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Abstract
Perceived traffic safety influences cycling behavior, yet its value relative to travel time 
and other route attributes remains unquantified. Building on the stated choice experiment 
and street-level image dataset of Terra et  al. (2025), we extract safety perception scores 
from cycling-perspective images using a computer vision model and estimate mixed 
logit models to test whether perceived safety affects route choice after controlling for 
visual street-level features. Cyclists are willing to accept 64 additional seconds of travel 
time for a one-unit increase in perceived safety (scale: −2 very unsafe to +2 very safe). 
Safety preferences vary across demographic groups: older cyclists, recreational cyclists, 
and those with positive cycling attitudes place more weight on safety, while commuters 
prioritize speed. These willingness-to-pay estimates enable planners to quantify perceived 
safety improvements for cost-benefit analyses and to score existing cycling networks for 
targeted infrastructure upgrades. (Replication code: ​h​t​t​p​s​​:​/​/​g​i​t​​h​u​b​.​c​​o​m​/​k​​o​i​t​o​1​9​9​6​0​4​0​6​/​c​y​
c​l​i​n​g​_​s​a​f​e​t​y​_​p​e​r​c​e​p​t​i​o​n​​​​​)​.​​
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Introduction

Cycling is an important component of sustainable urban transport systems, offering environ-
mental, health, and economic benefits across cities worldwide (Brand et al. 2021; Oja et al. 
2011; Blondiau et al. 2016). Despite these advantages, cycling adoption remains limited by 
safety concerns, with perceived risk being the primary barrier to cycling uptake (Useche 
et al. 2019). Designing infrastructure and policies that encourage cycling therefore depends 
on understanding cyclists’ route choices: how much they value perceived safety relative to 
the travel time they trade for it, and how that value differs across riders.

The built environment, urban design, and street-level conditions play a central role in 
shaping how cyclists navigate urban spaces and choose their routes (Lukawska 2024). 
Unlike motorised transport, cyclists are more exposed to environmental conditions and 
traffic interactions when making route choices (van Wijnen et  al. 1995; Reynolds et  al. 
2009). Research on cyclists’ perceptions has identified that infrastructure characteristics, 
particularly separation from motor traffic, road surface quality, and interaction with other 
road users, fundamentally shape how cyclists evaluate routes (Berghöfer and Vollrath 2022, 
2023). The deterrent effect of negative route attributes (e.g., heavy traffic, poor surfaces) 
is generally stronger than the motivational effect of positive attributes, consistent with 
loss aversion (Berghöfer and Vollrath 2023). Thus, the quality of infrastructure and per-
ceived safety could affect cyclists’ route choices. This influence creates both challenges and 
opportunities for urban planners seeking to promote cycling through targeted infrastructure 
investments (Meng 2022).

A substantial body of research has examined cyclists’ route preferences using stated-
preference (SP) methods. Early studies relied primarily on textual descriptions or abstract 
sketches to represent route attributes, such as the presence of bike lanes, road surface qual-
ity, and greenery (Bovy and Bradley 1985; Sener et  al. 2009; Vedel et  al. 2017). While 
these approaches provided valuable insights into cyclist preferences, they cannot capture the 
full complexity and nuance of real-world cycling environments. Text descriptions require 
respondents to mentally reconstruct scenarios, which can lead to misinterpretation, whereas 
simplified sketches omit important contextual details, such as surface texture, vegetation 
quality, and the overall sense of safety that emerges from the complete streetscape. Another 
stream of research uses revealed preference (RP) data from GPS trackers to model actual 
route choices (Broach et al. 2012; Ton et al. 2017; Skov-Petersen et al. 2018).

More recently, computer vision and street-level imagery have revolutionised how 
researchers study urban environments. This research typically focuses on quantifying per-
ceptions of safety, beauty, or “bikeability” (Ito and Biljecki 2021; Costa et al. 2025a; Ito 
et al. 2024a). While powerful for mapping perceptions across cities, these perception stud-
ies do not model choice behaviour itself. Importantly, perceptions (e.g., perceived safety 
and beauty) might influence preferences only to some extent, given other factors such as 
travel time. Along with these image-based perception studies, a growing body of research 
has also emerged building RP route choice models with street-level imagery (Hankey et al. 
2021; Ito et al. 2024). Despite the proliferation of RP methods, these methods are limited 
by existing infrastructure and cannot evaluate preferences for non-existent cycling facili-
ties or capture latent demand from potential cyclists who do not currently cycle. Thus far, 
only a few existing studies have combined discrete choice SP models with (a large number 
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of) explicitly processed street-level imagery as model inputs (e.g., van Cranenburgh and 
Garrido-Valenzuela 2025, 2026).

Despite computer vision models’ ability to map perceived street safety from street-level 
images, no study has yet integrated these scores into a stated-choice experiment to quantify 
how much cyclists value perceived safety improvements relative to other route attributes. 
While prior work recognises perceived safety as a factor in cycling behaviour (Uijtdewilli-
gen et al. 2024; Kuiper 2021), its magnitude in terms of willingness-to-pay and its variation 
across demographic groups remain unquantified. Filling this gap would enable urban plan-
ners to put a concrete value on improvements in safety perception and inform infrastructure 
investments accordingly.

This study bridges this gap by combining large-scale street-level imagery with discrete 
choice modeling. Cycling route choice typically involves trade-offs among multiple route 
attributes (e.g., travel time, the number of traffic lights at intersections, comfort, perceived 
safety, and others). Our analysis quantifies how cyclists trade perceived safety against the 
two attributes that vary in our stated-preference experiment: travel time and the number 
of traffic lights. We use a dataset from the stated choice experiment by Terra et al. (2025), 
which uses thousands of real street-level images of Rotterdam captured from the perspec-
tives of cyclists, providing a more accurate representation than the vehicle viewpoint imag-
ery used in mainstream platforms like Google Street View (Ito et al. 2024b). We then derive 
perceived safety scores from these images with a recently developed computer vision model 
by Costa et al. (2025a) and estimate mixed logit discrete choice models to examine whether 
perceived safety has a significant effect on cyclists’ route choices after controlling for other 
visual features, such as greenery and cars (which we extract using semantic segmentation). 
Thereby, our work addresses three research questions: 
RQ1:	 Does perceived traffic safety affect cyclists’ route choices after controlling for vi-
sual street-level features (e.g., vegetation, bike lanes, and vehicles) extracted through image 
segmentation?
RQ2:	 What is cyclists’ willingness-to-pay for perceived safety improvements, expressed 
in additional travel time and traffic lights?
RQ3:	 To what extent do preferences for perceived traffic safety vary across demographic 
groups, and which groups attach relatively greater or lower importance to safer cycling 
routes?
The remaining part of this paper is organized as follows.  Literature review section reviews 
the literature on cycling route choice modeling and computer vision applications in trans-
port research.  Data and methods section describes our data collection and methodologi-
cal approach, including the stated choice experiment design, safety perception model, and 
discrete choice modeling framework. Results section presents the results from our main 
models and interaction analyses.  Discussion section discusses the key findings and their 
implications for urban planning.  Conclusion section concludes with limitations and direc-
tions for future research.

Literature review

This review traces what is known about cyclists’ route preferences, focusing on how far 
prior work has gone in quantifying the value cyclists place on perceived safety.
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Evolution of cycling route choice modeling

Cycling route choice modeling has evolved considerably over the past three decades, 
driven by advances in survey methods, modeling techniques, and data availability. The field 
broadly divides into two methodological approaches: revealed preference (RP) and stated 
preference (SP) studies, each offering distinct advantages and limitations for understanding 
cyclist behavior.

RP studies use observational data, such as GPS tracks or smartphone data, to model the 
routes cyclists actually take (Broach et al. 2012; Skov-Petersen et al. 2018; Ton et al. 2017; 
Zhang et al. 2021; Xiao et al. 2025). These studies consistently identify travel distance as the 
dominant factor in route choice, though the influence of infrastructure varies significantly 
by urban context. While RP studies capture actual behavior, they face inherent limitations 
in disentangling confounding factors and quantifying trade-offs. Chosen routes may not 
represent clear alternatives, and there is a potential bias introduced when extracting street 
attributes by matching GPS trajectories to street segments. RP data also cannot easily quan-
tify how much additional travel time cyclists would accept for infrastructure improvements, 
a metric needed for cost-benefit analysis of cycling investments. The concept of worthwhile 
travel time, where travel conditions make additional journey time acceptable or even desir-
able, has been reviewed and synthesized in transport research (Cornet et al. 2022). However, 
while a few cycling studies have estimated travel time trade-offs for infrastructure features 
such as bike paths and surface quality (Broach et al. 2012; Berghöfer and Vollrath 2023), 
the accepted travel time cost of perceived safety improvements remains poorly quantified, 
particularly using image-based safety measures.

SP studies can overcome these limitations by presenting respondents with carefully con-
trolled hypothetical choice scenarios. This systematic variation of attributes enables direct 
estimation of trade-offs and willingness-to-pay values. Early SP studies relied heavily on 
textual descriptions to convey route attributes such as “road width,” “amount of greenery,” 
or safety levels (Sener et  al. 2009; Stinson and Bhat 2003; Rossetti and Daziano 2023). 
While these studies established fundamental patterns in cyclist preferences, they required 
respondents to mentally reconstruct complex scenarios, potentially introducing bias through 
misinterpretation or incomplete visualization (Hevia-Koch and Ladenburg 2019).

Recognizing these limitations, later studies incorporated visual elements to improve real-
ism. Some studies have used short video clips Tilahun et al. (2007); Griswold et al. (2018), 
while others employed sketches (Vedel et al. 2017) or abstract edited images (Hardinghaus 
and Papantoniou 2020; Rossetti et al. 2018). However, even these enhanced approaches face 
limitations. Simplified visuals and edited images still lack the richness of real-world envi-
ronments and may not elicit the same responses as actual streetscapes. Abstract representa-
tions often omit crucial contextual details such as surface texture, lighting conditions, and 
the overall environmental quality that influences cycling comfort and safety perceptions. 
Moreover, these studies did not quantify the perceptual qualities (e.g., perceived cycling 
safety) directly and explicitly from presented images to measure their effects.

Cycling safety research distinguishes between objective safety (measured through crash 
statistics, infrastructure audits, and traffic conflict analysis) and perceived safety (the subjec-
tive assessment of risk based on environmental cues and personal experience). The relation-
ship between the two is complex and context-dependent, with studies reporting positive 
alignments, negative correlations, and no associations depending on the measures and set-
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tings used (Costa et al. 2025b). For instance, Winters et al. (2012) found a moderate cor-
relation (r = −0.68) between perceived and observed cycling risk across 14 route types, 
yet with notable discrepancies for specific infrastructure types. Of the 54 road safety mea-
sures reviewed by Sorensen and Mosslemi (2009), 25 had opposite effects on objective and 
subjective safety. Objective scoring methods and subjective ratings cannot reliably predict 
actual crash occurrence either (Fuest et al. 2023). Perceived safety is therefore an indepen-
dent construct that warrants separate investigation, not a simple proxy for objective safety. 
In a revealed preference study, Huber et  al. (2024) reported that perceived safety, mea-
sured through survey-reported incidents, did not significantly influence actual route choices, 
which may reflect either that SP designs surface safety preferences suppressed under the 
constraints of observed route choice, or that RP safety indicators (self-reported incidents) 
and CV-derived perception scores measure different constructs. The relative reliability of 
the two approaches for recovering safety preferences remains open.

Emerging role of computer vision in urban transport research

The proliferation of street-level imagery and computer vision has facilitated novel approaches 
for studying urban environments and transport behavior. This technological advancement 
has enabled researchers to analyze visual environments at scale while capturing details that 
traditional survey methods cannot adequately represent (Biljecki and Ito 2021).

Computer vision techniques have been increasingly applied to quantify subjective per-
ceptions of urban environments using crowd-sourced assessments. Studies typically employ 
pairwise image comparisons where participants evaluate attributes like safety, beauty, or 
walkability (Dubey et  al. 2016; Salesses et  al. 2013). These human perception data are 
then used to train machine learning models that can predict perceptual scores for new 
images across entire cities (Wang et al. 2024). The resulting perception maps provide valu-
able insights into spatial patterns of environmental quality and help identify areas needing 
improvement (Ogawa et al. 2024).

Research has specifically applied these techniques to cycling environments successfully. 
Ito and Biljecki (2021) developed a bikeability index using street view images from multiple 
cities, finding that street-level visual indicators often correlate more strongly with cycling 
attractiveness than macro-level metrics. Costa et al. (2025a) created perception models for 
cycling safety using pairwise image comparisons, revealing how visual elements contribute 
to safety perceptions across different urban contexts. Their model employed a Siamese-
style convolutional neural network architecture with dual sub-networks for both classifica-
tion and ranking tasks, trained on thousands of pairwise image comparisons from Berlin. 
The model achieved strong performance by combining binary/ternary (i.e., win, lose, or 
tie) classification loss with a ranking loss that enforces meaningful margins between safer 
and less safe cycling environments. There is also a growing body of studies correlating 
visual features with RP data (Ito et al. 2024). The most proliferated method is street- or 
point-level aggregation, where researchers aggregate the cycling volume at certain points 
or street segments and join them with visual features from street-level images to run regres-
sion analysis (Ito et al. 2024; Hankey et al. 2021; Zhang et al. 2025; Song et al. 2024; Gao 
and Fang 2025). And other methods include comparisons between actual and shortest paths 
(Verhoeven et al. 2018) and a reinforcement learning-based method with GPS trajectory 
data (Ren et al. 2024). Despite such proliferation, these RP-based studies cannot evaluate 
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preferences for route alternatives that do not exist or analyze the preferences among the 
currently non-cyclists.

Most existing studies rely on imagery from mainstream platforms like Google Street 
View, which are captured from car perspectives and may introduce systematic biases when 
analyzing cycling environments (Ito et al. 2024b). Google’s terms of service also restrict 
computational processing of Street View imagery, limiting its use in automated research 
pipelines. These car-captured images often do not cover dedicated cycling infrastructure that 
vehicles cannot access and may not accurately represent the visual experience of cyclists 
due to differences in viewpoint height and perspective (Fan et al. 2025).

Recently, there has been an emergence of stated-choice experiments that utilize street-
level images, which demonstrate the possibility of filling the gaps identified so far. For 
example, van Cranenburgh and Garrido-Valenzuela (2025) is one of the few studies that 
combined SP discrete choice models with street view image data in the context of residen-
tial location choice, and (Terra et al. 2025) also used a similar research design to test the 
hypothesis of whether visual information plays a significant role in cyclists’ route choices. 
However, no studies have combined computer vision-derived perceived safety scores with 
stated preference models to estimate willingness-to-pay for safety improvements in cycling 
route choice.

Integration challenges and methodological gaps

Despite this progress in both behavioral choice modeling and computer vision, a basic 
behavioral quantity remains unestablished: how much cyclists value perceived safety, and 
how that value varies across riders. No prior study brings the two literatures together in a 
way that can recover it. Table 1 summarises recent studies. Yu et al. (2024) and Ye et al. 
(2024) use street-level imagery to score perceived cycling safety across the network, but 
stop at producing perception maps and do not estimate behavioral parameters in a route-
choice model. Lu et al. (2025) take the opposite step and embed image-derived built-envi-
ronment features inside a revealed-preference route-choice model, but without an explicit 
perceived-safety score and without willingness-to-pay estimation. The behavioral modeling 
tradition has examined safety-related route attributes using revealed preference (Broach 
et al. 2012; Kuiper 2021; Huber et al. 2024) or stated preference (Uijtdewilligen et al. 2024) 
data, but with proxies (infrastructure type, crash counts, self-reported incidents) rather than 
continuous CV-derived perception scores. Our study sits at the intersection: we incorporate 
a CV-derived perceived-safety score as a continuous explanatory variable inside a discrete 
choice model estimated on stated-preference data, estimate willingness-to-pay directly in 
WTP space, and analyze systematic heterogeneity across 17 demographic dimensions. This 
combination quantifies how much cyclists value perceived-safety improvements and how 
those valuations vary across the cycling population.

Data and methods

This section describes the data and our methodological approach. Figure  1 provides an 
overview of the method, which integrates a large-scale image dataset into a stated choice 
experiment; extracts features from the images with semantic segmentation, safety score 
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prediction, and image embedding; and then compares the model fit among different model 
specifications.

Datasets

This research builds on the dataset and stated choice experiment by Terra et  al. (2025), 
which combines a collection of geo-referenced street-level images captured from cycling 

Table 1  Comparison of recent studies examining cycling safety and route choice
Study Choice 

model
Percep-
tion 
scoring

Proxy for safety Trade-off 
measure

Heterogeneity Model

Broach 
et al. 
(2012)

RP No Infrastructure 
type

Equiv. % 
distance

Commute/non-commute PSL

Kuiper 
(2021)

RP No Crash + 
infrastructure

No Age, gender, cycling exp MNL-PS

Huber 
et al. 
(2024)

RP No Crash + 
incidents

No No MNL

Uijt-
dewilli-
gen et al. 
(2024)

SP No Route attributes No Age, gender, commuter Mixed 
logit

Yu et al. 
(2024)

– Yes Perception 
(ViT) + crash

No No ViT + 
LightGBM

Ye et al. 
(2024)

– Yes Crash-based 
(CSL-RE)

No No XGBoost 
+ SHAP

Lu et al. 
(2025)

RP No Built environ-
ment (SLI)

WTC (% 
distance)

No PSL

Our 
study

SP Yes CV safety score WTP (time, 
TL)

17 demographics Mixed 
logit

WTP, willingness-to-pay; WTC, willingness-to-cycle; PSL, path size logit; MNL, multinomial logit

Fig. 1  Overview of the methodological approach combining street-level imagery, computer vision, and 
discrete choice modeling
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perspectives with stated choice data from a cycling route choice experiment. Focusing on 
commuting trips, respondents were recruited through a panel in the Netherlands in 2024 and 
asked to choose between two cycling route alternatives across 15 choice tasks per respon-
dent. In each task, participants selected their preferred route based on the image in combina-
tion with other route attributes. The sample was stratified by age and gender to approximate 
the Dutch cycling population.

The process involved several stages:
Data curation & stated choice experiment: We use the images and choice data col-

lected and curated by Terra et al. (2025). In these data, respondents were asked to choose 
between two alternative routes. Each alternative was defined by three attributes: travel time 
(8, 11, or 14 min), number of traffic lights (1, 2, or 3), and the cycling environment, repre-
sented by a real street-level image randomly selected from the curated database based on 
its category. Each task displayed the two alternatives side by side, with a street-level image 
at the top of each alternative and its travel time and number of traffic lights shown directly 
beneath, so that respondents weighed the cycling environment together with the numeric 
attributes rather than in isolation. Figure 2 shows an example choice task.

Beyond the route alternatives, the data set also comprises contextual attributes for each 
image. These attributes include road type (e.g., separated cycle path, normal road, painted 
cycle path, access road, main road) and are retrieved from GIS databases. In total, 752 
participants completed the survey, resulting in 11,289 valid choice observations. After data 
cleaning (removing the duplicated tail rows for one respondent and six respondents with 
fewer than 15 valid choice tasks), the analysis sample comprises 746 participants and 11,190 
choice observations. Table 2 provides further summary statistics of the dataset. Readers 
interested in more details on the data collection are referred to Terra et al. (2025).

Table 3 summarises the sample demographics. The sample is roughly balanced by gender 
(50.3% female, 49.5% male) and spread across age groups, with slightly fewer respondents 
aged 71+ (9.0%). Nearly half (48.8%) use the bicycle as their primary transport mode, and 
most cycle at least twice per week (80.8%). Education levels range from primary/secondary 

Fig. 2  Example choice task from the stated choice experiment of Terra et al. (2025). Each of the two route 
alternatives is presented as a street-level image with its travel time and number of traffic lights shown 
beneath; respondents selected their preferred route
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Table 2  Summary statistics of the analysis sample and the choice-task attributes
Mean SD Min. Max.

Sample
Number of participants 746
Number of choice tasks 11,190
Number of unique images 6,343
Choice-task attributes (per alternative)
Travel time, min (8 / 11 / 14) 11.05 2.36 8.00 14.00
Traffic lights, count (1 / 2 / 3) 2.02 0.81 1.00 3.00
Perceived safety score 0.24 0.60 −2.01 2.57
Attribute statistics pool both route alternatives across the 11,190 choice tasks (N = 22,380 alternatives). 
Travel time and the number of traffic lights were experimentally varied at fixed levels (shown in 
parentheses); the perceived safety score is the continuous output of the computer vision model, whose 
rating anchors range from −2 (very unsafe) to +2 (very safe)

Variable Category n %
Age 18–30 150 20.1

31–45 167 22.4
46–60 195 26.1
61–70 167 22.4
71+ 67 9.0

Gender Male 369 49.5
Female 375 50.3
Other 2 0.3

Household size 1 person 185 24.8
2 people 276 37.0
3 people 123 16.5
4 people 111 14.9
5 people 36 4.8
6+ people 15 2.0

Primary transport Bicycle 364 48.8
Car 259 34.7
Walking 75 10.1
Public transport 41 5.5
Other 7 0.9

Cycling frequency 5+ days/week 250 33.5
3 days/week 137 18.4
2 days/week 113 15.1
4 days/week 103 13.8
1 day/week 68 9.1
<1 day/week 75 10.1
Never 0 0.0

Education (grouped) Primary/secondary 98 13.1
Vocational 327 43.8
University (B.Sc./B.A.) 186 24.9
Postgraduate 127 17.0
Other/prefer not to say 8 1.1

Table 3  Descriptive statistics of 
the survey sample (n = 746)
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(13.1%) to postgraduate (17.0%), with vocational education as the largest group (43.8%). 
An example of the raw response data is provided in Table 10 in the Appendix.

Image preprocessing: For model estimation, two additional sets of features are gener-
ated. First, semantic segmentation is performed on all images using Mask2Former Cheng 
et al. (2022a) to quantify the pixel percentage of various urban features. Second, a perceived 
traffic safety score is computed for each image using a cycling safety perception model 
developed by Costa et al. (2025a).

Perceived safety model validation: To validate the applicability of the safety percep-
tion model trained on Danish and German contexts to the Dutch context, we examine the 
predicted perceived safety scores across different road types and land use categories. The 
perceived safety score distributions in Figs. 3 and 4 show clear patterns across different 
urban contexts. Scores are generally higher for separated cycling paths compared to other 
road types, while normal road and painted cycle paths did not show much difference. This 
confirms the importance of physical separation from traffic for perceived safety. Among 
land use types, recreational areas and main roads show higher safety scores, while indus-
trial areas, residential areas, and access roads show lower scores. These patterns align with 
expected relationships between urban environment characteristics and cycling safety per-
ceptions, supporting the model’s validity in the Rotterdam context.

Figures 5 and 6 show example images scoring minimum, median, and maximum per-
ceived safety scores. For each image, we present semantic segmentation visualizations 
(showing different urban elements in distinct colors based on the Mapillary Vistas color 
scheme), and Gradient-weighted Class Activation Mapping (Grad-CAM) overlays (Sel-
varaju et al. 2016). Grad-CAM is an interpretability technique that produces heatmaps show-
ing which image regions most influenced a neural network’s prediction. It backpropagates 
gradients from the output to the last convolutional layer and weights each activation map by 
its gradient, producing a spatial relevance map. In our visualizations, higher-intensity colors 
indicate regions with greater influence on the predicted safety score. The model assigns 
higher perceived safety scores to environments with better visibility, separation from traf-

Fig. 3  Distribution of perceived safety scores across different road types
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fic, and well-maintained road conditions. Analysis of attention maps reveals that the model 
focuses on different environmental features depending on the infrastructure context, paying 
more attention to road surfaces for normal roads and surrounding elements like vegetation 
for painted cycle paths.

Fig. 5  Example images of predicted safety perception by road type, with attention maps

 

Fig. 4  Distribution of perception of safety scores across different land use categories
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Methods

Our methodological approach follows a systematic process where each route alternative 
in the choice experiment is characterized by three key attributes: travel time (TT), number 
of traffic lights (TL), and street-level cycling environment represented by real images. To 
extract comprehensive information from the images, we apply two computer vision models: 
semantic segmentation to quantify urban environmental features and a safety perception 
model to derive perceived safety scores. We then estimate mixed logit discrete choice mod-
els using different combinations of these features to examine the role of perceived safety in 
cycling route choice behavior. The replication code can be found here: ​h​t​t​p​s​​:​/​/​g​i​t​​h​u​b​.​c​​o​m​/​k​​
o​i​t​o​1​9​9​6​0​4​0​6​/​c​y​c​l​i​n​g​_​s​a​f​e​t​y​_​p​e​r​c​e​p​t​i​o​n​​​​​.​​

Semantic segmentation

Prior research has established that visual street-level features influence cycling route pref-
erences: greenery is associated with higher route attractiveness (Lu et al. 2025), the pres-

Fig. 6  Example images of predicted perceived safety perception by land use type, with attention maps

 

https://github.com/koito19960406/cycling_safety_perception
https://github.com/koito19960406/cycling_safety_perception
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ence of motor vehicles deters cyclists (Broach et al. 2012; Uijtdewilligen et al. 2024), and 
dedicated cycling infrastructure increases route utility (Kuiper 2021). To control for these 
known effects and isolate the residual contribution of perceived safety, we quantify the 
pixel-level composition of each image using semantic segmentation.

We apply the Mask2Former model (Cheng et al. 2022b), pre-trained on Mapillary Vistas, 
a large-scale street-level image dataset with pixel-level annotations across 65 object classes 
spanning road infrastructure, nature, vehicles, buildings, and construction elements. The 
model achieves 64.7% mIoU on this dataset. We chose semantic segmentation over alterna-
tive approaches (instance segmentation, panoptic segmentation) because it produces pixel 
proportions for each scene component, which directly serve as continuous explanatory vari-
ables in our utility functions. Instance segmentation identifies and counts discrete objects 
but discards uncountable scene elements (e.g., road surface, sidewalk, vegetation, sky) that 
are critical for cycling safety perception. Panoptic segmentation combines both instance and 
semantic approaches but adds complexity without clear benefit for our modeling purpose 
(Ito et al. 2025).

Traffic safety perception model

We leveraged a model developed by Costa et al. (2025a) to generate a quantitative measure 
of perceived safety for each image. This model was trained on a large dataset of pairwise 
image comparisons from Berlin. For our study, we apply this pre-trained model to our Rot-
terdam image dataset to obtain a continuous perceived safety score for each image in our 
choice experiment.

The model’s architecture, shown in Fig. 7, is a Siamese-style convolutional neural net-
work (CNN) designed to process pairs of images simultaneously. The architecture consists 
of a shared CNN backbone that extracts feature embeddings from each image, followed by 
two parallel sub-networks: a classification sub-network and a ranking sub-network. This 

Fig. 7  Architecture of the traffic safety perception prediction model, adapted from Costa et al. (2025a)
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dual-task approach allows the model to both classify which image in a pair is safer and 
assign a continuous perceived safety score to individual images.

The classification sub-network concatenates the feature embeddings of two images and 
passes them through a fully connected layer. It is trained with a cross-entropy loss (Lcls) to 
predict which image is safer, mirroring the human task of pairwise comparison. The ranking 
sub-network, on the other hand, maps the feature embedding of a single image to a con-
tinuous, unbounded perceived safety score. This sub-network is trained with a ranking loss 
function (Lrank) that enforces a margin γ between the scores of the two images in a pair:

	 Lrank = max(0, s(Ib) − s(Ia) + γ)� (1)

where s(Ia) and s(Ib) are the predicted scores for the safer image Ia and the less safe image Ib, 
respectively. The overall loss function combines both objectives: Ltotal = Lcls + λLrank, 
where λ balances the two tasks. See Costa et al. (2025a) for more details about the safety 
perception model.

For this study, we use the raw, unnormalized perceived safety scores generated by the 
ranking sub-network. Costa et al. (2025a) set the margin γ to 0.7 through a hyperparameter 
search that optimized ranking accuracy on held-out pairwise comparisons. During train-
ing, the model incurred a penalty whenever the score difference between a safer and a less 
safe image fell below 0.7. Because human annotators labeled the training pairs and could 
reliably distinguish safer from less safe images, a one-unit difference in the resulting score 
corresponds to a perceptual gap that observers can detect. These scores serve as explanatory 
variables in our choice models, allowing us to test the direct influence of perceived safety 
on route choice while controlling for visual street-level features.

Choice model specifications

We estimate four-panel mixed logit discrete choice models. Our utility functions include 
travel time and traffic lights. Because the experiment by Terra et al. (2025) does not include 
a monetary cost attribute, willingness-to-pay values cannot be expressed in monetary terms. 
The omission is also consistent with cycling route choice practice more broadly—for per-
sonal bicycle trips, the marginal monetary cost per trip is negligible (no fuel or fares), and 
cycling route choice studies typically omit cost (Broach et  al. 2012; Kuiper 2021). This 
design choice means our results apply to personal bicycle use and do not extend to shared-
bike systems where per-trip costs apply. Traffic lights are included from Model 1 onward as 
a standard route convenience attribute reflecting intersection delay, not as a safety feature; 
the safety perception model captures safety independently from the images. These models 
account for the panel structure in our stated choice data and unobserved taste heterogene-
ity by allowing key taste parameters to vary randomly across individuals, but not within 
respondents. For segmentation features, we employ backward stepwise selection to identify 
the variables contributing most to explanatory power and prioritize model simplicity and 
interpretability over maximizing fit (e.g., Hou et al. 2019; Madarshahian et al. 2023). The 
utility functions for the different model specifications are as follows:

(1) Base model:

	 Uitn = βT T,n · TTitn + βT L,n · TLitn + ϵitn� (2)
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where Uitn is the utility of alternative i for decision maker n in choice task t, TTitn is travel 
time, TLitn is the number of traffic lights, βT T,n and βT L,n are individual-specific random 
taste parameters, and ϵitn is an IID Extreme Value Type I distributed error term.

(2) Base + Safety model:

	 Uitn = βT T,n · TTitn + βT L,n · TLitn + βSAF ET Y,n · SAFETYitn + ϵitn� (3)

where SAFETYitn represents the perceived traffic safety score, computed using the safety 
perception model for IMAGEitn, for alternative i of choice task t, and βSAF ET Y,n is an 
individual-specific random taste random parameter.

(3) Base + Segmentation Model:

	

Uitn = βT T,n · TTitn + βT L,n · TLitn

+
∑

k

βk · SEGk,itn + ϵitn
� (4)

where SEGk,itn represents the proportion of segmentation feature k in the image for alter-
native i presented in choice task t, and βk are (non-random) parameters for the selected 
segmentation features.

(4) Full Model (Base + Safety + Segmentation):

	

Uitn = βT T,n · TTitn + βT L,n · TLitn + βSAF ET Y,n · SAFETYitn

+
∑

k

βk · SEGk,itn + ϵitn
� (5)

For the random parameters, we assume negative log-normal distributions for travel time 
and traffic lights: βT T,n ∼ − exp

(
N (µT T , σ2

T T )
)
, βT L,n ∼ − exp

(
N (µT L, σ2

T L)
)

, 
ensuring negative marginal uilities for all n, and a normal distribution for safety: 
βSAF ET Y,n ∼ N (µSAF ET Y , σ2

SAF ET Y ). The mixed logit probabilities are computed 
using a Monte Carlo simulation with 1000 Halton draws.

Willingness-to-pay estimation

To compute willingness-to-pay (WTP) measures for safety perception, we estimate separate 
mixed logit models in WTP space. This approach directly models the trade-offs cyclists are 
willing to make between safety perception and travel time or traffic lights. We define WTP 
space utility functions where WTP parameters are estimated with log-normal distributions.

For safety versus travel time:

	
Uitn = µT T · (TTitn + WTPT L,n · TLitn + WTPSAF ET Y,n · SAFETYitn) +

∑
k

βk · SEGk,itn + ϵitn� (6)

For safety versus traffic lights:

	
Uitn = µT L · (TLitn + WTPT T,n · TTitn + WTPSAF ET Y,n · SAFETYitn) +

∑
k

βk · SEGk,itn + ϵitn� (7)
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where µT T  and µT L are non-random scale parameters, 
WTPT L,n = exp(µT L + σT L · ηT L,n), WTPT T,n = exp(µT T + σT T · ηT T,n), 
WTPSAF ET Y,n = − exp(µSAF ET Y + σSAF ET Y · ηSAF ET Y,n), and η ∼ N (0, 1). Mean 
WTP is computed as E[WTP ] = exp(µ + σ2/2), representing additional travel time (sec-
onds) or traffic lights cyclists “pay” for a one-unit increase in perceived safety.

Interaction Models

For examining systematic heterogeneity across segments of the cycling population, we 
estimate mixed logit models with interaction effects. We implement a method where each 
demographic group has its own random safety parameter, all sharing a common standard 
deviation. The utility function takes the form:

	

Uitn = βT T,n · TTitn + βT L,n · TLitn

+

[
βSAF ET Y,ref,n +

∑
m

(I[DEMOn = m] · βSAF ET Y,m,n)

]
· SAFETYitn

+
∑

k

βk · SEGk,itn + ϵitn

� (8)

where βSAF ET Y,ref,n = µSAF ET Y,ref + σSAF ET Y,common · ηref,n for the reference cat-
egory, βSAF ET Y,m,n = µSAF ET Y,m + σSAF ET Y,common · ηm,n for category m, I[·] is 
an indicator function, DEMOn represents individual n’s demographic category, and all 
groups share the common standard deviation σSAF ET Y,common. The reference categories 
for each demographic variable are: Age (Young: 18–30 years), Gender (Others), Household 
Size (Small: 1–2 people), Household Composition (Others), Income (Low: < €2,250), Edu-
cation (Low), Bills (Easy), Cycling Attitude (Yes: like cycling), Cycling Incident (Severe), 
Cycling Unsafe Feeling (Sometimes), Cycling Frequency (Occasional: 1–2 days/week), 
Bike Type (Others), Car Ownership (No car), Transportation Mode (Others), Commuting 
Days (No commute), Travel Time (No commute), and Trip Purpose (Others).

Results

Main model results

This section addresses our first research question: Does perceived traffic safety affect 
cyclists’ route choices after controlling for visual street-level features extracted through 
image segmentation? That is, we test whether perceived safety is statistically significant 
in our models and whether adding perceived safety improves model performance. It does: 
perceived safety is a positive and significant driver of route choice across specifications, and 
adding it improves model fit, as we detail below.

Table 4 presents the comprehensive results from benchmarking four different model 
specifications. The comparison demonstrates clear improvements in model performance 
when incorporating traffic safety perception and semantic segmentation features. Model 
performance is primarily evaluated using log-likelihood, which is the standard metric 
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for discrete choice model comparison. Log-likelihood values closer to zero indicate bet-
ter model fit, while rho-squared provides an additional normalized measure of model fit. 
Likelihood ratio tests and information criteria (AIC, BIC) support model comparison and 
performance evaluation.

Our mixed logit models allow for unobserved taste heterogeneity across individuals 
through random parameters, and the heterogeneity is represented by σ, which shows larger 
heterogeneity among participants when the value is larger. All models show significant stan-
dard deviations for the random parameters, indicating substantial heterogeneity in prefer-
ences across cyclists.

Model 1 (Base Model): The base model, including only travel time and traffic lights, 
achieves modest explanatory power with a log-likelihood of −7080.88 and rho-squared of 

Table 4  Model benchmark summary
Model type Model 1 Model 2 Model 3 Model 4

Base Base+Safety Base+Seg Base+Seg+Safety
Goodness of fit
Sample size 746 746 746 746
Number of estimated 
parameters

4 6 15 17

Number of observations 11,190 11,190 11,190 11,190
Log-Likelihood −7080.88 −6781.60 −6348.73 −6328.27
Rho-squared 0.0871 0.126 0.181 0.184
AIC 14,169.77 13,575.20 12,727.47 12,690.55
BIC 14,188.23 13,602.89 12,796.69 12,769.00
Random Parameter Means (Coefficient, t-value)
B_TT −2.21** 

(−3.13)
−0.64* (−2.43) 0.14 (0.94) 0.18 (1.31)

B_TL −0.93*** 
(−4.12)

−0.75** (−3.11) −0.47* (−2.40) −0.49** (−2.69)

B_SAFETY_SCORE – 0.60*** (18.0) – 0.14*** (3.62)
Segmentation Features
B_Bike_Lane – – 3.99*** (8.93) 3.48*** (7.58)
B_Curb – – 9.72*** (4.90) 8.82*** (4.41)
B_Pole – – 5.45** (2.95) 5.03** (2.72)
B_Sidewalk – – 2.45*** (6.73) 2.09*** (5.57)
B_Sky – – 1.85*** (10.6) 1.84*** (10.6)
B_Terrain – – 3.86*** (13.5) 3.26*** (10.7)
B_Traffic_Sign_(Front) – – −14.5** (−2.95) −14.5** (−2.99)
B_Truck – – −4.84*** (−4.77) −4.89*** (−4.83)
B_Utility_Pole – – −10.9* (−2.35) −11.8* (−2.54)
B_Vegetation – – 2.30*** (16.4) 2.20*** (15.5)
B_Water – – 8.22*** (6.67) 7.80*** (6.31)
Random Parameter Standard Deviations
sigma_TT 3.79*** 

(5.91)
−2.47*** 
(−9.54)

1.95*** (13.2) −1.88*** (−14.0)

sigma_TL 1.93*** 
(7.41)

−1.79*** 
(−6.43)

1.61*** (6.73) −1.60*** (−7.58)

sigma_SAFETY_SCORE – 0.22*** (3.37) – 0.20*** (3.36)
***p < 0.001,**p < 0.01,*p < 0.05
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0.087. The travel time coefficient is negative and significant (−2.21, p < 0.01), as expected, 
with substantial preference heterogeneity (σ = 3.79, p < 0.001). Similarly, the traffic lights 
coefficient is negative (−0.93, p < 0.001) with significant heterogeneity (σ = 1.93, p < 
0.001), thus confirming that cyclists generally prefer routes with fewer traffic lights but with 
varying preferences across individuals.

Model 2 (Base + Safety): Adding perceived safety substantially improves model per-
formance, with log-likelihood improving to −6781.60 and rho-squared increasing to 0.126. 
The perceived safety coefficient is positive and highly significant (0.60, p < 0.001), con-
firming that cyclists prefer routes with higher perceived safety. The model also reveals 
significant heterogeneity in safety preferences (σ = 0.22, p < 0.001), which indicates that 
while most cyclists value safety, the magnitude of this preference varies considerably across 
individuals.

Model 3 (Base + Segmentation): Incorporating semantic segmentation features without 
safety perception achieves substantial improvement with log-likelihood of −6348.73 and 
rho-squared of 0.181, indicating that detailed environmental characteristics significantly 
explain route choice. Key negative effects include the presence of trucks (−4.84, p < 0.001), 
utility poles (−10.9, p < 0.05), and traffic signs (−14.5, p < 0.01), while positive effects 
emerge from water features (8.22, p < 0.001), terrain (3.86, p < 0.001), and bike lanes (3.99, 
p < 0.001). The travel time coefficient becomes insignificant (0.14, p > 0.05).

Model 4 (Full Model): The full model, combining both safety perception and segmenta-
tion features, achieves the highest performance with log-likelihood of −6328.27 and rho-
squared of 0.184. The safety coefficient remains positive and highly significant (0.14, p < 
0.001) even after controlling for detailed environmental features. This provides strong sup-
port for the notion that perceived safety is important for cycling route choices. Moreover, 
we find strong support that safety preferences are heterogeneous across the cycling popula-
tion: (σ = 0.20, p < 0.001).

To verify that our stepwise feature selection procedure did not lead to overfitting, we 
performed a train-test split validation using the survey’s pre-labeled split: a training set of 
606 individuals (9090 observations) and a test set of 140 individuals (2100 observations). 
As shown in Table 5, the test set achieves a higher rho-squared (0.192) than the training set 
(0.168), indicating that the model generalizes well to new data. This result confirms that 
our stepwise selection procedure successfully identified features that contribute to model 
performance without overfitting to the training data. We also performed a comprehensive 
examination of interaction effects across 17 demographic variables to understand preference 
heterogeneity. While this extensive testing could potentially increase the risk of finding sta-
tistically significant results by chance, we note that many of the interaction effects found in 
our study align with prior research and theoretical expectations.

The willingness-to-pay estimates reveal cyclists have strong preferences for safer cycling 
environments. From our WTP space models (Table 6), cyclists are willing to accept 64 
additional seconds of travel time and 0.59 additional traffic lights for each unit increase 
in perceived safety, even after accounting for a rich set of segmentation features. These 

Training Test
Number of observations 9090 2100
Number of individuals 606 140
LL −5160.21 −1176.03
ρ2 0.168 0.192

Table 5  Train versus Test Model 
Performance Comparison
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estimates are derived from the mixed logit models in WTP space with log-normal WTP dis-
tributions. Given that safety scores range from approximately −2 (very unsafe) to +2 (very 
safe), cyclists would accept substantial increases in travel time and traffic lights to experi-
ence improvements in cycling conditions from the worst to best perceived safety conditions.

It is important to note that these WTP models show a slightly worse fit than Model 4 (the 
full utility space model). This is because the WTP models have one fewer random parame-
ter. In Model 4, we estimated travel time as a random parameter, which contributes substan-
tially to model fit. When we estimate a mixed logit model in utility space with travel time 
as a fixed coefficient, we observe a similar fit to the WTP models. We intentionally keep the 
scale parameter (either travel time or traffic light) as a fixed parameter in WTP models rather 
than a random parameter. While allowing the scale parameter to be random would improve 
model fit, it would confound scale heterogeneity with taste heterogeneity (Hess and Rose 
2012), undermining our goal of obtaining meaningful WTP estimates.

The qualitative analysis of model predictions provides additional insights into how safety 
perception improves utility estimation. Figure 8 shows images where the model incorporat-
ing safety perception makes different utility predictions compared to the model using only 
segmentation features. The plots on the right side show the percentiles of the images in 
terms of estimated utility among all the images. In the upper panel, images where the model 
with perceived safety estimated a higher utility than the model without perceived safety 
seem to have good visibility of the roads and appear organized with low speed limits for 
vehicles, even if cyclists have to share the road with vehicles. In the lower panel, images 
where the model with perceived safety estimated lower utility than the model without per-
ceived safety seem to have lower visibility due to lighting and objects on the road (e.g., 
parked cars and bridges), and appear unclear regarding where cyclists are protected from 
seemingly high-speed roads.

Similarly, Fig. 9 shows pairs of images in which the model with perceived safety pre-
dicted the choice of routes by the participants correctly, while the model without perceived 
safety failed. The bar plots show the probability of the choice predicted by both models. 
In these images, we can also make similar observations. The model with perceived safety 
seems to get hints from contextual features that might not appear in the segmentation fea-
tures, such as the roads with dead ends.

Relationships among utility, perceived safety, and segmentation features (RQ1, 
RQ2)

Figure 10 shows relationships between route utility from Model 4, perceived safety, and key 
segmentation features. Positive correlations exist between perceived safety and infrastruc-
ture/natural elements (terrain, bike lane, vegetation), while negative correlations emerge 
with traffic-related features (car, road). Cyclist preferences align with environments that 

Table 6  Mixed Logit WTP Space Model Results
Trade-off Mean WTP µ σ Log-Likelihood
Safety versus Travel Time 1.07 min −3.090 −1.308 −6785.60
Safety versus Traffic Lights 0.59 lights −2.257 −1.125 −6485.58
Mixed logit WTP space models with log-normal WTP distribution. Mean WTP = exp(µ + σ2/2). Includes 
significant segmentation features
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provide good visibility while maintaining greenery, suggesting a preference for open terrain 
over dense vegetation that might obstruct sightlines.

Some segmentation features are correlated with each other (e.g., vegetation and terrain 
tend to co-occur; car and road proportions are positively related). Such correlations are com-
mon when predictors describe the same scene and, as Fig. 10 shows, none of the retained 

Fig. 8  Qualitative comparison of utility estimation: images where the model with perceived safety esti-
mated a different utility than the model without perceived safety

 



1 3

Transportation

features exceeds the conventional threshold (|r| > 0.9) at which collinearity impedes 
parameter identification. Moderate correlations inflate standard errors but do not bias coeffi-
cient estimates, and attributes are not required to be independent in a discrete choice model. 
The stepwise selection we use on top of this is motivated by model parsimony rather than by 

Fig. 9  Qualitative comparison of route choice prediction: images where the model with perceived safety 
predicted the choice of routes by the participants correctly, while the model without perceived safety 
failed
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a multicollinearity concern, and the train-test validation (Table 5) confirms that the retained 
features generalize to new data.

Heterogeneous effects of traffic safety perception (RQ3)

This subsection shows the results that answer our third research question: To what extent do 
preferences for perceived traffic safety vary across demographic groups, and which groups 
attach relatively greater or lower importance to safer cycling routes? To examine how safety 
preferences vary across different segments of the cycling population, we estimated 17 inter-
action models between perceived safety and demographic variables covering individual 
characteristics (age, gender), household factors (size, composition), socioeconomic status 
(income, education, bills), cycling experience (attitude, incident history, unsafe feelings, 
frequency, bike type), transportation patterns (car ownership, primary mode), and trip char-
acteristics (commuting days, travel time, trip purpose). These models help identify which 

Fig. 10  Scatter plot matrix showing relationships between utility, perceived safety, and key segmentation 
features
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groups would benefit most from safety-focused infrastructure investments and reveal impor-
tant heterogeneity in cycling preferences that can inform targeted policy interventions.

The interaction effects are presented in Tables 7, 8, and 9, which show the safety-related 
parameters from all 17 interaction models. Since the interaction models are generalizations 
of Model 4, we assess their improved performance using a Likelihood Ratio Test. The results 
indicate that only three interaction models provide statistically significant improvements in 
fit over Model 4 at α = 0.05: Age (LRS = 6.12, critical χ2

(2,0.05) = 5.99), Cycling Attitude 
(LRS = 6.71, critical χ2

(1,0.05) = 3.84), and Trip Purpose (LRS = 15.00, critical χ2
(3,0.05) = 

7.81). While several other models show significant individual interaction parameters, these 
three models demonstrate both statistically significant interaction effects and meaningful 
improvements in overall model performance. Below, we discuss the estimation results with 

Age Gender HH size HH 
comp.

Income

Model Fit Statistics
Sample size 746 746 746 746 746
Parameters 19 19 19 19 19
Log-Likeli-
hood

−6325.22 −6327.81 −6326.26 −6327.58 −6328.22

LRT Stat 6.12* 0.94 4.03 1.40 0.11
Safety interaction parameters: ref (t-stat vs. 0), others (z-stat vs. ref)
Young (ref) 0.02 

(0.27)
– – – –

Middle 0.10 
(0.68)

– – – –

Senior 0.21 
(1.51)

– – – –

Others (ref) – 0.62 
(0.57)

– 0.03 
(0.33)

–

Female – −0.51 
(−0.73)

– – –

Male – −0.47 
(−0.70)

– – –

Alone – – – 0.17 
(0.85)

–

Couple – – – 0.10 
(0.44)

–

Small (ref) – – 0.20*** 
(4.23)

– –

Medium – – −0.18*** 
(−4.58)

– –

Large – – 0.06 
(−1.02)

– –

Low (ref) – – – – 0.17* 
(2.16)

Medium – – – – 0.02 
(−1.22)

High – – – – −0.09* 
(−2.18)

Table 7  Safety-demographics 
interaction models sum-
mary (Part 1: Demographics and 
Socioeconomic)

LRT versus Model 4: Age 
(Yes*), Gender (No), HH Size 
(No), HH Comp (No), Income 
(No)
***p < 0.001,**p < 0.01,
*p < 0.05
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emphasis on these three better-performing models, followed by brief summaries of notable 
patterns in the remaining models.

Age: Age emerges as a key determinant of safety preferences, with the interaction 
model showing statistically significant improvement over the base model. While the refer-
ence group of young cyclists (18–30 years) shows no significant safety preference (0.02, 
p >0.05), older cyclists demonstrate increasing value for safety. Middle-aged cyclists 
(31–60) show a positive coefficient (0.10), though this difference from young cyclists is 
not statistically significant (z = 0.68, p >0.05). Senior cyclists aged 61 and above show a 
stronger preference for safety (0.21), and this difference from young cyclists approaches 
significance (z = 1.51, p >0.10). One tentative interpretation, which our cross-sectional 
design cannot identify, is that older cyclists may be more risk-averse or have reduced 
physical confidence when navigating potentially unsafe cycling environments. These 
findings have important implications for designing inclusive cycling infrastructure that 

Table 8  Safety-demographics interaction models summary (Part 2: Socioeconomic and Cycling Experience)
Educ. Bills Attitude Incident Unsafe Freq.

Model Fit Statistics
Sample 746 746 746 746 746 746
Params 19 19 18 19 19 18
LL −6328.12 −6328.03 −6324.92 −6327.97 −6326.88 −6327.94
LRT 0.31 0.49 6.71* 0.60 2.79 0.66
Safety parameters: ref (t vs. 0), others (z vs. ref)
Low (ref) 0.18 (1.82) – – – – –
Med −0.01 (−1.27) – – – – –
High −0.07 (−1.74) – – – – –
Easy (ref) – 0.19*** 

(4.03)
– – – –

Reasonable – −0.10*** 
(−3.45)

– – – –

Difficult – −0.09* 
(−2.14)

– – – –

Yes (ref) – – 0.19*** 
(4.62)

– – –

No – – −0.27*** 
(−4.55)

– – –

Severe (ref) – – – 0.13 (1.00) – –
Mild – – – −0.01 (−0.70) – –
No – – – 0.01 (−0.66) – –
Sometimes (ref) – – – – 0.12 (1.61) –
Eve/Night – – – – −0.04 (−1.36) –
No – – – – 0.10 (−0.19) –
Occasional (ref) – – – – – 0.16** 

(2.77)
Regular – – – – – −0.03* 

(−2.08)
LRT versus Model 4: Educ (No), Bills (No), Attitude (Yes*), Incident (No), Unsafe (No), Freq (No)
***p < 0.001,**p < 0.01,*p < 0.05
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can attract and retain older adults, who represent a growing demographic with significant 
untapped cycling potential.

Cycling attitudes: Cycling attitudes strongly predict safety preferences, with the interac-
tion model showing statistically significant improvement over the base model. Cyclists who 
like cycling show significantly positive safety preferences (0.18, p <0.001), while those who 
report not liking cycling place significantly less value on safety (−0.27, z = −4.55, p<0.001 

Table 9  Safety-demographics interaction models summary (Part 3: Cycling Type, Transportation and Trip)
BikeType Car Trans CommDays TravelTime TripPurp

Model Fit Statistics
Sample 746 746 746 746 746 746
Params 20 19 21 19 19 20
LL −6326.03 −6328.21 −6327.60 −6327.24 −6328.67 −6320.77
LRT 4.50 0.13 1.36 2.06 −0.79 15.00*
Safety parameters: ref (t vs. 0), others (z vs. ref)
Others (ref) −0.27 

(−0.84)
– 0.24 (0.47) – – −0.16 

(−1.02)
E-bike 0.41 (1.51) – – – – –
Racing 0.26 (1.14) – – – – –
Regular 0.43 (1.55) – – – – –
Bike – – −0.12 

(−0.51)
– – –

Car – – −0.10 
(−0.48)

– – –

Public – – −0.06 
(−0.41)

– – –

Walk – – −0.01 
(−0.35)

– – –

No car (ref) – 0.24** 
(2.66)

– – – –

One car – −0.13** 
(−2.78)

– – – –

Multi cars – −0.06* 
(−2.07)

– – – –

No commute (ref) – – – 0.20*** (3.40) 0.22*** (3.68) –
Part-time – – – −0.18*** 

(−3.71)
– –

Full-time – – – −0.02* (−2.36) – –
Short – – – – −0.11** (−3.19) –
Long – – – – −0.12*** 

(−3.58)
–

Commute – – – – – 0.28 (1.91)
Errands – – – – – 0.25 (1.79)
Recreational – – – – – 0.49** 

(2.79)
LRT versus Model 4: BikeType (No), Car (No), Trans (No), CommDays (No), TravelTime (No), TripPurp 
(Yes*)
***p < 0.001,**p < 0.01,*p < 0.05
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relative to those who like cycling). This substantial difference suggests that cycling attitudes 
fundamentally shape how individuals weigh safety in their route choices. The counterintui-
tive finding for those who dislike cycling suggests they may prioritize other factors (such as 
speed or convenience) over safety, or may have already adapted to unsafe conditions. From 
a policy perspective, this indicates that safety improvements alone may be insufficient to 
convert reluctant cyclists who have fundamental negative attitudes toward cycling.

Trip purpose: Trip purpose reveals the most substantial dimension of preference hetero-
geneity, with the interaction model showing the greatest statistical improvement over the 
base model (LRS = 15.00). Using “Others” (including exercise, picking up/dropping off, 
and other miscellaneous purposes) as the reference category, which shows no significant 
safety preference (−0.16, p >0.05), we observe meaningful differences across trip purposes. 
Recreational cyclists place substantially higher value on safety (0.49, z = 2.79, p <0.01) 
compared to the reference group, while commuting (0.28, z = 1.91) and errands (0.25, z = 
1.79) show positive but not statistically significant differences. This pattern makes intuitive 
sense: recreational cycling is voluntary and discretionary, allowing cyclists more freedom 
to choose safer (though potentially longer) routes, while trips with other purposes may face 
greater time or routing constraints.

Other models with notable interaction parameters: While 14 other interaction models 
did not show statistically significant improvement over the base model based on LRT, sev-
eral reveal interesting patterns in their parameter estimates. Household size (LRS = 4.03) 
shows small households (1–2 people, 0.20, p <0.001) with higher safety preferences than 
medium households (−0.18, z = −4.58, p < 0.001). Bike type (LRS = 4.50) shows regular 
bikes (0.43), e-bikes (0.41), and racing bikes (0.26) with higher safety preferences versus 
other types (−0.27). Bills (LRS = 0.49) shows those who find bills easy (0.19, p < 0.001) 
valuing safety more than those finding it reasonable (−0.10, z = −3.45, p <0.001) or difficult 
(−0.09, z = −2.14, p <0.05). Travel time (LRS = −0.79) and commuting days (LRS = 2.06) 
show those without commutes valuing safety more. Income (LRS = 0.11), education (LRS 
= 0.31), car ownership (LRS = 0.13), cycling frequency (LRS = 0.66), cycling incident 
history (LRS = 0.60), unsafe feelings (LRS = 2.79), transportation mode (LRS = 1.36), 
gender (LRS = 0.94), and household composition (LRS = 1.40) show no significant model 
improvement, though some individual parameters are significant.

Discussion

Does perceived traffic safety affect cyclists’ route choices after controlling for visual 
street-level features?

Perceived safety remains a positive and significant predictor of route choice even after con-
trolling for a rich set of visual street-level features extracted through semantic segmentation 
(RQ1). Human perception processes visual information in ways that go beyond the presence 
or absence of individual scene components. Semantic segmentation captures the propor-
tion of bike lanes, vegetation, or vehicles in an image, but not subtler cues like pavement 
condition, visual clutter, sight lines, or the overall sense of order that shape safety judg-
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ments. The residual explanatory power of safety scores after controlling for these features 
confirms that perceived safety captures a dimension of route quality that component-level 
analysis misses. Two non-exclusive mechanisms can produce this residual. First, segmenta-
tion is an incomplete inventory. It omits measurable but uncoded cues such as pavement 
defects, lighting, parked vehicles, and the legibility of where a cyclist belongs, so the safety 
score may stand in for omitted variables that a richer feature set would eventually capture. 
Second, and more fundamentally, safety perception appears to be configural rather than 
additive. Riders read a scene as a whole, in which the same element reassures in one spatial 
arrangement and threatens in another, and the perceived-safety score, trained on holistic 
human judgments, encodes interactions that a sum of independent component proportions 
cannot. Cross-sectional data cannot fully separate the two mechanisms, but both imply that 
scoring the cycling environment as experienced, rather than decomposing it into parts, bet-
ter reflects how cyclists evaluate routes.

The finding contrasts with Huber et al. (2024), who found that perceived safety (mea-
sured through survey-reported incidents) did not significantly influence route choices in a 
revealed preference study. The discrepancy may reflect either methodological differences 
(their RP approach captures behavior constrained by the existing network, while our SP 
design presents controlled trade-offs that can surface latent preferences) or measurement 
differences (self-reported critical incidents and image-derived perception scores may cap-
ture different constructs). The relative reliability of the two approaches for recovering safety 
preferences remains an open question for further research.

The willingness-to-pay estimates put a concrete value on safety perception: cyclists 
accept about 64 additional seconds of travel time (roughly 11% of a 10-min trip) per unit 
increase in perceived safety. For context, Broach et al. (2012) found that cyclists in Portland 
would travel up to 26% farther to use an off-street bike path, and Lu et al. (2025) reported 
that visual features of the built environment alter perceived route distance by up to 60%. 
Our WTP estimate complements these distance-based measures by expressing the trade-off 
in time units, which are more directly useful for transport appraisal.

The WTP estimate also fits the worthwhile travel time framework reviewed by Cornet 
et al. (2022), which argues that travel time is not purely a cost when conditions make the 
journey enjoyable, productive, or comfortable. The WTP magnitude alone does not iden-
tify which side of the trade-off carries more weight: we cannot tell from the ratio whether 
cyclists place a high utility on safety or a low disutility on travel time. Either way, the 
accepted additional travel time (≈ 64 s per safety unit) makes the time spent cycling on a 
safer route feel worthwhile rather than wasted, so the WTP estimate can be interpreted not 
just as a disutility trade-off but as the value of travel conditions that transform time spent 
cycling from stressful to acceptable.

To what extent do preferences for perceived traffic safety vary across demographic 
groups?

Safety preferences vary across the cycling population (RQ3). Of the 17 demographic inter-
action models we estimated, three produced statistically significant improvements over the 
base model: age, cycling attitude, and trip purpose. Several other dimensions showed indi-
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vidually significant parameters without improving the overall model fit. We discuss the 
key patterns below, focusing on interpretation and comparison with prior work rather than 
restating numerical results already reported in  Results section.

Age. Older cyclists place greater weight on safety when choosing routes, consistent 
with Uijtdewilligen et al. (2024), who reported that older cyclists are more sensitive to 
crowding and route safety attributes in a stated-preference experiment, and with Rossetti 
and Daziano (2023), whose latent-class segmentation by self-assessed health (which co-
varies with age) recovered classes that differ in their willingness to trade safety against 
time. de Freitas and Axhausen (2025) and Keppner et al. (2023) similarly find that older 
adults feel less safe cycling and are more supportive of safety-oriented infrastructure 
investment, and Sener et al. (2009) pointed to age as a primary axis of preference het-
erogeneity in an early demographic segmentation of cycling preferences. Kuiper (2021) 
reports a similar age effect in a Dutch RP study. While this age gradient is well estab-
lished in the literature, our contribution is to quantify it within a WTP framework: the 
difference in safety valuation between younger and senior cyclists translates directly 
into how much additional travel time each group would accept for a safer route, informa-
tion that planners can use when prioritizing infrastructure upgrades in areas with older 
populations.

Cycling attitudes. Cyclists who report liking cycling place more weight on safety than 
those who do not. At first glance, this seems counterintuitive: one might expect people who 
dislike cycling to be more sensitive to safety concerns. However, the relationship between 
attitudes and safety valuation is likely bidirectional (Berghöfer and Vollrath 2023). People 
who enjoy cycling may have developed a finer appreciation for route quality differences, 
including safety, through accumulated experience. Conversely, those who dislike cycling 
may be “forced” cyclists (e.g., because they lack a car) who prioritize speed and conve-
nience over safety, or they may have psychologically adapted to unsafe conditions. We 
cannot establish causality with our cross-sectional design, and cycling experience (years 
of cycling) was not collected as a separate variable. Cycling frequency and cycling attitude 
likely serve as proxies for experience, but future longitudinal designs would be needed to 
disentangle cause and effect. All respondents are Dutch, and cycling is a mass-practiced 
everyday skill typically acquired in childhood in the Netherlands (Pucher and Buehler 
2008), so the range of cycling proficiency within our sample is probably compressed rela-
tive to countries with lower cycling penetration.

Trip purpose. Recreational cyclists value safety far more than commuters or errand-run-
ners, and this interaction model showed the greatest statistical improvement. Broach et al. 
(2012) found a similar split: commuters are more distance-sensitive, while non-commuters 
are more willing to detour for better infrastructure. Grüner and Vollrath (2021) similarly 
identified two commuter cyclist types, “foremost fast” and “safe and fast,” and found that 
efficiency dominated actual route choices for both groups. Recreational trips are discretion-
ary: cyclists can freely choose safer (if longer) routes, and the trip itself is part of the experi-
ence rather than a means to reach a destination. Commuters face tighter time budgets and 
are more likely to accept less pleasant routes to minimize delay.

Household size and financial stability. Small households (1–2 people) show stronger 
safety preferences than larger ones, and respondents who report finding their bills easy to 
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pay also show higher safety valuations than those who do not. We offer two tentative mecha-
nisms, which our cross-sectional design cannot confirm. People living alone or as a couple 
might have more flexible schedules with fewer childcare or school-run obligations, leaving 
room to choose longer but safer routes. The bills variable, which captures self-reported ease 
of paying household bills, complements income brackets as a grounded measure of financial 
stability; financial security could plausibly reduce the pressure to minimize travel time, free-
ing individuals to prioritize route quality. Both mechanisms are consistent with the data, but 
neither is identified by it.

Dimensions without significant effects. Gender, education, cycling incident history, and 
cycling unsafe feelings did not yield significant interaction effects, suggesting safety pref-
erences are relatively uniform across these dimensions. The absence of a gender effect is 
worth noting, as Uijtdewilligen et al. (2024) found gender differences in route preference. 
One explanation is that our study captures only the safety component of route choice; gen-
der differences may manifest through other attributes (e.g., crowding, lighting) not isolated 
in our interaction models.

These heterogeneous effects could reflect two mechanisms: certain groups may perceive 
environments as less safe (while weighing safety equally), or they may weigh safety more 
heavily regardless of perception. Our design, which uses a common CV-derived safety score 
for all respondents, does not disentangle these channels. Regardless of the mechanism, the 
policy implication is the same: groups showing stronger safety effects stand to benefit most 
from safety-oriented infrastructure improvements.

Limitations

This study has several limitations. First, our street-level imagery represents static snapshots 
and may not capture how safety perceptions vary with weather, lighting, or traffic condi-
tions throughout the day. Each route was also represented by a single image, which may not 
reflect the full experience of longer routes where conditions change along the way. Seasonal 
changes in vegetation, infrastructure maintenance, or temporary construction are similarly 
absent, which may weaken external validity for real-world scenarios where perceptions shift 
dynamically.

Second, the safety perception model was trained on a younger Danish and German popu-
lation, which may introduce systematic differences in how Dutch participants perceived 
the images. Interpretations of safety cues, familiarity with infrastructure types, and cultural 
associations with cycling environments may differ across populations. Our model validation 
showed reasonable patterns across Rotterdam road types, but systematic bias remains pos-
sible. Analysts should exercise caution when applying these scores to populations that differ 
from the training data, and perception models may require local calibration.

Third, omitted variable bias may be present. Safety scores likely correlate with other 
perceptual factors not explicitly measured, such as beauty, cleanliness, or perceived neigh-
borhood wealth. Our segmentation features capture the most prominent visual elements but 
may miss cues that influence both safety perception and route choice. Because urban envi-
ronmental qualities are correlated, the estimated safety effect could partly reflect unmea-
sured factors, risking overestimation.
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Fourth, stepwise feature selection and testing 17 demographic interactions sequentially 
raises the possibility that some significant results occurred by chance. A train-test split vali-
dation confirmed that the model generalizes to unseen data, and many interaction effects 
align with prior research, but replication in independent samples would strengthen confi-
dence in the demographic-specific findings.

Fifth, transferability to contexts outside the Netherlands and Germany deserves atten-
tion. Both the safety perception model (trained in Berlin) and the choice experiment (con-
ducted in the Netherlands) reflect countries with developed cycling infrastructure, though 
the two settings differ in modal share and infrastructure style: the Netherlands has much 
higher cycling penetration and more fully separated networks, while Germany leans more 
on mixed-traffic provision (Pucher and Buehler 2008). In cities with less developed cycling 
networks, safety perceptions may be shaped by different cues, and the WTP estimates could 
differ. That said, some safety-related preferences appear robust across cultures: separation 
from motor traffic is valued in studies from Portland (Broach et al. 2012), the Netherlands 
(Uijtdewilligen et al. 2024), and Germany (Berghöfer and Vollrath 2022). The methodologi-
cal framework itself (SP + CV-derived safety scores + WTP estimation) is transferable, even 
if the specific model coefficients require local calibration. In the Rotterdam context specifi-
cally, the finding that main roads receive higher safety scores than residential roads (Fig. 3) 
reflects a local characteristic: major roads in Rotterdam typically have well-separated cycle 
paths, whereas residential streets often lack dedicated cycling infrastructure, providing a 
mixed traffic experience.

Conclusion

This study contributes to the literature on cycling route choice by integrating a computer 
vision-derived safety perception score into a discrete choice modeling framework estimated 
on stated preference data, enabling willingness-to-pay estimation and systematic heteroge-
neity analysis. To our knowledge, no prior study has combined these elements for cycling 
route choice. Cyclists value safety improvements equivalent to 64  s of additional travel 
time per unit increase in perceived safety, providing a quantitative basis for infrastructure 
investment decisions.

The heterogeneous effects analysis reveals variation in safety preferences across demo-
graphic groups. Senior cyclists aged 61 and above, lower-income individuals, occasional 
cyclists, those from small households, those without cars, non-commuters, and recreational 
cyclists all place a higher value on safety improvements, suggesting that safety interven-
tions may be particularly effective for promoting inclusive cycling participation among 
these groups.

Beyond behavioral insights, the framework enables three practical applications for infra-
structure planning. First, planners can apply the safety perception model to score existing 
cycling networks from street-level imagery, identifying low-scoring segments for targeted 
improvement. Second, the WTP estimate (64 s per safety unit) can be used in cost-benefit 
analysis: for a route serving 1,000 daily cyclists, a one-unit safety improvement would gen-
erate the equivalent of 17.8 person-hours per day in time-savings benefits. Third, as image 
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generation techniques advance (Anokhin et al. 2020), synthetic images of proposed road 
designs could be scored before construction, enabling scenario planning for infrastructure 
that does not yet exist; this extends the CV-DCM framework of Terra et al. (2025) by adding 
an explicit perceived-safety evaluation. The segmentation coefficients further reveal which 
visual elements drive route utility (e.g., vegetation, bike lanes, absence of trucks), giving 
planners specific design levers. Together, these tools move perceived safety from a descrip-
tive concept to a quantifiable input for evidence-based cycling infrastructure investment.

Future research should pursue several promising directions to extend and improve upon 
our findings. First, future studies could test how safety perceptions vary across different 
temporal contexts and how these variations affect route choice decisions to address the 
limitation of static image representation by modifying the time of the day and seasons of 
the input images with image generation models such as the one by Anokhin et al. (2020). 
Second, the integration of physiological and virtual reality methods could provide comple-
mentary insights into the cognitive and emotional processes underlying safety perception 
and route choice decisions. Bogacz et al. (2021) used an electroencephalography device and 
a virtual reality device to examine the cyclists’ perceptions and behaviors—future studies 
can also leverage such devices to test the effects of different urban designs on route choices, 
which can offer a deeper understanding of the mechanisms through which environmental 
features influence cyclist behavior.

Third, future work should explore the transferability of our findings across different 
urban contexts and cultural settings. Just as evidenced by Quintana et al. (2025), the rela-
tionship between environmental characteristics and cycling safety perceptions may vary 
across different countries and cycling cultures, and comparative studies could identify uni-
versal versus context-specific factors influencing cycling route choice. Cross-cultural vali-
dation of safety perception models could improve their transferability across different urban 
contexts and demographic groups.

Fourth, future research could comprehensively quantify different perceptual indicators to 
help disentangle correlations between safety, beauty, cleanliness, and perceived neighbor-
hood wealth, providing a more complete understanding of environmental factors influenc-
ing route choice. This would help address potential omitted variable bias and isolate the 
specific contribution of safety perception to route choice behavior.

This study demonstrates the potential for combining advanced computer vision tech-
niques with established discrete choice modeling frameworks to address complex urban 
planning challenges. As cities worldwide seek to promote sustainable transportation and 
improve urban livability, our approach provides a scalable and interpretable method for 
understanding and improving cycling infrastructure to serve diverse urban populations.

Appendix A. Additional Tables

Additional detailed model results, including parameter estimates for all segmentation 
features and robustness checks, are available from the authors upon request (Table 10).
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Variable Respondent 1 Re-
spon-
dent 2

Respon-
dent 3

Respon-
dent 4

Age 31–45 years 46–60 
years

18–30 
years

18–30 
years

Gender Female Female Female Female
Household 
Composition

One adult with 
children

Two or 
more 
adults 
(not 
couple)

Live alone Two or 
more 
adults 
(not 
couple)

Household Size 4 people 2 
people

1 person 3 people

Education Lower 
secondary

M.Sc Inter-
mediate 
vocational

Interme-
diate vo-
cational

Income €1,251-€1,700 €1,701-
€2,250

€2251-
€3650

€3651-
€7,000

Bills Reasonable Reason-
able

Reasonable Reason-
able

Transportation 
Mode

Bike Bike Car Bike

# of Cars 
Owned

No cars 1 car 1 car 2 cars

Travel Time No commute 10–20 
min

10–20 min 20–30 
min

# of Commuting 
Days

No commute 5+ 
days/
week

5+ days/
week

2 days/
week

Cycling 
Frequency

5+ days/week 5+ 
days/
week

3 days/
week

4 days/
week

Cycling 
Accident

No No No Yes, mild

Cycling Attitude Yes Yes Yes No
Cycling Unsafe Yes, sometimes Yes, 

some-
times

Yes, 
evening/
night

Yes, 
evening/
night

Bike Type Regular bike Regular 
bike

Regular 
bike

Regular 
bike

Trip Purpose Commuting Com-
muting

Errands Commut-
ing

Choice task 1 1 2 2 2
.. .. .. .. ..
Choice task 15 2 1 2 2

Table 10  Example of demo-
graphics data collected in the 
survey
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