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ARTICLE INFO ABSTRACT
Keywords: To create bicycle-friendly urban environments, policymakers need tools for identifying and mapping the
Accessibility most efficient routes in terms of cycling accessibility. Yet, few studies have empirically investigated cycling

Detour ratios
Bicycle infrastructure
Crowdsourced GPS data

accessibility in terms of detours. Using crowdsourced GPS data, this study measures both realized detour
ratios (RDRs), describing detours resulting from network constraints and intentional behavior, and behavioral
detour ratios (BDRs), describing detours resulting solely from intentional behavior. The study analyzes the
measures in narrowly defined grid zones of the Copenhagen region and visual examination shows that zones
along radial corridors with good connections toward the city center have the lowest RDRs, while the city
center zones have slightly higher BDRs. Furthermore, the study uses regression with spatial autocorrelation
to examine factors affecting RDRs and BDRs. Well-equipped zones containing more roads, a lot of dedicated
bicycle infrastructure, and cycle superhighways have significantly lower average RDRs. Zones with recreation
areas and a high percentage of high-income residents significantly increase the average BDRs. The insights
of the study enable policymakers to identify where and how to improve bicycle infrastructure from a detour
perspective.

1. Introduction the literature discusses numerous cycling accessibility indicators (e.g.,

Castanion & Ribeiro, 2021; Reggiani, 2022), recent improvements in

Given rising awareness of the increasing Greenhouse Gas (GHG)
emissions by fossil fuel from motorized vehicles, cycling has gained in-
creasing attention as one of the sustainable transport alternatives to re-
duce GHG emissions and enhance public health (Addanki & Venkatara-
man, 2017; Bagloee et al., 2016; Cole-Hunter et al., 2015; Raustorp
& Koglin, 2019). A high bicycle mode share is more sustainable for
cities. Moreover, the COVID-19 pandemic has led to an increasing
number of cities investing in bicycle infrastructure to improve cy-
cling accessibility (ECF, 2020; Kraus & Koch, 2021; Moran, 2022;
Schwarz et al., 2022). Cyclists’ accessibility to their destinations is a
crucial indicator for evaluating the performance of bicycle infrastruc-
ture (Kent & Karner, 2019; Saghapour et al., 2017). Therefore, accurate
and data-driven accessibility measures can guide urban policymakers
toward creating more efficient and effective investments in bicycle
infrastructure (Arellana et al., 2020; lacono et al.,, 2010; Reggiani,
2022).

Whereas road administrations have a long tradition of collecting
data on car traffic and public transport authorities on public transport,
the systematic collection of large amounts of data on bicycle transport
lags behind. This insufficiency of detailed trajectory data has also
prevented necessary improvements in methods for analysis. Although
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data on cyclist behavior and analysis methods can further contribute
to recommendations on infrastructure and behavioral policies.

One promising and highly emerging data source is large-scale
crowd-sourced trajectory data measuring cyclists’ behavior through
their smartphones or other such devices (Lee & Sener, 2020; Will-
berg et al., 2021). This data source provides, a large number of trip
observations with the high spatial and temporal resolution, which
allows for detailed and accurate accessibility analysis, particularly
when combined with digital networks, as well as land-use and socio-
demographic data (Brown et al.,, 2022; Condeco-Melhorado et al.,
2018). Nonetheless, previous studies using large-scale crowdsourced
data to assess cycling accessibility have primarily focused on shared
bicycles, with few exploring the accessibility of privately owned bicycle
trips using actual origins, destinations, and routes.

This paper analyzes cycling accessibility from a detour perspective
by using large-scale bicycle trajectory data to identify areas where
cyclists are forced to — or choose to — take detours. It does so by
analyzing two detour ratio measures — realized detour ratio (RDR) and
behavioral detour ratio (BDR) — where actual trajectories are compared
to the corresponding crow-fly (Euclidean) distances and the shortest

Received 12 October 2022; Received in revised form 27 February 2023; Accepted 28 February 2023

Available online 7 March 2023

2210-6707/© 2023 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/scs
http://www.elsevier.com/locate/scs
mailto:kuach@dtu.dk
https://doi.org/10.1016/j.scs.2023.104500
https://doi.org/10.1016/j.scs.2023.104500
http://crossmark.crossref.org/dialog/?doi=10.1016/j.scs.2023.104500&domain=pdf
http://creativecommons.org/licenses/by/4.0/

K.-Y. Chou et al.

network paths, respectively. This reveals detours caused by network
constraints, cyclists’ intentional behaviors, or both, and can provide im-
portant infrastructural and behavioral insights into cycling accessibility
and choices (Park & Akar, 2019). We calculate and visualize RDRs and
BDRs spatially from a large observed dataset of 287,978 bicycle trips
with high-resolution data in metropolitan Copenhagen as a case study.
The available trajectory data allow us to obtain valuable insights into
actual bicycle behaviors, which have completely been ignored in earlier
studies relying on network detour ratios (NDRs) (Costa et al., 2021;
Yang et al., 2020; Yen et al., 2021) that use the shortest network paths
instead of actual trajectories. Our study also zooms in on the city of
Copenhagen using a very high spatial resolution to explore the local
tendencies of RDRs and BDRs. The findings will help policymakers to
identify where and how to improve bicycle infrastructures.

The contributions of the study are threefold. First, we are the first
to calculate two different kinds of detours ratios, namely the RDR and
BDR, using large-scale bicycle trajectory data. The detour ratios capture
not only the network dimension but also the dimension of cyclists’
behavior, and allow us to investigate the differences between the two
measures. Second, we develop a method that allows for visual analysis
of cycling accessibility from a detour perspective when large bicycle
trajectory data is available. The method allows analysis in much finer
spatial resolution and with a much larger coverage than prior research.
We also provide area-wide explanations to accurately capture the most
possible causes of high-detour areas. Finally, we incorporate other data
sources containing information on infrastructure, trip features, socio-
demographics, and land use, identifying several valuable insights as to
how these features influence the magnitude of bicycle detour ratios
by including them as parameters in a regression model with spatial
autocorrelation.

The remainder of the paper is structured as follows. Section 2
describes the literature on detour-related indicators. Section 3 presents
the novel methodology for deriving detour ratio indicators and the
detour ratio model. Section 4 provides the specific findings and main
results. Section 5 discusses the results and limitations of the study.
Section 6 concludes the paper.

2. Literature review

Accessibility is defined by the ease of reaching certain destinations
within an existing transport network (Breheny, 1978; Dalvi & Martin,
1976). It has been studied in a bicycle context in a wide range of
papers, e.g., concerning accessibility to specific destinations (Hamidi
et al., 2019; Saghapour et al., 2017) and accessibility to bicycle infras-
tructure (Braun et al., 2019; Mora et al., 2021; Standen et al., 2021).
We refer to Castafion and Ribeiro (2021), Reggiani (2022) and Vale
et al. (2016) for detailed, general reviews of cycling accessibility.

In this literature review, however, we focus on accessibility analysis
through the use of detour ratios, also known as circuity or detour
factors. These are defined as the ratio of realized distance or net-
work distance to the crow-fly distance between origin and destina-
tion (Barthélemy, 2011). It is a frequently used measure to quantify
network directness, and has for instance been used to better understand
equity (Dixit et al., 2021) and accessibility (Barthélemy, 2011; Ertugay,
2019; Huang & Levinson, 2015; Levinson & El-Geneidy, 2009).

Existing studies regarding detour ratios and distances are organized
by detour type in Table 1, which also indicates differences in research
objectives, data used, and modes of transport investigated. Overall,
most of the studies investigated network detour ratios (NDRs), while
few have explored realized detour ratios (RDR) or behavioral detour
ratios (BDR) — mainly due to the difficulties obtaining adequate actual
travelers’ trajectories (Dixit et al., 2021; Huang & Levinson, 2015; Park
& Akar, 2019). The three main detour ratio types are reviewed in the
following.

Network detour ratios (NDRs) were first studied using simulated
shortest paths between randomly selected origin—destination pairs
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(Boeing, 2019; Cubukcu, 2021; Huang & Levinson, 2015; Sreelekha
et al., 2022; Yen et al., 2021). Within these, only Yen et al. (2021) con-
sidered detour ratios for bicycles. A slightly more precise approach was
introduced by simulating shortest paths between empirically known
origin—destination pairs, as utilized by Costa et al. (2021), Giacomin
and Levinson (2015) and Yang et al. (2020), where the latter two
considered bicycles. However, since they were based on simulated
shortest paths without the use of actual bicycle trips, the studies were
not able to capture the behavioral aspects of cyclists deviating from the
shortest paths.

A considerably more relevant measure was achieved by using actual
traveled paths to obtain realized detour ratios (RDRs), comparing the
traveled distance to the crow-fly distance (Dixit et al., 2021; Huang &
Levinson, 2015; Yang et al., 2018). A high RDR indicates that people
generally travel a lot longer than the crow-fly distance. However, it
does not reveal whether they do so due to a lack of options through the
network, or whether they prefer to do so despite having shorter options
available. None of these RDR studies included bicycle traffic. However,
a similar measure was analyzed by de Haas (2020), who explored the
detour distance, i.e., the absolute (rather than relative) excess distance
of trips, for 30,137 bicycle trips in Amsterdam. The study was not
able to differentiate between forced detours due to missing network
connections and those chosen deliberately, as the detour distance (just
like the RDR) combines the two types of detours in a single measure.

Finally, the behavioral detour ratio (BDR) was calculated by Park and
Akar (2019), who compared the traveled distance to the shortest path in
the network, allowing for the consideration of network constraints. This
measure is particularly interesting from a behavioral point-of-view, as it
compares the traveled distance to the minimum distance possible in the
network. As such, it isolates cyclist behavior by only taking into account
deliberate detours made by cyclists. The analysis was, however, based
on a very small dataset of only 439 observed trips. Although the dataset
was large enough to estimate a regression model for the BDR with
several relevant explanatory variables, the sample size did not allow for
analyzing the detour ratios spatially. In our study, which is based on a
dataset of 287,978 trips, it is possible to calculate the average detour
ratio (both RDR and BDR) in a high-resolution grid, allowing results
to be visualized for easy interpretation and identification of over- and
under-performing areas.

As revealed by the lower part of the table, only four of the studies
also tried to model the underlying factors causing detours to be large
or small, and only two of them considered detours for bicyclists.
Park and Akar (2019) modeled two behavioral detour indicators from
variables concerning infrastructure, land use, and trip features, while de
Haas (2020) modeled detour distance with aspects of infrastructure,
land use and network graph characteristics. Neither studies modeled
realized detour ratios, and both omitted relevant socio-demographic
explanatory variables previously found to influence the detour ratio of
public transport trips such as income level (Dixit et al., 2021).

Overall, studies investigating bicycle accessibility from the detour
perspective are scarce. Furthermore, none of the previous studies were
based on an adequate amount of realized bicycle trips which is needed
to analyze cyclists’ behavioral detours and causes of larger detours
taking into account comprehensive features in a detailed spatial resolu-
tion. Compared to previous studies, this study intends to fulfill essential
conditions for assessing robust and detailed bicycle accessibility using
detour ratio measures in order to identify both specific locations and
general factors that facilitate cyclists’ accessibility.

3. Methodology
3.1. Measures for spatial analysis
This study measures cycling accessibility with two different detour

ratio indicators — realized detour ratio (RDR) and behavioral detour ratio
(BDR) — in order to better distinguish between detours due to network



K.-Y. Chou et al.

Table 1
Summary of studies related to detour ratios.
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constraints (e.g., natural barriers and lack of infrastructure) and inten-
tional behaviors (de Haas, 2020). Where RDR can be highly affected by
network constraints, BDR reveals factors of cyclists’ deliberate detours
given the existing network such as route choice preferences.

For each trip i, RDR,; is the ratio of the cyclist’s actual trip distance,
Dy, to the crow-fly trip distance between the origin and destination, D,
as shown in Eq. (1):

a

RDR, = D—"C.

1
In the same manner, BDR, is the ratio of the cyclist’s actual trip
distance, D{, to the shortest network distance, D!, of a trip i, shown
in Eq. (2):
a
i
BDR; = R 2)

i

@

To obtain accessibility insights at a fine-grained zone level, this
study divides study areas into grid zones of 350 meters and 100
meters in order to study Metropolitan Copenhagen and the City of
Copenhagen, respectively. Furthermore, to allow for a detailed spatial
distribution of RDRs and BDRs, we formulate average measures of
RDR and BDR in each zone based on all the trips with a crow-fly trip
passing through the zone. The average RDR and BDR in each zone j
are calculated as described in Eq. (3):

_ N (5§;°W : RDR,.) >N (5%‘”” - BDR,.)
RDR, = ., BDRj=—— L

J N scrow N ccrow
il 67 2isi 07

(€))

Here, mj and mj denote the average RDR and BDR of zone
Jj, found by averaging RDR; and BDR,; respectively, across all trips
i for which the crow-fly path intersects zone . 5550‘” is a dummy
variable equal to 1 if the crow-fly path of trip i intersects zone j, and
0 otherwise. N denotes the total number of trips.

The reason trips were assigned to each zone based on the crow-
fly trip instead of the actual trip is that the crow-fly path is the most
obvious path that cyclists could potentially take, and therefore better
reveals locations that cyclists currently avoid. Had we instead assigned

trips to zones based on actual trips, the procedure would only identify
locations that currently attracts cyclists, making it difficult to identify
where to improve the current infrastructure.

Another way to discover accessibility insights is to compare the
number of trips passing through each zone with the corresponding
number of crow-fly trips intersecting the zone. The two measures are
defined as

N N
nfrow - Z 525‘0‘”’ n?ctual - Z 5i5tual’
i=1 i=1

4

where éﬁ‘?mal is a dummy variable equal to 1 if trip i passes through zone
Jj, and O otherwise. Here, the crow-fly number of trips of zone j can
also be interpreted as the expected number of trips, since they reveal
the potential demand for bicycle trips if conditions allowed cyclists to
ride in a straight line. The difference between the number of actual
and crow-fly trips, denoted by 4;, can be used to identify locations that
attract trips (4; > 0) or repulse trips (4 ; <0) as follows:

_ jactual _  crow
Aj—nj nom.

()
3.2. Statistical modeling of realized and behavioral detour ratios

This study further develops an average RDR and BDR model to
explore contributing factors that significantly affect the average RDR
and BDR in each zone of Metropolitan Copenhagen. First, we assigned
relevant variables (see Table 2 in Section 4.1.3 for details) to each zone
and conducted the Ordinary Least Square (OLS) regression model to ob-
tain initial insights into significant variables, assuming error terms are
normally and independently distributes without spatial dependence.
We also conducted a Pearson correlation test to prevent multicollinear-
ity among all explanatory variables (i.e., correlation coefficient over
| +£0.5D).

Second, we tested if there is overall spatial autocorrelation of RDRs
and BDRs between each zone and their neighboring zones using GeoDa,
which is an open-source tool to conduct spatial analysis (Anselin et al.,
2006). Weight matrices of inverse distance with 350, 500, and 700-
m boundaries were tested with Moran’s I statistic to define the proper
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size of neighboring zones (Moran, 1950), and all weight matrices have
Moran’s I values around 0.7 for RDR and 0.65 for BDR with strong
significance, indicating strong and positive spatial correlation. Among
them, the inverse distance weights matrix with a 350-m boundary
was found to have the strongest spatial autocorrelation. Moreover,
local indicators of spatial association (LISA) were assessed by calcu-
lating Moran’s I in each zone to identify spatial clusters of zones with
significantly high or low RDRs and BDRs (Anselin, 1995).

Third, a Lagrange Multiplier (LM) test was conducted to determine
whether to use a Spatial Error Model (SEM) or a Spatial Lag Model
(SLM) (Anselin, 1988). The results of the LM test were inclusive.
Eventually, we chose to use a SEM based on the assumption that error
terms of each zone and its neighboring zones are correlated (Anselin &
Bera, 1998). The same methodology had previously been used in Dixit
et al. (2021) that conducted a similar study on detours for public
transport trips. The specification of the SEM is shown in formula (6),
where ﬁj indicates the average RDR or BDR:

ﬁj = a + p; - BicycleInfra; + g, - TripFeature; )
+ B3 - Socio-demographics; + 4 - LandUse; + ¢,

with ﬁj S {mj,mj and €; = AWe; +e;. Here a denotes the
intercept of the model that is the expected mean when all explanatory
variables are zero. BicycleInfra, TripFeature Socio-demographics,
and LandUse denotes column vectors including explanatory variables
of bicycle infrastructure, trip features, socio-demographics, and land
use of zone j, respectively. g to f4 denotes vectors including parameter
coefficients of the explanatory variables corresponding to each type of
feature in zone j. ¢; represents the error term indicating the effects of
factors that were not captured by the explanatory variables. 1 denotes
spatial autoregressive coefficient that measures the strength of spatial
autocorrelation, We; denotes spatially lagged error term representing
weighted average of the error terms in the neighborhood affecting zone
Jj> and e; denotes the spatially independent error term.

Although ignored in the notation for simplicity, the a, f’s, €’s, 4,
and ¢’s are not identical for RDR and BDR.

4. Copenhagen case study

The case study applies the methodology from Section 3 to the
Copenhagen region. Section 4.1 introduces the data used for to derive
the detour ratios and model average realized detour ratio. Section 4.2
presents the spatial distributions of the detour ratios (Section 4.2.1) and
estimation results of the spatial error model (Section 4.2.2).

4.1. Data

4.1.1. Hévding trajectory data

This study uses data collected from Hovding' devices — a head
protection airbag worn around the neck as a collar for cyclists — to
obtain cyclists’ trajectories and further derive accessibility measures.
Each cyclist’s location was recorded every two to three seconds, mean-
ing that cyclist trajectories of each trip could be obtained in great
detail. Overall, 406,748 bicycle trips were recorded in Metropolitan
Copenhagen from September 16, 2019 to May 31, 2021.

The study processed the Hovding data through four steps. First,
trips with less than 10 trajectory points, a duration less than 30 s, or
an instantaneous speed higher than 25 m/s were discarded. Second,
trajectory points were smoothed by conducting Gaussian smoothing
to obtain stable trajectories (Schuessler & Axhausen, 2009). Third,
actual trip distances were calculated by summing the distances between
consecutive trajectory points within a trip, and crow-fly distances were
obtained by calculating the Euclidean distance between the first and

1 https://hovding.com
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last trajectory points of the trip. Fourth, RDRs were calculated by
dividing actual trip distance by crow-fly distance, and trips with an
RDR larger than two were removed to ensure no round trips and no
leisure trips with intentionally excessive detours were included in the
analysis. Overall, 287,978 processed Hovding trips proceeded to the
spatial analysis. All preprocessing stages were carried out in R (R Core
team, 2013).

4.1.2. Network data

This study used network data describing transport infrastructure
with bicycle access from Geofabrik’s Open Street Map (OSM) database
(OpenStreetMap, 2022). This study used R and QGIS to process the
network data in four steps (QGIS, 2022; R Core team, 2013). First, only
the network within Metropolitan Copenhagen was selected. Second,
motorways were removed to ensure only infrastructures with bicy-
cle access remained. Third, the network was cleaned by simplifying
it, eliminating pseudo nodes, simplifying intersections, and removing
unconnected edges and nodes. Fourth, the shortest network distances
were calculated using the Shortest Path function from the igraph
package (Csardi & Nepusz, 2006) in R, given the location of origins and
destinations from the processed Hovding data. Since the origins and
destinations of the trips were often not located exactly on the network’s
edges and nodes, some network distances were shorter than crow-fly
distances and in other cases longer than actual distances as exemplified
in Fig. 1. In these cases, the shortest network distances were replaced
with crow-fly distances and actual distances, respectively, to obtain
reasonable BDRs.

4.1.3. Regional data

To gain a more in-depth understanding of what causes higher/lower
average RDR, this study collected data concerning infrastructure, trip
feature, socio-demographics, and land-use types. These data were then
used as explanatory variables for a SEM of the average RDR and BDR
in each zone in Metropolitan Copenhagen, as described in Section 3.2.
The explanatory variables are presented in Table 2 and are further
elaborated in the following.

First, we used bicycle infrastructure data from OSM (OpenStreetMap,
2022) and an external layer describing the Cycle Superhighway net-
work (Sekretariatet for Supercykelstier, 2019) to determine the eight
infrastructure-related variables of Table 2. Six continuous variables
describe the shortest distance to reach the bicycle road and CBD
(i.e., Kongens Nytorv), total length of the network, total length of
pedestrian zones, the proportion of total length of DBI to total length of
the network, and the straightness centrality (measure to what extent
the connecting routes from one node to all other nodes in the same
zone in the network follow the crow-fly routes, See references for Porta
et al. (2006) and Vragovi¢ et al. (2005) for more detailed on centrality
measures) in each zone. Two dummy variables describe if a cycle
superhighway passes the zone, and if it contains traffic lights. Dedicated
bicycle infrastructure includes dedicated paths for cyclists without any
traffic road nearby (cycleways), bicycle lanes at the side of the road
without separation, and bicycle tracks segregated by a curb from the
road.

Second, to identify how bicycle trip distance is related to average
RDRs and BDRs, we derived the average distance of all crow-fly trips
that pass through the zone from Hovding bicycle trips as a trip feature
variable.

Third, to gain socio-demographics information in each zone, we
used data from the traffic model @restadsmodellen (OTM, Vuk & Paag,
2018), comprising annual income levels in 385 traffic regions. Income
levels for each zone were derived by computing a weighted average of
the variables of the traffic regions intersecting the zone with weights
proportional to the size of the overlap.

Fourth, to obtain the composition of land-use types in each zone,
we used land-use data from Aarhus University (Levin, 2022). Variables
representing the proportion of the zone dedicated to each of the eight
land-use categories were created for each zone. Furthermore, zones
containing water areas only were removed from the analysis.
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Fig. 1. Cases of shortest network distances are shorter than crow-fly distances or longer than actual distance.
Table 2
Zone characteristic variables incorporated into SEM.
Variables Unit Data source
Infrastructure
Nearest distance to DBI [km]
Distance to CBD [km]
Total length of road network [km]
Total length of pedestrian zones [km]
OpenStreetM
Ratio of total length of DBI to total road length Proportion penstreetiiap
Straightness Centrality Proportion®
Contains Cycle Superhighway Binary
Contains traffic light Binary
Trip feature
Average crow-fly trip distance [km] Hovding
Socio-demographics
Share of income level 1: 0-299,999 DKK/year Proportion
Share of income level 2: 300,000-799,999 DKK/year Proportion Vuk and Paag (2018)
Share of income level 3: > 800,000 DKK/year Proportion
Share of zero population® Proportion
Land use
Share of city center area Proportion
Share of high building area Proportion
Share of low building area Proportion
h f other buildi P ti
Share o other building area roportion Levin (2022)
Share of industry and business area Proportion
Share of recreation area Proportion
Share of agriculture area Proportion
Share of nature area Proportion

a Income parameter that is either 0% if areas contain residents or 100% if areas do not have any residents.
bAverage of the ratio of crow-fly distance divided by the shortest network distance from each node to all other
nodes in the same zone (Porta et al., 2006; Vragovic¢ et al., 2005).

4.2. Results

To investigate the distributions of crow-fly trips, actual trips, av-
erage RDRs, and average BDRs, and to explore in-depth insights into
how infrastructure, land use, and built environment affect RDRs and
BDRs, this study conducted analysis in both the City of Copenhagen
(Section 4.2.1) and Metropolitan Copenhagen (Section 4.2.2).

For the entire Metropolitan Copenhagen we estimate both RDRs and
BDRs using spatial error models and analysis units of 350-m grid zones.
350-m grid zones correspond to roughly 0.1 km, which gives a good
trade-off between precision and processing times.

For the City of Copenhagen we also conduct a visual analysis, where
we map the spatial distribution of crow-fly trips, actual trips, average
RDRs, and average BDRs in 100-m grid zones. The smaller grid zones
allow for more high-resolution insights, while still being large enough
to capture a sufficient number of trips.

Overall, there are 29,432 and 79,959 (grid) zones for the City of
Copenhagen and Metropolitan Copenhagen, respectively.

4.2.1. City of Copenhagen

Fig. 2 shows the spatial distribution of the number of actual and
crow-fly trips taking place within or passing through each 100-m grid
zone. Fig. 2(a) shows that most of the actual trips took place on
major road corridors. Fig. 2(b) shows that the number of crow-fly trips
decreased radially from the city center toward the periphery. Most of
the crow-fly trips were concentrated in the center where numerous
activities occur. Some main corridors can still be seen here.

Fig. 3 shows the number of actual trips subtracted by the number
of crow-fly trips (see Eq. [(5)] of Section 3.1) for each zone in the
City of Copenhagen. Zones where there are more crow-fly trips than
actual trips likely have an untapped potential to increase bicycle trips
and accessibility. Zones along main roads had more actual trips than
crow-fly trips because they provide direct routes, which are in most
cases equipped with bicycle infrastructure. In contrast, zones not along
corridors had less actual trips than crow-fly trips, likely because there
is no or limited bicycle infrastructure, and cyclists would therefore
experience lower levels of comfort in these locations.

To compare how RDRs and BDRs are distributed, the average RDRs
and BDRs in the City of Copenhagen are visualized in Figs. 4(a) and
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Fig. 2. The number of actual trips and crow-fly trips in the City of Copenhagen with 100-m grid zones.

4(b), respectively. Specific corridors and areas have been annotated in
the figures to describe differences across the maps and explore their
potential causes more easily.

From the corridor perspective, zones along major corridors connect-
ing the center district to the suburbs such as Ngrrebrogade/
Frederikssundsvej, Fasanvej, and Amagerbrogade, had low average
RDRs and BDRs (i.e., lower than 1.20 and 1.07, respectively). A possible
explanation is that these corridors are equipped with segregated bicycle
tracks and provide direct routes, which are also the shortest paths for
trips between suburban areas and the city center.

In the city center, where numerous corridors and minor streets
intertwine, the average RDRs fall on average. However, the average
BDRs were relatively higher than average, ranging from 1.10 to 1.13.
A possible explanation is that although minor streets in the city center
provide more direct routes than corridors do, many such streets have
a high concentration of pedestrians and parked cars or are narrow
with poor or nonexistent bicycle infrastructure. Thus, riding along
such streets provides routes with lower comfort and potentially even
increased travel time.

Nordhavn and Refshalegen are two urban development areas on
the eastern coast of the city, situated north and south of the canal, re-
spectively. Nordhavn is mainly an industrial area, whereas Refshalegen
comprises both industry and recreation areas. Both areas had relatively
higher average RDRs than most other areas because both areas are
located on the eastern fringes of the city, and they are not directly
connected by major corridors. Therefore, cyclists must take several
detours to reach a few roads that directly connect to both areas.
However, the average BDRs in most areas of Nordhavn were around
average, whereas the average BDRs in Refshalegen remained higher
than average. The reason is probably that the network connecting
Nordhavn to the mainland of the city is limited due to geographical
constraints, forcing cyclists to take detours only with few alternative
routes allowing for behavioral detours. On the other hand, there are

several roads connecting Refshalegen. However, many of the direct
routes are small streets and paths with poor bicycle infrastructure,
causing cyclists to avoid these routes deliberately and take behavioral
detours to routes equipped with complete bicycle infrastructure. From a
policy perspective, the results reveal that the geography and bicycle in-
frastructure in these planned urban development areas are particularly
unsuited to promote bicycling.

In South-Eastern Amager, which comprises a residential low-rise
area, there were higher average RDRs and BDRs. The high RDRs are
most likely due to the airport situated south of this area. However,
the high BDR shows that on top of the necessary detours, cyclists
also take deliberate detours along corridors, instead of taking shortcuts
through the dense network of residential streets with mixed traffic and
no bicycle infrastructure that constitutes the area.

In Sydhavnen, which is a mixed-land-use area comprising mostly
industry, new development areas, and green areas. There were higher
average RDRs along the canal, while the average BDRs were around the
average. This distribution implies that the connection across the canal
is insufficient, and indeed, there were only two bridges in this area:
Sjellandsbroen in the southern part of Sydhavnen and the dedicated
bicycle bridge, Bryggebroen, in the northern part. The average BDRs
surrounding Bryggebroen were very low since this bridge is the only
route nearby connecting both sides of the canal.

Kalvebod Fealled, comprising a green area had higher average RDRs
since roads rarely exist in this area. Southeast of Kalvebod Fzlled is a
newly developed mix-used area comprised of a high concentration of
households and workplaces. The line-shape areas connecting Sydhavn
and this area had the highest average RDRs and BDRs across the entire
city. This phenomenon is most likely caused by many cyclists traveling
between the two densely developed areas who need to take a large
detour over Sjllandsbroen. Moreover, there are relatively direct paths
across Kalvebod Felled, but cyclists prefer to ride on roads with bicycle
infrastructure, therefore taking behavioral detours. Overall, the average
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Fig. 3. Trip difference between actual and crow-fly trips in the City of Copenhagen with 100-m grid zones.

RDRs in the southern part of the city would be significantly reduced
with more connections between both sides of the canal.

4.2.2. Metropolitan Copenhagen

To visualize the tendency of spatial relationship of RDR and BDR
in each zone, we calculated local Moran’s I in each zone using GeoDa
(Anselin et al., 2006) as indicators of spatial association (LISA) to
identify clusters of zones with significantly high or low RDRs and
BDRs as Figs. 5(a) and 5(b) show, respectively. For RDRs, the distri-
bution of high average RDRs clusters verifies that areas highlighted
in Section 4.2.1 have relatively higher average RDRs, and thus bicy-
cle infrastructures should be improved. On the scale of Metropolitan
Copenhagen, the palm-shape distribution of low average RDR clusters
correspond with main corridors connecting suburban cities and city
center, as proposed by the so-called Finger Plan — an urban plan for
Metropolitan Copenhagen from 1947 (Sgrensen & Torfing, 2019) This
indicates that main corridors equipped with segregated bicycle tracks

or even Cycle Superhighways can indeed largely reduce the overall
detours. However, there are no significant patterns of high and low
average BDR clusters, this tendency also proves that most variables in
the BDR model cannot capture the average BDRs.

Table 3 shows the estimation results of the Metropolitan Copen-
hagen average RDR and BDR model. For the explanatory variables,
distance to CBD and total length of pedestrian zones were insignificant
in both RDR and BDR models and thus removed from both models (see
Appendix for RDR model where the insignificant variables are kept).

For the infrastructure variables, in the RDR model, all of them
except the straightness centrality were significant and had reasonable
signs. The average RDR will increase by 0.014 for each kilometer the
zone is away from the nearest DBI. This tendency is intuitive since the
further you are from the bicycle infrastructure, the longer detours are
likely to be incurred. In contrast, the average RDR will decrease by
0.007 for every kilometer of the road (also including paths and tracks)
in the zone. This tendency is also reasonable since it makes it easier
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to traverse the zone, so the zone will be less repulsive. Additionally,
having a high percentage of the network covered by bicycle infras-
tructure also reduces the RDR. If the ratio between the total length of
the bicycle infrastructure and the network increase by 10 percentage
points, the average RDRs would decrease by 0.0008. This tendency
reasonably indicates that the denser the bicycle infrastructure network
is, the better connected it is, and the more direct the bicycle trips will
be.

In the BDR model, in contrast, only the total length of the road
network and the straightness centrality are significant. The longer the
aggregated road length and the higher directness within the zone,
the higher the average BDR. This tendency indicates that although
some zones allow traveling between the nodes within the zones more
directly, cyclists seem to have behavioral reasons to avoid such zones.
One potential reason could be a higher share of junctions in such zones,
leading to more potential conflicts with other modes or cyclists. We
notice that although the Straightness Centrality is the multiplicative
inverse of the average RDR of a zone — why a negative relationship
between the straightness centrality and trip RDR would be expected
— it does not have a significant influence on the overall RDR of trips
according to the RDR model. One possible reason could be that trip
RDRs are mainly affected by network constraints covering several
zones (such as natural barriers) and these are not well described by
zone-internal centrality measures.

For dummy variables, if a zone contains a Cycle Superhighway, the
average RDR will decrease by an additional 0.007. This indicates that
Cycle Superhighways highly promotes cycling accessibility. If a zone
contains a traffic light, the average RDRs will decrease by 0.005, most
likely since traffic lights are more frequently equipped on major roads
having more direct connections to most of the destinations.

The results are in line with Park and Akar (2019) and de Haas
(2020), who also found that cyclists were more willing to ride on
roads with better bicycle infrastructures, lowering the level of de-
tours in zones nearby such bicycle infrastructure. However, except
for straightness centrality, none of these infrastructure variables are
significant in the BDR model. This could probably because there are
other factors incurring behavioral detours that cannot be captured by
infrastructure features. The detailed possible causes will be elaborated
in the discussion section at Section 5.

For the trip feature variable, the average crow-fly distance in the
zone is significant in the RDR model. The average RDR will decrease
by 0.003 for each kilometer the average crow-fly distance in the zone
increases. This phenomenon is probably because most long-distance
cyclists commuted between suburban cities to the city center, where
there are direct bicycle infrastructures equipped alongside the main
corridors. Furthermore, large local detours are often necessary at the
beginning and at the end of trips. This excess distance is most likely
more or less constant, why it will only have a small relative impact
on long trips. This tendency also corresponds to Dixit et al. (2021)
indicating the longer the crow-fly distance the cyclists ride, the fewer
detours will cyclists have. In the BDR model, the average crow-fly
distance in the zone is insignificant.

For the socio-demographic variables, namely income variables,
none of them is significant in the RDR model, while in the BDR model
only the high-income level (i.e., Income level 3) is significant. In
the BDR model, if the percentage of high-income citizens in an area
increases by 10 percentage points, the average BDR increase by 0.0075.
This tendency surprisingly indicates that cyclists deliberately try to
avoid riding through wealthy areas.

Overall, income factors seem to have little impact and do not
influence the RDR, indicating that all income groups can equally access
bicycle infrastructures. This result corresponds to Cunha and Silva
(2022) stating that high-bicycle contexts tend to have more equitable
bicycle infrastructures.

For the eight land-use variables, none of them is significant in
the RDR model, indicating that land-use type cannot notably capture
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the overall detour. In the BDR model, the recreation area is nearly
significant, meaning that if the percentage of recreation areas in a zone
increases by 10 percentage points, the average BDR increase by 0.0005.
This tendency indicates that although it is often possible to ride through
recreation areas, most cyclists tend to avoid such areas. This seems
reasonable, especially for commuters, as roads through recreation ar-
eas often have gravel or natural surfaces, and poor light conditions.
Therefore, they prefer to take detours intentionally to ride on roads
with bicycle infrastructures instead of riding through recreation areas.
Besides, nature areas are also nearly significant for the average BDR,
indicating that cyclists with mostly commuting purposes would like
to take deliberate detours to avoid nature areas even if shorter routes
through nature areas exist.

Overall, only very few variables are significant in the BDR model.
This indicates that when taking away the detours necessarily caused
by a lack of direct routes in the network (by comparing to the shortest
network route), the remaining behavioral detours are difficult to model,
and cannot easily be explained by e.g. infrastructure variables. As this
is the first study to model both RDR and BDR, we believe this to be a
valuable finding.

To analyze the robustness of the estimation results, we also esti-
mated the average RDR model by using 1000-m grid zones with the
same explanatory variables. All coefficients in the RDR model retain
the same signs and similar values when changing the zone sizes. Fur-
thermore, the RDR model with 350-m grid zones has better goodness
of fit than the one with 1000-m grid zones. See Appendix for further
details.

5. Discussion

In this study, we calculated the indicators of realized detours
(i.e., RDRs) and behavioral detours (i.e., BDRs) in Metropolitan Copen-
hagen and the City of Copenhagen and investigated how infrastructure,
trip features, socio-demographic, and land-use factors affect the overall
and behavioral detour. Although previous studies have calculated
similar detour indicators, the proposed methodology provided higher
spatial resolution and focused specifically on cyclists’ accessibility. In
line with previous studies, the findings emphasized that detour-related
measures can be used as effective cycling accessibility assessment
indicators relevant to promoting a bicycle-friendly environment and
encouraging more use of bicycles (Cervero et al., 2019; Costa et al.,
2021; Cubukcu, 2021; Yang et al., 2020).

Having high detour ratios implies that cyclists have to spend addi-
tional time, distance, and physical strength to reach their destination.
These are factors that previous studies have shown may reduce bi-
cycling (Banerjee et al., 2022; Heinen et al., 2013, 2010; Manaugh
et al., 2017; Pucher & Buehler, 2017). Several actions can be taken by
policymakers to reduce cyclists’ detours based on the main findings of
this study. Building new infrastructure across natural barriers is, when
possible, the most effective approach to significantly lower overall
detours, especially for the areas near the natural barrier that constrains
the direct network. The bicycle bridge Bryggebroen in Copenhagen
mentioned in this study is the best example that largely reduces detours
in nearby areas.

Regarding the findings on behavioral detours, similar to Fitch and
Handy (2020) and Pritchard et al. (2019), we found that cyclists, in
general, prefer to use main corridors equipped with bicycle infrastruc-
ture above shorter direct streets (at least in the city center) which,
e.g., contradicts studies that found that cyclists prefer shorter direct
streets with less traffic (Broach et al., 2012; Stinson & Bhat, 2003).
We believe that the results reflect a general prioritization for cyclists
in the main corridors in the Copenhagen area, which means that
cyclists experience a smooth, direct ride when choosing these routes
along a high-quality bicycle infrastructure network. Another possible
explanation could be that cyclists tend to ride faster on dedicated
bicycle infrastructure (Clarry et al., 2019), why a detour in distance
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Table 3

Estimation result of Metropolitan Copenhagen average RDR and BDR model.
Variables RDR BDR

Coefficient Std. error p-value Coefficient Std. error p-value

Constant 1.287 0.005 0.000%** 1.077 0.003 0.000%**
Infrastructure
Nearest distance to DBI 0.014 0.002 0.002 0.001 0.143
Total length of road network —-0.007 0.001 —-0.002 0.001 0.027*
Ratio of total length of DBI to total road length —-0.008 0.002 0.000%** -0.001 0.001 0.352
Straightness Centrality 0.001 0.001 0.222 0.002 0.001 0.018*
Contains Cycle Superhighway —-0.007 0.002 0.003*** -0.002 0.002 0.203
Contains traffic light —0.005 0.002 0.002%** —-0.001 0.001 0.631
Trip feature
Average crow-fly trip distance —-0.003 0.0001 0.000%** 0.000 0.000 0.321
Socio-demographics
Share of income level 1 —-0.001 0.006 0.854 0.000 0.004 0.975
Share of income level 2 0.010 0.010 0.327 0.007 0.006 0.250
Share of income level 3 0.004 0.063 0.946 0.074 0.037 0.046*
Share of zero population Base case
Land use
City center area -0.011 0.010 0.256 0.003 0.006 0.670
High building area 0.004 0.005 0.461 0.003 0.003 0.388
Low building area 0.001 0.003 0.820 0.001 0.002 0.639
Other building area —0.007 0.010 0.496 —-0.003 0.006 0.585
Industry and business area —-0.003 0.005 0.556 0.0001 0.003 0.975
Recreation area 0.005 0.004 0.164 0.005 0.002 0.058
Agriculture area 0.003 0.003 0.300 0.000 0.002 0.877
Nature area 0.004 0.003 0.211 0.004 0.002 0.060
Lambda 0.869 0.003 0.000%** 0.835 0.004 0.000%**
(Spatial autocorrelation coefficient on errors)
R-squared 0.720 0.640
Log likelihood 39238 52724
Akaike information criterion (AIC) —78438 -105410

* (p-value <0.05), ** (p-value <0.01), and *** (p-value <0.005).

along such infrastructure might not necessarily result in a temporal
detour.

Green recreational areas have previously been found to have a
positive influence on the cycling frequency (Wang et al., 2020). Fur-
thermore, several studies of cyclists’ route choice found that cyclists
generally prefer to ride in natural environments such as parks and
scenic areas (Chen et al., 2018; Prato et al., 2018). Additionally, cyclists
find green areas safer, more comfortable, and more direct compared to
the roads with more traffic in the city (Cervero et al., 2019; Heinen
et al,, 2010). In our study, however, we find that recreation areas
slightly increase behavioral detours. We believe that this might be due
to such areas being poorly lit or having unpaved surfaces, which de
Haas (2020) takes into account directly. This is more challenging to do
in our zone-based model, where aggregated surface type (proportion)
variables would not necessarily be sufficient to handle this issue. We
believe that looking further into the underlying cause of this would be
relevant for future work.

Although this study has provided important contributions to trajec-
tory data-based cycling accessibility analysis from a detour perspective,
a few limitations and possibilities for future research directions still
exist. An obvious limitation of the study is that the dataset only includes
data for cyclists who currently cycle and does not include all current cy-
clists, but only a subset. A second limitation is that such crowd-sourced
datasets tend to have an overweight of frequent users, which may or
may not be a source of bias, depending on whether the aim is to provide
improvements of a typical trip or a typical user. Developing suitable
algorithms to detect frequent users and apply relevant corrections that
take such into account, could be relevant in future research.

When calculating the average values of cells, we consider a binary
inclusion of trips, where only those that have their crow-fly route

10

intersecting the cell are considered. Future research could look into the
possibility of using partial inclusion of trips to increase the number of
trips considered for each cell, for instance by assigning trip weights
inversely proportional to (some function of) the distance between their
crow-fly route and the cell.

6. Conclusion

This study used a large-scale bicycle trajectory dataset of 287,978
trips to derive average realized and behavioral detour ratios as cycling
accessibility indicators in the City of Copenhagen with a resolution
of 100-m grid cells. It was found that average detour ratios were
higher in the city fringes due to natural barriers, especially the canal,
and average behavioral detour ratios were higher in the city center
and residential areas, possibly because most roads are without bicycle
infrastructure. Models for the average realized detours and behavioral
detours in zones of 350-m grid cells in Metropolitan Copenhagen
revealed that close proximity to bicycle infrastructure, total length of
road network, share of total length of bicycle network to total length
of road network, and bicycle superhighways, in particular, reduces the
average realized detour ratio of zones. In contrast, total length of road
network, straightness centrality, and high-income zone significantly
affect the average behavioral detours. Recreation and nature land use
are almost significant and thus they do to some extent affect the
average behavioral detour.

The visual results of the case study showed that the proposed
methodology can efficiently identify locations that have particularly
high average detour ratios. Based on the findings for the specific case,
it seems relevant to establish more connections across the harbor canal
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Table A.4
Estimation results of average RDR model with 350 and 1000 meter grid zones.
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Variables RDR 350-m grid zone RDR 1000-m grid zone®

Coefficient Std. error p-value Coefficient Std. error p-value
Constant 1.287 0.007 0.000%** 1.289 0.014 0.000%**
Infrastructure
Nearest distance to DBI 0.014 0.003 0.009 0.008 0.238
Total length of road network —-0.007 0.001 0.001 0.001 0.278
Ratio of total bicycle road length to total road —-0.008 0.002 0.000%** -0.039 0.007 0.000%**
length
Straightness Centrality 0.001 0.001 0.218 0.004 0.004 0.326
Contains Cycle Superhighway —0.007 0.002 0.004%*** —0.009 0.005 0.085
Contains traffic light —0.005 0.002 0.002%** -0.010 0.003 0.001 ***
Total length of pedestrian way 0.007 0.018 0.695 -0.005 0.011 0.636
Distance to CBD 0.000 0.000 0.992 0.000 0.000 0.766
Trip feature
Average crow-fly trip distance —0.003 0.0001 0.000%** —0.003 0.000 0.000***
Socio-demographics
Share of income level 1 —-0.001 0.006 0.841 -0.011 0.013 0.434
Share of income level 2 0.010 0.010 0.321 0.022 0.020 0.274
Share of income level 3 0.004 0.063 0.950 —-0.055 0.128 0.665
Share of zero population Base case
Landuse
City center area -0.011 0.010 0.250 -0.017 0.035 0.6021
High building area 0.004 0.005 0.458 —-0.007 0.020 0.726
Low building area 0.000 0.003 0.823 -0.011 0.011 0.312
Other building area —-0.007 0.010 0.497 0.038 0.028 0.174
Industry and business area —-0.003 0.005 0.551 —-0.008 0.014 0.592
Recreation area 0.005 0.004 0.163 0.017 0.013 0.195
Agriculture area 0.003 0.003 0.303 0.012 0.009 0.174
Nature area 0.004 0.003 0.212 0.007 0.009 0.463
Lambda 0.869 0.003 0.000%** 0.809 0.008 0.000%**
(Spatial autocorrelation coefficient on errors)
R-squared 0.720 0.677
Log likelihood 39238 6376
Akaike information criterion (AIC) —78434 -12711

aUsed inverse distance weights matrix with a 700-m boundary.
* (p-value <0.05), ** (p-value <0.01), and *** (p-value <0.005).

in the city center, which acts as a barrier that increases the detour
ratio in areas with no or limited possibilities to cross. On the contrary,
the study also revealed that the geography and road network of the
recent peninsular urban developments in Nordhavn and Refshalegen
are particularly unsuited for promoting bicycling. The ability to identify
specific locations at a very high level of detail to propose relevant
solutions and policies for bicycling is a valuable future tool for bi-
cycle planners and policymakers that could facilitate evidence-based
decision-making.

Bicycle tracking devices, which collect large-scale cycling-relevant
data such as cyclists’ trajectories, are an emerging technology that
is getting increasingly available. This may be from different sources,
like safety helmets (our study), theft protection devices, intelligent
bike lights, shared bicycles with tracing devices, smartphone app’s for
exercise or survey purposes, etc. Therefore, we believe that this type
of study will be replicable in an increasing number of cities across the
world in the coming years. In that way, we believe our methodology
can be used to identify where to improve bicycle infrastructure to
obtain more bicycle-friendly environments, and thereby facilitate the
development of sustainable cities.
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