcare supply and population demand
within catchment areas.

Observed public transport travel times were calculated from every LSOA
in England to all GP practices, using corrected timetable outputs from the
rt2gtfs package. Travel times were calculated separately for each hourly
departure time from 07:00 to 17:00 on every weekday between May and Oc-
tober 2025. Each departure hour on each weekday was therefore treated as a
separate travel time scenario. For each scenario, the resulting LSOA to GP
travel time matrix was used as the cost input to calculate cumulative oppor-
tunity and 2SFCA accessibility scores using Python package access (Saxon
et al., 2021). For each LSOA, we calculate average accessibility as the mean
accessibility score across all departure hours and weekdays. We also calcu-
late an accessibility variability measure in two stages. We first calculated
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the standard deviation of accessibility scores across departure hours within
each weekday, resulting in a within-day accessibility variability measure for
each weekday. We then averaged these daily standard deviations across all
weekdays to obtain an overall measure of typical accessibility variability.

The results reveal differences in average accessibility and accessibility vari-
ability across settlement types when competition for resources is taken into
account. Figure 6 (right) reveals that urban and rural areas show broadly
similar average levels of GP accessibility when supply and demand are ac-
counted for, but rural areas experience higher variability overall. This sug-
gests that rural populations may be more exposed to and affected by fluctu-
ations in public transport travel times, even when their average accessibility
appears comparable to that of urban areas. This case study therefore il-
lustrates how rt2gtfs can support more nuanced assessments of healthcare
accessibility by linking observed public transport performance with spatial
measures of service provision and population demand.

Figure 6: Comparison of average GP accessibility and accessibility variability across
LSOAs in England using two accessibility measures: cumulative opportunity with a 60-
minute cutoff and 2SFCA accessibility with a 60-minute catchment and step decay. Each
point represents an LSOA, coloured by settlement type, with London LSOAs highlighted
in yellow. The cumulative opportunity measure produces substantially higher accessibility
values in London, reflecting the high density of GP practices, whereas the 2SFCA mea-
sure accounts for supply-demand competition and produces a more realistic distribution.
In both measures, accessibility variability is represented by the standard deviation across
observed travel times across a six-month period.

Our results (Figure 6 - left) also demonstrate that cumulative opportunity
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measures tend to produce high accessibility scores in dense urban areas, par-
ticularly London, where the concentration of GP practices is high. However,
these values may overstate effective access because they do not account for
competition from surrounding populations. In contrast, the 2SFCA method
provides a more realistic estimate of GP accessibility by considering both the
supply of GP services and the population competing for them.

6. Conclusion

This paper has presented rt2gtfs, an open-source Python package for
constructing empirical measures of bus transport travel time and accessibil-
ity and their dynamics using national-scale real-time operational data. By
matching real-time vehicle location feeds with scheduled GTFS timetables,
the package implements a computationally efficient procedure that recon-
structs observed stop-level arrival/departure times and produces a corrected,
routable timetable reflecting how the bus network actually operated. Al-
though the approach involves certain simplifications for efficiency gains, it
produces a reconstructed timetable that is well suited for large-scale acces-
sibility analysis. Applying this framework to half a year of BODS data
for England, we computed travel times from every LSOA to selected es-
sential services and derived measures of travel time variability that reveal
pronounced spatial and temporal inequalities of accessibility and differences
between scheduled and observed accessibility.

While this approach provides a substantial advance over timetable-based
accessibility analysis, it is subject to several important limitations. Firstly,
the analysis focuses exclusively on bus services and does not include other
public transport modes. Although this does not capture the full public trans-
port network, buses represent the most widely available form of public trans-
port across much of the country, particularly in rural and smaller urban areas
where alternative modes are limited. Buses are also generally the most af-
fordable public transport option, and therefore play a central role in shaping
everyday accessibility to a wide range of essential services. Secondly, the
observed travel times reconstructed in this study are retrospective and rep-
resent what would only be achievable if travellers had perfect knowledge of
service delays and disruptions at the time of travel. In reality, travellers
make decisions under uncertainty and incomplete information (often only
paper-based static timetables), meaning that the accessibility calculated us-
ing the corrected timetables produced by rt2gtfs may not necessarily be
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realisable in practice. However, as real-time passenger information systems
become increasingly widespread through mobile applications, on-board an-
nouncements, and digital displays at bus stops, travellers are increasingly
gaining more awareness of accurate and timely travel advice. This trend
suggests that empirically observed travel times like the ones we calculated
are becoming a closer approximation to what informed travellers can actu-
ally experience, particularly in urban areas and on high-frequency routes.
From a planning and policy perspective, our measures therefore provide an
upper bound on achievable accessibility under real-time information, offering
a benchmark against which the performance and reliability of public trans-
port systems can be assessed. Thirdly, not all vehicle position records can
be matched to scheduled trips because of missing trip_id information in the
BODS feed. As a result, some areas may appear to experience poorer ac-
cessibility not because services are genuinely less frequent or reliable, but
because parts of their operations are poorly recorded. While we have no di-
rect control over the quality of BODS data, future work will seek to further
improve matching rates through more sophisticated trip_id interpolation
and inference methods, enabling even more complete and realistic represen-
tations of public transport accessibility. Fourth, the inference of missing
stop-level times introduces uncertainty. The interpolation and extrapolation
procedures assume that delays change smoothly between matched stops, or
remain constant for unmatched stops at the beginning and end of a trip. In
practice, delays may accumulate or dissipate unevenly due to traffic, passen-
ger boarding activity, or driver behaviour. The inferred times should there-
fore be understood as approximations that preserve the temporal structure
of the timetable, rather than exact observations at every stop.

Overall, rt2gtfs provides a computationally efficient and scalable soft-
ware framework for national-level analyses, offering a practical approach for
incorporating real-time data into more reliable and realistic accessibility as-
sessments and providing an improved evidence base for service evaluation
and transport planning.

Acknowledgement

This work was supported by UK Research and Innovation (EP/S022074/1
UKRI Centre for Doctoral Training in Environmental Intelligence: Data Sci-
ence & AI for Sustainable Futures).

27



For the purpose of open access, the author has applied a Creative Com-
mons Attribution (CC BY) licence to any Author Accepted Manuscript ver-
sion arising from this submission.

The authors thank Prof Stewart Barr (University of Exeter) for their
valuable input and insights, which improved this work.

Declaration of generative AI and AI-assisted technologies in the
writing process

During the preparation of this work the authors used ChatGPT by Ope-
nAI and Claude by Anthropic to provide feedback on early drafts and to
support language editing for clarity and readability. After using this tool,
the authors reviewed and edited the content as needed and take full respon-
sibility for the content of the published article.

References

Arbex, R., Cunha, C.B., 2020. Estimating the influence of crowding and
travel time variability on accessibility to jobs in a large public trans-
port network using smart card big data. Journal of Transport Geography
85, 102671. URL: https://www.sciencedirect.com/science/article/
pii/S0966692319300092, doi:10.1016/j.jtrangeo.2020.102671.

Auckland Transport, 2026. Realtime API. URL: https://dev-portal.at.
govt.nz/realtime-api.

Australian Transport Council, 2006. National Guidelines for Transport Sys-
tems Management in Australia, 5: Background Material. Technical Re-
port. Canberra.

Biljecki, F., Chow, Y.S., 2022. Global Building Morphology
Indicators. Computers, Environment and Urban Systems 95,
101809. URL: https://www.sciencedirect.com/science/article/
pii/S0198971522000539, doi:10.1016/j.compenvurbsys.2022.101809.

Bimpou, K., Ferguson, N.S., 2020. Dynamic accessibility: Incorpo-
rating day-to-day travel time reliability into accessibility measure-
ment. Journal of Transport Geography 89, 102892. URL: https://
www.sciencedirect.com/science/article/pii/S0966692320309698,
doi:10.1016/j.jtrangeo.2020.102892.

28

https://www.sciencedirect.com/science/article/pii/S0966692319300092
https://www.sciencedirect.com/science/article/pii/S0966692319300092
http://dx.doi.org/10.1016/j.jtrangeo.2020.102671
https://dev-portal.at.govt.nz/realtime-api
https://dev-portal.at.govt.nz/realtime-api
https://www.sciencedirect.com/science/article/pii/S0198971522000539
https://www.sciencedirect.com/science/article/pii/S0198971522000539
http://dx.doi.org/10.1016/j.compenvurbsys.2022.101809
https://www.sciencedirect.com/science/article/pii/S0966692320309698
https://www.sciencedirect.com/science/article/pii/S0966692320309698
http://dx.doi.org/10.1016/j.jtrangeo.2020.102892


Boeing, G., 2017. OSMnx: New methods for acquiring, construct-
ing, analyzing, and visualizing complex street networks. Comput-
ers, Environment and Urban Systems 65, 126–139. URL: https://
www.sciencedirect.com/science/article/pii/S0198971516303970,
doi:10.1016/j.compenvurbsys.2017.05.004.

Botta, F., 2025. Rail journey cost calculator for Great Britain. Envi-
ronment and Planning B: Urban Analytics and City Science 52, 747–
755. URL: https://doi.org/10.1177/23998083241276569, doi:10.
1177/23998083241276569.

Botta, F., Lovelace, R., Gilbert, L., Turrell, A., 2025. Packaging code
and data for reproducible research: A case study of journey time statis-
tics. Environment and Planning B: Urban Analytics and City Science
52, 1002–1013. URL: https://doi.org/10.1177/23998083241267331,
doi:10.1177/23998083241267331.

Braga, C.K.V., Loureiro, C.F.G., Pereira, R.H.M., 2023. Evaluating the
impact of public transport travel time inaccuracy and variability on socio-
spatial inequalities in accessibility. Journal of Transport Geography 109,
103590. URL: https://www.sciencedirect.com/science/article/
pii/S0966692323000625, doi:10.1016/j.jtrangeo.2023.103590.

Braga, C.K.V., Loureiro, C.F.G., Pereira, R.H.M., 2026. Understanding the
interplay between public transport travel time variability and jobs compe-
tition on accessibility inequalities. Journal of Transport Geography 131,
104526. URL: https://www.sciencedirect.com/science/article/
pii/S096669232500417X, doi:10.1016/j.jtrangeo.2025.104526.

Chen, B.Y., Cheng, X.P., Kwan, M.P., Schwanen, T., 2020. Evaluating
spatial accessibility to healthcare services under travel time uncertainty:
A reliability-based floating catchment area approach. Journal of Trans-
port Geography 87, 102794. URL: https://www.sciencedirect.com/
science/article/pii/S0966692319310440, doi:10.1016/j.jtrangeo.
2020.102794.

Chen, B.Y., Li, Q., Wang, D., Shaw, S.L., Lam, W.H., Yuan,
H., Fang, Z., 2013. Reliable Space–Time Prisms Under Travel
Time Uncertainty. Annals of the Association of American Ge-
ographers 103, 1502–1521. URL: https://doi.org/10.1080/

29

https://www.sciencedirect.com/science/article/pii/S0198971516303970
https://www.sciencedirect.com/science/article/pii/S0198971516303970
http://dx.doi.org/10.1016/j.compenvurbsys.2017.05.004
https://doi.org/10.1177/23998083241276569
http://dx.doi.org/10.1177/23998083241276569
http://dx.doi.org/10.1177/23998083241276569
https://doi.org/10.1177/23998083241267331
http://dx.doi.org/10.1177/23998083241267331
https://www.sciencedirect.com/science/article/pii/S0966692323000625
https://www.sciencedirect.com/science/article/pii/S0966692323000625
http://dx.doi.org/10.1016/j.jtrangeo.2023.103590
https://www.sciencedirect.com/science/article/pii/S096669232500417X
https://www.sciencedirect.com/science/article/pii/S096669232500417X
http://dx.doi.org/10.1016/j.jtrangeo.2025.104526
https://www.sciencedirect.com/science/article/pii/S0966692319310440
https://www.sciencedirect.com/science/article/pii/S0966692319310440
http://dx.doi.org/10.1016/j.jtrangeo.2020.102794
http://dx.doi.org/10.1016/j.jtrangeo.2020.102794
https://doi.org/10.1080/00045608.2013.834236
https://doi.org/10.1080/00045608.2013.834236


00045608.2013.834236, doi:10.1080/00045608.2013.834236. _eprint:
https://doi.org/10.1080/00045608.2013.834236.

Chen, B.Y., Wang, Y., Wang, D., Lam, W.H.K., 2019. Understanding
travel time uncertainty impacts on the equity of individual accessibility.
Transportation Research Part D: Transport and Environment 75, 156–
169. URL: https://www.sciencedirect.com/science/article/pii/
S1361920919304869, doi:10.1016/j.trd.2019.08.027.

Chen, B.Y., Yuan, H., Li, Q., Wang, D., Shaw, S.L., Chen, H.P., Lam,
W.H.K., 2017. Measuring place-based accessibility under travel time uncer-
tainty. International Journal of Geographical Information Science 31, 783–
804. URL: https://doi.org/10.1080/13658816.2016.1238919, doi:10.
1080/13658816.2016.1238919. publisher: Taylor & Francis _eprint:
https://doi.org/10.1080/13658816.2016.1238919.

Chen, H.P., Li, Z.C., Chen, B.Y., 2026. Probabilistic space-time prisms
in road networks with travel time uncertainties. Journal of Trans-
port Geography 131, 104544. URL: https://www.sciencedirect.com/
science/article/pii/S0966692325004351, doi:10.1016/j.jtrangeo.
2025.104544.

Chen, Z., Botta, F., 2025. The geography of inequalities in access
to healthcare across England: the role of bus travel time variability.
Journal of Physics: Complexity 6, 025017. URL: https://dx.doi.
org/10.1088/2632-072X/ade587, doi:10.1088/2632-072X/ade587. pub-
lisher: IOP Publishing.

Chepuri, A., Ba, M., Amrutsamanvar, R., Arkatkar, S., Joshi, G., 2018.
Examining Travel Time Reliability under Mixed Traffic Conditions: A
Case Study of Urban Arterial Roads in Indian cities. Asian Transport
Studies 5, 30–46. doi:10.11175/eastsats.5.30.

Danish, M., Labib, S.M., Ricker, B., Helbich, M., 2025. A citizen science
toolkit to collect human perceptions of urban environments using open
street view images. Computers, Environment and Urban Systems 116,
102207. URL: https://www.sciencedirect.com/science/article/
pii/S0198971524001364, doi:10.1016/j.compenvurbsys.2024.102207.

30

https://doi.org/10.1080/00045608.2013.834236
https://doi.org/10.1080/00045608.2013.834236
http://dx.doi.org/10.1080/00045608.2013.834236
https://www.sciencedirect.com/science/article/pii/S1361920919304869
https://www.sciencedirect.com/science/article/pii/S1361920919304869
http://dx.doi.org/10.1016/j.trd.2019.08.027
https://doi.org/10.1080/13658816.2016.1238919
http://dx.doi.org/10.1080/13658816.2016.1238919
http://dx.doi.org/10.1080/13658816.2016.1238919
https://www.sciencedirect.com/science/article/pii/S0966692325004351
https://www.sciencedirect.com/science/article/pii/S0966692325004351
http://dx.doi.org/10.1016/j.jtrangeo.2025.104544
http://dx.doi.org/10.1016/j.jtrangeo.2025.104544
https://dx.doi.org/10.1088/2632-072X/ade587
https://dx.doi.org/10.1088/2632-072X/ade587
http://dx.doi.org/10.1088/2632-072X/ade587
http://dx.doi.org/10.11175/eastsats.5.30
https://www.sciencedirect.com/science/article/pii/S0198971524001364
https://www.sciencedirect.com/science/article/pii/S0198971524001364
http://dx.doi.org/10.1016/j.compenvurbsys.2024.102207


Department for Transport, 2019. Journey time statistics, notes and
definitions: 2019. Technical Report. URL: https://www.gov.uk/
government/publications/journey-time-statistics-guidance/
journey-time-statistics-notes-and-definitions-2019.

Department for Transport, 2020. Bus Open Data Service. URL: https:
//www.bus-data.dft.gov.uk/.

Department for Transport, 2025. Transport analysis guid-
ance unit A1-3 user and provider impacts. Technical Re-
port. URL: https://www.gov.uk/government/publications/
webtag-tag-unit-a1-3-user-and-provider-impacts-march-2017.

Durán-Hormazábal, E., Tirachini, A., 2016. Estimation of travel time
variability for cars, buses, metro and door-to-door public transport
trips in Santiago, Chile. Research in Transportation Economics 59,
26–39. URL: https://www.sciencedirect.com/science/article/pii/
S0739885915301190, doi:10.1016/j.retrec.2016.06.002.

Eliasson, J., 2009. Forecasting travel time variability.

Farber, S., Morang, M.Z., Widener, M.J., 2014. Temporal variability in
transit-based accessibility to supermarkets. Applied Geography 53, 149–
159. URL: https://www.sciencedirect.com/science/article/pii/
S0143622814001283, doi:10.1016/j.apgeog.2014.06.012.

Farber, S., Páez, A., Mercado, R.G., Roorda, M., Morency, C., 2011.
A time-use investigation of shopping participation in three Canadian
cities: is there evidence of social exclusion? Transportation 38, 17–
44. URL: https://doi.org/10.1007/s11116-010-9282-0, doi:10.1007/
s11116-010-9282-0.

Federal Highway Administration, 2006. Travel Time Reliability: Making It
There on Time, All the time. Technical Report. Texas Transportation
Institute with Cambridge Systematics.

Fink, C., Klumpenhouwer, W., Saraiva, M., Pereira, R., Tenkanen, H., 2022.
r5py: Rapid Realistic Routing with R5 in Python. URL: https://doi.
org/10.5281/zenodo.7060438, doi:10.5281/zenodo.7060438.

31

https://www.gov.uk/government/publications/journey-time-statistics-guidance/journey-time-statistics-notes-and-definitions-2019
https://www.gov.uk/government/publications/journey-time-statistics-guidance/journey-time-statistics-notes-and-definitions-2019
https://www.gov.uk/government/publications/journey-time-statistics-guidance/journey-time-statistics-notes-and-definitions-2019
https://www.bus-data.dft.gov.uk/
https://www.bus-data.dft.gov.uk/
https://www.gov.uk/government/publications/webtag-tag-unit-a1-3-user-and-provider-impacts-march-2017
https://www.gov.uk/government/publications/webtag-tag-unit-a1-3-user-and-provider-impacts-march-2017
https://www.sciencedirect.com/science/article/pii/S0739885915301190
https://www.sciencedirect.com/science/article/pii/S0739885915301190
http://dx.doi.org/10.1016/j.retrec.2016.06.002
https://www.sciencedirect.com/science/article/pii/S0143622814001283
https://www.sciencedirect.com/science/article/pii/S0143622814001283
http://dx.doi.org/10.1016/j.apgeog.2014.06.012
https://doi.org/10.1007/s11116-010-9282-0
http://dx.doi.org/10.1007/s11116-010-9282-0
http://dx.doi.org/10.1007/s11116-010-9282-0
https://doi.org/10.5281/zenodo.7060438
https://doi.org/10.5281/zenodo.7060438
http://dx.doi.org/10.5281/zenodo.7060438


Félix, R., Moura, F., Lovelace, R., 2025. Reproducible methods for
modeling combined public transport and cycling trips and associ-
ated benefits: Evidence from the biclaR tool. Computers, Envi-
ronment and Urban Systems 117, 102230. URL: https://www.
sciencedirect.com/science/article/pii/S0198971524001595,
doi:10.1016/j.compenvurbsys.2024.102230.

General Transit Feed Specification, 2025. Python - General Transit
Feed Specification. URL: https://gtfs.org/documentation/realtime/
language-bindings/python/.

Ito, K., Zhu, Y., Abdelrahman, M., Liang, X., Fan, Z., Hou, Y.,
Zhao, T., Ma, R., Fujiwara, K., Ouyang, J., Quintana, M., Biljecki,
F., 2025. ZenSVI: An open-source software for the integrated acqui-
sition, processing and analysis of street view imagery towards scal-
able urban science. Computers, Environment and Urban Systems 119,
102283. URL: https://www.sciencedirect.com/science/article/
pii/S0198971525000365, doi:10.1016/j.compenvurbsys.2025.102283.

Javanmard, R., Liu, L., Long, J.A., Lee, J., 2025. Using Re-
altime GTFS to generate easy-to-use transit accessibility measures
under travel time uncertainty. Travel Behaviour and Society 41,
101054. URL: https://www.sciencedirect.com/science/article/
pii/S2214367X25000729, doi:10.1016/j.tbs.2025.101054.

Jiao, J., Dillivan, M., 2013. Transit Deserts: The Gap between Demand
and Supply. Journal of Public Transportation 16. URL: https://
digitalcommons.usf.edu/jpt/vol16/iss3/2, doi:http://doi.org/10.
5038/2375-0901.16.3.2.

Langford, M., Higgs, G., Fry, R., 2016. Multi-modal two-step floating catch-
ment area analysis of primary health care accessibility. Health & Place 38,
70–81. URL: https://www.sciencedirect.com/science/article/pii/
S1353829216000022, doi:10.1016/j.healthplace.2015.11.007.

Lee, J., Kim, J., 2023. Social equity analysis of public transit ac-
cessibility to healthcare might be erroneous when travel time uncer-
tainty impacts are overlooked. Travel Behaviour and Society 32,
100588. URL: https://www.sciencedirect.com/science/article/
pii/S2214367X2300039X, doi:10.1016/j.tbs.2023.100588.

32

https://www.sciencedirect.com/science/article/pii/S0198971524001595
https://www.sciencedirect.com/science/article/pii/S0198971524001595
http://dx.doi.org/10.1016/j.compenvurbsys.2024.102230
https://gtfs.org/documentation/realtime/language-bindings/python/
https://gtfs.org/documentation/realtime/language-bindings/python/
https://www.sciencedirect.com/science/article/pii/S0198971525000365
https://www.sciencedirect.com/science/article/pii/S0198971525000365
http://dx.doi.org/10.1016/j.compenvurbsys.2025.102283
https://www.sciencedirect.com/science/article/pii/S2214367X25000729
https://www.sciencedirect.com/science/article/pii/S2214367X25000729
http://dx.doi.org/10.1016/j.tbs.2025.101054
https://digitalcommons.usf.edu/jpt/vol16/iss3/2
https://digitalcommons.usf.edu/jpt/vol16/iss3/2
http://dx.doi.org/http://doi.org/10.5038/2375-0901.16.3.2
http://dx.doi.org/http://doi.org/10.5038/2375-0901.16.3.2
https://www.sciencedirect.com/science/article/pii/S1353829216000022
https://www.sciencedirect.com/science/article/pii/S1353829216000022
http://dx.doi.org/10.1016/j.healthplace.2015.11.007
https://www.sciencedirect.com/science/article/pii/S2214367X2300039X
https://www.sciencedirect.com/science/article/pii/S2214367X2300039X
http://dx.doi.org/10.1016/j.tbs.2023.100588


Liu, L., Porr, A., Miller, H.J., 2023. Realizable accessibility: evaluating
the reliability of public transit accessibility using high-resolution real-time
data. Journal of Geographical Systems 25, 429–451. URL: https://doi.
org/10.1007/s10109-022-00382-w, doi:10.1007/s10109-022-00382-w.

Lucas, K., 2012. Transport and social exclusion: Where are we
now? Transport Policy 20, 105–113. URL: https://www.
sciencedirect.com/science/article/pii/S0967070X12000145,
doi:10.1016/j.tranpol.2012.01.013.

Luo, W., Wang, F., 2003. Measures of Spatial Accessibility to Health Care in
a GIS Environment: Synthesis and a Case Study in the Chicago Region.
Environment and Planning B: Planning and Design 30, 865–884. URL:
https://doi.org/10.1068/b29120, doi:10.1068/b29120.

Ma, Z., Ferreira, L., Mesbah, M., Zhu, S., 2016. Modeling distributions of
travel time variability for bus operations. Journal of Advanced Transporta-
tion 50, 6–24. URL: https://onlinelibrary.wiley.com/doi/abs/10.
1002/atr.1314, doi:10.1002/atr.1314.

Mahajan, S., 2024. greenR: An open-source framework for quantifying
urban greenness. Ecological Indicators 163, 112108. URL: https://
www.sciencedirect.com/science/article/pii/S1470160X2400565X,
doi:10.1016/j.ecolind.2024.112108.

May, A., Bonsall, P., Marler, N., 1989. Travel Time Variability of a Group
of Car Commuters in North London. Working Paper Working Paper 277.
Leeds. Leeds, UK. URL: https://eprints.whiterose.ac.uk/2280/.

Mazloumi, E., Currie, G., Rose, G., 2010. Using GPS Data to Gain Insight
into Public Transport Travel Time Variability. Journal of Transporta-
tion Engineering 136, 623–631. URL: https://ascelibrary.org/doi/
abs/10.1061/%28ASCE%29TE.1943-5436.0000126, doi:10.1061/(ASCE)
TE.1943-5436.0000126.

Morgan, M., 2023. UK2GTFS: Converts UK transport timetable datasets to
GTFS format URL: https://github.com/itsleeds/uk2gtfs.

NHS England Digital, 2024. Estates Returns Information Collection. URL:
https://digital.nhs.uk/data-and-information/publications/
statistical/estates-returns-information-collection.

33

https://doi.org/10.1007/s10109-022-00382-w
https://doi.org/10.1007/s10109-022-00382-w
http://dx.doi.org/10.1007/s10109-022-00382-w
https://www.sciencedirect.com/science/article/pii/S0967070X12000145
https://www.sciencedirect.com/science/article/pii/S0967070X12000145
http://dx.doi.org/10.1016/j.tranpol.2012.01.013
https://doi.org/10.1068/b29120
http://dx.doi.org/10.1068/b29120
https://onlinelibrary.wiley.com/doi/abs/10.1002/atr.1314
https://onlinelibrary.wiley.com/doi/abs/10.1002/atr.1314
http://dx.doi.org/10.1002/atr.1314
https://www.sciencedirect.com/science/article/pii/S1470160X2400565X
https://www.sciencedirect.com/science/article/pii/S1470160X2400565X
http://dx.doi.org/10.1016/j.ecolind.2024.112108
https://eprints.whiterose.ac.uk/2280/
https://ascelibrary.org/doi/abs/10.1061/%28ASCE%29TE.1943-5436.0000126
https://ascelibrary.org/doi/abs/10.1061/%28ASCE%29TE.1943-5436.0000126
http://dx.doi.org/10.1061/(ASCE)TE.1943-5436.0000126
http://dx.doi.org/10.1061/(ASCE)TE.1943-5436.0000126
https://github.com/itsleeds/uk2gtfs
https://digital.nhs.uk/data-and-information/publications/statistical/estates-returns-information-collection
https://digital.nhs.uk/data-and-information/publications/statistical/estates-returns-information-collection


Nicholson, A., Schmöcker, J.D., Bell, M.G.H., Iida, Y., 2003. Assessing
Transport Reliability: Malevolence and User Knowledge, in: Bell, M.G.H.,
Iida, Y. (Eds.), The Network Reliability of Transport: Proceedings of the
1st International Symposium on Transportation Network Reliability (IN-
STR). Emerald Group Publishing Limited, p. 0. URL: https://doi.org/
10.1108/9781786359544-001, doi:10.1108/9781786359544-001.

Noland, R.B., Polak, J.W., 2002. Travel time variability: A re-
view of theoretical and empirical issues. Transport Reviews 22, 39–
54. URL: https://doi.org/10.1080/01441640010022456, doi:10.1080/
01441640010022456.

Noland, R.B., Small, K.A., Koskenoja, P.M., Chu, X., 1998. Simulat-
ing travel reliability. Regional Science and Urban Economics 28, 535–
564. URL: https://www.sciencedirect.com/science/article/pii/
S016604629800009X, doi:10.1016/S0166-0462(98)00009-X.

Open Innovations, 2024. Transport accessibility in 2024 –
How did we get here? | Open Innovations. Techni-
cal Report. URL: https://open-innovations.org/blog/
2024-10-29-transport-accessibility-in-2024-part-1.

Open Innovations, 2025. Tracking the buses | Open Innova-
tions. Technical Report. URL: https://open-innovations.org/blog/
2025-01-15-tracking-the-buses.

Owen, A., Levinson, D.M., 2015. Modeling the commute mode share
of transit using continuous accessibility to jobs. Transportation Re-
search Part A: Policy and Practice 74, 110–122. URL: https://
www.sciencedirect.com/science/article/pii/S0965856415000191,
doi:10.1016/j.tra.2015.02.002.

Pereira, R.H.M., Herszenhut, D., 2025. accessibility: Transport Accessi-
bility Measures. URL: https://github.com/ipeaGIT/accessibility.
original-date: 2022-05-31T17:54:29Z.

Pereira, R.H.M., Saraiva, M., Herszenhut, D., Braga, C.K.V., Conway, M.W.,
2021. r5r: Rapid Realistic Routing on Multimodal Transport Networks
with R5 in R. Findings URL: https://findingspress.org/article/

34

https://doi.org/10.1108/9781786359544-001
https://doi.org/10.1108/9781786359544-001
http://dx.doi.org/10.1108/9781786359544-001
https://doi.org/10.1080/01441640010022456
http://dx.doi.org/10.1080/01441640010022456
http://dx.doi.org/10.1080/01441640010022456
https://www.sciencedirect.com/science/article/pii/S016604629800009X
https://www.sciencedirect.com/science/article/pii/S016604629800009X
http://dx.doi.org/10.1016/S0166-0462(98)00009-X
https://open-innovations.org/blog/2024-10-29-transport-accessibility-in-2024-part-1
https://open-innovations.org/blog/2024-10-29-transport-accessibility-in-2024-part-1
https://open-innovations.org/blog/2025-01-15-tracking-the-buses
https://open-innovations.org/blog/2025-01-15-tracking-the-buses
https://www.sciencedirect.com/science/article/pii/S0965856415000191
https://www.sciencedirect.com/science/article/pii/S0965856415000191
http://dx.doi.org/10.1016/j.tra.2015.02.002
https://github.com/ipeaGIT/accessibility
https://findingspress.org/article/21262-r5r-rapid-realistic-routing-on-multimodal-transport-networks-with-r-5-in-r
https://findingspress.org/article/21262-r5r-rapid-realistic-routing-on-multimodal-transport-networks-with-r-5-in-r


21262-r5r-rapid-realistic-routing-on-multimodal-transport-networks-with-r-5-in-r,
doi:10.32866/001c.21262.

Pu, W., 2011. Analytic Relationships between Travel Time Relia-
bility Measures. Transportation Research Record 2254, 122–130.
URL: https://journals.sagepub.com/doi/abs/10.3141/2254-13,
doi:10.3141/2254-13.

Rahman, M.M., Wirasinghe, S.C., Kattan, L., 2018. Analysis of bus
travel time distributions for varying horizons and real-time applica-
tions. Transportation Research Part C: Emerging Technologies 86, 453–
466. URL: https://www.sciencedirect.com/science/article/pii/
S0968090X17303522, doi:10.1016/j.trc.2017.11.023.

Sato, Y., 2026. City2Graph: Transform geospatial relations into graphs for
spatial analysis and Graph Neural Networks. URL: https://github.com/
c2g-dev/city2graph. original-date: 2025-01-17T16:13:41Z.

Saxon, J., Koschinsky, J., Acosta, K., Anguiano, V., Anselin, L., Rey, S.,
2021. An Open Software Environment to Make Spatial Access Metrics
More Accessible. doi:10.13140/RG.2.2.12396.28807.

Sevtsuk, A., Alhassan, A., 2025. Madina Python package: Scalable
urban network analysis for modeling pedestrian and bicycle trips in
cities. Journal of Transport Geography 123, 104130. URL: https://
www.sciencedirect.com/science/article/pii/S0966692325000213,
doi:10.1016/j.jtrangeo.2025.104130.

Stanley, J.K., Hensher, D.A., Stanley, J.R., 2022. Place-based disad-
vantage, social exclusion and the value of mobility. Transportation
Research Part A: Policy and Practice 160, 101–113. URL: https://
www.sciencedirect.com/science/article/pii/S0965856422000933,
doi:10.1016/j.tra.2022.04.005.

Taylor, M.A., 2013. Travel through time: the story of re-
search on travel time reliability. Transportmetrica B: Trans-
port Dynamics 1, 174–194. URL: https://doi.org/10.1080/
21680566.2013.859107, doi:10.1080/21680566.2013.859107. _eprint:
https://doi.org/10.1080/21680566.2013.859107.

35

https://findingspress.org/article/21262-r5r-rapid-realistic-routing-on-multimodal-transport-networks-with-r-5-in-r
https://findingspress.org/article/21262-r5r-rapid-realistic-routing-on-multimodal-transport-networks-with-r-5-in-r
http://dx.doi.org/10.32866/001c.21262
https://journals.sagepub.com/doi/abs/10.3141/2254-13
http://dx.doi.org/10.3141/2254-13
https://www.sciencedirect.com/science/article/pii/S0968090X17303522
https://www.sciencedirect.com/science/article/pii/S0968090X17303522
http://dx.doi.org/10.1016/j.trc.2017.11.023
https://github.com/c2g-dev/city2graph
https://github.com/c2g-dev/city2graph
http://dx.doi.org/10.13140/RG.2.2.12396.28807
https://www.sciencedirect.com/science/article/pii/S0966692325000213
https://www.sciencedirect.com/science/article/pii/S0966692325000213
http://dx.doi.org/10.1016/j.jtrangeo.2025.104130
https://www.sciencedirect.com/science/article/pii/S0965856422000933
https://www.sciencedirect.com/science/article/pii/S0965856422000933
http://dx.doi.org/10.1016/j.tra.2022.04.005
https://doi.org/10.1080/21680566.2013.859107
https://doi.org/10.1080/21680566.2013.859107
http://dx.doi.org/10.1080/21680566.2013.859107


Verduzco Torres, J.R., McArthur, D.P., 2024. Public transport acces-
sibility indicators to urban and regional services in Great Britain.
Scientific Data 11, 53. URL: https://www.nature.com/articles/
s41597-023-02890-w, doi:10.1038/s41597-023-02890-w. publisher:
Nature Publishing Group.

Wachs, M., Kumagai, T.G., 1973. Physical accessibility as a social indica-
tor. Socio-Economic Planning Sciences 7, 437–456. URL: https://www.
sciencedirect.com/science/article/pii/0038012173900414, doi:10.
1016/0038-0121(73)90041-4.

Webb, L., Higgs, G., Langford, M., Berry, R., 2025. Evaluating Real-Time
and Scheduled Public Transport Data: Challenges and Opportunities.
ISPRS International Journal of Geo-Information 14, 243. URL: https:
//www.mdpi.com/2220-9964/14/7/243, doi:10.3390/ijgi14070243.

Weiss, D.J., Nelson, A., Gibson, H.S., Temperley, W., Peedell, S., Lieber, A.,
Hancher, M., Poyart, E., Belchior, S., Fullman, N., Mappin, B., Dalrymple,
U., Rozier, J., Lucas, T.C.D., Howes, R.E., Tusting, L.S., Kang, S.Y.,
Cameron, E., Bisanzio, D., Battle, K.E., Bhatt, S., Gething, P.W., 2018.
A global map of travel time to cities to assess inequalities in accessibility in
2015. Nature 553, 333–336. URL: https://www.nature.com/articles/
nature25181, doi:10.1038/nature25181.

Weiss, D.J., Nelson, A., Vargas-Ruiz, C.A., Gligorić, K., Bavadekar, S.,
Gabrilovich, E., Bertozzi-Villa, A., Rozier, J., Gibson, H.S., Shekel, T.,
Kamath, C., Lieber, A., Schulman, K., Shao, Y., Qarkaxhija, V., Nandi,
A.K., Keddie, S.H., Rumisha, S., Amratia, P., Arambepola, R., Chest-
nutt, E.G., Millar, J.J., Symons, T.L., Cameron, E., Battle, K.E., Bhatt,
S., Gething, P.W., 2020. Global maps of travel time to healthcare facil-
ities. Nature Medicine 26, 1835–1838. URL: https://www.nature.com/
articles/s41591-020-1059-1, doi:10.1038/s41591-020-1059-1.

Wessel, N., Allen, J., Farber, S., 2017. Constructing a routable
retrospective transit timetable from a real-time vehicle location
feed and GTFS. Journal of Transport Geography 62, 92–
97. URL: https://www.sciencedirect.com/science/article/pii/
S0966692317300388, doi:10.1016/j.jtrangeo.2017.04.012.

36

https://www.nature.com/articles/s41597-023-02890-w
https://www.nature.com/articles/s41597-023-02890-w
http://dx.doi.org/10.1038/s41597-023-02890-w
https://www.sciencedirect.com/science/article/pii/0038012173900414
https://www.sciencedirect.com/science/article/pii/0038012173900414
http://dx.doi.org/10.1016/0038-0121(73)90041-4
http://dx.doi.org/10.1016/0038-0121(73)90041-4
https://www.mdpi.com/2220-9964/14/7/243
https://www.mdpi.com/2220-9964/14/7/243
http://dx.doi.org/10.3390/ijgi14070243
https://www.nature.com/articles/nature25181
https://www.nature.com/articles/nature25181
http://dx.doi.org/10.1038/nature25181
https://www.nature.com/articles/s41591-020-1059-1
https://www.nature.com/articles/s41591-020-1059-1
http://dx.doi.org/10.1038/s41591-020-1059-1
https://www.sciencedirect.com/science/article/pii/S0966692317300388
https://www.sciencedirect.com/science/article/pii/S0966692317300388
http://dx.doi.org/10.1016/j.jtrangeo.2017.04.012


Wessel, N., Farber, S., 2019. On the accuracy of schedule-based GTFS for
measuring accessibility. Journal of Transport and Land Use 12. URL:
https://www.jtlu.org/index.php/jtlu/article/view/1502, doi:10.
5198/jtlu.2019.1502.

Ye, P., Ye, Z., Xia, J., Zhong, L., Zhang, M., Lv, L., Tu, W., Yue, Y., Li, Q.,
2024. National-scale 1-km maps of hospital travel time and hospital accessi-
bility in China. Scientific Data 11, 1130. URL: https://www.nature.com/
articles/s41597-024-03981-y, doi:10.1038/s41597-024-03981-y.

37

https://www.jtlu.org/index.php/jtlu/article/view/1502
http://dx.doi.org/10.5198/jtlu.2019.1502
http://dx.doi.org/10.5198/jtlu.2019.1502
https://www.nature.com/articles/s41597-024-03981-y
https://www.nature.com/articles/s41597-024-03981-y
http://dx.doi.org/10.1038/s41597-024-03981-y

	Introduction
	Background
	The definition of travel time variability
	Incorporating real-time data in travel time and accessibility calculation

	Methodology
	Data collection
	Data preparation
	Matching vehicle locations to stops
	Inferring empirical stop times
	Interpolating missing stop times
	Finalisation and optimisation
	Outputting matching details and diagnostics

	Software and data availability
	Case Studies
	Case study 1: Within-day travel time and TTV for hospital access
	Case study 2: Day-to-day travel time and TTV for town centre access
	Case study 3: GP accessibility when accounting for TTV and competition for resources

	Conclusion

