Journal of Transport Geography 75 (2019) 8–24

Contents lists available at ScienceDirect

Journal of Transport Geography
journal homepage: www.elsevier.com/locate/jtrangeo

The impact of temporal resolution on public transport accessibility
measurement: Review and case study in Poland

T

Marcin Stępniaka, , John P. Pritchardb, Karst T. Geursc, Sławomir Goliszekd
⁎

a

tGIS, Department of Geography, Complutense University of Madrid, C/ Profesor Aranguren, s/n, Ciudad Universitaria, 28040 Madrid, Spain
Centre for Transport Studies, University of Twente, PO Box 217, 7500 AE, Enschede, the Netherlands
c
Centre for Transport Studies, University of Twente, PO Box 217, 7500 AE Enschede, the Netherlands
d
Institute of Geography and Spatial Organization, Polish Academy of Sciences, ul. Twarda 51/55, 00-818 Warsaw, Poland
b

ARTICLE INFO

ABSTRACT

Keywords:
Accessibility
Travel time
Temporal resolution
Public transport
GTFS

In recent years there has been a significant increase of temporally variable analyses of accessibility by public
transport as a result of the increased availability of open and standardized time table information in the form of
GTFS (General Transit Feed Specification) data. To date, very little attention has been paid to systematically
analyze the impact of temporal resolutions on the results. Different authors have applied different standards,
often in an ad-hoc manner. In this study, we address the loss of precision associated with a stepwise reduction of
the temporal resolution of travel time estimations based on GTFS data for the city of Szczecin in Poland. The
paper aims to provide guidance to researchers and practitioners on the selection of appropriate temporal resolutions in accessibility studies. We test four sampling methods in order to analyze four different public
transport frequency scenarios, three types of accessibility measures (travel time to the nearest provider, cumulative opportunities measure and potential accessibility) and seven types of destinations ranging from high to
low centrality. Additionally, the impact on spatial disparities is explored using the Gini coefficient.
We find that a reduction of temporal resolution is associated with a decrease in precision of public transport
accessibility measurement. However, with up to 5-min resolutions this reduction is negligible, while computational time is reduced fivefold, compared to a 1-min resolution benchmark. Lower temporal resolutions still
provide relatively precise estimations of travel times and accessibility measures. However, further resolution
reductions are associated with decreasing reductions of computational time. As a result, we argue that 15-min
temporal resolution provides a good balance between precision and computational time while providing very
precise estimations of Gini coefficients (errors ≤0.001).
A non-linear relationship is found between the public transport frequency and the loss of precision, with
lower frequencies leading to a greater loss in precision. More attention should be paid to highly centralized
services, in particular when analyzed using proximity and cumulative opportunities measures. Finally, the cumulative opportunities measure is found to be highly sensitive to changes in the temporal resolution and not
suited for time-sensitive accessibility analysis.

1. Introduction

transport. As Kwan (2013) explains, estimating public transport accessibility that only properly accounts for proximity is insufficient because even if an individual lives right next to a bus stop, the accessibility it provides also depends on other factors including the frequency
of service and the routing scheme. The emergence of new data sources
has enabled researchers and practitioners to overcome this obstacle by
better incorporating the temporal dimension through the use of detailed, schedule-based travel time information, e.g. in the form of
General Transit Feed Specification (GTFS) datasets.

In recent years the increasing availability of more detailed and
disaggregated data has aligned with a growing concern for considering
time-space constraints in accessibility to provide new methods and
measures for accessibility analysis. The methods and data currently
used in the state of the practice are likely overestimating accessibility
by not accurately considering the temporal dimension of accessibility.
This is particularly problematic when estimating accessibility by public
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There is a growing body of literature taking advantage of this kind
of data to investigate the temporal variability of accessibility to different types of opportunities including jobs (e.g. Boisjoly and ElGeneidy, 2016; Fayyaz et al., 2017a, 2017b; Owen and Levinson,
2015), supermarkets and grocery stores (e.g. Farber et al., 2014; Järv
et al., 2018), libraries (e.g. Salonen and Toivonen, 2013).It has also
been used to identify public transport gaps (e.g. Fransen et al., 2015)
and to confront travel times calculated using schedule-based versus
real-time vehicle location data (Tomasiello et al., 2019; Wessel et al.,
2017). However, incorporating this type of data comes at a temporal
and computational cost due to the increased complexity. Thus, it is
important to investigate whether the results and conclusions being
drawn at high temporal resolutions are actually different than those
that would be drawn in more simplified accessibility models (Boisjoly
and El-Geneidy, 2016). Additionally, although Kaza (2015) advocated
for systematic studies in order to define a temporal resolution which
provides the best trade-off between the cost (i.e. computational time)
and the reliability of the results, this call has not yet been addressed in
the literature.
In response to the above mentioned challenges, the overarching
theme of this paper is to explore the added value of incorporating a
more nuanced temporal dimension to accessibility analysis. Temporal
resolution differs from temporal variability in that the latter is related
to the fluctuation of values in time (peak vs peak-off hours, weekdays vs
weekends etc.), while the former might be considered as a temporal
counterpart of the spatial modifiable areal unit problem (MAUP). Just
as the MAUP can be understood to be the result of two dimensions
(namely zoning and scale), the impact of temporal resolution can be
understood to be the result of the interaction between two dimensions:
the sampling strategy and the sampling frequency. While Owen and
Murphy (2018) have recently extensively analyzed the associated impacts of sampling strategies on accessibility analysis, here we focus on
the sampling frequency. More specifically, the paper addresses the loss
of precision that accompanies a stepwise reduction of the temporal
resolution of travel time estimations. The goal is to provide some guidance to other practitioners and researchers regarding the selection of
appropriate temporal resolutions in future studies.
The impact of temporal resolution on GTFS-based accessibility results are likely to vary depending on how travel time is considered in
the analysis. We have identified three commonly used approaches in
the literature. In most of the studies, the level of accessibility is based
on travel time measurement, regardless of the specific type of accessibility indicator being used: proximity (e.g. Curl et al., 2015; Ferencsik
et al., 2015), cumulative (e.g. Apparicio et al., 2007; Boisjoly and ElGeneidy, 2016; Deboosere and El-Geneidy, 2018; Kaza, 2015) or potential accessibility measure (Luo and Wang, 2003; Scott and Horner,
2008). Other studies use travel time directly as an indicator (or one of
indicators). For example, Farber et al. (2016) and Farber and Fu (2017)
use travel time to construct a three dimensional array which describes
spatiotemporal signatures of public transport service in a given region.
Finally, one of the common approach is to investigate disparities in
accessibility level applying the Gini coefficient (Järv et al., 2018;
Neutens et al., 2010; Stępniak and Goliszek, 2017; van Wee and Geurs,
2011).
Using these three different applications of travel time measurements
in GTFS-based accessibility analysis, we organize the paper around the
following research questions. How does decreasing temporal resolution
impact the precision of travel time estimation? Secondly, to what extent
does decreasing temporal resolution influence the results of accessibility analysis? And finally, to what extent does the decrease of temporal resolution distort conclusions derived from accessibility analysis?
We hypothesize that these impacts are likely to be dependent on the
selected measure, the frequency of public transport and the distribution
of the destinations (i.e. opportunities). Thus, this paper compares different well-known accessibility measures (i.e. travel-time-to-the-closestfacility, cumulative opportunities, and potential accessibility) with

different temporal parameter settings. Accessibility to different types of
public services (with varying degrees of centrality) and to population
(as a general proxy of human activities) are tested in the selected case
study city of Szczecin, Poland. Finally, we examine scenarios with differing frequency and spatial coverage of public transport service.
The remainder of the paper is structured as follows. First, we briefly
review the literature on the temporal dimension of accessibility
(Section 2) in order to provide the necessary context as to how the
concepts are being defined and used in the current analysis. This is
followed by a description of the applied data and methods (Section 3)
and the results (Section 4). Then, we present the implications of selecting different temporal resolutions and the final conclusions (Section
5). Lastly, it is worth mentioning that in the spirit of free and open
exchange of ideas all of the data and scripts used for the analysis are
being shared and are freely available (Stepniak et al., 2019).1
2. The temporal dimension of accessibility – literature review
Accessibility is of key importance as it enables participation in a
range of activities which are crucial factors for well-being and fullfledged citizenship (Martens and Golub, 2012). It is a widely used
concept in transport, geography, and urban studies and has therefore
been defined and operationalized in many different ways. This section
reviews accessibility studies focusing on the temporal dimension of
accessibility. We do not aim to provide a general review of accessibility
as there are already several extensive reviews on measuring accessibility (e.g. Geurs and van Wee, 2004; Handy and Niemeier, 1997;
Harris, 2001; Koenig, 1980) and more recently its applications in the
planning practice (e.g. Boisjoly and El-Geneidy, 2017; Papa et al.,
2016).
One of the earliest and most influential definitions of accessibility
can be found in Hansen (1959), who defined accessibility as the potential of opportunities for interaction. It has since remained a constant
within the policy and research domains. In other early discussions
Koenig (1980) clearly presented the common sense notion behind the
concept. Accessibility associates two core aspects of trip-making satisfaction: reaching desired opportunities and the level of service of the
available transport during the trip itself. In other words, how easily can
potential locations be reached, constrained by the available transport
infrastructure. Similarly, Vickerman (1974) combined characteristics of
land use and transport system when defining accessibility, as he focused
on number of opportunities that can be reached within a given travel
time (or cost). Further, Handy and Niemeier (1997) placed travel cost
(together with destination choice) as a key area of interest in accessibility studies and identified time spent on travel as the main restriction
of accessibility. A different approach was presented by M.-P. Kwan
(1998) who distinguished place-based and personal accessibility, focusing on the latter and adding an individual perspective to accessibility research. All these approaches were grouped together by Geurs
and van Wee (2004, 128) who then defined accessibility as the extent to
which land use and transport systems enable (groups of) individuals or goods
to reach activities (or destinations) by means of (a) transport mode(s).
Using this definition as a point of the departure, they identified four socalled components of accessibility, namely: (1) land use (distribution of
origin and destinations and their characteristics), (2) transport (transport system), (3) temporal and (4) individual components. For the
analysis being presented in this article we limit our scope to the interrelation between the transport and temporal components, as we
focus on temporal changes in the performance of the public transport
system. Finally, it should be noted that a review of the literature clearly
shows that different measures have been used by authors making the
term ‘accessibility measurement’ relatively vague. As a result, Geurs
1
Data and scripts used for our study are available here: http://dx.doi.org/10.
18150/repod.7727991.
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Table 1
Temporal resolution in accessibility by public transport studies.
Study

Approach to travel time
measurement

Departure time/temporal
resolution

Time range

El-Geneidy et al. (2016)

Single departure time

7 am

–

Guthrie et al. (2017)

7 am

–

Widener et al. (2015)

5 pm

–

9 am (rush hour)
8 pm (mid evening)

–

Kerkman et al. (2017)

8:00, 8:07, 8:18 AM

–

Salonen and Toivonen
(2013)

4 departure times

–

1-hour

1 day

Jäppinen et al., (2013)

Boisjoly and El-Geneidy
(2016)

Several departure times

Temporal resolution

El-Geneidy et al. (2015)

1 day

Legrain et al. (2016)

1 day

Stępniak and Goliszek
(2017)
Järv et al. (2018)

15-min

1 day

12-min

1 day

Fayyaz et al. (2017)

10-min

4 am –
10 pm

Kaza (2015)
Fayyaz et al. (2017)
Fransen et al. (2015)

6 am –
11 pm
5 am – 8 pm
6-9 am
11 am-2 pm

5-min

Karner (2018)
Farber and Fu (2017)
Farber et al. (2014)

7–9 am
1-min

1 day
6 am –
10 pm
1 day

Farber et al. (2016)
Owen and Levinson (2015)
Owen and Murphy (2018)

Several resolutions (1- to
30-min)

and van Wee (2004) classified accessibility measures into a four
typologies: (1) infrastructure based, (2) person based, (3) utility based
and (4) location based, each with multiple types of indicators. Moreover, Páez et al. (2012) showed that accessibility measures can be implemented from normative (i.e. prescriptive) or positive (i.e. descriptive) perspective.
Location based measures seem to be the most relevant from the
perspective of accessibility to public services, as they describe the level
of accessibility to spatially distributed activities (they have been previously referred to as activity-based, cf. Geurs and Ritsema van Eck,
2001). Even while limiting the scope to location-based measures, many

1 day
7–9 am

Details
accessibility;
• Job
on cost of trip (transit fare modelled)
• Focus
accessibility evaluation (service extension)
• Ex-ante
to job vacancies
• Accessibility
and El-Geneidy (2016) findings as justification of selection of
• Boisjoly
single departure time
to supermarkets;
• Accessibility
from work;
• Departure
schedule
• Monday
aggregated travel times (focus on differences of departure
• Not
times)
change due to integration of public transport with bike
• Accessibility
sharing system
travel time
• Mean
on spatial interaction models;
• Focus
travel time
• Mean
departure time during peak hours, and two during peak-off hours
• Two
to public libraries
• Accessibility
into five periods: 6 am, 7 am, 8 am (single departure
• Aggregated
times), 9 am-12 pm and 12 pm-5 am (mean travel time)
time estimated for departures at the top of the hour
• Travel
to jobs
• Accessibility
5-6 am, 6-7 am, 7-8 am, 8-9 am (single departure times)
• Periods:
9 am – Noon (mean travel time)
time estimated for departures at the top of the hour
• Travel
to jobs
• Accessibility
into two periods: peak (6-9 am) and peak-off (9 am –
• Aggregated
5 am)
to jobs
• Accessibility
accessibility (population as a proxy of attractiveness);
• Potential
variability of accessibility
• Temporal
temporal resolution (irregular resolution): departure times
• Quasi
selected according to Golomb ruler
temporality of three components: people, transport and
• Dynamic
activities
accessibility
• Food
of interval: the minimum headway in the study work:
• Justification
15 min
method: weighted average travel time
• Aggregation
to jobs
• Accessibility
of temporal resolution – based on high (0.95) correlation
• Selection
with benchmark (1-min resolution)
of algorithm which calculates shortest path
• Evaluation
on public transport gaps
• Focus
to selected public services and jobs
• Accessibility
peak hours (6–9 am, weekday), peak-off hours (11 am-2 pm,
• Periods:
weekday) and weekend (11 am-2 pm)
temporal resolution (irregular resolution): departure times
• Quasi
randomly selected for each of 24 5-min periods)
to jobs
• Accessibility
to jobs
• Accessibility
to supermarkets
• Accessibility
of time with travel time within a threshold
• Share
moving average
• 1-h-long
of relation between travel demand and travel supply
• Analysis
accessibility to jobs
• Continuous
of the impact of selected sampling method on the results
• Evaluation
of accessibility evaluation

alternatives remain. Each captures different dimensions of the accessibility experience of individuals (Kwan, 1998) and the selection of a
given measure depends, among other things, on the type of service
involved (Talen and Anselin, 1998). Despite several existing comprehensive reviews on accessibility measures (e.g. Geurs and van Wee,
2004; Guagliardo, 2004; Neutens, 2015), it is still seen as a prospective
research direction (Geurs et al., 2015) due to, among other things, the
above mentioned ambiguity. Moreover, there is not a ‘first-choice’ accessibility measure, as all have advantages and disadvantages
(Baradaran and Ramjerdi, 2001).
In a more recent study, Papa et al. (2016) proposed six categories of
10
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accessibility measures. Three of which are directly related to locationbased (geographical measures), as defined by Geurs and van Wee
(2004) and which are the most commonly applied measures to analyze
accessibility to public services:

El-Geneidy, 2016). It should be noted however, that in the latter study
the correlation is calculated between a single measurement, and is
based on a low temporal resolution (1-hour). In fact, in the cited study
no high-resolution is tested. In another study, Kaza (2015) uses a 10min resolution based on the high correlation with a benchmark (1-min
resolution). This is one of the few explicit discussions on the resolution
selection process found in the literature. Nevertheless, the same author
calls for an in-depth study on this issue, as the sample used for evaluation was very limited (only one block group). More recently, Owen
and Murphy (2018) tested various temporal resolutions in order to
evaluate different sampling strategies, applying a cumulative opportunities measure (number of jobs in a 30-min threshold) at a very detailed
census-track level in Minneapolis–Saint Paul (US) during morning peakhours (7–9 am). However, the main focus of the work was the sampling
strategy and not the resolutions themselves. Nevertheless, results presented by the authors also shed some light on the scale of errors as the
result of applying a particular temporal resolution.

• Travel time to the nearest provider (i.e. proximity ratio; spatial separation measure);
• Cumulative opportunities measure (i.e. contour measure, isochrones
measure);
• Potential accessibility measure (i.e. gravity-based measure).
The recent development of available data sources has enabled the
spectacular growth of studies which include a more nuanced temporal
dimension of accessibility. As dynamic accessibility modelling (e.g.
García-Albertos et al., 2018; Järv et al., 2018; Moya-Gómez et al.,
2017), also referred to as time-continuous accessibility (e.g. Owen and
Levinson, 2015), receives more and more attention, it has been identified as an emerging field in accessibility modelling (Geurs et al.,
2015). Järv et al. (2018) identified three components of dynamic accessibility: (1) people – i.e. how their distribution evolves over time, (2)
transport – i.e. how the performance of a transport system changes over
time, and (3) activities – i.e. how their attractiveness fluctuates in time
due to e.g. opening hours or preferences of users. In our study we focus
on the temporal variation in the performance of public transport. For
public transport users, departure times can have a large influence on
the total travel times. The impact of departing a minute later when
traveling by car has very little impact on travel time because the
transition between free-flow and congested speeds is mostly gradual
(Moya-Gómez and García-Palomares, 2017). On the contrary, even the
smallest change in departure time when traveling by public transport
can have a dramatic impact on total travel time due to factors such as
missed connections and extended transfer times (see e.g. Fig. 2 in Owen
and Levinson, 2015). In order to evaluate these impacts, we calculate
door-to-door travel times (Salonen and Toivonen, 2013) for public
transport taking advantage of open, schedule-based data (GTFS) which
contains detailed information about public transport routes, stop locations and exact departure times.
When discussing the temporal dimension of accessibility, it is also
important to make a distinction between temporal variability and
temporal resolution. The former uses multiple departure times to show
fluctuations in travel times (e.g. during the day), while the latter uses
them in order to aggregate into one (or several) value(s). However, a
mixed approach is also possible (e.g. Fransen et al., 2015; Järv et al.,
2018; Pritchard et al., 2019). The focus of the analysis being presented
is temporal resolution.
A careful review of the existing literature shows that temporal resolution has tended to be approached in one of three ways (Table 1).
The simplest approach selects a single departure time and ignores potential variability of travel times due to frequency (e.g. El-Geneidy
et al., 2016; Guthrie et al., 2017; Widener et al., 2015). The second uses
several, pre-defined departure times which can be aggregated (e.g.
Kerkman et al., 2017; Salonen and Toivonen, 2013) or not (e.g.
Jäppinen et al., 2013). Both of these approaches fall short of completely
incorporating temporal resolution in the analysis. The approach of the
third group of studies can be more accurately described as including
temporal resolution in the temporal dimension of their analysis. However, despite the growing number of studies which take an advantage of
GTFS (or similar) data, there is no consensus on the optimal temporal
resolution. Some authors advocate for the application of high (1-min)
resolutions, which result in significant variability of travel times (e.g.
Farber et al., 2014; Owen and Levinson, 2015). Others use resolutions
as large as 1-hour (El-Geneidy et al., 2015; Legrain et al., 2016), arguing that even results obtained with a single departure time are valid,
as they are highly correlated with more complex models (Boisjoly and

3. Data and methods
3.1. Case study
Three main considerations were used when selecting the case study
area for the analysis presented here. Given the stated goal of the study
(to study the impact of temporal resolution), the study area needed to
be reasonably sized (i.e. not the largest existing cities) in order to limit
computational time. However, it needed to remain sufficiently large to
provide enough diversity in terms of the types and amount of opportunities available, land use structure and public transport network in
order to capture different aspects of the potential impact of the selected
temporal resolution on accessibility analyses. Finally, GTFS availability
was paramount because this would allow us to develop analytical tools
(i.e. open source scripts) which could then be easily applied in other
cities to allow for the possibility of good replication studies to
strengthen the potential for robust conclusions.
The city of Szczecin, a regional capital in northwest Poland, with a
population of 410,000 was selected. The city is divided by the Oder
River, lake Dąbie and unurbanized areas that split the city along the
south-north axis (Fig. 1). The western and eastern banks are connected
by two bridges in the south of the city. The functional city center is
located on the left-bank part of the city, which is more densely populated and groups the vast majority of service providers. This territorial
imbalance is also reflected by the spatial pattern of the public transport
network. At the time period covered by our analysis (i.e. April 2015), it
consisted of 83 bus lines (including 16 night-time lines) supplemented
by 12 tram lines. The system provides much better level of service on
the more urbanized, western part of the city. The difference in the
average frequency of public transport between both parts of the city is
particularly visible during the peak hours (Fig. 1.4–7). Nevertheless,
accessibility follows a typical central-peripheral distribution despite
discontinuities due to unurbanized areas, and higher population and
service provider densities affecting the spatial pattern of accessibility.
More specific details about the general spatial pattern of accessibility in
the city can be found in Stępniak and Goliszek (2017).
3.2. Travel time estimation
Public transport travel time is estimated between centroids of
census blocks and public services providers. Travel time includes
walking time from the census track centroid to the nearest public
transport stop, waiting and in-vehicle time, and walking from the stop
to the desired destination (public services provider). If required, any
additional transfer time (including required walking between stops and
waiting time) is applied. For travel time calculations GTFS schedule-
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Fig. 1. Location of public services providers (1–3), public transport network (4–7) and population density (8) in the city of Szczecin.

estimations and accessibility to public services analysis) and the location of public service providers are used as destinations.
Four different scenarios are included for analysis ranging from high
to very low public transport frequency:

based data is extensively applied, extracted from the local public
transport operator's website2 and supplemented by a pedestrian network built using OpenStreetMap data. Travel times are calculated using
the Network Analyst extension of ArcGIS. The network database is built
using the Add GTFS to a Network Dataset tool. Inhabited census track
centroids are used as origins (and destinations in the travel time
2

1.
2.
3.
4.

http://www.zditm.szczecin.pl/rozklady/GTFS/ [assess: 15.04.2015]
12

High frequency – morning peak (7-8 am);
Diurnal low frequency – morning off-peak (10-11 am);
Evening low frequency- Evening off-peak (10-11 pm);
Nocturnal very low frequency – late night (2-3 am).
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Fig. 2. Frequency of public transport: number of vehicles (buses and trams) per hour.

Fig. 3. Mean Absolute Percentage Error of travel times produced by different sampling methods
* Note that for the 60-min resolution, simple random, hybrid and constrained random walk procedures all use a single, randomly selected departure time.

The selected scenarios consist of 1-hour long periods measured
during a typical weekday (Tuesday). Each is characterized by different
average numbers of vehicles per hour (Fig. 2), providing insight into the
potential effect of public transport frequency on the reduction of precision in travel time estimation. Due to the high similarity in frequency
during the afternoon peak hours, we decided to omit the latter and
focus exclusively on the morning peak period. Furthermore, even
though the evening and night-time periods are not particularly relevant
when investigating accessibility to public services (due to opening
hours), we decide to include them to simulate the potential impact of
very low-frequency on the precision of travel time estimations.
In total we generate 240 (60 min × 4 hours) full Origin-Destination
(OD) matrices, each with a total of 3.5 million records. We use 1-min
temporal resolution as a benchmark value. Then, we reproduce the
approach proposed by Owen and Murphy (2018) and test four sampling
strategies (for details, see Appendix I), namely: systematic, simple

random, constraint random walk and hybrid, defined as following:

• Systematic sampling: selects departure times using a regular interval
•
•

defined by the frequency (Tn = Tn-1 + f),3where Tn is a selected departure time, and f is a frequency
Simple random sampling: a specified number of departure times
(defined by the frequency) is randomly selected from the time
window;
Hybrid sampling: a time window is divided into subsets of equal
length (defined by applied frequency) similar to systematic sample;
then, from each of the subsets, one departure time is randomly selected;

3
Comparing to Owen and Murphy study, we select the top of the hour as a
first sample (as it is commonly applied in the literature; cf. Table 2).
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Fig. 4. Mean Absolute Percentage Error accessibility measures produced by different sampling methods.
* Note that for 60-min resolution, simple random, hybrid and constrained random walk procedures equally use single, randomly selected departure time.
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15

1745
1
30
21
169
9
68

h

g

f

e

d

c

Potential accessibility measure

Cumulative opportunities measure

For analyses of temporal resolution and potential accessibility to population we additionally use these nodes as destinations.
Centrality level applies only to services, thus it is not relevant in case of centroids of census tracks.
https://geo.stat.gov.pl/ [access: 10.11.2015]
http://www.szczecin.pl/chapter_59000.asp [access: 10.11.2015]
http://empatia.mpips.gov.pl/web/piu/dla-swiadczeniobiorcow/rodzina/d3/rejestr-zlobkow-i-klubow# [access: 10.11.2015]
http://www.e-teatr.pl/pl/instytucje/lista.html [access: 05.09.2015]
http://nfz.gov.pl/ [access: 10.11.2015]
https://sio.men.gov.pl/ [access 10.11.2015]

Inhabited census track centroids
City council
Nurseries
Theatres
Specialized health care
Hospitals
Secondary schools
NA
High
Low
High
Low
High
Low
OD travel time
Travel time to the nearest provider

Accessibility measure
Spatial accuracy

Number of population (2011)
NA
NA
NA
NA
Number of beds
Number of classes
b

We use MAPE (Mean Absolute Percentage Error) for comparison of the
precision of particular sampling procedures. The detailed description of MAPE
is presented below (in the Measuring impact of temporal resolution section).
5
In the study we additionally tested results for 2, 3, 4, 6 and 12-min resolutions. They are used to prepare graphs.

a

4

Type of nodes

Table 2
Description of origin-destination nodes and applied accessibility measures.

Centrality level

Data

Given the broad discussion surrounding accessibility analysis we
include three of the six categories of accessibility measures (travel time
to the nearest provider, cumulative opportunities, and potential) proposed by Papa et al. (2016), which are directly related Geurs and van
Wee's (2004) definition of location-based measures and are the most
commonly applied to analyze accessibility to public services. Furthermore, the degree to which their precision is impacted by temporal
variability should vary because the weight of the travel time differs in
each case. The first simply exemplifies the temporal distance between a
given pair of nodes, i.e. residential location and a selected service
provider. The second (cumulative opportunities measure) counts the
number of opportunities within a given threshold, with more opportunities resulting in a higher accessibility level. This measure also uses
the travel time between pairs of points, although more destinations may
be considered. Thus, changes in the estimated travel time to various
destinations might alter the opportunities that are located within the
threshold, i.e. some opportunities may no longer be within the
threshold while others could now be included. Finally, in the case of the
potential accessibility measure, travel time constitutes only one of the
considered variables. If we assume attractiveness of destinations as
fixed, then the temporal variability of travel time only partially affects
the final level of accessibility.
The selection of accessibility measures with varying degrees of the
importance of the temporal component should provide insights about
the differentiated impact of the temporal dimension on accessibility
values. It is proposed that the results of the measures where the impact
of the travel time measurement is mitigated by other factors (i.e. potential accessibility) should be less distorted by variations in the temporal resolution making them a more robust measure to use in temporally disaggregated analyses. Finally, each of the accessibility

Centroid
Address points

3.3. Accessibility measures

Origins
Destinations

Supplementary information

Quantity

Source

Owen and Murphy conclude that for their case study a constrained
random walk sample procedure performs the best followed by the hybrid procedure. On the contrary, the simple random method produced
the largest errors, while results provided by systematic sampling
method were found to be highly biased by the harmonic error effects
that occur when the selected temporal resolution interacts with the
frequency of local public transport network. As their conclusions are
based on a single case study, we decided to reproduce their analysis
using our origin-destination datasets, comparing travel times (Fig. 3)
and all tested accessibility measures (Fig. 4).
The comparison of mean errors4 produced by each of tested sampling strategies shows that simple random results in the largest errors
and that systematic sampling is vulnerable to compounding harmonic
errors due to potential interactions with particular public transport
frequencies. On the contrary the hybrid strategy offers the most precise
output and is therefore chosen as the basis for the analysis. We apply
the hybrid sampling strategy using 5, 10, 15, 20, 30 and 60-min resolutions,5 which are then aggregated into 1-hour-long averages (i.e.
the averaged values are based on 60, 12, 6, 4, 3, 2 and single travel time
estimations, respectively).

b

domly selected from the subset of the length defined by the frequency and beginning of the time window; then, the next departure
time is randomly selected from the subset limited by Tn + f/2 and
Tn + f + f/2.

a

• Constrained random walk sampling: a first departure time is ran-
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measures is calculated for two types of public services with different
centrality levels (Milbert et al., 2013), as we expect that spatial distribution of destination nodes might have an impact on the loss of the
precision of travel time measurement due to reduction of temporal resolution.
The applied accessibility measure for each type of destination being
analyzed is justified by the character of a given service and its providers. A proximity measure (i.e. travel time to the nearest provider) is
the simplest type and is preferred when the destination is known or can
be inferred with strong confidence (Geurs and van Eck, 2003), e.g. if
only one service provider exists in the area, or in cases where the
nearest provider is the most likely to be used, e.g. due to a limited
supply of a given service (Guagliardo, 2004), or due to a very local
character of a service (Milbert et al., 2013). We apply this measure for
public administration access (only one service provider) and nurseries.
The proximity measure provides a very straightforward output but is
limited by its inability to account for various providers or differentiate
among them. This obstacle can be overcome by relying on cumulative
opportunities and potential accessibility measures. The former sheds
light on the total number of providers (or their accumulated, quantified
attractiveness), which might be considered by a potential user. It can be
interpreted as a proxy for the right of choice, i.e. higher number of
providers within a given threshold enables users to select more tailored
services. This measure is particularly relevant when providers offer
different, complementary types of services and their precise location is
of secondary importance. The impact of the location is reduced to a
binary choice: It is counted as a possibility if is it located within a given
threshold (e.g. an assumed budget of time, or distance) and ignored if it
is outside of it. We apply this measure for accessibility to specialized
health care (considering different medical specialists) and to theatres
(different repertoire). Similarly, potential accessibility measure enables
us to consider many providers but instead of relying on a simple binary
choice it weighs the attractiveness of the opportunity (e.g. size) with an
applied distance decay function, resulting in further activities being
considered less attractive. We apply this measure to accessibility to
hospitals and secondary schools, quantifying their attractiveness using
a number of beds and a number of classes, respectively.
In addition to accessibility to public services, many studies focus on
accessibility to jobs or population, using the latter as a proxy of destination attractiveness. As the distribution of destinations is completely
different than those used in the abovementioned services, we decide to
conduct an analysis of potential accessibility to population in order to
observe whether there are any differences in the impact of temporal
resolution on the results. The detailed information about origin-destination nodes (including data sources) is presented in Table 2.
Different aggregation procedures are used for each type of accessibility measure. In the case of proximity measures, similarly to the travel
time aggregation, we use a simple arithmetic mean. For cumulative
opportunities, the accessibility is calculated for each sample separately
and then the results are aggregated for each of hour-long period using
an arithmetic mean. Finally, in the case of potential measure, we aggregate travel times using a harmonic-based-average, which is a proper
approach for aggregation of interaction weighted travel times. It should
be noted that the results are not impacted by the order of the aggregation, i.e. aggregating travel times and then calculating the potential accessibility based on these aggregate values is equivalent to
aggregating the accessibility results of non-aggregated travel times (for
details please consult Stępniak and Jacobs-Crisioni, 2017).

Percentage Error (MAPE). Additionally, for the travel time comparison
we show absolute errors (in minutes) using the Mean Absolute Error
(MAE). They are calculated as follows:
|ai

MAPE =

Ai |
Ai

n

100%, MAE =

|ai

Ai |
n

where Ai is a benchmark value, ai is an evaluated, aggregated-based
value, while n is the total number of units (census tracks in accessibility
analysis or origin-destination pair of points in the section which evaluates travel times).
Moreover, we assess the average increase of precision (expressed by
the reduction of MAPE) between particular temporal resolutions per
additional iteration needed to perform the analysis. If and Ii and Ij are
numbers of iterations (per hour) required to apply subsequent temporal
resolutions ti and tj (e.g. 60 iterations for 1 and 12 iterations for 5 min
one) and MAPEi and MAPEj are relative errors at given resolutions, then
this difference is calculated as follows:

MAPEij =

MAPEi
Ij

MAPEj
Ii

.

Given that each iteration has an approximately fixed computational
time, a higher MAPEij can be interpreted as a better trade-off between
the cost (i.e. computational time) and the increase of precision of the
results.
Beyond the accessibility measures themselves, the interpretation of
the results and the conclusions that can be drawn as a result are of
critical importance. Here, we focus on the effect of decreasing temporal
resolutions on spatial disparities, analyzing the impacts of the temporal
resolution on the spatial distribution of public transport accessibility.
We test to what extent, the well-known Gini coefficient (Kaplan et al.,
2014; Lucas et al., 2016; Ramjerdi, 2006; van Wee and Geurs, 2011) is
biased by the application of different temporal resolutions.
4. Results
4.1. Travel time precision
The use of 5-min temporal resolution does not result in significant
losses in precision compared to the benchmark values for any of the
selected scenarios (Fig. 5): the MAE always remains below 1 min. Since
studies that rely on travel times usually use minutes as a basic time unit
(e.g. Farber et al., 2016; Karner, 2018; Widener et al., 2015), the reported difference seems to be negligible. Additionally, the further increase of temporal resolution to 1-min one is associated with five-fold
increase of computational time, which leads us to the conclusion that
there is no reason to apply resolutions higher than 5 min. This is an
important finding since it provides a maximum ceiling for applying
temporal resolutions.
Nevertheless, in some larger case study areas with very complex
public transport network, the decrease of temporal resolution to 5-min
might not be enough because it still requires enormous computational
effort and time. A decrease of resolution to 15–20 min offers further
significant reduction of computational time (three- and four-fold, respectively, comparing to 5-min one), while errors are still limited (i.e.
up to around 2 min in absolute terms and 5% in relative ones). On the
other hand, the fixed cost of one additional travel time calculation results in higher reduction of MAPE at lower resolutions (i.e. it is inversely related). For example, a change of resolution from 60- to 30-min
reduces MAPE by 3.5% but only has a 1.5% reduction for a change from
30- to 20 min (Table 3). Due to the fact that more additional iterations
are required in order to achieve higher resolutions, the gain (in terms of
improvement of precision) per each iteration decreases dramatically
(e.g. only 0.4% improvement of MAPE per iteration when increasing
the resolution from 15- to 10- min and a 0.1% improvement when increasing from 10- to 5-min; Table 3). Thus, even though we do not

3.4. Measuring impact of temporal resolution
The results section starts with comparison of benchmark-based and
aggregated-based OD matrixes of travel times with different levels of
temporal resolution. We then compare the extent to which the decrease
of temporal resolution may affect the value of a particular accessibility
measure and evaluate relative errors using the Mean Absolute
16
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Fig. 5. Relative and absolute errors resulted from decrease of temporal resolution in travel time estimation.

observe any clear cut off nor trend modification (Fig. 5), our general
recommendation is to use resolutions of 15–20 min as they seem to offer
a good balance between computational efficiency and the precision of
travel time estimation. Nevertheless, even the lowest resolution
(60 min) provides results which are highly correlated to the benchmark
values (Appendix II).
The frequency-of-service of the public transport also visibly impacts
the precision of the estimation (Fig. 5). The loss of the precision is
higher when the frequency is lower (i.e. during the night-time and offpeak periods). Thus, lower frequency requires higher temporal resolution for reliable travel time estimation. However, this is not a linear
relationship. While lower frequency alternatives tend to result in a
greater number of errors at the same resolution, when comparing between low frequency alternatives, the results are more mixed. The main
difference is between “high” and “low” frequency (i.e. scenarios 7-8 am
and 10-11 am vs 2-3 am and 22–23, see Fig. 2 for details).

4.2. Impact on accessibility measurement
For proximity and potential accessibility measures, the impact of
decreasing temporal resolution on the precision is limited (Fig. 6). The
average relative error at a 5-min resolution never exceeds 1%, while the
decrease to the 15-min resolution still results in only a 2–3% loss of
precision. Importantly, for these two measures the increase of temporal
resolution by computing an additional OD matrix drops below 1 percentage point for the 20-min resolution, and below 0.5 pp. for the 15min resolution (Table 4). Higher resolutions require considerable effort
(i.e. longer computational time) while the precision of final results are
only slightly higher. Therefore, resolutions higher than 5 min are not
generally recommended (although they may be relevant for specific
types of analysis) because a 5-min resolution provides results that are
almost as precise as the benchmark values, and resolutions of
15–20 min should offer enough precision while significantly reducing

Table 3
The increase of precision of travel time estimation resulted from one additional iteration.
Temporal resolution

1
5
10
15
20
30

Number of iterations per hour

60
12
6
4
3
2

MAPEij (change of MAPE (in percentage points) per one additional iteration)
All

02:00–03:00

07:00–08:00

10:00–11:00

22:00–23:00

0.03
0.13
0.38
0.84
1.45
3.55

0.02
0.11
0.36
1.11
2.02
5.09

0.03
0.12
0.26
0.59
0.88
2.11

0.03
0.12
0.35
0.68
1.04
2.39

0.04
0.16
0.54
1.01
1.88
4.61
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Fig. 6. Accessibility measures comparison (MAPE resulted from decreased temporal resolution).
Table 4
The increase of precision of accessibility measurement resulted from one additional iteration.
Temporal resolution

Number of iterations per hour

MAPEij (change of MAPE (in percentage points) per one additional iteration)
Proximity

1
5
10
15
20
30

60
12
6
4
3
2

Cumulative opportunities

Potential accessibility

Administration

Nurseries

Theatres

Health care

Hospitals

Schools

Population

0.03
0.22
0.48
0.66
1.11
2.36

0.02
0.12
0.26
0.35
0.59
1.32

0.26
1.68
3.16
4.45
5.77
9.77

0.13
1.04
2.14
3.02
4.24
8.50

0.02
0.18
0.42
0.58
0.92
2.27

0.02
0.18
0.42
0.59
1.03
2.47

0.02
0.17
0.39
0.55
0.95
2.41

as the dominant transport mode during this time.6 This walking speed is
modelled as a constant and as a result travel times are hardly affected
by changes in temporal resolution.

computational time. Further decrease of resolution (i.e. up to 30- or 60min) does not lead to a dramatic drop of precision (MAPE between 2.5
and 7.1% depending on resolution and type of destination), however
the average error might be easily reduced by adding only one additional
iteration (Table 4).
On the contrary, the impact of temporal resolution for the cumulative opportunities measure is crucial. Even a small change of travel
time may multiply the accessibility value if several highly dense destinations are located near the threshold. For a 5-min resolution, MAPE
exceeds 6% for low-centrality services (specialized health care) and
12% in the case of high-centrality ones (theatres; Fig. 6). The scale of
errors therefore leads us to question the applicability of this measure for
time-sensitive analyses.
Finally, a comparison of the quality of results (for all types measures) between particular scenarios (Fig. 7) shows that in most cases
there is a direct relation between frequency of public transport and the
impact of temporal resolution on the precision of measurement. The
only exception concerns a low-centrality service measured by a proximity indicator (nurseries) where the very low frequency scenario (i.e.
nighttime) was generally less affected. This is a function of the GTFSmodelling technique used. Since the frequency is so low, and the
waiting times potentially so high, the model heavily considers walking

4.3. Impact on interpretation of accessibility analysis
In general, Gini coefficients obtained with the application of temporal resolution is (slightly) higher, however, the values are hardly
affected by a decrease of temporal resolution (Table 5). In the case of
proximity and potential accessibility measures, the distortion of the
Gini coefficient at a 15-min temporal resolution does not exceed 0.001,
nor 0.005 at 30 min. This is a negligible difference.7 Moreover, this
6
The share of walking in total travel time increased threefold during the
nocturnal very low frequency period when compared to the other scenarios.
Nevertheless, it should be noted that the applied algorithm minimizes total
travel time, thus part of this increase is due to the replacement of waiting and
in-vehicle times, by walking.
7
In the literature the applied precision of Gini coefficient varies between 0.01
(e.g. Dadashpoor et al. 2016), and 0.001 (Condeço-Melhorado et al. 2011).
Thus, we assume 0.005 as the maximum acceptable difference of Gini coefficient.
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Fig. 7. Relative errors (MAPE) provoked by the decreased temporal resolution in different 1-hour-long scenarios for different accessibility measures and types of
destinations.
Note that for cumulative opportunities (second row) an y-axis has a different scale.
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Table 5
Differences of Gini coefficient (aggregated vs benchmark values).
Accessibility measure

Travel time to the nearest provider

Type of service

Public administration

Nurseries

Cumulative opportunities measure

Theatres

Specialized health care

Potential accessibility

Hospitals

Secondary schools

Population

Scenario

2:00–3:00 am
7:00–8:00 am
10:00–11:00 am
10:00–11:00 pm
2:00–3:00 am
7:00–8:00 am
10:00–11:00 am
10:00–11:00 pm
2:00–3:00 am
7:00–8:00 am
10:00–11:00 am
10:00–11:00 pm
2:00–3:00 am
7:00–8:00 am
10:00–11:00 am
10:00–11:00 pm
2:00–3:00 am
7:00–8:00 am
10:00–11:00 am
10:00–11:00 pm
2:00–3:00 am
7:00–8:00 am
10:00–11:00 am
10:00–11:00 pm
2:00–3:00 am
7:00–8:00 am
10:00–11:00 am
10:00–11:00 pm

Temporal resolution (minutes)

Benchmark value of Gini coeff.

5

10

15

20

30

60

–
0.001
0.001
–
–
–
–
–
0.001
–
–
0.001
0.001
0.001
0.001
–
0.001
–
–
–
–
–
–
–
0.001
–
0.001
–

0.001
0.001
0.001
0.001
–
–
–
0.001
0.006
0.001
0.002
0.002
0.003
0.001
0.001
0.002
0.001
0.001
–
–
–
–
–
0.001
0.001
–
0.001
–

0.001
0.001
0.001
0.001
–
0.001
–
0.001
0.011
0.002
0.002
0.005
0.007
0.002
0.003
0.003
0.002
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
–
0.001
0.001

0.003
0.001
0.002
0.002
0.001
0.001
–
0.001
0.011
0.002
0.003
0.008
0.005
0.002
0.003
0.005
0.003
0.001
0.001
0.002
0.002
0.001
0.001
0.001
0.003
–
0.001
0.001

0.003
0.002
0.002
0.003
–
–
–
0.001
0.016
0.006
0.005
0.014
0.014
0.005
0.006
0.009
0.005
0.001
0.002
0.003
0.004
0.001
0.001
0.002
0.004
0.001
0.001
0.002

0.007
0.003
0.004
0.006
−0.001
0.001
–
–
0.036
0.010
0.011
0.018
0.026
0.009
0.011
0.016
0.007
0.003
0.003
0.005
0.005
0.002
0.002
0.004
0.006
0.002
0.002
0.005

distortion is even lower for high-frequency scenarios (morning peak
and morning peak-off periods). However, the scale of the distortions of
the Gini coefficient provides another argument to avoid cumulative
opportunities measures in time-sensitive analyses.

0.328
0.258
0.275
0.284
0.475
0.356
0.367
0.385
0.559
0.411
0.443
0.461
0.471
0.376
0.397
0.415
0.167
0.108
0.117
0.128
0.193
0.125
0.135
0.150
0.165
0.111
0.119
0.134

Even though there is no a visible inflection point in the curves which
represent an increase of MAPE with a decrease of temporal resolution,
the abovementioned premises lead us to the conclusion that a temporal
resolutions of 15–20 min seems to offer a good trade-off between the
computational time and the reliability of the results. This is particularly
relevant for case studies with larger and more complex public transport
systems, where computational constraints may still call for larger reductions in resolutions beyond 5 min.
The scale of error due to lower temporal resolution also depends on
the frequency of public transport service. A non-linear, dual relationship is found between the public transport frequency and the loss of
precision. Low frequencies (during the night and late evening periods)
lead to a greater loss in precision as waiting times considered by the
model are higher which in turn increases the potential variability of
travel time, regardless of the applied departure time(s).
Furthermore, the analysis shows that the impact of the temporal
resolution varies significantly between the different types of accessibility measures. Proximity and potential accessibility measures are
much less sensitive to reductions of temporal resolution than the cumulative opportunities measure, which is not suited for time-sensitive
accessibility analysis. This conclusion supports Geurs and Ritsema van
Eck (2001) argument that due to the arbitrary travel time boundary the
cumulative opportunities measure is not suited to explain accessibility
changes over time. In consequence, even though the results of analysis
are highly correlated (cf. Boisjoly and El-Geneidy, 2016), this popular
measure of accessibility should be avoided in studies on the temporal
dynamics of accessibility.
Finally, we find that the decrease of temporal resolution hardly
affects the interpretation of the spatial disparities of accessibility when
using proximity and potential accessibility measures with resolutions of
up to 30 min. Gini coefficient values only slightly differ (< 0.005) from
benchmarks, and resolutions of up to the 15-min one make these differences negligible (up to 0.001). This means that a temporal resolution
of 20–30 min should provide results which are precise enough, however
the relatively low cost of increasing the resolution to 15 min suggests

5. Conclusions
In recent years there has been a significant increase of temporally
variable public transport accessibility analyses resulting from increased
availability of open and standardized time table information in the form
of GTFS data. Nevertheless, to date very little attention has been paid to
systematically analyze the impact of the selection of specific temporal
resolutions on public transport accessibility results. This paper addresses this gap and examine the potential impact of temporal resolution on the precision of accessibility measurement and spatial disparities analysis in a case study for the city of Szczecin, Poland.
As expected, we find that precision decreases with lower temporal
resolutions. Nevertheless, the loss of precision in the travel time estimations is limited. In the case of 5-min resolution, the average difference in travel time is negligible (< 1 min), and the relative errors of
proximity and potential accessibility measures is around 1%, while
reducing the computational cost fivefold when compared to using a 1min resolution. In fact, in our analysis we do not find for using temporal
resolutions higher than 5 min.
On the other hand, even the lowest tested temporal resolution (60min) provides an average error (MAPE) limited to 7% (for proximity
and potential accessibility measures). Nevertheless, this error may be
significantly reduced with only slight increases of computational effort.
The computation of one additional travel time measurement reduces
MAPE by as much as 1.3–2.5 percentage points. Even though the scale
of reduction of MAPE decreases with further increase of temporal resolution, the change from the 20 to the 15-min resolution is still associated with relatively low additional computational time (4 instead of 3
OD matrixes per hour-long time window, i.e. 33% longer computational
time), and offers relatively high increase of the precision (0.4–0.7 pp.).
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the latter as a good balance between computational time and the level
of precision in accessibility analysis.
Having this, it should be noted the selection of a given temporal
resolution should always be defined within the aims and context of each
particular study. Among the factors which should be considered when
defining temporal resolution are: frequency of public transport (lower
frequency requires higher resolution), level of centrality of public service (high centrality is associated with higher errors in the case of
proximity and cumulative opportunities measures but the difference is
negligible in case of potential measures) and applied accessibility
measure (potential and proximity measures should be preferred over
cumulative opportunities). These factors suggest spatial distribution of
areas which are at the highest risk of being wrongly evaluated when
relying on lower temporal resolutions. In particular, special attention
should be paid to peripheral areas, where the frequency of public
transport is lower than in the city center and the distance to service
providers is likely to be larger. Additionally, areas in transitional zones
should be evaluated carefully. Where these transitional zones are located will depend on the spatial details of the case study at hand, the
location of service providers and the applied measure.
We believe that our findings are robust enough to be generalized
and to be of general interest and use to other researchers and practitioners. Despite relying on a single case study, we accounted for different levels of public transport intensity (by using GTFS data for time
periods ranging from high to very low intensity), a wide range of opportunities (with different spatial and intensity profiles) and applied
three of the most common types of accessibility measures currently
used in the state of the practice. Moreover, our results are in line with
others which partly include or test different temporal resolutions (e.g.
Kaza, 2015; Owen and Murphy, 2018). Having said that, we are aware
that to some extent results may still be a case-specific and that in order
to increase the certainty and confidence in the results it is still necessary
for these types of studies to be performed for other cities. The results

here are based on a study of a medium-sized city, with a particular
spatial pattern of public transport network and distribution of service
providers. For the sake of reproducibility and in order to encourage and
facilitate additional research to strengthen the confidence in the results
being presented here we are publishing not only the raw data used (set
of origin destination matrices), but also the full, open-source code (set
of R-scripts) used in the data wrangling and analysis (Stepniak et al.,
2019).8 We hope that this encourages the replication of the study under
different conditions.
Finally, a recent study evaluated the impact of different sampling
procedures on the precision of accessibility analyses (Owen and
Murphy, 2018). We reproduced their analysis using our origin-destination matrices and found the hybrid sampling method to be the one
which provides the most precise results, regardless the applied temporal
resolution. We were able to confirm Owen and Murphy's (2018) suggestion of avoiding systematic sampling due to the potential for biased
results due to harmonic errors.
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Appendix I. Sampling procedures
The sampling procedure begins with the selection of a departure times (using one of the sampling methods), and then proceeds to calculate
accessibility measures and errors (MAPE and MAE). Following the work of Owen and Murphy (2018), in the case of the random, hybrid, and
constrained approaches the sampling procedures are repeated multiple times (100 in our case) using a Monte Carlo method in order to incorporate
the variability associated with the random components of the sampling. This means that in the case of the hybrid and constrained random walk
methods an offset is equal to frequency (on average). Finally, we aggregate and compare results.

Fig. A.I.1. Sampling procedures.
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Appendix II. Comparisons of travel times and their correlations

Fig. A.II.1. Scatter-plots for travel times (benchmark: 1-min temporal resolution) calculated for all scenarios combined together. Added tables show
correlation coefficients for particular scenarios.
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