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summary

Walking plays an important role in Dutch urban mobility, both for short everyday trips and as part of
longer journeys to and from public transport stops or stations. However, pedestrian route choice is often
simplified in transport models, for example by assuming that pedestrians choose the shortest or fastest
route. This simplification matters for urban policy, because walking is increasingly linked to sustainable
mobility, public health, and more efficient use of public space. If pedestrian route choice is mainly
represented through distance or travel time, models may overlook visual street-level qualities that are
relevant for evaluating walking environments and pedestrian-oriented policies. These qualities, such as
greenery, visible traffic, pedestrian space, and the presence of other people, may influence whether a
route is perceived as attractive, comfortable, or safe. The importance of these qualities may also differ
by trip purpose. For example, someone walking to public transport may value travel time more strongly
than someone walking in their free time. This thesis therefore investigates to what extent visual and
non-visual route attributes influence pedestrian route choice preferences in the Netherlands, and how
these preferences differ across trip-purpose contexts. The research was conducted in collaboration
with the Sustainable Urban Mobility and Space (SUMS) department of TNO and focuses on the use of
street-level visual information in pedestrian route choice modelling.

To study these preferences, a Stated Preference (SP) experiment was designed in which respondents
repeatedly chose between two walking route alternatives that differed in travel time and the visual
appearance of the street, shown through a street-level image. The choice tasks were presented in
four trip-purpose contexts: walking to public transport, walking to work or school, walking home, and
walking in free time. The collected data were used to estimate three pedestrian route choice model
specifications for each trip purpose. As shown in Figure 1, these models differ in how visual information
is included and in the trade-off between interpretability and flexibility. The baseline Multinomial Logit
(MNL) only includes travel time, the pixel-share MNL uses predefined visual attributes extracted from
the images, and the Computer Vision-Enriched Discrete Choice Model (CV-DCM) uses a deep neural
network to learn visual information directly from the full street-level image. This made it possible to
compare different levels of visual representation.

Baseline MNL Pixel-Share MNL CV-DCM

ﬁ &‘ &Y

Predefined visual Learned street-level
characteristics image representation

Interpretability ( ) Flexibility

Figure 1: Overview of the three model specifications and the trade-off between interpretability and flexibility.

Travel time only

The results show that travel time remains an important factor in pedestrian route choice preferences,
especially for more goal-oriented trips. However, travel time alone does not fully explain the observed
choices. In the collected SP dataset, models that include visual information generally perform better
than the baseline model, with the CV-DCM showing the strongest predictive performance in most con-
texts. In the pixel-share MNL, visible greenery was associated with the clearest and most consistent
positive effect on route preferences. The qualitative validation of the CV-DCM also suggested that
images with higher predicted utility were often greener and more attractive. At the same time, the
importance of visual information differs across trip purposes. As summarised in Figure 2, the relative
importance of travel time and visual information changes across the four walking contexts.
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Figure 2: Summary of the four trip-purpose contexts and the relative importance of travel time and visual information.

The trip-purpose-specific CV-DCM models were also used in an exploratory analysis of a pedestrian
network in Amsterdam-Zuid. Street-level image utilities were linked to street segments and combined
with travel time utility to compare the shortest route with the route selected by each model. In this ex-
ploratory application, the model-selected routes were not always the shortest routes and also differed
between trip-purpose models. This illustrates how visual route preferences can be mapped across a
pedestrian network and used to explore how street-level visual quality may influence route attractive-
ness in different walking contexts.

The findings of this thesis have several implications for pedestrian route choice modelling and urban
policy. Models based only on travel time may be too limited when the aim is to explain pedestrian route
preferences or evaluate walking environments. However, this does not mean that every pedestrian
model needs to include full street-level images or a complex CV-DCM. Instead, the level of model
complexity should match the purpose of the analysis. A simpler shortest-path model may be sufficient
for a basic approximation of pedestrian movement, while visual street-level information becomes more
relevant when the aim is to evaluate walkability, route attractiveness, or street-level interventions. The
results also show that trip purpose matters. Walking to public transport, walking to work or school,
walking home, and walking in free time should not always be represented as one general walking
context, because the relative importance of travel time and visual street-level characteristics differs
between these trip purposes.

At the same time, the results should be interpreted within the limitations of the research design. The
study uses an SP experiment, which made it possible to measure controlled trade-offs between travel
time and visual street-level information. However, stated choices do not fully represent actual walking
behaviour. Respondents did not physically experience the routes or the additional walking time, and
the survey sample was not representative of the full Dutch population. The route alternatives were also
simplified, because each route alternative was represented only by travel time and one street-level
image, while real walking routes consist of multiple street segments and changing visual conditions. In
addition, the CV-DCM generally improves predictive performance, but its learned image representation
is less directly interpretable than the predefined variables in the pixel-share MNL.

For these reasons, the models developed in this thesis should be seen as exploratory tools for analysing
stated pedestrian route preferences and visual route attractiveness. They should not be used as direct
prediction tools for actual pedestrian flows or as stand-alone tools for making planning decisions. Future
research should validate the findings using observed walking behaviour, improve the representation
of full walking routes, examine specific visual street-level interventions, test whether the results are
transferable to other contexts and population groups, and improve the explainability of image-based
route choice models.

Overall, this thesis shows that pedestrian route choice is shaped by more than travel time alone. Visual
street-level information can be incorporated into route choice models at different levels of complexity,
and the importance of this information differs across walking purposes. The findings therefore support
a broader view of pedestrian route choice, where walking routes are not only links between origins and
destinations, but also street environments that pedestrians experience along the way.
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Introduction

Walking plays an important role in everyday mobility in the Netherlands. In 2023, walking accounted
for about a quarter of all trips in the Netherlands, which is close to the share of cycling (Kennisinsti-
tuut voor Mobiliteitsbeleid, 2024; Centraal Bureau voor de Statistiek, 2024). Many transport models
therefore incorporate pedestrian behaviour. However, this behaviour is often simplified, for example by
assuming that pedestrians always choose the shortest or fastest route (Prato, 2009; Zafri and Sevtsuk,
2026). This assumption misses important parts of pedestrian route choice, since pedestrians may also
consider environmental aspects when choosing their routes (Basu et al., 2022; Tong and Bode, 2022;
Lopez-Lambas et al., 2021; Sevtsuk et al., 2021).

For urban policy, this simplification matters. Walking is increasingly linked to sustainable mobility, public
health, and more efficient use of public space (European Commission, 2021; Fernandez Aguilar et al.,
2023; Ministry of Infrastructure and Water Management, 2022; Kennisinstituut voor Mobiliteitsbeleid,
2024). This is particularly relevant in Dutch cities, where population growth, combined with limited
space for new infrastructure, puts pressure on the mobility system and this pressure is expected to
further increase in the future (Ministry of Infrastructure and Water Management, 2022; Kennisinstituut
voor Mobiliteitsbeleid, 2024). Transport models are widely used to support mobility planning and policy
evaluation (Batty, 2009; Borchers et al., 2024). However, when these models represent pedestrian
route choice in a simplified way, policy evaluations may provide an incomplete picture of how pedes-
trians respond to changes in the walking environment (Zafri and Sevtsuk, 2026). This is especially
relevant for policies that aim to increase walkability or route attractiveness, because these aspects are
not fully captured by distance or travel time alone (Basu et al., 2022; Sevtsuk et al., 2021).

1.1. Pedestrian Route Choice Behaviour

When pedestrians walk through a city, they usually have multiple possible paths between an origin and
a destination. The choice between these paths is not only influenced by distance or travel time, but
also by how streets are experienced and perceived (Basu et al., 2022; Tong and Bode, 2022). Visual
street-level characteristics, such as traffic, sidewalk quality, greenery, and the presence of other people,
may influence which route pedestrians prefer (Basu et al., 2022; Choi and Kang, 2025; Sevtsuk et al.,
2021). Pedestrians may prefer a street that feels safer, looks greener, or is less busy, even when it is
not part of the shortest route (Lopez-Lambas et al., 2021). These preferences may also differ between
walking contexts, for example when walking to public transport, to work or school, home, or in free time
(Agrawal et al., 2008; Cerin et al., 2007; Yang and Diez Roux, 2012).

In research on pedestrian route choice, two perspectives are particularly relevant. Walkability and
perception research focuses on how pedestrians experience and evaluate their environment, often
using visual and environmental characteristics to describe how attractive, safe, or comfortable a street
feels (Choi and Kang, 2025; Rossetti et al., 2019). Route choice modelling focuses on how people
choose between alternative routes and how route characteristics influence these choices (Prato, 2009;
Basu et al., 2022). In route choice models, routes are usually represented using structured variables
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such as distance, travel time, network characteristics, or GIS-based built-environment data. These
variables are measurable and interpretable, but may not fully reflect how pedestrians perceive the
walking environment at street level (Hoogendoorn and Bovy, 2004). At the same time, walkability
and perception studies give insight into the visual and behavioural experience of walking, but do not
always show how these experiences influence choices between route alternatives. This suggests a
need to connect structured route choice modelling with more visual and behaviour-oriented approaches
from walkability research. This connection is especially relevant for pedestrian models used in urban
planning, because route attractiveness depends on more than distance or travel time alone.

1.2. Pedestrian Modelling in Urban Mobility

Transport models are widely used to support urban mobility planning and policy evaluation. For exam-
ple, they can be used to explore how infrastructure changes or policy interventions may affect mobility
systems before they are implemented (Batty, 2009; Borchers et al., 2024). Although pedestrians are an
important part of urban mobility, transport modelling has historically focused more on motorised traffic
than on walking (Zafri and Sevtsuk, 2026). As a result, pedestrian modelling remains less developed
than modelling for motorised transport modes. This creates opportunities to further develop pedestrian
models for estimating walking flows, identifying important walking routes, and assessing how changes
in the built environment may influence pedestrian activity (Zafri and Sevtsuk, 2026).

Different pedestrian modelling approaches exist, ranging from shortest-path assignment to network-
based flow models, agent-based simulations, and Discrete Choice Models (DCMs) (Prato, 2009; Zafri
and Sevtsuk, 2026). However, pedestrian behaviour is often simplified to keep models practical and
computationally manageable. In route choice modelling, this often means relying on shortest-path as-
sumptions (Prato, 2009). These assumptions are useful for implementation, but limited when models
are used to evaluate changes in the quality of the walking environment. This shows the relevance of
modelling approaches that remain practical for urban mobility applications, while better representing
pedestrian route choice preferences. One way to do this is to incorporate visual information in pedes-
trian route choice models.

1.3. Computer Vision in Route Choice Modelling

Recent developments in Computer Vision (CV) make it possible to use street-level images to describe
the visual environment from a pedestrian perspective. By analysing street-level images, visual char-
acteristics of streets can be represented numerically and linked to how people experience urban en-
vironments (Dubey et al., 2016). Several studies have used CV methods to extract visual features
such as greenery or crowdedness from street-level images and to analyse how these features relate
to perceived safety, comfort, or attractiveness (Choi and Kang, 2025; Rossetti et al., 2019).

The relevance of this type of visual information for pedestrian route choice has been shown by Sevtsuk
et al. (2021). Their study shows that street-level characteristics derived from images can help explain
observed walking route choices within a DCM framework. However, this approach relies on a pre-
defined set of visual characteristics, which are first measured from the images and then included as
variables in the route choice model.

More recent work combines CV more directly with choice modelling through the Computer Vision-
Enriched Discrete Choice Model (CV-DCM), introduced by van Cranenburgh and Garrido-Valenzuela
(2025). The CV-DCM builds on the discrete choice modelling framework, but instead of selecting
specific visual characteristics in advance, it uses a deep neural network to create a numerical rep-
resentation of the full street-level image. This representation can be combined directly with non-visual
attributes to explain choices between alternatives. The CV-DCM has been applied to cycling route
choice in Rotterdam by Terra et al. (2025), showing that this approach can be used in a route choice
setting where images represent the visual environment of route alternatives. Since pedestrian route
choice also involves routes that differ in their visual street-level characteristics, the CV-DCM provides
a suitable framework for studying pedestrian route choice preferences.
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1.4. Research Gap

Pedestrian route choice is shaped by non-visual attributes, such as distance and travel time, but also
by visual street-level characteristics and contextual factors, including greenery, traffic, sidewalk quality,
the presence of other people, and trip purpose (Basu et al., 2022; Tong and Bode, 2022; Hoogendoorn
and Bovy, 2004; Sevtsuk et al., 2021). However, pedestrian route choice models often still rely on
shortest-path assumptions or predefined route attributes, which may not fully reflect how pedestrians
perceive and evaluate the walking environment (Prato, 2009; Hoogendoorn and Bovy, 2004; Zafri and
Sevtsuk, 2026). Although walkability, perception, and computer vision studies show that street-level
visual characteristics are related to how streets are experienced, it remains unclear how and to what
extent visual information should be incorporated into pedestrian route choice models and how its role
differs across walking contexts (Choi and Kang, 2025; Rossetti et al., 2019; Dubey et al., 2016; Basu
et al., 2022).

1.5. Research Objective and Research Questions

The objective of this thesis is to address the research gap by examining how visual and non-visual
route attributes influence pedestrian route choice preferences in the Netherlands, using discrete choice
models that compare different levels of visual information across trip-purpose contexts.

The main research question therefore is:

To what extent do visual and non-visual route attributes influence pedestrian route choice pref-
erences in the Netherlands?

To answer the main research question, the following sub-questions are defined:

1. Which visual and non-visual route attributes are relevant to pedestrians when choosing a route?

2. How can the trade-offs pedestrians make between visual and non-visual route attributes be mea-
sured?

3. How can different levels of visual information be incorporated into discrete choice models for
pedestrian route choice preferences?

4. How does the inclusion of visual information at different levels affect model performance and the
interpretation of pedestrian route choice preferences across trip-purpose contexts?

5. How can a visually enriched route choice model be applied to analyse trip-purpose-specific route
preferences across a pedestrian network?

Together, these sub-questions structure the analysis needed to answer the main research question.
The first sub-question identifies the relevant visual and non-visual route attributes and defines the scope
of the analysis. The second explains how the trade-off between these attributes can be measured and
supports the creation of the dataset. The third shows how different levels of visual information can be
incorporated into discrete choice model formulations. The fourth evaluates how these model specifi-
cations affect performance and interpretation across trip-purpose contexts. Finally, the fifth question
moves from model estimation to spatial application by showing how an image-based route choice model
can be used to examine differences in route preferences across a pedestrian network.

This thesis is conducted in collaboration with the SUMS department at TNO. The research connects
pedestrian route choice modelling with urban mobility analysis and policy evaluation. This makes the
topic relevant for the Engineering and Policy Analysis (EPA) programme, because it combines be-
havioural modelling, spatial analysis, and machine learning to study a socio-technical mobility problem.

1.6. Thesis Outline

This thesis is structured as follows. Chapter 2 presents the literature review and discusses pedestrian
route choice behaviour, route choice modelling, and computer vision for visual street-level representa-
tion. Chapter 3 describes the methodology, including the Stated Preference (SP) experiment, model
specifications, and model evaluation. Chapter 4 describes the data collection, cleaning, and prepa-
ration process. Chapter 5 presents the model results, qualitative validation, and spatial application.
Chapter 6 discusses the findings, limitations, implications, and recommendations for future research.
Finally, Chapter 7 concludes the thesis and summarises its main contributions.



Background and Related Work

This chapter reviews the literature relevant to modelling pedestrian route choice behaviour and the role
of visual street-level characteristics. The aim is to provide the theoretical foundation for understanding
how pedestrians choose routes, how these choices can be represented in a discrete choice modelling
framework, and how visual information from street-level images can be included in this process.

The chapter is structured around three main components. First, Section 2.1 introduces route choice
modelling, with a focus on discrete choice models and the methodological challenges related to them.
Second, Section 2.2 discusses pedestrian route choice behaviour and explains why walking routes are
influenced by both objective route attributes and subjective perceptions of the walking environment. It
also discusses which attributes are most often considered in the literature. Third, Section 2.3 examines
how computer vision can be used to represent visual street-level information and how this information
can be incorporated into route choice models. Finally, Section 2.4 summarises the main takeaways
from the literature and identifies the main gaps addressed in this thesis.

2.1. Route Choice Modelling

Route choice modelling aims to represent how people select paths between origins and destinations. It
focuses on how individuals choose a route based on the available alternatives, their preferences, and
their perceptions (Bovy and Stern, 1990). Traditional route choice models often relied on deterministic
shortest-path or minimum travel time approaches to approximate this behaviour (Prashker and Bekhor,
2004; Prato, 2009). These approaches assume that travellers have full knowledge of the network and
always choose the lowest-cost alternative. While this is computationally efficient, it may not fully reflect
real-world behaviour. As a result, route choice research has moved towards probabilistic models that
can account for perceived costs, uncertainty, and variation in individual decision-making (Prashker and
Bekhor, 2004; Prato, 2009).

2.1.1. Random Utility Theory and Discrete Choice Models

To model the complexity of route choice, Random Utility Theory (RUT) has become a widely used
theoretical framework. In this theory, utility is used as a numerical value that represents the relative
preference of an individual for different alternatives. This makes it possible to rank the available routes
(McFadden, 1974; Ben-Akiva and Lerman, 1985). RUT assumes that utility consists of an observable
systematic part and a random unobservable part. This reflects that not all factors influencing a choice
can be explicitly included in the model. When individuals are assumed to choose the alternative that
gives them the highest utility, the model follows the logic of a Random Utility Maximisation (RUM)
(McFadden, 1974). DCMs use this utility-based framework to calculate the probability of choosing
between a finite set of alternatives. They represent route choice as a set of trade-offs between different
route attributes through an explicit utility function (Ben-Akiva and Lerman, 1985). This makes it possible
to show how people balance travel time with other factors, such as comfort or safety, while keeping the
model interpretable.
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In addition to DCMs, several other approaches are used to model pedestrian route choice. Network-
based models are used to estimate pedestrian flows and identify important walking routes within a
network (Zafri and Sevtsuk, 2026). Rule-based models represent route choice using simplified decision
rules, such as minimising distance or avoiding specific road types (Prashker and Bekhor, 2004). More
recently, data-driven methods, such as machine learning, have been applied to route choice modelling.
These methods can capture complex patterns in data and may perform well in predicting route choices,
but they often provide limited insight into the underlying decision-making process. They also make it
more difficult to interpret the influence of individual route attributes (Prato, 2009). Since this thesis aims
to examine how visual and non-visual route attributes influence pedestrian route choice preferences,
rather than only predict which route is chosen, DCMs provide a suitable and theoretically grounded
framework.

2.1.2. Challenges in Route Choice Modelling

There are several challenges when applying DCMs to route choice. One issue is route overlap, which
is relevant when many route alternatives share parts of the same roads. The Multinomial Logit (MNL)
model, which is often used as a baseline model, assumes that the unobserved utility components are
independently and identically distributed according to an extreme value distribution (McFadden, 1974;
Ben-Akiva and Lerman, 1985). This means that routes are treated as fully independent from each other.
In the case of overlapping routes, this assumption may become unrealistic, because routes that share
many of the same streets are likely to be perceived as similar. This can lead to an overestimation of the
combined choice probability of similar overlapping routes, because the MNL model does not account
for the correlation between alternatives that share parts of the same path (Prato, 2009). Several models
that extend the MNL can be used to address this, such as path-size or C-logit models (Prashker and
Bekhor, 2004). These models account for the degree of overlap within their utility functions.

Another issue in route choice modelling is generating realistic choice sets. In reality, the number of
possible routes between an origin and a destination can become very large, especially in a dense
network. However, people rarely consider all possible routes between an origin and a destination (Prato,
2009). This means that generating choice sets is about approximating the set of routes that people are
likely to consider. Including unrealistic routes may bias parameter estimates, while excluding relevant
routes may lead to incorrect predictions. Methods such as k-shortest path or link-cost simulation are
often used to generate route alternatives (Bekhor et al., 2006; Prato, 2009). An alternative approach is
the recursive logit model introduced by Fosgerau et al. (2013), which models route choice as a series
of link-based decisions instead of requiring a predefined set of route alternatives.

2.1.3. Collecting data for Route Choice Modelling

To estimate DCMs, data on route choices is needed. Because underlying preferences cannot be ob-
served directly, they must be inferred from the choices people make. In transport modelling, these pref-
erences are usually measured using Revealed Preference (RP) or Stated Preference (SP) approaches
(Ben-Akiva and Lerman, 1985; Train, 2009). RP data is based on observed real-world behaviour, for
example by analysing GPS traces, walk-alongs, or video-recorded route choices (Duives, 2025; Sevt-
suk et al., 2021). This makes it possible to study actual decisions in real-world conditions. At the same
time, it is difficult to vary specific route attributes in a controlled way, since the observed choices depend
on real-world situations.

SP data is collected through hypothetical choice experiments in which respondents choose between
predefined alternatives. In these experiments, route attributes can be controlled and varied systemat-
ically (Ben-Akiva and Lerman, 1985). This allows researchers to isolate the effect of specific factors.
Because SP responses are based on stated intentions rather than actual behaviour, the results may be
affected by hypothetical bias or strategic answering (Ben-Akiva and Lerman, 1985; Brownstone et al.,
2000).
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2.2. Pedestrian Behaviour and Route Choice

Pedestrians differ from other travellers because they move at a slower pace and are directly exposed
to their surroundings. As a result, walking behaviour is flexible and can be influenced by detailed
street-level characteristics (Tong and Bode, 2022; Duives, 2025). Greenery, traffic, sidewalk quality,
and lighting can affect how attractive, safe, or comfortable a street is perceived to be. Perception and
walkability studies provide evidence that such visual and environmental characteristics are related to
perceived street quality (Choi and Kang, 2025). However, perceived attractiveness does not automat-
ically imply that pedestrians will deviate from the shortest path in actual route choice. Route choice
studies show that pedestrians may accept longer routes when alternatives offer a more attractive or
comfortable walking environment (Lépez-Lambas et al., 2021; Sevtsuk et al., 2021). A systematic
review by Basu et al. (2022) also shows that built-environment factors, trip characteristics, and socio-
demographic characteristics are associated with pedestrian route choice, while route familiarity and trip
purpose shape how these attributes are perceived and evaluated.

2.2.1. Behavioural Foundations of Pedestrian Route Choice

The theoretical foundation of pedestrian route choice can be found in wayfinding and spatial cognition
research. These fields assume that pedestrians do not have complete knowledge of the transport
network. Instead, they form mental representations based on what they see, know, and experience
(Golledge, 1992; Bovy and Stern, 1990). Therefore, route choice is not only based on objective distance
or travel time, but also on how routes are perceived in terms of comfort, safety, and attractiveness.

Behavioural frameworks describe pedestrian route choice as part of a broader decision process. Hoogen-
doorn and Bovy (2004) distinguish between strategic, tactical, and operational levels of pedestrian be-
haviour. Route choice mainly takes place at the tactical level. At this level, pedestrians evaluate route
alternatives based on perceived attributes and choose the alternative with the lowest subjective disu-
tility. This behavioural interpretation fits utility-based route choice models, in which route preferences
are represented as trade-offs between multiple route attributes. However, route choice takes place
within a wider walking context. Broader decisions, such as the purpose of the trip, are already part
of the situation in which the route is evaluated. This is also highlighted by Duives (2025), who places
route choice within a broader set of travel decisions, including activity choice, departure time choice,
and mode choice.

Pedestrian route choice can therefore be understood as a process in which route alternatives are eval-
uated within a specific walking context. Tong and Bode (2022) describe this as a sequential process in
which pedestrians perceive their surroundings, interpret this information, evaluate route attributes, and
then make a choice. In this view, utility is determined not only by objective route characteristics, but
also by how these characteristics are perceived by the pedestrian. This helps explain why pedestrians
may not evaluate attributes such as travel time, traffic, greenery, and sidewalk quality separately, but
rather as part of the overall perception of a route.

2.2.2. Factors Influencing Pedestrian Route Choice

The described behavioural frameworks described show that pedestrian route choice is influenced by a
combination of objective and subjective factors. In their systematic review, Basu et al. (2022) identify
105 factors associated with pedestrian route choice and group them into three broad categories: trip
characteristics, built- and natural-environment factors, and socio-demographic factors. This section
uses these categories to structure the discussion of factors influencing pedestrian route choice. Con-
textual factors are added as a separate group, because they can influence how route attributes are
perceived and evaluated in different walking situations. A complete overview of the factors identified
by Basu et al. (2022) and their reported directions of influence is provided in Appendix A.

Trip Characteristics

Trip characteristics describe the practical conditions of the route and the trip. Distance and travel time
are among the most commonly studied factors in pedestrian route choice research. Pedestrians gen-
erally prefer routes that are shorter and faster (Basu et al., 2022; Prato, 2009). However, pedestrians
do not always choose the shortest route. Several studies show that pedestrians may accept a longer
route when the alternative offers a more attractive or comfortable walking environment (Lopez-Lambas
et al., 2021; Sevtsuk et al., 2021).
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In addition to distance and travel time, factors such as traffic and waiting times at crossings also influ-
ence route attractiveness (Basu et al., 2022; Tong and Bode, 2022). From a behavioural perspective,
these attributes affect the perceived effort of taking a certain route (Duives, 2025).

Built- and Natural-Environment Factors

The built- and natural-environment includes the physical characteristics of the street and its surround-
ings. These characteristics influence walking behaviour through their effects on comfort, safety, and
accessibility. Together, these aspects shape the walkability of a street (Duives, 2025). Research shows
that pedestrian-specific infrastructure, such as sidewalk width and maintenance, can influence route
choice (Basu et al., 2022; Lépez-Lambas et al., 2021). In addition, features such as greenery, open
spaces, and active shop windows are associated with higher route attractiveness, while higher traffic
volumes are generally linked to lower perceived safety and lower route attractiveness (Choi and Kang,
2025; Basu et al., 2022).

Many of these environmental characteristics are experienced directly at street level, because pedes-
trians perceive and interpret their surroundings throughout the walk (Tong and Bode, 2022). At the
same time, not all relevant environmental factors are visual. Other factors, such as weather, noise,
and smell also influence how streets are perceived and can affect walking comfort (Basu et al., 2022;
Tong and Bode, 2022). This shows that visual street-level characteristics are important for pedestrian
route choice, but do not capture the full walking experience.

Socio-Demographic Factors

Pedestrian route choice varies across individuals and contexts. At a larger scale, cultural and spatial
factors influence how pedestrians evaluate their environment. This means that walking behaviour can
differ across countries and urban settings. Levine and Norenzayan (1999) show that average walking
speeds differ between countries and can be related to climate, economic conditions, and cultural val-
ues. In addition, the effect of built-environment characteristics on walking behaviour can differ across
contexts and countries (Lin et al., 2015). This suggests that the environments people are familiar with
can influence how they perceive other routes and street environments.

At a more individual level, personal characteristics such as age, gender, and income are often included
in route choice studies. Basu et al. (2022) identify age and gender as the most frequently studied de-
mographic factors. For example, a study in the Netherlands shows that older pedestrians prefer routes
with better environmental quality, lighting, and pavement conditions (Borst et al., 2008). Differences
related to gender are often discussed in relation to safety and comfort, where women may evaluate
routes differently than men (Mazzulla et al., 2024). However, the review by Basu et al. (2022) shows
that these effects are not always consistent across the literature.

Contextual Factors

In addition to route and personal characteristics, contextual factors can influence how pedestrians
evaluate route alternatives. One important contextual factor is route familiarity. Pedestrians often prefer
routes they already know, which means that route choice can be influenced by habits and previous
experiences (Duives, 2025). Familiarity can also influence how the walking environment is perceived,
because a pedestrian who knows an area may already know which streets, crossings, or shortcuts they
prefer.

Trip purpose is also discussed in the literature as an important context for walking behaviour. Walking
behaviour has been shown to differ by trip purpose, including differences in walking distance, walking
duration, and the importance of the built environment (Larranaga and Cybis, 2014; Hatamzadeh et al.,
2014; Yang and Diez Roux, 2012; Watson et al., 2021; Mondschein, 2018). For example, Larranaga and
Cybis (2014) find that the built environment plays a stronger role for walking trips related to shopping,
recreation, health, and personal business than for more goal-oriented trips such as work or study. For
walking trips to public transport, Agrawal et al. (2008) find that pedestrians often prioritise factors such
as travel time, distance, safety, and waiting time at crossings. These findings show that trip purpose
does not describe the route itself, but the context in which route alternatives are evaluated.
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2.3. Computer Vision for Urban Analysis

Computer Vision (CV) is increasingly used in urban research to analyse street-level images and to
describe the visual environment. Using street-level images, studies have extracted visual characteris-
tics such as greenery, enclosure, visible sky, buildings, road space, and traffic presence (Dubey et al.,
2016; Ma et al., 2021; Rossetti et al., 2019). These studies show that CV can make visual qualities of
urban environments measurable. However, their focus is mainly on the perceptions of the environment,
not how these perceptions affect route choice.

Route choice studies have traditionally relied on GIS-based variables, such as land use, street con-
nectivity, and neighbourhood density (Prato, 2009; Basu et al., 2022). These variables describe the
general structure of the built environment, but they do not directly represent the street-level visual ex-
perience of pedestrians moving through the city. Studies that combine street-level image information
with pedestrian route choice are still limited. However, they suggest that visual characteristics can add
information that is not captured by traditional route attributes (Sevtsuk et al., 2021). This suggests
that CV can help connect the visual qualities studied in urban perception research with the structured
models of pedestrian route choice.

2.3.1. Computer Vision Methods

In urban research, several types of CV methods are used to extract information from street-level images.
In general, CV focuses on extracting meaningful information from images and other forms of visual
data. Images consist of pixels and each pixel has a location and contains colour information, usually
represented by the amount of red, green, and blue. This means that images can be represented as
numerical data. However, using all individual pixels directly is often inefficient, because an image
contains a large amount of data and single pixels have limited meaning on their own. Therefore, CV
methods are used to extract more useful information from images.

One commonly used approach is semantic segmentation. This method classifies each pixel into prede-
fined visual categories, such as vegetation, buildings, sky, sidewalks, roads, or vehicles. This allows the
image to be represented by interpretable variables. For example, the percentage of pixels representing
trees, grass or visible sky can be calculated and used to describe environmental characteristics such
as greenness or openness. These characteristics can then be linked to urban quality and walkability
(Rossetti et al., 2019; Ma et al., 2021; Sevtsuk et al., 2021; Choi and Kang, 2025).

A related approach is object detection, which identifies separate objects in an image, such as pedes-
trians, bicycles, or vehicles. These objects can be counted and used as proxies for activity levels or
traffic conditions (Choi and Kang, 2025). Object detection focuses on individual elements in the street
environment rather than on the overall visual composition of the image.

A third approach is deep feature extraction. Instead of relying on predefined categories, this method
uses neural networks to learn visual patterns directly from images. A feature extractor transforms an
image into a set of numerical features that describe the overall visual structure. These features are
often referred to as embeddings or feature maps. They can be used to make predictions about the
image or to use the image as input for another task. This process is shown in Figure 2.1. Feature
maps can capture broader visual characteristics because they are based on the full image (Dubey
et al., 2016; Choi and Kang, 2025). However, they are less interpretable, because they are numerical
descriptions of many connected elements of the image rather than clearly defined visual attributes.
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Figure 2.1: Image feature extraction and classification, from van Cranenburgh and Garrido-Valenzuela (2025).

2.3.2. Computer Vision in Discrete Choice Modelling

The use of visual information in discrete choice modelling is still relatively new, but recent studies
show how street-level images can be connected to choice models. Rossetti et al. (2019) use semantic
segmentation outputs as explanatory variables in discrete choice models of street perception. In their
study, respondents choose between images based on qualities such as beauty, safety, or liveliness.
Although this does not involve route choice, it shows that image-derived visual information can be
included in discrete choice frameworks in a meaningful way.

In pedestrian route choice research, Sevtsuk et al. (2021) show that predefined visual characteristics
extracted from street-level images can help explain observed walking choices. They used RP data
in the form of anonymised GPS trajectories and looked at possible alternative routes to estimate a
route choice model that includes both traditional route attributes and selected visual characteristics
derived from Google Street View images. This study connects street-level visual information to actual
walking behaviour. At the same time, the analysis is limited to the visual characteristics that were
defined in advance. The visual information was included through variables that were selected before
the model was estimated. This means that the model can only test the role of these predefined visual
characteristics, while other visual information in the images is not included.

The Computer Vision-Enriched Discrete Choice Model (CV-DCM), introduced by van Cranenburgh and
Garrido-Valenzuela (2025), provides a more direct way to include visual information in discrete choice
models. Instead of first reducing images to predefined visual characteristics, the CV-DCM includes
street-level images directly as part of the utility function. In this framework, a deep image encoder
transforms images into numerical representations that are estimated together with the preference pa-
rameters. This allows the street environment to be represented using full images alongside non-visual
attributes, such as distance or travel time, while remaining consistent with RUT. By including the full
image, the CV-DCM may capture broader visual qualities, such as the overall appearance of a street.

The CV-DCM has been applied in residential location choice and cycling route choice (van Cranenburgh
and Garrido-Valenzuela, 2025; Terra et al., 2025). In the cycling application, street-level images are
used in a stated choice experiment to represent the cycling environment and to elicit route preferences.
These images are then used within the CV-DCM to estimate utilities for different environments, together
with other non-visual route attributes. This shows that the CV-DCM can be used in a route choice
context.
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2.4. Synthesis and Knowledge Gap

The reviewed literature shows that pedestrian route choice is influenced by a combination of objective
route attributes, perceptions of the walking environment, and contextual factors. At the same time,
current modelling approaches only partly reflect this complexity. Based on the literature discussed in
this chapter, three main gaps can be identified.

The first gap is that many pedestrian route choice models still rely on shortest-path assumptions, rather
than representing the broader set of factors identified in behavioural research. Pedestrian behaviour
research shows that pedestrians evaluate routes based on comfort, safety, attractiveness, and the
walking environment (Tong and Bode, 2022; Basu et al., 2022; Prato, 2009). This simplification limits
how well models can represent the trade-offs pedestrians may make between distance, travel time,
and the quality of the walking environment. As walking becomes more important in dense urban areas,
this gap becomes increasingly relevant. Models that mainly focus on distance and travel time may be
less suitable for evaluating pedestrian-oriented policies and street design.

The second gap is that the role of trip purpose is often not represented in pedestrian route choice
models. Behavioural frameworks describe trip purpose as a strategic-level factor that shapes how
route alternatives are evaluated (Hoogendoorn and Bovy, 2004). Studies show that walking behaviour
differs by trip purpose, including differences in walking distance, walking duration, and sensitivity to
environmental characteristics (Larranaga and Cybis, 2014; Yang and Diez Roux, 2012; Watson et al.,
2021). However, many pedestrian route choice models either ignore trip purpose or assume that route
choice preferences are the same across all walking trips. This means that there is limited insight into
how route choice preferences may differ between more goal-oriented trips and less time-constrained
trips.

The third gap is that it is still unclear what the added value is of using different levels of visual informa-
tion in pedestrian route choice modelling. Walkability and urban perception research shows that visual
street-level characteristics influence how pedestrians experience streets, while route choice models
usually rely on structured or GIS-based route attributes (Choi and Kang, 2025; Rossetti et al., 2019).
Recent work shows that visual information from street-level images can help explain observed pedes-
trian route choice, but this work relies on a predefined set of visual characteristics (Sevtsuk et al., 2021).
The CV-DCM provides a way to include full street-level images directly in a discrete choice model and
has been applied in residential location choice and cycling route choice (van Cranenburgh and Garrido-
Valenzuela, 2025; Terra et al., 2025). However, it remains unclear whether more complex full-image
representations provide additional explanatory value for pedestrian route choice preferences beyond
predefined visual characteristics or non-visual route attributes.

Together, these gaps show that pedestrian route choice models do not yet fully account for the visual
quality of routes or the purpose of the walking trip when representing route choice preferences. This the-
sis addresses these gaps by applying a computer vision-enriched discrete choice modelling approach
to pedestrian route choice preferences in the Netherlands. It examines how visual and non-visual
route attributes are reflected in route utility, and whether these preferences differ across trip-purpose
contexts.



Methodology

This chapter describes the methodological approach used to answer the research questions of this
thesis. It addresses the first three sub-questions: Which visual and non-visual route attributes are
relevant to pedestrians when choosing a route? How can the trade-offs pedestrians make between
visual and non-visual route attributes be measured? and How can these attributes be incorporated into
a discrete choice model for pedestrian route choice preferences? The chapter also describes how the
models are evaluated and how the image-based model is applied in an exploratory spatial analysis.

Section 3.1 presents a high-level overview of the research design. Section 3.2 describes the identifi-
cation and selection of relevant route attributes. Section 3.3 explains the collection and processing of
street-level images. Section 3.4 describes how the experiment is implemented. Section 3.5 introduces
the modelling framework and the different models used to estimate pedestrian route choice preferences.
Finally, Section 3.6 describes the methods used to evaluate model performance and behavioural con-
sistency.

3.1. Research Design Overview

The aim of the research design is to examine how visual and non-visual route attributes influence
pedestrian route choice preferences, and how these preferences differ across trip-purpose contexts.
To do this, the research combines a Stated Preference (SP) experiment with street-level images and
discrete choice modelling. This design is chosen because pedestrian route choice preferences are
not only influenced by travel time, but also by how the walking environment is perceived. Since visual
street-level characteristics are difficult to represent using only textual or numerical variables, street-level
images are used to show the walking environment from a pedestrian perspective.

The research design uses three model types to compare different ways of incorporating route at-
tributes into a Discrete Choice Model (DCM). A basic Multinomial Logit (MNL) model is used as a
baseline model with only travel time. A pixel-share MNL model is used to include predefined visual at-
tributes extracted from the street-level images. Finally, the Computer Vision-Enriched Discrete Choice
Model (CV-DCM), introduced by van Cranenburgh and Garrido-Valenzuela (2025), is used to include
full street-level images directly in the utility function. The CV-DCM is used because it can learn image
representations from the complete image, instead of relying only on visual attributes that are defined
beforehand.

The study follows a structured sequential workflow in which the different steps build on each other. An
overview of the research design is shown in Figure 3.1.

11
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Figure 3.1: Research design overview

First, the relevant pedestrian route choice attributes are identified in Section 3.2. These attributes are
based on the literature presented in Chapter 2 and on the list of attributes identified by Basu et al.
(2022), as shown in Appendix A. Because pedestrian behaviour differs from other transport modes, the
set of attributes is defined specifically for pedestrians. The selection includes trip characteristics, built-
and natural-environment characteristics, socio-demographic factors, and contextual factors. From this
broader set, a smaller set of attributes is selected for the experiment. A distinction is made between
attributes included directly in the choice tasks, visual attributes represented through images, fixed con-
textual factors, and attributes collected separately through general survey questions.

Second, a dataset of street-level images is constructed in Section 3.3. The ten largest cities in the
Netherlands are used to capture variation in urban environments and street characteristics. For each
city, the pedestrian network is extracted and used to sample street locations. At these locations, street-
level images are collected and filtered based on relevance and quality. The images are then analysed
using semantic segmentation and object detection to extract visual features. These features are used
to describe the selected visual attributes and to construct the image categories used in the experiment.
A pseudocode description of this process is provided in Appendix B.

Third, an SP experiment is designed to collect data on pedestrian route choice preferences, as de-
scribed in Section 3.4. The experiment is implemented as an online survey using PixelSurvey (Garrido-
Valenzuela et al., 2025). In the choice tasks, respondents choose between two route alternatives that
differ in travel time and visual street-level characteristics. These choices are made across different
trip-purpose contexts, so that differences between walking contexts can be analysed. In addition to the
choice tasks, the survey includes perception questions based on single images and general questions
about walking habits and socio-demographic characteristics. The survey design is developed through
several mock designs, a pilot survey, and a refined final design. This iterative process is used to im-
prove the clarity of the choice tasks and reduce potential bias in the responses (Bliemer and Rose,
2024).

Fourth, the collected survey data is used to estimate multiple DCMs, which are formally described in
Section 3.5. The basic MNL model is estimated first and serves as a baseline. The pixel-share MNL
model then includes predefined visual variables derived from the street-level images. The CV-DCM
combines travel time with full street-level images in the utility specification. Comparing these models
makes it possible to evaluate whether visual information improves the explanation of stated pedestrian
route choice preferences, and whether full images provide additional explanatory value compared with
predefined visual variables.
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Finally, the estimated models are evaluated and applied, as described in Section 3.6. Model per-
formance is assessed using predictive performance metrics. The model outcomes are then further
interpreted through parameter estimates, relative importance measures, and qualitative validation of
image utilities. The trip-purpose-specific CV-DCM models are then applied to a pedestrian network in
Amsterdam-Zuid to explore how image utilities can be represented spatially and how preferred routes
differ from the shortest route. This final step does not aim to predict actual pedestrian flows. Instead, it
demonstrates how the estimated model can be used to analyse spatial differences in route attractive-
ness across a pedestrian network.

3.2. Route Choice Attribute Selection

This part of the methodology addresses the first sub-question: Which visual and non-visual route at-
tributes are relevant to pedestrians when choosing a route? It identifies the broader set of relevant
factors from the literature and explains which attributes are selected for the stated preference experi-
ment.

As described in Chapter 2, pedestrian route choice is influenced by many factors related to trip charac-
teristics, the built and natural environment, socio-demographics, and the wider walking context (Basu
et al., 2022; Tong and Bode, 2022; Duives, 2025). However, not all of these factors can be directly
included in the experimental design. Including all 105 factors identified by Basu et al. (2022) would
result in a stated preference experiment with too many attributes and overly complex choice tasks,
which can increase the burden on respondents and reduce the quality of the collected data (Rose and
Bliemer, 2009; Bliemer and Rose, 2024). Therefore, a smaller set of attributes is selected based on
their relevance to the research objective and their suitability for the experimental design.

The selection follows two main criteria. First, the attributes should be supported by the pedestrian
route choice and walkability literature discussed in Chapter 2. Second, they must be included in a
way that avoids inconsistencies between textual or numerical information and the visual information
shown in the images. For example, if an image shows an empty street while the description indicates
high crowdedness, the respondent receives conflicting information. Such inconsistencies can make
the choice task harder to interpret and introduce noise into the collected data. Table 3.1 provides an
overview of the selected attributes and how they are represented in the experiment. The following
sections explain the attribute selection in more detail.

Category Attribute Type Representation
travel time Non-visual Minutes
Trip Crossing type Non-visual Text
Characteristics Number of crossings  Non-visual Count
Waiting time Non-visual Minutes
Sidewalk Visual Image
. Greenery Visual Image
Environment . .
Traffic Visual Image
Crowdedness Visual Image
Age Respondent Survey
Gender Respondent Survey
Socio- Culture Respondent Survey
demographics Income Respondent Survey
Mobility Respondent Survey
Walking behaviour Respondent Survey
Weather Context Fixed
Context Time of day Context Fixed
Travel company Context Fixed
trip-purpose Context Scenario

Table 3.1: Overview of selected attributes relevant for pedestrian route choice
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3.2.1. Trip Characteristics

Trip characteristics relate to the efficiency of taking a route. Distance and travel time are among the
most commonly studied factors in pedestrian route choice, and pedestrians generally prefer shorter and
faster routes (Basu et al., 2022; Prato, 2009). In this thesis, travel time is used as the main measure
of route efficiency. This choice is made because travel time is easier for respondents to interpret in
a survey setting. Distance requires respondents to translate metres into an expected walking effort
or duration, which may differ between individuals. Travel time therefore provides a more direct and
intuitive measure of route efficiency.

In addition to travel time, road crossings are considered an important attribute. The literature indicates
that crossings can influence route choice by affecting both perceived delay and safety, because they
involve waiting times and interactions with traffic (Tong and Bode, 2022; Duives, 2025; Basu et al., 2022).
This attribute can be represented in different ways, such as by the type of crossing, the waiting time,
or the number of crossings along a route. How these aspects can be represented in the experiment is
further described in Section 3.4.

3.2.2. Built- and Natural-Environment Factors

Pedestrian route choice is influenced by environmental characteristics that affect perceptions of com-
fort, safety, and attractiveness (Tong and Bode, 2022; Basu et al., 2022; Borst et al., 2008). In this study,
these attributes are mainly represented through street-level images, in which many of the attributes de-
scribed by Basu et al. (2022) are visible. A smaller set of built- and natural-environment factors is used
to support the selection of images. These factors are chosen based on their relevance for walkability in
urban settings and their ability to represent different types of street environments. Characteristics such
as aesthetics, cleanliness, openness, and lighting are identified as relevant in the literature, but are not
included as separate attributes. This is because they are difficult to measure and identify separately in
a consistent way. Instead, they are captured through the overall appearance and composition of the
images.

Based on the literature, the selected image attributes consist of four main environmental factors: side-
walk availability, greenery, traffic exposure, and crowdedness. Sidewalk availability refers to the pres-
ence and quality of pedestrian infrastructure, which affects accessibility and comfort (Borst et al., 2008;
Duives, 2025). Greenery includes visible vegetation and is generally associated with more attractive
walking environments (Basu et al., 2022; Choi and Kang, 2025). Traffic exposure refers to the pres-
ence of motorised vehicles and is often linked to perceived safety (Basu et al., 2022). Crowdedness
describes the number of people in the environment and the perceived density of the street. The effect
of crowdedness on route choice is not always consistent in the literature, because it can influence both
perceived safety and comfort depending on the context (Basu et al., 2022; Duives, 2025). In this thesis,
crowdedness is included because it can be identified from street-level images and is relevant in urban
environments, where pedestrian densities are usually higher.

Weather and time of day can influence how pedestrians perceive and evaluate their environment (Tong
and Bode, 2022; Duives, 2025). In particular, time of day can affect perceived safety and route choice
behaviour, because pedestrians may evaluate environments differently during the day and at night
(Basu et al., 2023). However, in this thesis, these factors are not the main focus and are therefore kept
constant across all choice tasks. Other sensory factors, such as noise and smell, are also relevant to
pedestrian experience (Duives, 2025). However, they cannot be derived from images or represented
consistently in this experiment and are therefore not included.

3.2.3. Socio-Demographic Factors

In addition to route attributes, personal characteristics can also influence how pedestrians evaluate
routes (Basu et al., 2022; Duives, 2025). These characteristics are not included directly in the choice
tasks. Instead, they are collected separately to describe the respondent group and to provide context
for interpreting the results.

The selected characteristics are age, gender, cultural background, income, mobility level, and walking
behaviour. Age and mobility level may affect walking ability and sensitivity to environmental conditions
(Borst et al., 2008). Gender is often related to differences in perceived safety (Mazzulla et al., 2024).
Spatial and cultural context may influence walking behaviour and sensitivity to built-environment char-
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acteristics (Levine and Norenzayan, 1999; Lin et al., 2015). Income is included as a general socio-
economic factor, and walking behaviour reflects habits that may influence route choice (Ton et al.,
2019). These characteristics are collected through general survey questions.

To keep the choice tasks clear and consistent, travel company is included as a fixed contextual factor.
It refers to whether a pedestrian walks alone or with others, which can influence route choice due to
social interactions (Basu et al., 2022). In this thesis, respondents are asked to imagine that they are
walking alone.

3.2.4. Contextual Factors

Finally, trip purpose is included to represent different walking situations. Trip purpose is not a route at-
tribute itself, but it can influence how route attributes are evaluated. Previous studies show that walking
behaviour differs by trip purpose, for example in terms of walking distance, walking duration, and the
role of the built environment (Larranaga and Cybis, 2014; Hatamzadeh et al., 2014; Yang and Diez Roukx,
2012; Watson et al., 2021; Mondschein, 2018). Some trips, such as walking to public transport, work,
or school, tend to be more time-constrained. Other trips, such as walking in free time, are more flexible
and may allow more attention to the quality of the walking environment (Larranaga and Cybis, 2014;
Agrawal et al., 2008). These differences suggest that route attributes may be evaluated differently de-
pending on how goal-oriented or time-sensitive the walking trip is. The specific trip-purpose contexts
considered in this thesis are defined in Section 3.4.

Area familiarity is also recognised as an important factor in the literature, because pedestrians rely
on their knowledge of the environment and their habits when choosing a route (Duives, 2025). How-
ever, because the experiment uses random street-level images from multiple cities in the Netherlands,
familiarity cannot be included in a meaningful way. It is therefore excluded from the experiment.

3.3. Street-Level Image Data Collection

To analyse the influence of visual street characteristics on pedestrian route choice, a dataset of street-
level images is constructed. This dataset is used to represent the environmental attributes described
in Section 3.2. The aim is to capture a wide range of urban walking environments in the Netherlands.
Following earlier applications of the CV-DCM, this thesis aims to construct a dataset of approximately
10,000 street-level images (van Cranenburgh and Garrido-Valenzuela, 2025; Terra et al., 2025). There
is no exact required number of images. However, a larger and more diverse dataset provides more
variation in visual street characteristics and helps the model learn visual patterns across different types
of urban walking environments.

The dataset is constructed using the ten largest cities in the Netherlands: Amsterdam, Rotterdam,
Den Haag, Utrecht, Eindhoven, Groningen, Almere, Tilburg, Breda, and Nijmegen. These cities are
selected because they represent denser urban areas, different street designs, and a range of pedestrian
environments across the country. For collecting street-level imagery, both Mapillary and Google Street
View were explored (Google, 2026; Mapillary, 2026). Mapillary provides user-generated images with
broad spatial coverage, but the image quality and consistency were not sufficient for this study. Google
Street View provides higher and more consistent image quality, as well as more reliable metadata.
Therefore, Google Street View images are used as the main data source. However, the methods
described in this section could also be applied to other street-level image sources.

The construction of the image dataset follows four main steps: extracting pedestrian networks, sampling
street-level image locations, requesting and filtering Google Street View images, and categorising the
images based on the selected environmental attributes. These steps are explained in further detail in
the next sections.

3.3.1. Pedestrian Network Extraction

For the ten largest cities in the Netherlands, a pedestrian network is constructed using OpenStreetMap
data through the OSMnx library (OpenStreetMap contributors, 2017). The networks are filtered to
include only pedestrian-accessible street segments based on OpenStreetMap tags. In general, street
types such as footways, pedestrian streets, and residential roads are included. Segments that are not
accessible to pedestrians, such as highways, are excluded.
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After filtering, the networks are simplified using the built-in simplification procedure in OSMnx. The
resulting network consists of nodes and edges. Nodes represent intersections, while edges represent
walkable street segments. The full network extraction procedure and the exact inclusion and exclusion
criteria are described in Appendix B.1. Figure 3.2 shows the pedestrian networks for Amsterdam,
Rotterdam, and Den Haag. Each city is assigned a central reference location, such as a main square,
shown as a red dot. These networks form the basis for the image sampling process. The locations
used as central reference points are also shown in Appendix B.1.

(a) Amsterdam (b) Rotterdam (c) Den Haag

Figure 3.2: Pedestrian networks for the three largest cities in the Netherlands

3.3.2. Street-Level Image Sampling Strategy

Street-level images are sampled from the pedestrian networks of the ten largest cities to represent the
visual walking environment in an urban context. The sampling strategy is designed to capture variation
in street-level characteristics that pedestrians are likely to experience. The formal sampling procedure
is described in Appendix B.2.

To reflect the spatial structure of the pedestrian network, streets are sampled with a probability propor-
tional to their length. This ensures that longer street segments are not underrepresented compared
with shorter ones. In addition, a centre-weighted sampling approach is applied. Initial uniform sampling
showed that denser street environments were underrepresented. Because these environments are rel-
evant for this study, streets closer to the city centre are given a higher sampling probability. This is done
using distance-based weighting, where the chance of a street being selected gradually decreases with
its distance from the city centre. This increases the representation of central areas without excluding
the wider urban network.

Images are sampled in small groups along the same street segment. Each group consists of three
nearby locations with a consistent viewing direction aligned with the street. This allows one street
environment to be represented by multiple observations. It also makes it possible to compare images
within the same street segment.

Image availability and quality are checked using Google Street View metadata. Images are restricted
to daytime conditions and to months with comparable seasonal characteristics. This reduces varia-
tion caused by factors such as snow or seasonal differences in vegetation. In this study, only images
captured between May and September are used. Images with invalid panoramas, extreme tilt, or dupli-
cate viewpoints are excluded. Using this approach, a total of 10,727 street-level images are sampled
across the pedestrian networks. Figure 3.3 shows the spatial distribution of the sampled image loca-
tions for Amsterdam. A higher concentration of points is visible around the city centre, reflecting the
centre-weighted sampling approach. Locations across the wider urban area are still included.
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Figure 3.3: Spatial distribution of sampled Street View image locations in Amsterdam

3.3.3. Image Analysis and Filtering

After sampling the street-level images, the dataset is analysed and filtered to ensure that the images
are suitable for representing pedestrian street environments in the SP experiment. In addition to official
Google Street View images, the dataset includes user-contributed images. While this increases cover-
age of pedestrian streets, it also introduces images that are not appropriate for the experiment. The
image analysis and filtering strategy is therefore designed to only keep images that represent walkable
street environments, while removing images that could introduce noise or bias. The full pseudocode
and threshold values are provided in Appendix B.3.

Extraction of Visual Features

Visual features are extracted from each image using two computer vision models. First, a semantic
segmentation model is used to assign each pixel to a visual class. Mask2Former, trained on the Map-
illary Vistas dataset, is used for this purpose (Cheng et al., 2022; Neuhold et al., 2017). This allows
images to be represented using pixel shares for all segmentation classes. For the later filtering and
modelling steps, only the classes that are relevant for identifying street environments and describing
the pedestrian walking environment are used, including road, sidewalk, vegetation, sky, and water.

Second, an object detection model is used to identify and count pedestrians and motorised vehicles
using YOLOvV8 (Ultralytics, 2023). While the segmentation model can also identify these elements,
it represents them only as pixel shares. Object detection provides more reliable counts of individual
pedestrians and vehicles, which are used in later filtering and categorisation.

Filtering Based on Image Content

The extracted visual features are used to filter images through a set of rule-based criteria. Images
with low brightness are removed to exclude night-time or low-visibility conditions. Although an initial
brightness filter was applied during data collection, additional filtering was needed after inspecting the
dataset, because some low-quality images remained. Images that do not represent street environments
are also excluded. This includes indoor scenes, images dominated by rail infrastructure, and images
mainly showing natural elements such as water or sky. These cases are identified using combinations
of pixel shares derived from the segmentation results. Examples of accepted and rejected images are
shown in Figure 3.4.

The remaining images are then evaluated for pedestrian accessibility based on the presence of side-
walks or pedestrian areas. Images that meet these criteria are classified as pedestrian-accessible
streets, while all other images are assigned to the category other. The thresholds used for this classi-
fication were defined through iterative testing. A complete overview of the filtering rules and thresholds
is provided in Appendix B.2, and an overview of some of the accepted and rejected images is included
in Appendix C.1.
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Tilburg Groningen

(a) Accepted image (b) Rejected image: indoor (c) Rejected image: nature

Figure 3.4: Examples of accepted and rejected street-level images

Final Validation

After applying the rule-based filtering, a small number of unusable images remained in the accepted im-
age set. Therefore, a final manual check was performed, in which images that clearly did not represent
pedestrian street environments were removed. This included, for example, indoor images or images
without any visible road. This step was kept limited to preserve the reproducibility of the filtering pro-
cess, while still improving the overall data quality. The final distribution of images across categories is
shown in Table 3.2.

Category Count
Pedestrian-accessible 6189
Other 4094
Rejected indoor 376
Rejected rail 43
Rejected light 15
Rejected nature 10

Table 3.2: Number of images per category after filtering

3.3.4. Construction of Visual Categories

The images are categorised to balance the images in the experiment and to create clear and inter-
pretable visual differences. The categorisation supports the survey design, meaning that each cate-
gory should contain enough images so that multiple distinct examples can be selected per category.
The filtered images are categorised based on three visual characteristics: greenery presence, vehicle
presence, and people presence. These characteristics are selected because they are clearly visible in
images and can influence how pedestrians perceive street environments. Although sidewalk availabil-
ity was identified as an important attribute in Section 3.2, itis not included as a separate visual category.
This is because it was difficult to reliably identify consistent and visually distinct categories based on
sidewalk presence using the image data.

The construction of these categories follows the process described in Appendix B.4. Only images
classified as pedestrian-accessible are used. For these images, image-level variables are computed
based on the outputs of the image analysis step. These include the number of detected vehicles, the
number of detected people, and a greenery presence score based on the share of vegetation and
terrain in the image. The definitions of these variables are provided in Appendix B.3.

To determine suitable category definitions, the distributions of the variables are analysed, as shown in
Figure 3.5. Several binning approaches were explored, including equal-width bins, quantile-based bins,
manual thresholds, and clustering methods. The final approach is selected based on reproducibility,
interpretability, whether the resulting categories contain enough images, and whether they are visually
distinguishable. Since the distributions of vehicle and people presence are strongly skewed, a binary
categorisation is used for these variables. This means that images are classified as either having
zero or non-zero counts. For greenery presence, a quantile-based categorisation is applied, resulting
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in three groups: low, medium, and high greenery presence.

Appendix B.3.

Greenery distribution

Count
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Image greenery presence score
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(a) Image greenery presence score

Figure 3.5: Distributions of visual characteristics of filtered images
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The resulting combinations of these categories are shown in Table 3.3. These combinations form the
basis for the selection of images used in the survey. While some combinations occur more often than
others, the categorisation ensures that all categories contain enough images to be represented, while
still capturing a wide range of visual environments. Visual examples of the categories are provided in

Appendix C.2.
Vehicle presence Greenery presence People presence Count
Present Medium None 1297
Present High None 1220
Present Low None 1057
None High None 539
None Low None 410
None Medium None 383
Present Low Present 310
None Low Present 286
Present Medium Present 256
Present High Present 185
None Medium Present 127
None High Present 119

Table 3.3: Counts for combined image characteristics
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3.4. Stated Preference Experiment

This part of the research addresses the second sub-question: How can the trade-offs pedestrians make
between visual and non-visual route attributes be measured? It explains the Stated Preference (SP)
approach, the survey design, the choice task structure, and the implementation of the final survey.

To analyse these trade-offs, pedestrian route choice preferences are collected using a SP experiment
in the form of an online survey. Respondents are presented with hypothetical route choice situations in
which they choose between two street alternatives. These alternatives differ in travel time and visual
street-level characteristics. The visual characteristics are represented using the street-level image
dataset described in Section 3.3.

The final survey design is developed through mock survey testing and a pilot survey. This is important
because the choice tasks combine multiple types of information, including numerical attributes, trip-
purpose contexts, and street-level images. The mock survey and pilot survey are used to evaluate
whether respondents understand the choice tasks, interpret the attributes as intended, and are able to
make meaningful trade-offs between alternatives (Bliemer and Rose, 2024). The mock survey designs
are evaluated through talk-through sessions with peers and colleagues, while the pilot survey is used
to test the complete online survey setup before finalising the design. The findings from these tests are
used to refine the final survey design, which is described in the following sections.

3.4.1. Stated Preference Approach

In this thesis, an SP approach is used to collect data for pedestrian route choice models. This approach
is chosen because it allows control over the choice situations shown to respondents. Since the aimis to
analyse trade-offs between travel time and visual street-level characteristics, and to examine whether
these trade-offs differ across trip-purpose contexts, both the route alternatives and the trip-purpose
contexts need to be defined in advance and varied systematically.

As described in Section 2.1.3, both Revealed Preference (RP) and Stated Preference (SP) data can be
used to estimate route choice models. RP data is based on observed behaviour and can show which
routes pedestrians choose in real-world situations. However, for the purpose of this thesis, RP data is
less suitable. With RP data, it is often unclear which routes were considered and whether the route
was chosen because of travel time, visual quality, familiarity, habit, or other unobserved factors. In
addition, detailed contextual information is often limited. For example, Sevtsuk et al. (2021) note that
their GPS-based data did not include identifiable user attributes or information about trip origin type,
destination type, or trip purpose. This prevented them from analysing differences in pedestrian route
choice preferences by trip purpose. Since trip purpose is central in this thesis, this is an important
limitation of using RP data.

For these reasons, a SP experiment is used to collect pedestrian route choice preference data. Since
the choice task is framed as two street alternatives within the same walking context, it is known which
options the respondent considers. However, a limitation of this approach is that the choices are made
in hypothetical situations and may differ from actual walking behaviour (Ben-Akiva and Lerman, 1985;
Brownstone et al., 2000). Since the goal of this thesis is to analyse stated route choice preferences,
and not to directly predict actual route choice behaviour, this limitation is accepted.

The SP experiment is implemented as an online survey using PixelSurvey (Garrido-Valenzuela et al.,
2025). This software is used to design a web-based survey in which street-level images can be included
directly within the choice tasks. The online format also supports data collection, because the survey
can be distributed more easily. This is relevant for the CV-DCM, because modelling preferences related
to visual street-level characteristics requires many choice observations across different images (van
Cranenburgh and Garrido-Valenzuela, 2025).
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3.4.2. Survey Design

The survey is structured so that respondents complete the choice tasks early on, because these tasks
form the main part of the data collection. Placing the choice tasks near the beginning helps reduce the
effect of respondent fatigue, which can affect response quality when more demanding tasks are placed
later in the survey (Bliemer and Rose, 2024). The structure of the survey is as follows:

1. Introduction and informed consent
The survey starts with an introduction explaining the purpose of the study, followed by an informed
consent statement. This ensures that respondents understand the study and agree to participate.

2. Demographic and screening questions
Respondents are asked a small number of general questions, such as their age, gender, whether
they live in the Netherlands, and whether they are able to walk independently. These questions
are used to check whether respondents meet the requirements of the study and to describe the
sample.

3. Choice tasks
This is the main part of the survey and consists of 12 route choice tasks. In each task, respon-
dents choose between two street alternatives that differ in travel time and visual street-level char-
acteristics. The choice tasks are divided across trip-purpose contexts, which are described in
Section 3.4.3.

4. Perception questions
After the choice tasks, respondents are asked to rate individual street images based on their first
impression, using a Likert scale from 1 to 5. These questions are included to capture how different
street environments are perceived, without comparing them directly to other alternatives.

5. Walking behaviour and background questions
Lastly, respondents answer questions about their walking habits and background. These re-
sponses are used to describe the participant group and can be used to analyse possible dif-
ferences in preferences between respondents.

3.4.3. Choice Task Design

The final survey uses choice tasks in which respondents choose between two street alternatives. Each
alternative is defined by a travel time and a street-level image. The trip-purpose context is shown
together with the attributes of the choice task, so that the respondent can clearly see the walking
context in which the choice takes place. The final attributes are shown in Table 3.4. An overview of all
questions in the final survey can be found in Appendix E.

Category Attribute Levels Representation
Trip Characteristics Traveltime 6, 8, 10 Minutes
Environment Vehicles None, present Image
People None, present
Greenery Low, medium, high
Context trip-purpose  Walking to public transport  Text
Walking to work or school
Walking home

Walking in free time

Table 3.4: Attributes included in the final survey

The final choice task design is based on the selected route attributes in Section 3.2, the image cate-
gories developed in Section 3.3.4, and the results of the mock and pilot survey. The design aims to
include attributes that are relevant for pedestrian route choice, can be clearly interpreted by respon-
dents, and can be represented consistently in the choice tasks. An example of a choice situation is
shown in Figure 3.6.
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@ Which street would you prefer to walk home?

Street #1

Street #2

Walking time Trip purpose Walking time Trip purpose

8 minutes Going home 10 minutes Going home

Figure 3.6: Example of a choice task in the context of walking home.

Trip Characteristics and Environment

Travel time is included as the only trip characteristic in the final choice tasks. As described in Section 3.2,
travel time is one of the main measures of route efficiency and is commonly used in route choice studies.
The final survey uses travel time levels of 6, 8, and 10 minutes. These levels create variation in route
efficiency, while avoiding very large differences between alternatives. This is supported by the pilot
survey, where the differences between 5, 8 and 11 minutes were considered too large. This could lead
to alternatives being chosen mainly because one alternative was much faster.

The environmental characteristics are represented through street-level images. The images use the
categories described in Section 3.3.4: vehicle presence, people presence, and greenery level. These
characteristics are used because they are clearly visible in the image data and relate to environmental
factors discussed in the pedestrian route choice literature, such as traffic conditions, crowdedness, and
natural elements (Basu et al., 2022; Duives, 2025). Respondents are only shown the image itself and
are not informed about the underlying image categories.

Crossing-related attributes are not included in the final choice tasks, even though crossings are con-
sidered relevant for pedestrian route choice because they can influence delay, safety, and route attrac-
tiveness (Basu et al., 2022; Tong and Bode, 2022; Duives, 2025). The mock and pilot survey showed
that crossing attributes were difficult to interpret in combination with the street-level images. In some
cases, the crossing information conflicted with what was visible in the image. For example, a zebra
crossing could be visible in the street-level image, while the crossing attribute indicated an unmarked
crossing. This led to confusion about which information respondents should rely on and reduced the
clarity of the choice tasks.

Trip-purpose Contexts

The final survey uses four trip-purpose contexts that reflect the application of the study, the trip-purpose
literature, and the pilot survey results. These contexts are included because pedestrian route choice
preferences are expected to differ depending on how time-sensitive and goal-oriented a walking trip is.
This may influence how pedestrians prioritise different route attributes.

Walking to public transport is included as the most time-sensitive and goal-oriented context. In this
situation, pedestrians often need to arrive on time, meaning that travel time and distance are expected
to be important, because missing a connection can affect the rest of the trip. However, pedestrians
walking to public transport stations may still consider safety, sidewalk availability, and aesthetic qualities
(Agrawal et al., 2008).

Walking to work or school is also goal-oriented, but the time pressure can be considered less strict
than when catching public transport. Travel time and distance remain important, but pedestrians may
be more willing to consider visual street-level characteristics (Larranaga and Cybis, 2014; Hatamzadeh
etal., 2014).
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Walking home is included as a separate context because it represents a common return trip. It is
still destination-oriented, but is expected to be less time-sensitive than walking to public transport or
to work or school. This means that pedestrians may have more room to consider visual street-level
characteristics when choosing a route (Watson et al., 2021).

Finally, walking in free time is included as the most flexible context. It represents leisure or recreational
walking, where the destination and arrival time are usually less fixed. Walking is part of the experience,
not just a mode of transport. In this context, visual street-level characteristics, such as the overall
quality and attractiveness of the walking environment, are expected to play a larger role in route choice
preferences (Yang and Diez Roux, 2012; Larranaga and Cybis, 2014).

Priors and Experimental Design

The final choice tasks are generated using an efficient experimental design. Designing these tasks
requires selecting combinations of attribute levels that make it possible to estimate trade-offs between
attributes. Because each respondent can only be given a limited number of choice tasks in the survey,
it is important to obtain as much information as possible from each observation. For this reason, an
efficient experimental design is used, as this type of design is specifically developed to improve the
statistical efficiency of parameter estimation in stated choice experiments (Rose and Bliemer, 2009).

The efficient design is generated using Ngene. This software searches for combinations of attribute
levels that minimise the D-error of the design. The D-error represents the expected uncertainty in the
parameter estimates. A lower D-error indicates that the design is expected to produce more precise
estimates for the assumed model and priors (Rose and Bliemer, 2009). The design gives a specification
for each choice task alternative based on the final attributes presented in Table 3.4. The full Ngene
specifications for the final experimental design are provided in Appendix E.

The priors used for the final experimental design are based on the reviewed literature and the pilot
survey. The initial priors for the pilot design followed the literature discussed in Section 2.2. Longer
travel times, vehicle presence, people presence, and lower levels of greenery were expected to reduce
utility. The value used for the initial travel time prior was also based on a study on the value of travel
time for walking in the Netherlands (Kouwenhoven et al., 2023). The pilot survey estimates followed
these expected directions and showed early differences between trip-purpose contexts, as shown in
Appendix D.

Because the pilot sample size was small, with only 16 respondents, the estimated parameter values
are considered uncertain. Using strongly informative priors in this situation could bias the experimental
design (Bliemer and Collins, 2016). Therefore, the pilot-based priors are not used directly. Instead, they
are scaled down to keep the expected signs, while limiting their influence on the final design. An additive
coding approach is used for the combined image categories, consistent with the pilot design. The
adjusted priors are used only to generate an efficient experimental design and should not be interpreted
as final results. The final prior values are reported in Table 3.5, and the complete Ngene code is included
in Appendix E.

Parameter Pilot estimate  Final prior
Travel time —0.278 —0.15
Vehicle present —0.450 —-0.25
Greenery low —0.543 -0.30
Pedestrian present —0.501 —-0.25

Table 3.5: Pilot estimates and adjusted priors for the final design

The final experimental design was selected based on the lowest D-error achieved after running the
optimisation in Ngene for 30 minutes. Because several parameters were changed after the pilot sur-
vey, the first design, with 24 rows divided over 2 blocks, resulted in a relatively high D-error of 1.02.
Therefore, a second design, with 36 rows divided over 3 blocks, was tested. This resulted in a lower
D-error of 0.65. Since this design was more efficient and also provided more variation in the choice
tasks, the 36-row design was selected.
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3.4.4. Survey Implementation

In the final survey, choice tasks, trip-purpose contexts, and images are assigned to respondents using
a structured method. This is important because the same types of choice tasks should not always
appear in the same trip-purpose context, as this could systematically affect the results. Therefore, the
final survey varies how tasks and contexts are combined across respondents.

Each choice task represents one choice between two street alternatives. Each alternative is described
by a travel time and a street-level image. The final Ngene design consists of three blocks, with 12 choice
tasks in each block. Respondents are assigned to one of the three blocks in a repeating sequence, as
shown in Figure 3.7.
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Figure 3.7: Cyclic assignment of respondents to design blocks

Within each block, the 12 choice tasks are divided into four sets of three tasks. Each set is assigned
to one of the four trip-purpose contexts: walking to public transport, walking to work or school, walking
home, and walking in free time. To avoid that the same task set is always linked to the same context,
this assignment is shifted across respondents. This rotation is shown in Figure 3.8. As a result, the
same group of choice tasks is evaluated under different trip-purpose contexts by different respondents.

Respondent Task 1-3 Task 4-6 Task 7-9 Task 10-12

1 Public Transport ~ Work/School Home Free Time

2 Work/School Home Free Time Public Transport
3 Home Free Time Public Transport ~ Work/School
4 Free Time Public Transport ~ Work/School Home

5 Public Transport ~ Work/School Home Free Time

Figure 3.8: Rotation of choice task sets across trip-purpose contexts

The block assignment and context rotation operate independently. The block cycle has a length of three,
while the context rotation has a length of four. This means that the full assignment pattern repeats after
12 respondents, and that each design block is combined with each context rotation once. This reduces
systematic bias between the task content and the trip-purpose context. The combined structure is
shown in Figure 3.9.

Respondent Task 1-3 Task 4-6 Task 7-9 Task 10-12

Public Transport ~ Work/School Home Free Time
2 Block2 Work/School Home Free Time Public Transport
3 Block 3 Home Free Time Public Transport  Work/School
4 - Free Time Public Transport ~ Work/School Home
5 Block2 Public Transport ~ Work/School Home Free Time
6 Block3 Work/School Home Free Time Public Transport
7 Block 1 Home FreeTime  Public Transport Work/School
8 Block 2 Free Time Public Transport ~ Work/School Home
9 Block 3 Public Transport ~ Work/School Home Free Time
10 - Work/School Home Free Time Public Transport
11 Block 2 Home Free Time Public Transport  Work/School
12 Block 3 Free Time Public Transport ~ Work/School Home

Figure 3.9: Combined block assignment and context rotation across respondents

The order of the choice tasks within each block follows the Ngene design and is kept fixed in the survey
implementation. The rotation only affects the link between task sets and trip-purpose contexts, not the
order in which the choice tasks are shown.
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Image Assignment

After the choice task design is created, images are assigned to the choice tasks based on the image
categories defined in Section 3.3.4. Each image category represents a combination of vehicle presence,
people presence, and greenery level. The Ngene design only specifies which image category should
be shown for each alternative, not the exact image. Therefore, a separate image assignment step is
needed to link specific images to the categories in the design.

The image assignment limits image repetition as much as possible. Images are selected from the
corresponding image category, and each image is used at least once before repetition occurs. As a
result, respondents do not see the same image twice within the choice tasks. This is important because
repeated images could lead respondents to recognise earlier tasks or compare their answers across
tasks. The position of the alternatives is also randomised, so that images are not always shown on
the same side. This helps reduce positional bias, where respondents may prefer the left or right option
regardless of the attributes shown (Bliemer and Rose, 2024).

3.5. Modelling Framework

This section addresses the third sub-question of this thesis: How can visual and non-visual attributes
be incorporated into a discrete choice model for pedestrian route choice preferences? It introduces the
model specifications and explains how the models are estimated and optimised.

To answer this question, the SP data is analysed using three model specifications: a baseline Multino-
mial Logit (MNL) model, a pixel-share MNL model, and a Computer Vision-Enriched Discrete Choice
Model (CV-DCM). Other model structures were also considered to account for differences between re-
spondents. As shown in the literature, pedestrian route choice preferences may differ by age, gender,
walking ability, or other individual characteristics (Basu et al., 2022; Borst et al., 2008; Mazzulla et al.,
2024). Models such as mixed logit or latent class models can capture these differences (Train, 2009).
However, the aim of this thesis is to compare different ways of including visual street-level information
in the utility function and to examine how route choice preferences differ across trip-purpose contexts.
Including individual-level heterogeneity would add another modelling dimension. These differences are
therefore acknowledged, but not explicitly modelled in this thesis.

This section first introduces the discrete choice modelling framework and the utility formulation. Next,
the three model specifications are described, including the attributes used in the utility function. Finally,
the model estimation and optimisation procedures are explained. For the pixel-share MNL, this includes
alternative model specifications. For the CV-DCM, this includes the optimisation and hyperparameter
tuning process.

3.5.1. Discrete Choice Modelling Framework

DCMs are commonly used in route choice research because they provide a clear and theoretically
grounded way to represent how individuals choose between alternatives based on the attributes in-
cluded in the utility function (Ben-Akiva and Lerman, 1985; Prato, 2009). Since research shows that
pedestrians sometimes accept a longer route when another route is perceived as more attractive, this
framework is used in this thesis to represent trade-offs between travel time and perceived visual street-
level characteristics (Sevtsuk et al., 2021; Lépez-Lambas et al., 2021).

At the core of this modelling approach is Random Utility Theory (RUT). Within this theory, choices
are represented as the outcome of Random Utility Maximisation (RUM). In this thesis, this means
that pedestrians are assumed to choose the route alternative that gives them the highest utility. This
assumption aligns with behavioural theories of pedestrian route choice, which describe route choice
as a decision based on perceived costs and benefits rather than only on objective measures such as
distance (Hoogendoorn and Bovy, 2004; Duives, 2025). In discrete choice modelling, it is assumed
that not all factors influencing a choice can be observed or measured. Utility is therefore represented
as the sum of an observable component V;,, and an unobservable component ¢;,,:
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The observable part of utility is based on variables explicitly included in the model, while the unobserv-
able part captures influences that are not included in the data. The systematic part of utility is specified
as a function of the observed attributes:

m

Here, z;.,., represents attribute m of alternative i for individual n, such as travel time or the amount of
greenery in an image. The parameter (3, indicates how strongly attribute m affects utility. This reflects
how individuals trade off different route characteristics (Ben-Akiva and Lerman, 1985; Train, 2009). For
example, a negative parameter for travel time indicates that longer travel times reduce utility.

Because part of utility is unobservable, choices cannot be predicted exactly. Instead, this framework
assumes that alternatives with higher utility are more likely to be chosen (McFadden, 1974). To translate
utility into choice probabilities, all models used in this thesis assume that the unobserved error terms are
independently and identically distributed according to an extreme value type | distribution with variance
%2 (Ben-Akiva and Lerman, 1985). Under this assumption, the probability that individual n chooses
alternative i from choice set C,, is given by:
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This means that the probability of choosing a route alternative depends on how its utility compares with
the utilities of the other available alternatives. Alternatives with higher utility have a higher probability
of being chosen. This probability formulation is used for all three model specifications. However, the
way V;, is calculated differs per model.

3.5.2. Model 1: Baseline MNL

The first model is a simple MNL model that only uses travel time as an explanatory variable. Travel time
is included because it is one of the most commonly used attributes in pedestrian route choice modelling
and reflects the logic of a shortest-path approach (Basu et al., 2022; Prato, 2009). This model is used
to examine whether the preferences observed in the experiment can be explained by travel time alone.
It also serves as a simple reference model for evaluating the added value of including visual street-level
characteristics.

3.5.3. Model 2: Pixel-Share MNL

The pixel-share MNL model extends the baseline MNL by including pixel-share variables as attributes
in the utility function. The included variables are sidewalk share, pedestrian area share, vehicle share,
vegetation share, and people share. These variables are selected based on the built- and natural-
environment attributes identified in Section 3.2.2.

Sidewalk share and pedestrian area share are included because pedestrian infrastructure is expected
to influence accessibility and comfort (Borst et al., 2008; Duives, 2025). Although both variables rep-
resent pedestrian space, they are separate and non-overlapping classes in the Mask2Former output.
Vegetation share is included to represent greenery, which is generally associated with more attractive
walking environments (Basu et al., 2022; Choi and Kang, 2025). In this model, vegetation share con-
sists of both vegetation and terrain pixels, because terrain also includes elements such as grass fields.
Vehicle share is included as a measure of traffic exposure, which is often linked to perceived safety
(Basu et al., 2022). People share is included as a measure of crowdedness, because the number of
people visible in the street environment can influence both comfort and perceived safety depending on
the context (Basu et al., 2022; Duives, 2025).

In this pixel-share model, visual street-level characteristics are included explicitly. The model uses inter-
pretable variables that directly reflect image characteristics. This makes it possible to analyse whether
specific visual elements add explanatory value to the preferences observed in the choice experiment,
and whether their effects differ across trip-purpose contexts.
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3.5.4. Model 3: Computer-Vision Enriched Discrete Choice Model

The CV-DCM uses the full street-level image as input, allowing the model to learn which visual informa-
tion is relevant for explaining the observed route choice preferences. This thesis follows the CV-DCM
framework proposed by van Cranenburgh and Garrido-Valenzuela (2025), in which utility depends on
both numerical attributes and information extracted from images. In this formulation, the observable
part of utility consists of a component derived from numerical attributes, such as travel time, and a
component derived from the street-level image:

Vin
m k
—_———— —_————
Systematic utility derived Systematic utility derived

from numeric attributes from attributes encoded in the image

Here, x;,., represents the numeric attributes of alternative i for individual n, while z;, represents
attributes derived from the street-level image. These image-based attributes are obtained through
feature extraction:

Zin = ¢(ILin | w) (3.5)

The resulting feature vector Z;,, does not have a direct interpretation, because it consists of a high-
dimensional numerical representation of the full image. Rather than describing specific visual elements,
it captures broader visual patterns in the street environment. These learned image-based attributes
are included in the utility function and are estimated together with the behavioural parameters. The
general structure of the CV-DCM is shown in Figure 3.10.
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Figure 3.10: Model structure of the CV-DCM, as presented by van Cranenburgh and Garrido-Valenzuela (2025)

By using both the pixel-share MNL and the CV-DCM, two ways of including visual information can be
compared. The pixel-share model uses visual variables that are defined in advance, while the CV-DCM
learns a representation directly from the full street-level image. This makes it possible to examine
whether predefined visual variables are sufficient to explain pedestrian route choice preferences, or
whether the full image contains additional information.
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3.5.5. Model Estimation and Optimisation

All models are implemented in Python. The baseline MNL model and the pixel-share MNL model are
estimated using Biogeme. Biogeme is commonly used for estimating DCMs and provides standard
tools for likelihood-based estimation and statistical output. The CV-DCM is implemented in PyTorch,
following the framework of van Cranenburgh and Garrido-Valenzuela (2025).

The data is divided into a training set and a test set before model estimation. The training set is used to
estimate the model parameters, while the test set is used to evaluate how well the models perform on
unseen observations. The same train-test split is used for all model specifications, so that differences
in predictive performance can be evaluated using the same test data. The models are estimated by
fitting the model parameters to the collected SP data, so that the observed choices in the data are made
as likely as possible. This is known as maximising the likelihood of the observed choices (Ben-Akiva
and Lerman, 1985; Train, 2009). For each model type, five model instances are estimated. First, one
combined model is estimated using all choice tasks. This provides an estimate of pedestrian route
choice preferences aggregated across all trip purposes. In addition, four trip-purpose-specific models
are estimated, where each model only uses observations from one trip-purpose context. Estimating
separate models makes it possible to analyse whether the relative importance of travel time and visual
street-level characteristics differs across contexts.

During model estimation, several optimisation steps are performed. This optimisation differs per model
type. For the baseline MNL model, no further optimisation is applied, because this model only includes
travel time and is used as a benchmark. For the pixel-share MNL model, different specifications are
tested to check whether all visual variables should be included. For the CV-DCM, hyperparameter tun-
ing is performed, because the training process depends on several settings that need to be selected.
The evaluation measures described in Section 3.6 are also used during model optimisation and hyper-
parameter tuning, because they show how well the different model specifications explain the observed
choices.

Train-Test Split

In this thesis, an image-level train-test split is used for model estimation and evaluation. In this ap-
proach, each image is assigned either to the training set or to the test set. The training set is used to
estimate the model parameters, while the test set is used to evaluate predictive performance on un-
seen observations. The same train-test split is used for all model specifications, so that differences in
predictive performance between the baseline MNL, pixel-share MNL, and CV-DCM can be evaluated
using the same test data.

The train-test split should be created carefully when the data contains multiple observations from the
same respondents and street-level images can be repeated across respondents. A respondent-level
split assigns all observations from one respondent either to the training set or to the test set. This
avoids respondent leakage and evaluates whether the model generalises to new respondents. Thisis a
common strategy in stated choice data, where respondents complete multiple choice tasks (Bliemer and
Rose, 2005). However, because the same street-level images can be shown to different respondents,
a respondent-level split can result in the same images appearing in both the training and test set.

This image leakage is especially problematic for the CV-DCM. If the same image appears in both sets,
the model could recognise the image. This means that the model may learn which specific image
is preferred, rather than why the image is preferred. Therefore, an image-level split is used to avoid
image leakage and to evaluate whether the model generalises to unseen route images. This follows the
approach of van Cranenburgh and Garrido-Valenzuela (2025), who use an image-based split to avoid
image leakage. The final split proportions and the resulting number of observations in the training and
test sets are reported in Section 4.4.

Pixel-Share MNL Specification Checks

For the pixel-share MNL model, several additional specifications are estimated. The included pixel-
share attributes are described in Section 3.5.3, but their relevance may differ between trip-purpose
contexts. This means that some visual attributes may add explanatory value in one context, while
adding little information or noise in another. Therefore, different combinations of pixel-share variables
are tested to examine how this affects parameter significance and model performance.



3.6. Model Evaluation 29

In addition, a specification with an alternative-specific constant is estimated. This is done to test whether
there is a general preference for one of the two alternatives that is not explained by the included at-
tributes (Ben-Akiva and Lerman, 1985). The additional specifications are compared using the perfor-
mance measures described in Section 3.6.

CV-DCM Hyperparameter Tuning

The CV-DCM is estimated differently from the other two models, because it uses the full street-level
image as input. Following van Cranenburgh and Garrido-Valenzuela (2025), the DeiT base model is
used as the feature extractor. The model is applied through transfer learning. This means that it starts
from a version of DeiT that has already been pre-trained on ImageNet (Deng et al., 2009). This gives
the model a starting point for recognising general visual patterns.

During estimation, the CV-DCM optimises both the neural-network weights w and the preference pa-
rameters 5. As with the other models, the aim is to make the predicted choices match the observed
choices as well as possible. This is done by minimising the cross-entropy loss, which is equivalent to
maximising the log-likelihood. An L2 regularisation term is added to reduce the risk of overfitting by
penalising large neural-network weights. The strength of this penalty is controlled by ~, as shown in
Equation 3.6.

N J
.5 . 1
waﬂ = argrg}él 7N Zzynj log (Pnj ‘ anvjnjaﬁaw)+ ng?« (36)

n=1j=1

Cross-Entropy Loss L2 Regularisation

Since computational resources were available through TNO, a more extensive tuning strategy could be
used. Although the main aim of this thesis is not to develop a model that perfectly explains pedestrian
preferences, the choice of hyperparameters can influence model performance, since these settings can
affect how the neural network learns from the images. The tuned hyperparameters are the optimisation
algorithm, learning rate, batch size, and weight decay.

Initial tuning values are based on earlier applications of the CV-DCM (van Cranenburgh and Garrido-
Valenzuela, 2025; Terra et al., 2025). A broad search using the combined model is first used to explore
a wider range of possible hyperparameter values. From this broad search, a more focused search is
performed around the best-performing options. Because each trip-purpose model only uses part of the
full sample, a final search is carried out separately for each trip-purpose model.

3.6. Model Evaluation

To analyse the effect of adding visual information, the models are evaluated using several methods.
The baseline MNL model and the pixel-share MNL model are relatively interpretable, because their
parameters are linked to clearly defined attributes. The CV-DCM is less directly interpretable, because
it learns visual information from the full street-level image. Therefore, different evaluation methods are
needed to assess whether the model outcomes are logical, whether they align with expectations, and
whether unusual patterns occur. This is especially relevant for the trip-purpose-specific models, be-
cause the evaluation can show whether preferred street environments differ between walking contexts.

The models are evaluated in three steps. First, the behavioural consistency of the parameter esti-
mates and the relative importance of the included attributes are evaluated. Second, the predictive per-
formance of the models is compared using quantitative measures commonly used in discrete choice
modelling (Ben-Akiva and Lerman, 1985; Train, 2009). These measures are used to assess how well
the models explain the observed choices and whether adding visual information improves predictive
performance. Finally, the results are examined through qualitative validation and a spatial application.
The qualitative validation is used to assess whether the learned image utilities are visually and be-
haviourally meaningful. The spatial application then shows how the trip-purpose-specific models can
be applied to compare preferred routes across a pedestrian network.
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3.6.1. Parameter Estimates and Relative Importance

The first part of the evaluation focuses on the estimated parameters of each model. The sign of a pa-
rameter shows whether an attribute is associated with higher or lower utility. For example, a negative
parameter for travel time indicates that longer routes are associated with lower utility. For the base-
line MNL model and the pixel-share MNL model, the statistical significance of the parameters is also
considered. Parameters with weak statistical support should be interpreted with caution, because they
may not reflect consistent behavioural effects.

The relative importance of the attributes is also calculated. This is done to compare how much each
attribute can influence utility within the same model. This is useful because the attributes are measured
in different units, such as travel time in minutes and greenery as a pixel share. For each attribute m,
the observed range is calculated using the lowest and highest values, denoted by z,;, min @nd z,, max.
This range is multiplied by the estimated coefficient 3,,. Since some attributes have a positive effect
and others have a negative effect, the absolute value is used:

|AUm| = ‘/Bm : (mm,max - l‘mﬂnin)‘ (37)

The relative importance of attribute m is then calculated by comparing its utility change to the total utility
change of all attributes j included in the same model:

|AUn|
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The result is expressed as a percentage. These percentages do not show how much each parameter
contributes to total utility. Instead, they show how much each attribute contributes to the maximum
possible utility difference within the model. This makes it possible to compare attributes based on
their relative contribution within the same trip-purpose model. Because the calculation depends on the
observed attribute ranges, the values should be interpreted as relative contributions within their specific
dataset and model specification.

RI,, = -100% (3.8)

3.6.2. Predictive Performance Metrics

Model performance is evaluated on the test set using several quantitative measures to assess model
fit, prediction accuracy, and model complexity (Ben-Akiva and Lerman, 1985). The hit-rate is used as a
simple measure of prediction accuracy. It is the share of observations for which the model predicts the
same alternative as the one that was chosen. However, the hit-rate only shows whether the predicted
choice is correct. It does not show how certain the model was about the prediction.

The log-likelihood and cross-entropy are used as the main measures of predictive performance, be-
cause they are directly linked to the objective used during model estimation. The log-likelihood indi-
cates how much probability the model assigns to the alternatives that were actually chosen. Higher
log-likelihood values, meaning values closer to zero, indicate a better fit. Cross-entropy is the negative
log-likelihood averaged over the number of observations. A lower cross-entropy therefore indicates
better predictive performance. The Bayesian Information Criterion (BIC) is used to compare model
fit while accounting for model complexity, where lower values indicate a better balance between fit
and complexity (Schwarz, 1978). Finally, p? is used to compare the model with a null model without
explanatory variables. A higher p? indicates a larger improvement over the null model.

3.6.3. Qualitative Model Validation

After the quantitative evaluation, the trip-purpose-specific models of the best-performing image-based
model are analysed in more detail. Utility values depend on the scale and specification of each model,
so the utility values cannot be compared directly between models (Ben-Akiva and Lerman, 1985; Train,
2009). Instead, the analysis focuses on the relative ranking of images within each trip-purpose model.
This makes it possible to visualise and compare the street environments that receive higher or lower
predicted image utility in each walking context.
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Comparison with Perception Scores

First, predicted image utilities are compared with the perception scores collected in the survey. This
is done to assess whether images with higher predicted utility are also perceived more positively by
respondents. Because pedestrian route choice is influenced by how pedestrians perceive the walking
environment, this comparison helps to assess whether the learned image utility reflects perceptions
that are relevant for walking. However, the perception scores and predicted utilities are not the same.
The perception scores describe how respondents rated individual images, while the predicted utilities
are estimated from route choices. This comparison should therefore be seen as more of a consistency
check.

Comparison of High- and Low-Utility Images

Images with high and low predicted utilities are compared to assess whether the model outcomes
align with behavioural expectations. This also shows whether the highest- and lowest-utility images
differ between trip-purpose contexts. For example, images with high predicted utility are expected to
show more attractive or comfortable walking environments, while images with low predicted utility are
expected to show less attractive walking environments.

Same-Street Consistency Check

The image collection process described in Section 3.3 aimed to collect three images per selected street
segment. This means that multiple images are available from the same street with similar perspectives.
These images are used for a same-street consistency check. This check shows whether the model
gives similar utilities to similar street environments.

Image Augmentation Test

An exploratory image augmentation test is used to assess whether the image-based model responds
to simple visual changes in a behaviourally expected way. Using generative Al, small changes are
made to multiple images. The aim is to examine whether the predicted utilities change, whether these
changes are consistent across images, and whether the changes differ between trip-purpose models.

The first two tests focus on greenery and traffic. These are important route choice attributes identified
in Section 3.2, and they can be edited in an image using generative Al. Adding greenery is expected
to increase image utility, while adding traffic is expected to decrease image utility (Basu et al., 2022;
Duives, 2025). Two additional tests are also included. One test adds visible trash to the image. This is
used to assess whether the model responds to a visual element that is associated with lower attractive-
ness, but is not explicitly included as a separate variable in the model. The other test adds pedestrian
amenities in the form of benches. Benches are used as a simple test to assess whether the model
responds to a small visual element related to pedestrian comfort.

3.6.4. Spatial Application

After the qualitative validation, the image-based model is applied in a spatial case study. As discussed
in Section 2.2, pedestrians may deviate from the shortest route when other route characteristics are
taken into account (Prashker and Bekhor, 2004; Prato, 2009; Lépez-Lambas et al., 2021; Sevtsuk et al.,
2021). The aim of this application is not to predict pedestrian flows. Instead, it shows whether there
are differences between the shortest route and the routes preferred by the models, and how visual
street-level characteristics can influence the route preferences.

Case Study Area

For the application, a neighbourhood in Amsterdam-Zuid is selected as the case study area. This area
is chosen because it includes different types of streets, such as parks, residential streets, university sur-
roundings, hospital areas, station environments, and more car-oriented streets. This variation makes
it suitable for examining whether the model assigns different utilities to different urban environments.
The area is also selected because TNO expressed interest in this location.
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Pedestrian Network and Street-Level Images

The pedestrian network and street-level images are collected using an approach similar to the one
described in Section 3.3. The pedestrian network represents the walkable street segments in the
case study area. Street-level images are collected along this network and linked to the nearest street
segments. Multiple images are collected for the same segment so that an average image utility can
be calculated. For each segment, the available images are used as visual observations of the walking
environment, and the segment is represented by the average predicted image utility. Segments without
image data are assigned the median image utility of the corresponding trip-purpose model to prevent
disconnected segments.

Route Comparisons

Using a set of origins and destinations on the pedestrian network, the shortest route is first calculated
as a reference route. This reference route represents the route that would be selected when only
travel time is considered. The route with the highest total utility is then calculated by combining image-
based utility with travel time utility. This is done separately for each trip-purpose model, so that route
preferences can be compared for walking to public transport, walking to work or school, walking home,
and walking in free time.



Data Collection and Preparation

This chapter describes how the survey and image data was collected and prepared for analysis. Sec-
tion 4.1 describes how the survey was implemented and how respondents were recruited. Section 4.2
explains the data cleaning procedure, including the criteria used to exclude low-quality or invalid re-
sponses. Section 4.3 describes how the street-level images were prepared for the estimation of the
different model specifications. Finally, Section 4.4 explains how the final dataset was divided into train-
ing and test data for model estimation and evaluation.

4.1. Survey Data Collection

The SP experiment was implemented as an online survey with the final design shown in Appendix E.
The survey was hosted on a TU Delft server, and the data was collected during April 2026. The sur-
vey followed the TU Delft Human Research Ethics Committee procedures. Before starting the survey,
respondents were informed about the purpose of the study and participated voluntarily. The survey
was fully anonymous. No personally identifiable information was collected, only the responses to the
survey questions. As a result, individual responses cannot be linked back to respondents, and it is not
possible to verify whether a respondent participated more than once.

The target group consisted of respondents who live in the Netherlands, or have lived in the Netherlands
for most of their life, and are 18 years or older. Due to practical and budgetary constraints, it was
not possible to recruit respondents through a paid survey panel. Instead, the survey was distributed
through the researcher’s personal and professional network, including LinkedIn, TU Delft students and
staff, and contacts at TNO. This means that the respondent pool is based on the researcher’s network
and is likely not fully representative of the Dutch population. Respondents were also not financially
compensated. This should be taken into account when interpreting the results. In total, 310 responses
were collected.

4.2. Survey Data Cleaning

Several steps were taken to improve the quality of the collected data. First, incomplete responses
were removed. A response was considered complete only if all questions in the survey were answered.
During the deployment phase of the survey, a technical issue on some mobile devices caused respon-
dents to only be able to select extreme values for the perception questions. These responses were
manually reviewed and removed. Although the stated choice questions in these responses may have
been answered seriously and could contain useful information, some respondents indicated that they
completed the survey again on a different device. Keeping the original response could therefore lead
to the same respondent being included multiple times. Respondents who indicated that they do not
currently live in the Netherlands and have not lived in the Netherlands for most of their life were also
excluded. Since the study focuses on pedestrian route choice preferences in the Dutch context, these
responses were considered outside the target population.
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Finally, response times were used as a simple quality check. Extremely fast responses may indicate
that respondents did not properly read or consider the questions. A threshold of 3 seconds per survey
step or choice task was used as an indicator of very fast responses. Respondents were excluded if
they completed four or more steps in under 3 seconds, because this indicates a repeated pattern of
very fast responses. This is especially relevant for the choice tasks, as they are presented in groups of
three. When a respondent answers multiple tasks too quickly, it is likely that they did not fully process
the differences between the route alternatives and trip-purpose contexts.

After applying all filtering steps, 193 valid responses remained for analysis. Each respondent com-
pleted 12 route choice tasks, consisting of three tasks for each of the four trip-purpose contexts. This
resulted in 2,316 observed choices in total, or 579 observations per trip purpose. The final cleaned
sample provides enough observations to estimate the proposed model specifications and to compare
patterns in stated route choice preferences across trip-purpose contexts. However, the sample should
be interpreted as a convenience sample. The results are therefore used to analyse stated trade-offs
within the collected respondent group, rather than to make statistically representative claims about all
pedestrians in the Netherlands.

4.3. Image Data Preparation

In addition to the survey response data, the image data also needed to be prepared for model estimation.
Only the images that appear in the valid survey responses are used for estimating the models. Images
that were collected during the street-level image collection process but were not shown in any valid
choice task are excluded from the estimation dataset.

For the pixel-share MNL model, the pixel-share variables extracted during the image analysis and filter-
ing process are used. As described in Section 3.3, these variables are obtained using the Mask2Former
segmentation model (Cheng et al., 2022). Before estimation, the pixel-share variables are multiplied by
100, so that they are expressed as percentages rather than proportions. This transformation does not
change the information contained in the variables, but only changes the unit in which they enter the util-
ity function. The estimated coefficient then shows the utility change associated with a one percentage
point increase in, for example, vegetation share or vehicle share.

For the CV-DCM, the image preparation follows van Cranenburgh and Garrido-Valenzuela (2025). The
images are resized and normalised according to the input requirements of the pre-trained DeiT model.
This is needed because the model requires a consistent image size and pixel value range. During
training, some images are also transformed horizontally. This is a common technique in computer
vision to increase variation in the training data and reduce the risk that the model learns image-specific
patterns instead of more general visual patterns.

4.4. Train-Test Split

As described in Section 3.5.5, an image-level train-test split is used for model estimation and evaluation.
In the final dataset, each street-level image is assigned either to the training set or to the test set, so
that the same image does not appear in both sets. A respondent-level split was also explored, but
this led to substantial image overlap between the training and test set. A combined respondent- and
image-level split was explored using a network-based approach, but this resulted in one connected
graph. This means that the data could not be separated in this way. Therefore, the final dataset is
split at the image level. The same train-test split is used for all model specifications. This resulted in
1,853 choice observations in the training set and 463 choice observations in the test set. There is no
image overlap between the training and test set. Because the split is made at the image level, the same
respondent can appear in both sets. The test set therefore evaluates how well the models generalise
to unseen images, rather than to unseen respondents.



Results

This chapter presents the survey results and the Discrete Choice Models (DCMs) estimated in this
thesis. It addresses the final two sub-questions: How do pedestrian route choice preferences and
model performance differ across trip-purpose contexts? and How can a visually-enriched route choice
model be applied to analyse trip-purpose-specific route preferences across a pedestrian network?

Section 5.1 presents the descriptive survey results and provides information about the collected sam-
ple. Section 5.2 then discusses the estimated models, including parameter estimates, the relative
importance of attributes, and predictive performance across trip-purpose contexts. The Computer
Vision-Enriched Discrete Choice Model (CV-DCM) is examined further through qualitative validation in
Section 5.3. Finally, Section 5.4 applies the image-based model to a pedestrian network in Amsterdam-
Zuid.

5.1. Descriptive Results

This section discusses the descriptive results of the survey. The goal is to give an overview of the socio-
demographic characteristics of the respondents, the general patterns in the choice task data, and the
results of the image perception questions.

5.1.1. Socio-Demographics and Walking Habits

The survey was distributed among study groups at TU Delft and personal networks. This means that
many respondents were students or young adults. This convenience sample is reflected in Figure 5.1,
which shows three main demographic characteristics of the respondent group. Most respondents are
between 18 and 29 years old, while older age groups are much less represented. The income distribu-
tion shows a similar pattern, with the category below 1500 euros occurring most often.

What is your age group? What is your monthly household income before taxes?
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(a) Age group (b) Gender (c) Household income

Figure 5.1: Main demographic characteristics of the respondent group.
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The respondent group can be considered active in walking and generally positive towards walking.
Many respondents indicated that they walk almost daily, often in their free time. Figure 5.2 shows
the general walking habits of the sample. These results suggest that the respondent group is familiar
with walking and could therefore make meaningful choices in the choice tasks based on their own
experience. At the same time, the sample is not representative of the Dutch population as a whole.
This should be kept in mind when interpreting the results. For this reason, the further analysis focuses
on overall patterns in route choice preferences rather than on differences between demographic groups.
An overview of the responses to all demographic questions is provided in Appendix F.

How often do you walk for trips, for example for leisure, shopping, work, or public transport? What is the main purpose you walk to places? How do you feel about walking?
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(a) Walking frequency (b) Main walking purpose (c) Attitude towards walking

Figure 5.2: General walking habits of the respondent group.

5.1.2. General Choice Task Patterns

The full model-based analysis is presented in Section 5.2, but some initial patterns can already be seen
from the answer distributions. Figure 5.3 shows the distribution of chosen travel times and greenery
levels per trip purpose. These two attributes are shown because they show the clearest differences
between trip purposes. Since 193 respondents each completed three choice tasks per trip purpose,
there are 579 chosen alternatives per trip purpose. The plots for pedestrian presence and vehicle
presence are shown in Appendix G.1.

Chosen walking time by trip purpose

Chosen greenery level by trip purpose
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Figure 5.3: Chosen travel time and greenery level per trip purpose.

Figure 5.3a shows that the distribution of chosen travel times differs between trip purposes. For walking
to public transport, the shortest travel times are chosen most often. For walking in free time, longer
travel times are chosen more often. A similar pattern can be seen for greenery levels. While higher
greenery levels are generally chosen more often, it is chosen the most for the walking in free time
context. The other image characteristics, pedestrian presence and vehicle presence, also vary across
trip purposes, but these patterns are less clear than for travel time and greenery. These results provide
an initial indication that trip purpose may influence route choice preferences. However, this still requires



5.1. Descriptive Results 37

further analysis. Each route alternative consists of multiple attributes at the same time, and the image
contains more information than the characteristics shown here.

5.1.3. Single-Image Perceptions

The single-image perception answers were used to examine how different perceived characteristics
within a single image are related to each other. Figure 5.4 shows the relationships between the five
perception scores using Spearman correlations. This correlation measure was used because the per-
ception scores are ordinal. In this figure, the statistical significance of each correlation coefficient is
indicated with stars.

Correlation matrix of perceived street characteristics
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Figure 5.4: Spearman correlation matrix of perceived street characteristics.
Significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.

The Spearman correlations show the strongest relationships between attractiveness, safety, and green-
ery. Attractiveness has the highest correlations with safety and greenery. This indicates that streets
perceived as attractive are often also perceived as safer and greener. The correlation between green-
ery and safety is weaker, but still significant. This suggests that these perceptions capture different
aspects of the street environment, while both are related to overall attractiveness.

Busyness with people and busyness with traffic are also positively correlated. This means that im-
ages perceived as busy with people are often also perceived as busy with traffic. However, these two
perceptions relate differently to attractiveness and safety. Busyness with people shows a positive cor-
relation with attractiveness and safety, while busyness with traffic shows a negative correlation with
safety. This is in line with the expectation that cars and other motorised traffic can be associated with
lower perceived safety.

Overall, the descriptive results suggest that some perception variables are related, especially attrac-
tiveness, safety, and greenery. At the same time, none of the correlations are extremely high. The
highest correlation is between attractiveness and safety, but it can still be considered moderate. This
means that the variables do not appear to be direct proxies for each other. For example, the amount of
greenery alone does not directly explain the attractiveness of an image. The perception variables are
connected, but they still capture different aspects of how respondents perceived the street images.
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5.2. Model Estimation Results

This section addresses the fourth sub-question: How do pedestrian route choice preferences and model
performance change when visual attributes are included, and how do these effects differ across trip-
purpose contexts?

To answer this research question, three model specifications are estimated in this thesis. Model 1 is
the basic MNL model and only includes travel time. This model does not use any information from the
images and is used as a benchmark model. Model 2 is the Pixel-share MNL model. It includes travel
time and visual variables derived from image segmentation, namely sidewalk presence, pedestrian
area share, vehicle share, greenery share, and people share. Model 3 is the CV-DCM. This model
includes travel time as a numerical attribute and uses the full street-level image as input.

Each model specification is estimated for five model scopes. First, a combined model is estimated
using all observations together, without distinguishing between trip purpose contexts. Then, four trip-
purpose-specific models are estimated separately for walking to public transport, walking to work or
school, walking home, and walking in free time.

Model 1: U;,, = Btime - ttin  +€in (51)
—_———

Utility from travel time

Model 2: U;,, = Btime * ttin + Z Ba - PSian +€in (52)
SN——— o

Utility from travel time
Utility from predefined pixel-share attributes

Model 3: Uzn = Btime : ttin + § ﬂk * Zikn +€in (53)
———
Utility from travel time k
Utility from learned image features

Here, tt;, is the travel time of alternative i for individual n. In Model 2, ps;,, represents the pixel share
of predefined visual attribute « in the image shown for alternative i to individual n. In Model 3, z;x,
represents learned image feature k for alternative 7 and individual n.

5.2.1. Selected Model Settings

As part of the model optimisation, two alternative specifications were tested for the pixel-share MNL
model, as described in Section 5.2.2. First, reduced specifications were tested by including and ex-
cluding different pixel-share variables. The changes in overall model performance and statistical signif-
icance were small. However, these models did result in lower BIC values, because they included fewer
parameters while keeping similar performance. Second, a specification with an alternative-specific
constant was estimated. For the trip purpose walking home, this constant was only weakly statistically
significant. This suggests that there may be a small general preference for one of the two alternatives
in this context, independent of the included route attributes. However, adding the constant did not lead
to important changes in the size or direction of the other parameter estimates. This means that the
main interpretation of the model remains the same. Therefore, the specification without an alternative-
specific constant is preferred, because it is simpler and easier to compare across trip purposes. The
results of these alternative pixel-share MNL specifications are reported in Appendix G.2.

For the CV-DCM, hyperparameter tuning first focused on finding suitable settings for the combined
model. A broad search was conducted comparing Stochastic Gradient Descent (SGD) and Adam. In
this search, SGD performed best. The search was then refined around the best-performing range,
which resulted in the selected combined hyperparameter configuration shown in Table 5.1. As de-
scribed in Section 3.5.5, further optimisation was then performed for the trip-purpose-specific mod-
els based on this combined configuration. The hyperparameter tuning results show that different trip-
purpose models have different optimal configurations. This means that there is no single optimal setting
across all contexts. To keep the models comparable, the configuration that performed best on aver-
age across the trip-purpose models is selected. This configuration is also shown in Table 5.1. The
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estimation results using the best trip-purpose-specific configurations, together with the corresponding
hyperparameter settings, are reported in Appendix G.3.

Model Optimiser Learning Rate Batch Size Weight Decay (v)
Combined CV-DCM SGD 2e—5 10 0.1
Trip-Purpose Specific CV-DCM  SGD 2e—5 8 0.2

Table 5.1: Selected hyperparameter configurations for the CV-DCM

5.2.2. Parameter Estimates

The estimated parameters show how the included variables contribute to route utility in the different
model specifications. Table 5.2 presents the parameter estimates and performance values for the three
model types and the trip-purpose-specific models. Statistical significance is indicated with significance
stars.

When interpreting the estimates, it is important to note that the trip-purpose-specific models are esti-
mated separately. The signs of the coefficients can be compared across models, because they show
whether a variable is associated with higher or lower utility within that model. However, the coeffi-
cient sizes should not be treated as directly comparable across the different models. This is because
each model is estimated on a different subset of the data and may have a different utility scale. For
this reason, differences in the strength of the effects are further examined using relative importance

metrics.
Model 1: Basic MNL' Model 2: Pixel-share MNL! Model 3: CV-DCM
Walking Combined Public Work or Home Free Time Combined Public Work or Home Free Time Combined!! Public Work or Homelll Free
Purpose Transport School Transport School TransportI Schooll Timelll

Model information

Model RUM-MNL RUM-MNL RUM-MNL RUM-MNL RUM-MNL RUM-MNL RUM-MNL RUM-MNL RUM-MNL RUM-MNL CV-DCM  CV-DCM CV-DCM  CV-DCM  CV-DCM
No. 1 1 1 1 1 6 6 6 6 6 86m 86m 86m 86m 86m
param

Train set

N 1853 463 469 464 457 1853 463 469 464 457 1853 463 469 464 457
LL -1230.69 -269.91 -291.45 -308.60 -314.08  -1169.88 -259.55 -273.65 -290.55 -294.09 -921.45 -150.55 -202.35 -192.91 -232.64
02 0.042 0.159 0.103 0.040 0.008 0.089 0.191 0.158 0.097 0.072 0.283 0.533 0.376 0.401 0.262
CE 0.664 0.583 0.621 0.665 0.687 0.631 0.561 0.583 0.626 0.644 0.497 0.324 0.432 0.415 0.511
HR 0.604 0.700 0.652 0.591 0.536 0.643 0.706 0.695 0.651 0.630 0.755 0.912 0.844 0.847 0.758
BIC 2468.90 545.97 589.05 623.34 634.29 2384.90 555.94 584.20 617.94 624.93 - - - - -
Test set

N 463 116 110 115 122 463 116 110 115 122 463 116 110 115 122
LL -298.67 -70.58 -64.33 -73.22 -86.34 -276.97 -66.31 -65.01 -64.22 -77.14 -2568.27 -62.91 -69.83 -60.96 -77.91
p2 0.069 0.122 0.156 0.081 -0.021 0.137 0.175 0.147 0.194 0.088 0.195 0.204 0.092 0.228 0.093
CE 0.645 0.608 0.585 0.637 0.708 0.598 0.572 0.591 0.558 0.632 0.558 0.552 0.629 0.535 0.628
HR 0.631 0.672 0.682 0.661 0.443 0.680 0.698 0.727 0.730 0.631 0.719 0.746 0.640 0.737 0.710
BIC 603.48 145.92 133.36 151.18 177.47 590.76 161.13 158.22 156.92 183.10 - - - - -
Parameter estimates

Btime -0.209***  -0.445"*  -0.349"*  -0.206*** 0.091**  -0.286™*  -0.512"**  -0.441***  -0.303*** 0.024 -0.307 -0.431 -0.320 -0.271 -0.120
Bside - - - - - 0.001 -0.002 -0.011 0.010 0.000 - - - - -
Barea - - - - - 0.011*** 0.013* 0.014 0.013 0.009 - - - - -
Byehi - - - - - -0.001 0017 0017  -0.007 0.008 - - - - -
Bgree - - - - - 0.026**  0.021***  0.026***  0.029***  0.031*** - - - - -
Bpeop - - - - - 0.037 0.028 0.058 0.046 -0.005 - - - - -

I'For Models 1 and 2, using significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.
' Combined CV-DCM hyperparameters: {optimiser: SGD, learning rate: 2e—5, batch size: 10, L2 = 0.1}
" Trip-purpose-specific CV-DCM hyperparameters: {optimiser: SGD, learning rate = 2e—5, batch size = 8, L2 = 0.2}

Table 5.2: Performance and parameter comparison across model types and trip purposes.

Model 1: Basic MNL

The basic MNL model only includes travel time as an explanatory variable. In the combined model, the
travel time coefficient is negative and statistically significant. This means that, when all trip-purpose
data is combined, longer travel times are associated with lower utility. This is in line with the expectation
that travel time is generally experienced as a cost in route choice.
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When the model is estimated separately by trip purpose, the expected negative sign is found for walking
to public transport, walking to work or school, and walking home. The coefficients are negative and
statistically significant, which means that longer travel times are associated with lower utility in these
contexts. The model for walking in free time shows a different pattern. In this model, the travel time
coefficient is positive and statistically significant. This means that, within this model and dataset, longer
travel times are associated with higher utility. This may reflect that walking in free time is less time-
constrained, so respondents may be more willing to accept or prefer longer routes. However, the
experiment included both travel time and street-level images, while the basic MNL model only includes
travel time. Therefore, the positive coefficient may also be related to visual or contextual differences
between the route alternatives that are not included in this model.

Model 2: Pixel-share MNL

The pixel-share MNL model includes both travel time and pixel-share variables derived from the images.
These variables describe the share of pixels in the image representing sidewalks, pedestrian areas,
vehicles, greenery, and people. In the combined model, the travel time coefficient remains negative
and statistically significant. This means that longer travel time is still associated with lower utility after
adding the image variables. In the trip-purpose-specific models, travel time is negative and statistically
significant for walking to public transport, walking to work or school, and walking home. For walking
in free time, the coefficient is positive but no longer statistically significant. This differs from the basic
MNL model, where the travel time coefficient was positive and significant for walking in free time.

Of all pixel-share parameters, greenery share shows the clearest and most consistent effect. The
coefficient is positive and statistically significant in the combined model and in all trip-purpose-specific
models. This means that the streets with more visible greenery are associated with higher utility across
all walking contexts. This is in line with the expectation that pedestrians generally prefer greener walking
environments. Pedestrian area share is also positive in all models. It is statistically significant in the
combined model, for walking to public transport, and for walking to work or school, but not for walking
home and walking in free time. This suggests that pedestrian-oriented infrastructure may also be
associated with higher utility, although this effect is less consistent than the effect of greenery.

Some of the remaining signs are less in line with the expected behavioural direction. For example, side-
walk presence has different signs across trip purposes. The expectation would be that it has a similar
direction as pedestrian area share, because both variables relate to pedestrian space. However, the
sidewalk coefficients are not statistically significant in any of the models. Their signs should therefore
not be interpreted as clear behavioural effects. This does not mean that sidewalk presence is irrelevant,
but rather that this model does not provide enough statistical evidence to estimate a clear effect.

To assess the relative importance of the included variables within each model, the potential utility
change of each attribute is calculated, as described in Section 3.6.1. The percentages in Table 5.3
show how much each attribute contributes to the maximum possible utility difference within each model.

Attribute Combined Public transport Work or school Going home Free time
Travel time 23% 39% 26% 23% 3%
Sidewalk presence < 1% 2% 6% 7% < 1%
Pedestrian area share 12% 12% 1% 12% 12%
Vehicles <1% 10% 8% 4% 7%
Vegetation share 45% 28% 28% 41% 74%
People share 19% 9% 21% 13% 4%

Table 5.3: Contribution to the maximum possible utility difference in the Pixel-share MNL models.

For walking in free time, greenery share has the largest contribution, with 75%, while travel time only
accounts for 3%. This suggests that, in this context, utility differences are mainly related to changes in
greenery, while changes in travel time play a much smaller role. For walking to public transport, travel
time has the largest contribution, with 39%. This fits with the expectation that this context is more time-
sensitive. Pedestrian area share is more stable across the models, with a contribution of around 12%.
Although the coefficient is not statistically significant in all models, this may suggest that the share of
pedestrian area in an image is valued more consistently across trip purposes.
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Model 3: CV-DCM

Only the travel time coefficient is reported for the CV-DCM in Table 5.2. This is because the model
contains a large number of parameters related to the image representation, which are not directly inter-
pretable. The analysis therefore focuses on the travel time coefficient and on the relative contribution
of travel time and image utility to the maximum possible utility differences.

Overall, the travel time coefficient in the CV-DCM is negative across all trip purposes. This means that
longer travel times are associated with lower utility in each context, including walking in free time. This
differs from the two MNL models, where the travel time coefficient was positive for walking in free time.
This suggests that the effect of travel time may depend on how visual information is included in the
model. In the MNL models, the positive coefficient showed that respondents are more willing to accept
longer walks in their free time. In the CV-DCM, part of this effect may instead be captured by the image
utility, because the model uses the full street-level image as input.

The relative importance values in Table 5.4 show that image utility has the largest contribution in all
CV-DCM models. This means that most of the maximum possible utility difference comes from visual
information learned from the images. This is especially clear for walking in free time, where image utility
accounts for 90% and travel time accounts for 10%. This is in line with the results of the basic and pixel-
share MNL models, where travel time showed less significance for this trip purpose. It suggests that
the information from the images might be able to explain the route choice preferences better than than
travel time.

For walking to public transport and walking to work or school, travel time has a larger contribution than
for walking in free time, with 21% and 22%, respectively. This fits with the expectation that these con-
texts are more time-sensitive. However, image utility still accounts for most of the relative importance
in these models. This suggests that the images contain relevant information for explaining the choices
in the dataset across all trip purposes.

Attribute Combined Public transport Work or school Going home Free time
Travel time 21% 21% 22% 17% 10%
Image utility 79% 79% 78% 83% 90%

Table 5.4: Contribution to the maximum possible utility difference in the CV-DCM models.

5.2.3. Predictive Performance

The predictive performance of the models is compared using log-likelihood, cross-entropy, hit-rate, p2,
and BIC where available. These metrics are described in Section 3.6.2 and reported in Table 5.2. All
models are estimated by maximising the log-likelihood or by minimising the cross-entropy. Overall, the
results show that adding visual information improves model performance compared with the basic MNL
model in the combined model and in most trip-purpose-specific models. For the combined test set, the
cross-entropy decreases from 0.645 for the basic MNL, to 0.598 for the pixel-share MNL, and to 0.558
for the CV-DCM. The hit-rate also increases from 0.631 to 0.680 and 0.719. This shows that both
the predefined pixel-share variables and the learned image features add information that helps explain
the observed choices. Because the results differ across trip purposes, the rest of this section focuses
mainly on the trip-purpose-specific models.

For the pixel-share MNL, the improvement compared with the basic MNL is visible in most trip-purpose
contexts. This shows that even a relatively simple representation of the image can improve predictive
performance. The largest improvements are found for walking home and walking in free time. For
walking home, the test cross-entropy decreases from 0.637 to 0.558, while the hit-rate increases from
0.661 to 0.730. For walking in free time, the hit-rate increases from 0.443 to 0.631. This is in line
with the expectation that visual street characteristics are more relevant for less time-constrained trips.
However, the BIC values of the trip-purpose-specific pixel-share models are higher than those of the
basic MNL. This means that, for these separate contexts, the improvement in model fit is not always
large enough to justify the additional parameters. The optimisation results in Appendix G.2 show that
removing less informative pixel-share variables can improve the balance between model fit and model
complexity.
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The CV-DCM shows the strongest improvement in the training data. For example, for walking home,
the training p? increases from 0.040 for the basic MNL to 0.401 for the CV-DCM. The training hit-rates
are also high, with values above 0.75 for all contexts and 0.912 for walking to public transport. This
large difference is expected to some extent, because the CV-DCM has a much more flexible model
structure than the two MNL-based models. It is not limited to predefined image variables and can learn
more complex visual patterns from the images. At the same time, the difference between the training
and test results shows that the model fits the training data much more strongly than the test data. This
suggests a risk of overfitting. However, this does not mean that the model is unusable. The test results
still outperform the other models in most contexts, which indicates that the model also learns visual
information that generalises to unseen images.

When comparing the test results across trip purposes, the largest improvements are found for walking
home and walking in free time. This is most visible in the hit-rates. For walking in free time, the
CV-DCM improves the hit-rate from 0.443 to 0.710. For walking home, it increases from 0.661 to 0.737.
These results fit the expectation that visual street characteristics become more relevant when the trip is
less goal-oriented. However, this is not the full explanation, because the public transport context also
performs better when using the CV-DCM. For walking to public transport, the CV-DCM has the lowest
test cross-entropy of 0.552 and the highest hit-rate of 0.746. This suggests that visual information may
also matter in more goal-oriented contexts, although the type of visual information that matters may
differ by trip purpose.

One clear exception is the walking to work or school context. In this context, the basic MNL performs
best on most test metrics in Table 5.2. It has a test cross-entropy of 0.585 and a p? of 0.156, while the
CV-DCM has a cross-entropy of 0.629 and a p? of 0.092. The pixel-share MNL performs close to the
basic MNL, and even has a higher hit-rate of 0.727 compared with 0.682. This suggests that, under
the shared hyperparameter configuration used in Table 5.2, adding visual information does not clearly
improve predictive performance for the context of walking to work or school. This is partly in line with the
expectation that these trips are more time-driven. However, the result should be interpreted carefully.
The optimised configurations in Appendix G.3 show that both the pixel-share MNL and the CV-DCM
can outperform the basic MNL for this context when the model settings are selected specifically for this
trip purpose. This indicates that the weaker performance in Table 5.2 is not necessarily evidence that
visual information is irrelevant for work or school trips. Instead, it shows that the results are sensitive
to the selected model specification and training settings.

Overall, the predictive performance results show that visual information can improve model fit and
prediction, but that this improvement differs between trip purposes and model settings. Since the
CV-DCM generally shows the strongest predictive performance, the next step is to inspect whether its
predicted image utilities are also meaningful from a visual and behavioural perspective.

5.3. Qualitative Model Validation

To further interpret the CV-DCM, the predicted image ultilities are inspected qualitatively. The purpose
of this validation is to assess whether images with high predicted utility also look like attractive walking
environments, and whether images with low predicted utility contain characteristics that are expected
to reduce walking preference. The validation also helps identify cases where the model behaves less
as expected. This is important because the CV-DCM can learn complex visual patterns, but these
patterns are not always easy to interpret.

The qualitative validation is structured in four steps. First, the predicted image utilities are compared
with the image-level perception scores. Second, the highest- and lowest-utility images are inspected
for each trip purpose. Third, images from the same street are compared visually and based on their
differences in utility. Finally, images edited using generative Al are used to test how the model responds
to changes in greenery, traffic, trash, and benches.
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5.3.1. Comparison with Perception Scores

The predicted image utilities are compared with the perception scores to determine whether images
with higher utility are also perceived more positively. This comparison is only possible for images that
were both used in the choice tasks and rated in the perception questions. Because the number of
rated images is limited compared to the full image set, not all choice-task images have a perception
score. Each rated image was also evaluated by only one respondent. The results should therefore be
interpreted as an indication of the relationship between image utility and perceived street quality, rather
than as a full validation.

. Combined Public transport Work/school Home Free time
Perception
Top Bottom Top Bottom Top Bottom Top Bottom Top Bottom
Attractiveness 365 170 3.55 1.95 350 190 345 165 385 215
Greenery 3.70 130 3.40 1.70 3.00 130 305 160 4.00 1.45
Safety 335 285 375 2.65 350 290 330 270 325 265
Busyness people 2.25 1.90 2.00 2.10 190 185 170 165 1.70 1.80

Busyness traffic  2.10 2.30  1.90 2.20 200 215 165 270 155 230

Table 5.5: Average perception scores of the top and bottom 20 image utilities by model

Table 5.5 shows that images with higher predicted utility generally receive higher scores for attractive-
ness and greenery than images with lower predicted utility. This pattern is visible in all model specifica-
tions. For attractiveness, the largest difference is found in the combined model, where the top images
score 3.65 and the bottom images score 1.70. For greenery, the difference is especially clear in the
combined and free-time models. In the free-time model, the top images score 4.00, compared with
1.45 for the bottom images. For safety, the differences are smaller, but images with higher predicted
utility are still rated as safer in all models. This suggests that perceived safety may also be related to
image utility, although this relationship is less clear than for attractiveness and greenery.

The busyness scores show a less consistent pattern. For traffic busyness, images with lower predicted
utility generally receive higher scores. This is expected, because streets with more traffic are usually
less attractive for walking. The clearest difference is found in the free-time model, where the top images
score 1.55 and the bottom images score 2.30. For busyness with people, the differences are small and
do not show a clear direction. This suggests that the predicted utility is not strongly related to the
number of people visible in the image.

Overall, these results suggest that images with higher predicted utility are mainly associated with higher
attractiveness and more greenery. They are also associated with higher safety and lower traffic busy-
ness, but to a lesser extent. However, predicted image utility and perception scores are not the same.
The perception scores describe how individual images were rated on separate aspects, while image
utility is estimated from route choices.
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5.3.2. High- and Low-Utility Images

The next validation step is to inspect the images with the highest and lowest predicted utilities. These
utilities show which walking environments are most and least preferred by the model within a specific
trip-purpose context. Because the models were estimated using route choices that included both travel
time and street-level images, the predicted image utilities reflect the visual part of the route preference
within that context. For each trip-purpose model, the model is applied to the same set of survey images.
This makes it possible to compare whether the most and least preferred walking environments differ
between trip purposes. Figure 5.5 shows the three images with the highest and lowest utility for each
trip purpose.

Highest and lowest utility images by trip purpose

‘ Trip purpose H Highest #1 H Highest #2 H Highest #3 || Lowest #3 H Lowest #2 H Lowest #1 u Utility range

Highest: 3.589
Lowest: -2.797
Range: 6.386

Public transport

Highest: 5.952
Lowest: 0.487
Range: 5.465

Work/school

Highest: 4.494
Lowest: -0.783
Range: 5.276

Home

Highest: 1.914
Lowest: -3.413
Range: 5.327

Free time

. [

Figure 5.5: Highest and lowest predicted image utilities by trip purpose.

The images with the highest utility show several patterns that are in line with behavioural expectations.
Most of these images contain visible greenery, trees, clear walking space, or a relatively calm street
environment. This is especially visible for walking home and walking in free time. This supports the
earlier model results, where greenery was found to have a positive effect on route utility. The images
with the lowest utility are visually different from the highest ones. They generally contain less greenery
and often show more infrastructure. Several of these images show large roads, bridges, walls, or
areas that appear less comfortable for walking. This is also in line with expectations, because these
environments are less likely to be perceived as attractive pedestrian routes.

At the same time, the results also show that the model does not rank images only based on simple
visual rules, such as more greenery is always better or more traffic is always worse. Some rankings
are less intuitive from the researcher’s perspective. For example, for walking home, one of the highest-
ranked images contains a road with a car and does not show a very clear pedestrian path. This seems
unexpected, because traffic presence and limited pedestrian space would normally be expected to
reduce utility. Similarly, some lower-ranked images do not necessarily show the least attractive walking
environments. They show designated pedestrian paths and are even close to water, which are both
factors associated with higher perceived walkability. This indicates that the model may have learned
other visual patterns that are less straightforward to explain.



5.3. Qualitative Model Validation 45

The differences between trip purposes are also important, because the images with the highest utilities
differ between models. This suggests that the images are evaluated differently depending on the trip
context. The highest-ranked images for walking in free time and walking home appear greener. For
walking to public transport and walking to work or school, the highest-ranked images also show green-
ery, but they include clearer road infrastructure or clear walking space. This fits the expectation that
visual quality may matter differently depending on the purpose of the walk. More goal-oriented trips
may value clear paths and directness more, while free-time and home trips may be more sensitive to
an attractive environment.

Disagreement Between Trip Purpose Models

To further analyse the differences between the trip-purpose models, the images with the largest rank
differences are shown in Figure 5.6. This shows where the models disagree most strongly about the
same image. Some images are ranked very differently depending on the trip purpose, which suggests
that the same street environment is not evaluated in the same way across walking contexts.

Images with the largest rank differences across trip-purpose models

Range: 83 to 3267
Difference: 3184

Range: 90 to 3240
Difference: 3150

Ranks by model:

Public transport: 3267
Work/school: 1380
Home: 83

Free time: 266

Ranks by model:

Public transport: 3240
Work/school: 90

Home: 218

Free time: 445

Range: 60 to 3182
Difference: 3122

Range: 152 to 3270
Difference: 3118

Ranks by model:
Public transport: 60
Work/school: 1923
Home: 3182

Free time: 2947

Ranks by model:

Public transport: 2246
Work/school: 152

Home: 3270

Free time: 534

Figure 5.6: Images with the largest rank differences across trip-purpose models.

The greener images are ranked among the highest for walking home or walking in free time, but among
the lowest for walking to public transport. The opposite pattern is also visible. The image with wider
roads, more urban infrastructure, and more traffic is ranked among the highest for walking to public
transport, but much lower for the other trip purposes. These large rank differences support the use of
separate trip-purpose models. They suggest that the models may learn trip-purpose-specific relation-
ships, instead of simply assigning high utilities to greener images.
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5.3.3. Same-Street Image Comparison

The same-street comparison is used to look at differences in utility within the models. The idea is that
images taken only a few metres apart would be expected to receive relatively similar utilities. Figure 5.7
shows the same-street image comparison. The contexts of walking to work and school and free time
are not included here, since the other two models showed more interesting results. These examples
are shown in Appendix G.4.

Same-street comparison of predicted image utilities

Utility difference | | Image 1 | | Image 2 | | Image 3

PT: 0.25 APT -0.12 APT: -0.36
Work: 3.03 A Work: +0.13 A Work: +0.27
Home: 0.50 A Home: -0.03 A Home: -018
Free: -1.62 A Free: +0.24 A Free: -0.07

-

Lowest average difference
across all trip purposes
range: 0.277

APT: +0.69
A Work: +0.76
A Home: +0.31
A Free: +0.40
- -

Highest difference for
Going to public transport
range: 2.486

PT. 0.03 APT. +1.01 APT. +0.78
Work: 3.71 4 Work: -0.49 A Work: +0.36
Home: 2.21 A Home: -1.61 AHome: +0.28
Free:-1.31 A Free: -0.01 A Free: +0.90

Highest difference for
Going home
range: 1.885

Figure 5.7: Same-street comparison of predicted image utilities.

The first row shows the street with the lowest average utility difference across all trip purposes. The
predicted utilities are similar for the three images, which is expected because the images show almost
the same street environment. The small differences are likely caused by changes in perspective. For
example, the amount of visible buildings and road space changes slightly between the images. This
suggests that, in this case, the models assign relatively stable utilities when the visual environment
remains mostly unchanged.

The second and third rows show larger differences within the same models. In the public transport
model, the image with a visible vehicle receives the highest utility. This is somewhat unexpected,
because vehicle presence would usually be associated with lower street attractiveness. One possible
explanation is that the public transport model has learned that images with vehicles were more often
preferred in the stated choice data for this trip purpose. For the walking home model, the second image
is the outlier with a much lower utility. A possible explanation is that the pedestrian path appears to be
interrupted. Interestingly, the first and third images have similar utilities, even though they differ visually.
One image shows graffiti on the wall, while the other does not.

Overall, the comparison shows that predicted utilities are relatively stable when images are very similar.
However, larger differences can occur within the same model, and these differences are not always
explained by one clear visual element.
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5.3.4. Image Augmentation Results

As a final exploratory validation, the model is tested using versions of the same images edited with
generative Al. Four types of edits are made: adding more greenery, adding more traffic, adding visible
trash, and adding benches. Some of the edited images are shown in Figure 5.8. The full set of edited
images and the exact prompts used to generate them are shown in Appendix G.5.

Al-edited image scenarios and CV-DCM utility changes

Original More greenery More traffic Trash Benches

PT AV = +0.308 PT AV = +0.128 PTAV = +0.213
13

PTV = 0.072 PT AV = +0.509
Work V = 3.368 Work AV =
Home V = 1.946 Home AV = +0.535
Free V = -0.797 Free AV = +0.490

PTV =0.575 PT AV = -0.009 PT AV =-0.484 PT AV =-0.131 PT AV =-0.030
Work V = 3.299 Work AV = +0.163 Work AV = -0.170 Work AV = -0.008 Work AV = +0.049
Home V = 2.180 Home AV =-0.229 Home AV = -0.553 Home AV = -0.346 Home AV = -0.042

Free V = -0.540 Free AV = +0.157 Free AV = +0.056 Free AV = +0.142 Free AV = -0.016

PTV = 0.516 PT AV = +0.240 PT AV = +0.118 PT AV = +0.147
Work V = 3.724 Work AV = +0.408 Work AV = -0.346 Work AV = -0.380 Work AV = -0.015
Home V = 1.121 Home AV = +0.692 212 0.48, Home AV = +0.300
Free V = -1.975 Free AV = +0.723 Free AV = -0.175 0. Free AV = -0.154

Figure 5.8: Al-edited image scenarios and changes in predicted CV-DCM image utility.

For these three edited images, adding more greenery generally improves utility. Adding more traffic
shows a weaker and less consistent pattern. For the first image, utility increases, while for the other
images utility decreases. For visible trash and benches, the results are even less consistent. In both
cases, utility can either increase or decrease. To summarise these effects more clearly, Figure 5.9
shows the utility changes for each image augmentation per trip purpose, based on eight edited images.

Distribution of Al adaptation effects per trip purpose

0.8
0.6 1

0.4 4

| é#

PT Work Home Free

Utility change relative to original image

I More greenery [ More traffic [ Trash B Benches

Figure 5.9: Distribution of Al-edited image utility changes per trip purpose for eight edited images.
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Overall, the boxplots show that adding more greenery generally increases utility, while adding more
traffic generally decreases utility. Adding trash and benches gives less clear results, because the utility
changes can be either positive or negative.

For the public transport model, adding more greenery does not always lead to higher utility. Adding
more traffic generally leads to lower utility, but there is also an outlier around 0.3. This outlier is in line
with the same-street comparison, where the car in the image also seemed to increase utility instead
of decreasing it. For the free-time model, adding traffic would be expected to decrease utility, but this
effect is not clearly visible in the boxplot.

These inconsistent results do not necessarily mean that the models are wrong. Instead, they show
that the augmentations need to be interpreted carefully, because visual characteristics in an image can
be connected to each other. Editing one object into an image does not mean that the utility change is
directly caused by that object. For example, in the second image in Figure 5.8, adding greenery results
in a utility change of -0.229 for the walking home model. However, when looking more closely at the
image, the added greenery covers a large part of the sidewalk on the left side. This means that adding
one visual element can also remove or hide other aspects of the image, which may be more important
in a specific trip context.

5.4. Spatial Application of the CV-DCM

This section presents the results of the spatial application and addresses the final sub-question: How
can a visually enriched route choice model be applied to analyse trip-purpose-specific route preferences
across a pedestrian network? The trip-purpose-specific CV-DCM models are applied to a case study
area in Amsterdam-Zuid. The area of interest is shown in Figure 5.10.
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Figure 5.10: Case study area in Amsterdam-Zuid used for the spatial application

For this application, 4,988 street-level images were collected on the pedestrian network. The network
contains 3,450 edges, of which 2,126 could be linked to at least one image. Edges without available
images were assigned the median image utility within the corresponding trip-purpose model.

5.4.1. Spatial Utility Distribution

Using the collected street-level images, the average image utility is calculated for each street segment
and for each trip-purpose model. The resulting spatial distribution is shown in Figure 5.11. In this
figure, red indicates the lowest image utilities and green indicates the highest image utilities within
each trip-purpose model. The utility range differs between the models, so the colours should mainly be
interpreted as the relative utility ranking within each model. Since the same set of street-level images
is used for all trip-purpose models, the maps can still be compared to identify similar spatial patterns
across trip purposes.
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Street-segment comparison of image utility by trip purpose
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Figure 5.11: Average street-segment image utility in Amsterdam-Zuid by trip-purpose model

Figure 5.11 shows several similarities between the four trip-purpose maps. Across all trip purposes,
lower image utilities are mostly found in the upper-left, upper-middle, and lower-middle parts of the map.
These areas correspond to locations around Amsterdam UMC, Amsterdam Zuid station, and further
south around Gelderlandplein. These locations are relatively busy and more strongly focused on car
traffic or have more high-rise buildings. They also contain less visible greenery. This is in line with the
earlier model validation results, where images with more infrastructure, cars, and roads generally had
lower utilities.

Higher image utilities are more visible in the lower-left part and on the eastern side of the map. The
lower-left area includes a neighbourhood garden and the Gijsbrecht van Aemstelpark. These streets
are located around greener areas and parks. On the eastern side, around the Rotterdamsepad, the
streets are mainly surrounded by apartment buildings, but they also include a relatively high amount
of greenery and some water. This suggests that residential streets where buildings are combined with
visible green space can also receive high predicted utilities.

The two example locations in Figure 5.12 show this visual difference. The area around Amsterdam
UMC mainly shows grey infrastructure and car roads, while the area around Rotterdamsepad shows a
greener environment that is not focused on larger motorised traffic. These visual differences align with
the previous results, where greener areas generally had higher utilities and infrastructure-dense areas
had lower utilities.

Amsterdam UMC

(a) Lower utility area around Amsterdam UMC (b) Higher utility area around Rotterdamsepad

Figure 5.12: Example street environments with lower and higher image utilities in the spatial application
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5.4.2. Route Comparisons

Based on the maps described above, four locations in the case study area were selected to create
routes between them. The selected routes connect Amsterdam Zuid station to Vrije Universiteit Ams-
terdam, Vrije Universiteit Amsterdam to the Gijsbrecht van Aemstelpark, and the Gijsbrecht van Aem-
stelpark to Gelderlandplein. These routes all have a travel time of approximately 8 to 10 minutes when
the shortest path is used. They also cross different types of street environments, including station ar-
eas, university areas, residential streets, and greener park areas. All route comparisons are shown
in Appendix G.6. Figure 5.13 shows the route from Vrije Universiteit Amsterdam to the Gijsbrecht van
Aemstelpark.

Shortest route versus highest-utility route: Vrije Universiteit Amsterdam to Gijsbrecht van Aemstelpark

Going to public transport Going to work or school
Shortest V = 10.80, TT = 8.2 min Shortest V = 78.89, TT = 8.2 min
Highest-utility V = 13.00, TT = 8.9 min (+0.7 min) Highest-utility V = 103.25, TT = 9.1 min (+0.9 min)

Going home Free time
Shortest V = 43.25, TT = 8.2 min Shortest V = -10.83, TT = 8.2 min
Highest-utility V = 56.87, TT = 8.4 min (+0.2 min) Highest-utility V = -4.41, TT = 8.4 min (+0.2 min)

— Shortest distance === Highest utility ~ @ Origin Destination

Figure 5.13: Comparison between the shortest route and the highest-utility route from Vrije Universiteit Amsterdam to the
Gijsbrecht van Aemstelpark by trip-purpose model.

Figure 5.13 shows that the routes selected by the model differ from the shortest route for all four trip-
purpose models. This indicates that route preferences are not only determined by travel time. In this
example, the image utilities are large enough to change the preferred route from the shortest route to
a visually more attractive route. The preferred routes also differ between trip purposes. The free-time
model clearly follows a different route, while the other models follow a similar route at the start but differ
closer to the destination. This shows that route preferences can depend on the walking context.

A more unexpected result is that the more goal-oriented models seem to prefer routes with a larger
increase in travel time than the other models. This is surprising, because these trip purposes are
expected to value shorter routes more strongly. In this case, it seems that the visual characteristics of
the preferred routes increase the utility enough to compensate for the extra travel time.

Overall, the route comparison shows that adding visual information to a route choice model can lead
to different preferred routes compared with a shortest-route approach. It also shows that these route
preferences can differ between trip purposes. However, the results should be interpreted carefully. This
is only a small example based on a limited number of images, and the models were trained with survey
data from a convenience sample. These routes should not be seen as evidence of actual pedestrian
behaviour in this area. Instead, they show how visual street characteristics can influence model-based
route preferences.



Discussion

This chapter discusses the main findings of this thesis in relation to the research objective, the existing
literature, and the methodological choices made in the study. The thesis compared a basic Multino-
mial Logit (MNL) model, a pixel-share MNL model with predefined visual attributes, and a Computer
Vision-Enriched Discrete Choice Model (CV-DCM) with learned image representations across four trip-
purpose contexts. By doing so, this research examines how different levels of visual information can
be included in models of pedestrian route choice preferences, and how trip-purpose-specific model
specifications can lead to different results.

Section 6.1 interprets the main findings and connects them to the literature on pedestrian route choice,
walkability, trip purpose, and machine learning in choice modelling. Section 6.2 then discusses the
strengths and limitations of the research, focusing on the comparison of model specifications, trip-
purpose-specific modelling, validation beyond model fit, sample generalisability, hypothetical bias, and
the simplified representation of the walking environment. Section 6.3 discusses the implications of the
findings for pedestrian route choice modelling, urban planning and policy, and the responsible use of
Al in behavioural modelling and policy. Finally, Section 6.4 provides practical recommendations and
directions for future research.

6.1. Interpretation of Main Findings

This section discusses the main findings of the thesis and explains how the results can be interpreted in
relation to the field of pedestrian route choice. The interpretation is structured around five key themes:
the role of visual street-level information, the effect of greenery as a visual street characteristic, the
effect of trip purpose as context, the difference in route preferences on a network, and overall model
performance and interpretability. Together, these themes show that visual information can contribute
to pedestrian route choice modelling and that route preferences differ across trip-purpose contexts. At
the same time, the results also show that some findings are difficult to explain, especially when the
image-based models show route preferences that do not fully align with behavioural expectations or
literature.

6.1.1. Prediction of Route Choice Preferences with Visual Information

The first important finding is that adding street-level visual information improves the prediction perfor-
mance of pedestrian route choice preferences for the SP dataset used in this thesis. Both the pixel-
share MNL models and the CV-DCM generally outperform the basic MNL model that only includes travel
time. This indicates that travel time alone does not sufficiently explain the observed route choices, and
that visual information contributes meaningfully to explaining these choices.

This finding is consistent with pedestrian route choice and walkability literature, which shows that pedes-
trians do not only evaluate routes based on travel time or distance, but also consider environmental qual-
ities such as comfort, perceived safety, greenery, traffic exposure, and general attractiveness (Basu
et al., 2022; Tong and Bode, 2022; Sevtsuk et al., 2021; Choi and Kang, 2025). Since travel time alone
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does not sufficiently explain the observed choices, the results of this thesis support the argument that
pedestrian route choice models benefit from including variables that represent the visual qualities of
the walking environment.

This finding also relates to the broader discussion on using machine learning in choice modelling.
Van Cranenburgh et al. (2022) argue that machine learning can broaden the scope of choice modelling
by making it possible to use unstructured data, such as images, text, and video, which are difficult to
include directly in traditional choice models. The results of this thesis support this argument, since the
CV-DCM uses the full image as input and generally improves prediction performance compared with
the basic and pixel-share MNL. This suggests that the model appears to capture visual patterns that
are relevant for explaining route choice preferences that could not be fully represented by predefined
attributes.

6.1.2. Preference for Greener Walking Environments

Across the different model specifications, greenery stands out as the most robust and consistently
positive visual characteristic. In the pixel-share MNL models, the share of visible greenery is positively
associated with route utility and statistically significant across all trip-purpose contexts. The qualitative
analysis of the CV-DCMs supports this result, as images with higher utility often show greener street
environments. The comparison with perception scores also shows that higher-utility images tend to
receive higher attractiveness and greenery scores.

This strong preference for greenery is consistent with literature focused on walkability, which shows that
greener streets and parks contribute positively to perceived walkability and walking experience (Borst
et al., 2008; Choi and Kang, 2025). The results of this thesis are therefore behaviourally plausible,
since they align with the idea that pedestrians value greener environments and choose routes not only
based on travel time, but also based on perceived environmental quality.

At the same time, this finding differs from the pedestrian route choice model by Sevtsuk et al. (2021),
in which greenery was not found to be a statistically significant predictor in their final specification. This
difference may be related to how greenery is measured, the model specification, or the type of data
used for estimation. In particular, Sevtsuk et al. (2021) use Revealed Preference (RP) data in the form
of GPS trajectories, while this thesis uses an Stated Preference (SP) experiment in which respondents
evaluate street-level images together with travel time. Jin et al. (2025) show that stated pedestrian route
preferences can change when respondents physically walk the routes, because the effort associated
with longer distances may be underestimated in hypothetical choices. Actual route choices may also
depend on familiarity, daily habits, and cultural context (Duives, 2025; Levine and Norenzayan, 1999).
The strong effect of greenery found in this thesis should be interpreted as a preference for greener
walking environments, while its influence on actual route choice may be smaller and may also depend
on other conditions experienced while walking.

6.1.3. Differences Between Trip Purposes

The results show that pedestrian route choice preferences differ across trip-purpose contexts. By esti-
mating separate models for walking to public transport, walking to work or school, walking home, and
walking in free time, it becomes clear that travel time and visual attributes are valued differently across
walking contexts. For walking in free time, visual attributes, particularly greenery, explain a large share
of the potential utility difference, while the contribution of travel time becomes relatively small. In con-
trast, for walking to public transport, travel time remains more important, although visual information
still contributes to route utility. The public transport and work or school models are very similar, which
can be expected because they both represent more goal-oriented walking contexts. The walking home
model is more in between the goal-oriented models and the free time model. In this context, travel time
still remains important, but the environment appears to play a somewhat larger role.

These findings are consistent with research describing pedestrian route choice as context dependent
(Hoogendoorn and Bovy, 2004; Tong and Bode, 2022). Trip purpose does not change the street envi-
ronment, but it changes the situation in which the route is evaluated. The results for walking to public
transport and walking to work or school align with studies showing that more goal-oriented walking is
strongly influenced by time and distance, but cannot be explained by these factors alone (Hatamzadeh
et al., 2014). The walking home context also differs from the other contexts, which aligns with research
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arguing that returning home should be considered as a separate walking purpose (Watson et al., 2021).
The walking in free time model aligns with literature on recreational walking, where trips are less focused
on travel time and where the walking environment plays a more important role (Larranaga and Cybis,
2014).

The differences in predictive performance and in the importance of visual qualities between the trip-
purpose models show that pedestrian route choice preferences should not be treated as the same
across all walking contexts. The same route can be evaluated differently depending on the purpose
of the walk. This contributes to the recent discussion by Zafri and Sevtsuk (2026). They point out
that many existing pedestrian models represent pedestrian behaviour in a general way, despite differ-
ences between people and walking contexts. The results of this thesis show that there are indeed
differences in both the estimated parameters and the routes of the different trip-purpose models. Sim-
plifying pedestrian route choice by assuming one general route choice model would therefore miss
these context-specific differences in how pedestrians evaluate and choose routes.

6.1.4. Differences Between Shortest Route and Preferred Routes

The spatial application in Amsterdam-Zuid shows that the preferred routes differ from the shortest routes
when visual information is included. When routes are evaluated using both travel time and street-level
images, the routes with the highest utility are often longer than the objectively shortest route. This is
consistent with pedestrian route choice literature showing that pedestrians may accept a longer route
when it offers a more comfortable, safe, or attractive walking environment (Prashker and Bekhor, 2004;
Prato, 2009; Sevtsuk et al., 2021; Basu et al., 2023). Within the models estimated in this thesis, the
positive utility of a more attractive street can compensate for the negative utility of additional travel time.

The preferred routes also differ between trip-purpose contexts. This means that the differences be-
tween the estimated models are large enough to produce different preferred routes for the same origin
and destination. At the same time, some of the preferred routes for the more goal-oriented purposes
show relatively large increases in travel time, despite travel time being expected to be more important in
these contexts (Hatamzadeh et al., 2014). This may also relate to the earlier discussion on differences
between stated preferences and actual walking behaviour. Because respondents evaluated hypothet-
ical routes without physically experiencing the additional walking time, the perceived cost of choosing
a longer route may have been underestimated (Jin et al., 2025).

6.1.5. Model Interpretability

The results highlight a clear trade-off between predictive performance and interpretability when incor-
porating visual street-level characteristics into pedestrian route choice models. The basic MNL is easy
to interpret because route utility is explained only through travel time, but it has lower predictive per-
formance. The pixel-share MNL obtains better predictive performance by adding predefined visual
attributes directly to route utility. However, it still simplifies the street environment into a limited set of
visual attributes. The CV-DCM generally performs best in terms of predictive performance across most
trip-purpose contexts, indicating that the full street-level images contain relevant visual information for
explaining the route choice preferences observed in this study. However, because the image represen-
tation is learned by the model, it is less clear which exact visual characteristics increase or decrease
the utility.

This reduced interpretability becomes particularly relevant when model outcomes do not fully align with
behavioural expectations. For example, in the same-street comparison, the public transport model
shows an increase in image utility when a car is visible in the image. However, this comparison only
considers the utility of the images and does not take into account the travel times under which the origi-
nal choices were made. This does not imply that pedestrians prefer seeing cars when walking to public
transport, but rather suggests that the CV-DCM has learned associations in the data where images
containing a car were chosen more often in this trip-purpose context. Together with the unexpected
route rankings found in the spatial application, this shows that the outcomes of the CV-DCM are not
always easy to explain behaviourally.
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This trade-off in interpretability highlights the other side of the discussion of using machine learning in
choice modelling. Van Cranenburgh et al. (2022) argue that behavioural interpretation becomes more
difficult when model parameters do not have a direct behavioural meaning. A similar point is made
by Zhu and Si (2024), who find that DCMs can achieve similar predictive performance to deep neural
network models, while being easier to explain. This suggests that more complexity does not always
imply better performance and that the machine learning models should not automatically replace the
more interpretable DCMs. The most suitable model depends on the purpose and context of the study,
especially when interpretation is important. In this thesis, the CV-DCM generally performs best, but its
outcomes are less directly interpretable. The pixel-share MNL and the qualitative validation therefore
remain important for understanding and checking the results of the CV-DCM.

6.2. Strengths and Limitations

This section discusses the strengths and limitations of the research. The strengths show how the study
contributes to pedestrian route choice modelling by comparing multiple model specifications, including
trip-purpose-specific models, and evaluating the models beyond standard model fit measures. The
limitations show how the findings should be interpreted in relation to the survey sample, the use of SP
data, and the simplified representation of walking environments through static street-level images.

6.2.1. Comparison of Multiple Model Specifications

One of the main strengths of this study is the structured comparison of three model specifications that
estimate pedestrian route choice preferences using different levels of information. The basic MNL pro-
vides a benchmark based only on travel time, the pixel-share MNL adds predefined and interpretable
visual attributes, and the CV-DCM uses the full street-level image. Earlier work by Sevtsuk et al. (2021)
already showed that visual street characteristics can help explain pedestrian route choice, but their
model only used visual attributes selected in advance. Machine learning approaches can use full im-
ages and may capture more visual information, but they are often more difficult to interpret (Van Cra-
nenburgh et al., 2022). The comparison of these different approaches is especially relevant because
the interpretability of the CV-DCM is not just treated as a limitation, but it is considered to be a driving
factor of the research design. The pixel-share MNL makes it possible to interpret the role of specific
visual attributes, while the CV-DCM tests whether the full image adds explanatory value beyond these
predefined variables. This allows for a clearer view of the trade-offs between predictive performance
and model interpretability.

6.2.2. Trip-Purpose-Specific Modelling

A second strength is the estimation of separate models for walking to public transport, walking to work
or school, walking home, and walking in free time for each model specification. This makes it possible
to determine how travel time and visual street-level characteristics are valued across different walking
contexts, and whether similar patterns appear across all model specifications. Because context-specific
differences are found in the basic MNL, pixel-share MNL, and CV-DCM, this suggests that they are less
likely to be caused by the structure of one particular model and more likely to reflect patterns in the
underlying choice data.

Existing literature shows that the importance of travel time, the built environment, and route attractive-
ness can vary across walking purposes, but trip purpose is not always modelled directly in pedestrian
route choice (Hatamzadeh et al., 2014; Larranaga and Cybis, 2014; Liu et al., 2026). This thesis ad-
dresses this limitation by including trip purpose explicitly in the modelling framework. The spatial ap-
plication also shows that these differences are relevant beyond a difference in estimated parameters,
since it shows that the trip-purpose-specific models produce different preferred routes for the same
origin and destination on the same street network.

6.2.3. Model Validation Beyond Model Fit

A third strength of this thesis is that the models are evaluated using more than estimation results and
goodness-of-fit measures. As a first validation step, predictive performance is evaluated on choice
tasks that were not used during model estimation through a train-test split. Several additional checks
are then used to assess the reliability and behavioural meaning of the results. Model robustness is ex-
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amined by comparing multiple specifications of the pixel-share MNL, testing different hyperparameter
settings for the CV-DCMs, and comparing the results across different random seeds. Model consis-
tency is tested through same-street image comparisons to determine whether images of similar street
environments receive similar predicted utilities. Sensitivity is examined using Al-edited images, which
show how controlled visual changes affect predicted image utility. Behavioural plausibility is analysed
using perception scores and comparisons of high- and low-utility images. Finally, the spatial applica-
tion examines whether the estimated utilities of the different trip-purpose models lead to plausible and
meaningful differences between routes.

Parady et al. (2020) argue that choice models in transportation research are often evaluated mainly
through in-sample goodness-of-fit measures, while validation beyond the estimation data is reported
much less frequently. This thesis responds to this limitation by combining out-of-sample prediction
with several additional forms of model evaluation. This is particularly important for the CV-DCM, be-
cause strong predictive performance does not necessarily mean that a machine learning model has
learned behaviourally meaningful relationships (Van Cranenburgh et al., 2022). By combining predictive
validation with robustness, consistency, sensitivity, and behavioural plausibility checks, this research
provides a more critical evaluation of the models.

6.2.4. Sample Generalisability and Hypothetical Bias

A first limitation of this study concerns the generalisability of the estimated parameters and models. The
survey responses were collected through a convenience sample, which means that certain population
groups may be overrepresented or underrepresented. Pedestrian route choice preferences may differ
according to characteristics such as age, gender, education level, mobility level, and residential envi-
ronment (Basu et al., 2022; Borst et al., 2008; Mazzulla et al., 2024). This means that the estimated
parameters should be interpreted within the context of the collected sample. However, the comparison
between the three model specifications and trip-purpose contexts remains meaningful, because the
models were estimated on the same dataset and can be compared in terms of their ability to explain
the observed choices. The limitation mainly affects the extent to which the estimated preferences can
be interpreted as general pedestrian preferences in the Netherlands.

A second limitation related to the data collection is the use of Stated Preference data. An SP experiment
was selected because it allows route attributes and trip-purpose contexts to be varied under controlled
conditions. This made it possible to analyse the trade-offs respondents made between travel time and
the visual street-level characteristics. However, because the choices remain hypothetical and respon-
dents do not experience actual walking times or physical effort, this have introduced a hypothetical
bias (Jin et al., 2025). There are possibilities to combine SP and RP data to connect these controlled
trade-offs to observed real-world route choices (Ben-Akiva et al., 1994). However, this would require
additional data collection and introduces other methodological challenges. For this study, this limitation
means that the models should be used to show which routes would be preferred, not to predict actual
pedestrian routes or flows.

6.2.5. Simplification of the Walking Environment

Each route alternative in the SP experiment was represented by a single static image and a travel
time. As a result, the models are estimated based on only a single visual representation of the entire
route. In reality, walking is a continuous and dynamic experience in which pedestrians move through
multiple streets and evaluate changing route environments along the way (Hoogendoorn and Bovy,
2004; Tong and Bode, 2022). These street environments may differ in greenery, sidewalk quality, traffic
exposure, crowdedness, crossings, and overall attractiveness, all of which have been identified as
relevant factors in pedestrian route choice research (Basu et al., 2022). This limitation is especially
relevant for the interpretation of the Amsterdam-Zuid application. In this spatial application, multiple
images were collected for each street segment and they were used to estimate the utility of individual
street segments using the CV-DCM models. The image utilities were combined with the travel time
utility of each segment. The utility of a complete route was then calculated by summing the utilities of
the street segments along that route. This made it possible to identify the route with the highest utility
for each trip-purpose model and to compare it to the objectively shortest route. However, this approach
relies on the assumption that the utility of a full walking route can be represented as the sum of the
utilities of its individual street segments. As this assumption was not validated in this research, the
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Amsterdam-Zuid application should be interpreted as an exploratory spatial analysis. This means that
the application can illustrate how visual attractiveness may vary across a network, but it should not be
used as direct evidence for actual pedestrian route choices without further validation.

The final limitation is related to the assumptions of the environmental context. The images were se-
lected to represent daytime and good weather conditions during spring and summer months. This is
particularly important for interpreting the effect of greenery, because greenery was the most consistent
positive visual characteristic in the model results. In the pixel-share MNL models, visible greenery had
a statistically significant positive effect on route utility across all trip-purpose contexts and the qualita-
tive interpretation of the CV-DCM results also showed that images with higher utilities often included
greener street environments. However, this positive effect should not automatically be assumed to
be the same across all seasons, weather conditions, or times of day. Research on environmental
preferences of green spaces shows that preferences can differ between winter and summer, and they
conclude that summer and winter perceptions cannot simply be considered the same (Duan and Li,
2022). Walking research focusing specifically on winter conditions also shows that this can affect route
choice and walking behaviour due to slipperiness of the surface (Fossum et al., 2024). The same street
environment may also be perceived differently after dark. Research on greenery and lighting shows
that green areas or parks may be avoided at night when poor lighting or dense vegetation reduce vis-
ibility and perceived safety (Rahm et al., 2020). The positive effect of greenery found in this thesis is
therefore context dependent, meaning that it applies specifically to the daytime, good-weather, spring
and summer conditions represented in the sampled images.

6.3. Research Implications

The findings of this thesis have implications within three fields. First, they contribute to pedestrian
route choice modelling by showing how visual street-level information and trip-purpose context can
be included in route choice preference models. Second, they are relevant for urban planning and
policy, because image-based route attractiveness can support the evaluation of walking routes beyond
distance and travel time. Third, they contribute to the broader discussion on Atrtificial Intelligence (Al) in
choice modelling and spatial policy analysis, because the CV-DCM shows both the opportunities and
risks of using full-image models in behavioural and policy-oriented applications.

6.3.1. Pedestrian Route Choice Modelling

For pedestrian route choice modelling, the main implication is that the level of modelling detail should
better match the purpose of the model. Shortest-path models can still be useful as a simple approxima-
tion of pedestrian route choice, but the results of this thesis show that when the aim is to understand
pedestrian route preferences or evaluate the quality of walking environments, these shortest path mod-
els are not able to fully capture the complexity of pedestrian behaviour. The results show that the
street environment influences how pedestrians evaluate and choose routes and that adding visual in-
formation improves predictive performance. This does not imply that every future pedestrian model
should include full street-level images or a complex CV-DCM. Rather, it means that the right levels
of complexity should be chosen to model pedestrian behaviour. This is especially relevant because
pedestrian models are increasingly used to support urban planning and to assess how changes in the
built environment can influence pedestrian behaviour, which may require different levels of complexity
(Zafri and Sevtsuk, 2026).

This implication also relates to the use of trip-purpose-specific models. The same street environment
may be evaluated differently depending on whether someone is walking to public transport, walking to
work or school, walking home, or walking in free time. This thesis shows that the trade-offs between
travel time and visual street-level characteristics differ by trip purpose within the same modelling frame-
work, and that these differences can lead to different preferred routes. For modelling practice, this
means that pedestrian route choice models should not always assume one general type of walking
behaviour.
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6.3.2. Route Attractiveness in Urban Planning and Policy

The spatial application in Amsterdam-Zuid showed that the routes selected by the model were often
not the shortest routes. This suggests that route attractiveness can influence route preferences in the
model, and that a more attractive walking environment may compensate for additional travel time. For
urban planning, this means that improving the attractiveness of specific streets could make some walk-
ing routes more appealing. This idea is similar to nudging as a policy approach, where behaviour is
influenced by changing the available choices and choice environment without restricting other alterna-
tives (Steffen et al., 2024). In the context of this thesis, street design can be seen as a possible spatial
form of nudging. By designing streets in visually attractive ways, planners may be able to make some
routes more appealing, which could encourage pedestrians to choose these specific routes more often,
although the behavioural effect would need to be validated with observed route choice data.

The CV-DCM in this thesis translates qualitative visual preferences from street-level images into numer-
ical utility values, which makes it possible to map visual route attractiveness across the street network.
With this spatial representation, it is possible to identify streets that are an important connection in the
network, but are unattractive from a pedestrian perspective. For urban planning and policy, this means
that the visual route choice models can complement existing tools by adding a behavioural layer of per-
ceived environmental quality. Cities can use spatial indicators to monitor urban and transport policy,
reveal inequalities within cities, and guide interventions and investments (Giles-Corti et al., 2022). The
estimated route attractiveness from the CV-DCM can be considered together with other policy-relevant
indicators, such as traffic safety, air pollution, or access to public transport, to better understand where
urban interventions may be needed. For example, a street with low estimated attractiveness, low traffic
safety and high air pollution could be a stronger candidate for improvement than a street with only one
of these issues. In this way, visual models can help support the prioritisation of measures or locations
and provide a clearer justification for selecting specific areas for further analysis or physical visits.

Finally, the results show that visible greenery is an important part of visual route attractiveness and
pedestrian route preferences. Greenery was the most consistent positive visual street-level charac-
teristic across the different trip-purpose contexts. While this thesis highlights the role of greenery in
the walking experience, literature shows that green infrastructure can also contribute to other urban
goals, such as heat mitigation, flood prevention, increased biodiversity, and urban liveability (Wang
et al., 2024). This means that adding greenery to improve the attractiveness of walking routes may
also support broader environmental and liveability goals. While adding greenery should not be seen
as a universal solution, this thesis shows that greenery also supports pedestrian route attractiveness.
Greenery may therefore help connect walking policy with broader liveability and environmental goals.

6.3.3. Artificial Intelligence in Behavioural Modelling and Policy Analysis

This thesis is also part of a broader shift in which Al, machine learning, and CV are becoming more
relevant for behavioural modelling and policy analysis. Traditional choice models often rely on variables
that are structured and easy and describe, such as travel time, cost, or categorical attributes. However,
many real-world choices are also influenced by information that is harder to describe in a numerical
way, such as the visual appearance of a street. Machine learning and CV make it possible to use
richer data sources, such as images, text, and video (Van Cranenburgh et al., 2022). In this thesis, the
CV-DCM uses full street-level images directly in the utility function, which allows the model to capture
visual information that is not fully represented by predefined variables. Research on visual information
in stated choice experiments also shows that images can make respondent choices more consistent
and increase confidence (Kabaya et al., 2024). This suggests that adding visual information can help
respondents better understand the choice situation, while also allowing CV models to capture visual
aspects that influence these decisions. At the same time, route choice behaviour remains influenced
by habits, personal preferences, context, uncertainty, and other unobserved factors (Basu et al., 2022;
Duives, 2025). This means that CV can improve the estimation of stated route preferences by capturing
more visual information, but it does not remove the uncertainty of human behaviour.
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A second implication is that the CV-DCM can make walkability analysis both more local and more scal-
able. Literature on Al in urban planning shows that it has potential because it can process large and
complex urban data and support data-driven decision-making (Lartey and Law, 2025). By training a
CV-DCM on survey or image data from a specific city, neighbourhood, or population group, the esti-
mated preferences can better reflect local contexts. At the same time, the CV component can analyse
large numbers of street-level images relatively quickly, making it possible to create a spatial overview
of route attractiveness across a larger area. This could help policymakers compare streets or neigh-
bourhoods and explore how visual characteristics, such as greenery or traffic exposure, may affect
perceived route attractiveness. In this way, these models could become useful as part of data-driven
policy analysis and urban planning, especially when they are combined with existing spatial data, local
knowledge, and expert knowledge.

However, the use of Al in behavioural modelling should be approached with caution, as it makes the
role of the modeller even more important. A model that can quickly interpret and process thousands
of images may seem objective, but its results still depend on the data, modelling choices, and the way
the outputs are interpreted. Studies on the ethical use of Al in urban planning show that these tools
can create risks related to transparency, accountability, bias, privacy, fairness, and public involvement
(Sanchez et al., 2024; Lartey and Law, 2025). This is relevant for the CV-DCM, because the model can
estimate whether an image is associated with higher or lower utility, but the image features learned by
the model do not have a direct behavioural interpretation (van Cranenburgh and Garrido-Valenzuela,
2025). This means that itis notimmediately clear which visual elements drive the estimated image utility.
The results also show that the performance of the CV-DCM is sensitive to modelling choices, such as the
selected hyperparameter configuration. The models also respond unpredictably to unexpected visual
elements, as shown by the addition of visible trash, because they can only learn from patterns that are
present in the training data. Therefore, the CV-DCM models could be useful for exploring visual route
preference patterns, but they are not yet suitable as stand-alone policy instruments. Before these
models can be used in decision-making, their route preferences should be validated with real route
choice data, compared with more interpretable models, and, where possible, supported by Explainable
Artificial Intelligence (XAl) methods.

Finally, caution is also needed when using Al-generated or Al-edited images. In this thesis, edited
images were useful for controlled sensitivity analysis, because they made it possible to test how the
model responds to specific visual changes. However, these images are not representative of real
interventions and should not be treated as direct evidence of how actual street redesigns would affect
behaviour. They can support exploration, but they may also create misleading confidence if they are
presented without enough context. Calzada and Eizaguirre (2025) argue that Al in urban planning
should be connected to local context, public values, and the people affected by planning decisions,
rather than being treated as only a technical solution. This means that generated or edited images
can be used as scenario tools, but not as proof of policy effects. They can help explore how model
predictions respond to visual changes, but human judgement remains necessary before the results are
used in real planning decisions.

6.4. Recommendations and Future Research

Based on the findings, limitations, and implications of this thesis, this section presents recommenda-
tions for both practical applications and scientific research. The practical recommendations focus on
how visual route choice models can be used responsibly in pedestrian modelling and urban policy
analysis. The scientific recommendations focus on how future research could further improve visually
enriched pedestrian route choice models, for example by using better data, improving the modelling
approach, making the results easier to interpret, and testing the models in other contexts.

6.4.1. Practical Recommendations

The first recommendation is to use visual route choice models only when they match the purpose of
the analysis. If the aim is to make a simple approximation of pedestrian movement, a shortest-path
or travel-time-based model may be sufficient. However, if the aim is to evaluate walkability, route
attractiveness, or street-level interventions, visual street-level quality should be included. The level of
model complexity should therefore depend on the policy or modelling question.
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A second recommendation is to use the CV-DCM mainly as an exploratory decision-support tool. For ap-
plied research organisations such as TNO, the method can be applied or further developed for specific
case study areas, such as Amsterdam-Zuid. The model can be used to compare streets or neighbour-
hoods, identify locations of interest, and support the prioritisation of possible interventions. However,
the model estimated in this thesis should not be used directly to predict real pedestrian flows, because
it is based on stated preferences and has not yet been validated with observed route choices.

A third recommendation is to estimate local models when the method is used to support local urban
policy. If the method is applied in a specific city or neighbourhood, it can be useful to collect data
from people who live, work, study, or regularly walk in that area. This would make the estimated
preferences more connected to the local population and would reduce the risk of applying preferences
from one context to another. This is important because pedestrian preferences can differ between
places, trip purposes, population groups, and walking contexts (Basu et al., 2022; Duives, 2025; Levine
and Norenzayan, 1999).

A final recommendation is to communicate model uncertainty clearly. The CV-DCM can capture visual
information from full street-level images, but the learned image features do not have a direct behavioural
interpretation (van Cranenburgh and Garrido-Valenzuela, 2025). Model outputs should therefore be
validated, compared with more interpretable models, and used to support discussion and prioritisation.
They should not be used to make planning decisions automatically, especially because Al-based tools
in planning can raise concerns about transparency, accountability, bias, privacy, fairness, and lack of
public involvement (Sanchez et al., 2024; Lartey and Law, 2025).

6.4.2. Future Research

A first direction for future research is to use data collection methods that are closer to actual walking
behaviour and that represent walking routes more realistically. This thesis used an SP experiment in
which each route alternative was represented by a travel time and one street-level image. This made
it possible to study controlled trade-offs between travel time and visual street-level information, but
it also simplified the walking experience. Future research could combine Stated Preference (SP) and
Revealed Preference (RP) data to examine to what extent the visual preferences found in stated choice
tasks also influence actual route choices. RP data, such as GPS trajectories, pedestrian counts, or
observed route choices, could help connect stated preferences to real walking behaviour. At the same
time, other visualisation methods such as multiple images per route, image sequences, videos or virtual
reality could be used to represent walking routes more realistically while still maintaining experimental
control (Arellana et al., 2020).

A second direction is to design experiments that focus more directly on specific visual attributes and pos-
sible street-level interventions. In this thesis, the images were selected across the ten largest cities in
the Netherlands to represent a range of combinations of greenery, traffic, and people presence. Future
experiments could use more controlled image sets to isolate the effect of specific visual characteristics.
These could include the attributes used in this thesis, such as greenery, traffic exposure, and people
presence, but also other factors such as sidewalk quality, litter, building quality, lighting, crossings, or
pedestrian-specific amenities. This would make it possible to examine how specific visual elements
influence pedestrian route preferences and which types of interventions are most likely to affect route
choice preferences. This kind of research could also make the link between route choice modelling
and urban design more direct.

A third direction is to further examine how visual route preferences differ across trip purposes, popula-
tion groups, and spatial contexts. This thesis showed that travel time and visual street-level information
are valued differently across walking to public transport, walking to work or school, walking home, and
walking in free time. Future research could examine these differences in more detail by adding more
trip-purpose contexts or by using DCM specifications that account for preference heterogeneity, such
as mixed logit or latent class models. This is also relevant for differences between groups of pedestri-
ans, since preferences may vary by age, gender, walking habits, familiarity with the area, residential
environment, or mobility limitations (Basu et al., 2022; Duives, 2025). In addition, future studies should
test whether similar patterns are found in other cities, neighbourhoods, seasons, and weather condi-
tions. This would help determine whether the estimated visual preferences are generalisable or mainly
context-specific.
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Future research should also focus on making the CV-DCM more transparent and easier to explain.
The CV-DCM can capture visual information from full street-level images, but its learned image rep-
resentation is not directly interpretable. This limits its usefulness for policy and planning, because
decision-makers need to understand why certain streets or routes receive higher or lower utility before
using model outcomes to justify interventions. Future research could develop hybrid models that com-
bine predefined visual attributes with learned image features. This would make it possible to benefit
from the predictive strength of the CV-DCM, while keeping part of the model behaviourally interpretable.
In addition, Explainable Artificial Intelligence (XAl) methods could be tested to examine which visual
elements the model responds to, and whether these elements are behaviourally meaningful. Improving
explainability would make image-based route choice models more useful as decision-support tools in
urban policy and planning.



Conclusion

This thesis examined how visual and non-visual route attributes influence pedestrian route choice pref-
erences in the Netherlands. By combining a Stated Preference (SP) experiment with street-level im-
ages and discrete choice modelling, the research investigated whether visual information can improve
the prediction and interpretation of stated pedestrian route choice preferences, and how these prefer-
ences differ across walking contexts. This chapter concludes the thesis by answering the research
questions, presenting the main conclusion, and summarising the contributions of the research.

7.1. Answer to the Research Questions

This section answers the sub-questions of this research and uses these answers to address the main
research question:

To what extent do visual and non-visual route attributes influence pedestrian route choice
preferences in the Netherlands?

1. Which visual and non-visual route attributes are relevant to pedestrians when choosing a
route?

Pedestrian route choice is influenced by a combination of trip efficiency, built- and natural-environment
characteristics, socio-demographic factors, and contextual factors. In existing research, travel time or
distance is often identified as one of the most important attributes in pedestrian route choice. However,
pedestrians also respond to visual characteristics of the walking environment, such as the amount of
greenery, the availability of pedestrian space, the presence of traffic, and the level of crowdedness.
These attributes can affect how comfortable, safe, or attractive a route is perceived to be. In addition to
these physical and visual attributes, contextual factors such as sound, weather, smell, familiarity with
the area, and the purpose of the walking trip may also influence route choice. Since not all potentially
relevant attributes could be examined within the scope of this thesis, this research focused on a selected
set of attributes: travel time, visible greenery, sidewalk availability, visible traffic, crowdedness, and the
trip-purpose context in which the route choice was made: walking to public transport, walking to work
or school, walking home, and walking in free time.

2. How can the trade-offs pedestrians make between visual and non-visual route attributes be
measured?

The trade-offs between visual and non-visual route attributes were measured using a Stated Preference
(SP) experiment in which respondents chose between simplified route alternatives. This approach
makes it possible to systematically vary the attributes of the alternatives, so that the effect of changes
in individual attributes can be identified. In this thesis, the experiment was implemented as an online
survey in which respondents repeatedly chose between two route alternatives that differed in travel time
and visual street-level information shown through images. This was done across different trip-purpose
contexts. By using an efficient experimental design to maximise the information obtained from these

61



7.1. Answer to the Research Questions 62

choices, the SP experiment produced a dataset that could be used to estimate how pedestrians trade
off travel time against visual characteristics of the walking environment.

3. How can visual and non-visual route attributes be incorporated into a discrete choice model
for pedestrian route choice preferences?

Visual and non-visual route attributes can be incorporated into a Discrete Choice Model (DCM) in differ-
entways. This thesis estimated three types of models to compare how the inclusion of visual information
affects the explanation of pedestrian route choice preferences. The first model is a basic Multinomial
Logit (MNL) model that only includes travel time as an attribute. This model is used as a baseline to
assess the added explanatory value of visual information. The second model is a pixel-share MNL
model, in which travel time is combined linearly with predefined pixel-share variables obtained through
semantic segmentation. These variables represent the selected visual attributes as the share of visible
greenery, pedestrian infrastructure, traffic, and people in the image. This model incorporates visual
information in an explicit and interpretable way. The third model is the Computer Vision-Enriched Dis-
crete Choice Model (CV-DCM), in which travel time is combined with the full street-level image in the
utility specification. This allows the model to learn relevant visual patterns from the complete image,
rather than relying only on predefined visual variables. However, this also means that the visual compo-
nent of the model is less directly interpretable, as it does not produce parameter estimates for individual
visual attributes.

4. How do pedestrian route choice preferences and model performance change when visual
attributes are included, and how do these effects differ across trip-purpose contexts?

Including visual attributes improves predictive performance on the collected data. Both the pixel-share
Multinomial Logit (MNL) model and the Computer Vision-Enriched Discrete Choice Model (CV-DCM)
generally outperformed the basic MNL model, with the CV-DCM producing the best predictive results
on the collected data. This indicates that travel time alone does not sufficiently explain the choices
observed in the experiment, and that visual information adds explanatory value. In the pixel-share
MNL, the amount of visible greenery showed the clearest and most consistent positive association
with route preferences across contexts. The qualitative validation of the CV-DCM also suggested that
images with higher predicted utility were often greener and more attractive. However, the general
effect of visual information differed across trip-purpose contexts. For more goal-oriented trips, such
as walking to public transport or walking to work or school, travel time remained important, although
visual information still contributed to route utility. For less time-constrained trips, especially walking in
free time, visual attributes explained a larger share of the observed choice variation, while the relative
importance of travel time decreased. The results show that pedestrian route choice preferences are
not explained by travel time alone, and that the relative importance of travel time and visual street-level
attributes depends on the purpose of the walking trip.

5. How can a visually-enriched route choice model be applied to analyse trip-purpose-specific
route preferences across a pedestrian network?

A trip-purpose-specific Computer Vision-Enriched Discrete Choice Model (CV-DCM) can be applied
to a pedestrian network by estimating route utilities between an origin and destination and comparing
the predicted preferred routes with the objectively shortest route. In this thesis, this was demonstrated
in an Amsterdam-Zuid case study. The application showed that the preferred routes were not always
the shortest routes and that these routes differed between trip-purpose models. This indicates that
the same streets can receive different estimated utilities depending on the walking context. However,
these results should be interpreted as exploratory rather than as direct predictions of actual pedestrian
behaviour in Amsterdam-Zuid, as the application mainly demonstrates how the CV-DCM can be applied
to a pedestrian network and used to analyse spatial differences in route attractiveness.

Answer to the Main Research Question

The results show that visual and non-visual route attributes both influence pedestrian route choice pref-
erences in the Dutch urban context of this thesis. Travel time remains an important attribute, especially
for more goal-oriented trips such as walking to public transport or walking to work or school. How-
ever, travel time alone does not sufficiently explain the choices observed in the Stated Preference (SP)
experiment. Visual street-level attributes add explanatory value, as models that included visual infor-
mation performed better at explaining observed choices than the model based only on travel time. In
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the pixel-share MNL, visible greenery showed the clearest and most consistent positive association
with route choice preferences. The qualitative validation of the CV-DCM also suggested that images
with higher predicted utility were often greener and more attractive. The influence of visual information
was strongest for less time-constrained trips, especially walking in free time, where visual attributes
explained a larger share of the observed choice variation. Therefore, within the collected SP dataset,
visual and non-visual route attributes both influence pedestrian route choice preferences to a meaning-
ful extent. Their relative importance depends on the context in which the walking trip takes place.

7.2. Main Conclusion

The main conclusion of this thesis is that the pedestrian route choice preferences in the data cannot
be fully represented by travel time alone. This was shown by comparing a basic Multinomial Logit
(MNL) model using only travel time with two models that included visual information: a pixel-share
MNL model using predefined visual attributes and a Computer Vision-Enriched Discrete Choice Model
(CV-DCM) using full street-level images. Both image-based models generally outperformed the basic
MNL model, with the CV-DCM producing the strongest predictive results in most contexts. This shows
that the visual quality of the walking environment matters for the stated preferences observed in this
study. The results also show that route choice preferences differ across trip-purpose contexts. Travel
time is more important for goal-oriented trips, while visual street-level characteristics become more
important for less time-constrained trips. This means that pedestrian route choice preferences should
not always be represented with one general preference structure across all walking contexts. Instead,
the purpose of the walking trip affects how pedestrians trade off travel time against the quality of the
walking environment.

At the same time, the results should be interpreted within the scope of the research design. The Stated
Preference (SP) experiment made it possible to measure controlled trade-offs between travel time and
visual street-level information, but the findings are based on stated choices from a specific sample rather
than observed walking behaviour from a representative population. Therefore, the results should not
be interpreted as direct predictions of all pedestrian route choices in the Netherlands. Instead, they
show that visual information can meaningfully enrich pedestrian route choice modelling and that trip-
purpose-specific preferences are important to consider.

7.3. Contributions

Based on the methodology and results of this thesis, three main contributions can be highlighted. First,
to the best of the author’s knowledge, this thesis is the first to apply the CV-DCM to pedestrian route
choice modelling. This extends the use of image-based discrete choice modelling to a pedestrian con-
text and shows how full street-level images can be used to explain pedestrian route choice preferences.

Second, this thesis provides a comparison of three models that differ in complexity and in how visual
information is included: a basic Multinomial Logit (MNL) model based only on travel time, a pixel-share
MNL model using predefined visual attributes, and a CV-DCM that learns from full street-level images.
This comparison shows the added value of including visual information when explaining stated route
choice preferences. It also highlights the trade-off between interpretability and predictive performance.
The pixel-share models are easier to interpret, while the CV-DCM can capture broader visual patterns
in the street-level images.

Third, this thesis contributes to the link between walkability research and route choice modelling. Walk-
ability research often focuses on the quality of the walking environment, while route choice modelling
often focuses on route efficiency. This thesis shows that both perspectives are relevant for pedestrian
route choice. The results show that, within the stated choice experiment, pedestrian route preferences
are both visually and context dependent. In particular, the relative importance of travel time and visual
street-level characteristics differs across trip-purpose contexts. These differences are visible in the
model results, the qualitative image comparisons, and the spatial route application.

Overall, this thesis shows that visual street-level information can be incorporated into pedestrian route
choice models at different levels of complexity. The findings therefore support a broader view of pedes-
trian route choice, in which walking routes are not only evaluated as connections between origins and
destinations, but also as environments that are experienced while walking.
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Factors Influencing Pedestrian Route

Choice

Table A provides an overview of the factors associated with pedestrian route choice identified by Basu
et al. (2022). Following the grouping used in the review, the factors are organised into trip characteris-
tics, built- and natural-environment factors, and socio-demographic factors.

Main Category Sub-category

Specific factor

Direction

Distance / route length

Trip length / distance of the route

Mixed

Length of street with department stores / restaurants Positive
Length of street without department stores / restau- Positive

rants

Shortest path / route Positive
Trip Characteristics Average speed Positive
Speed and traffic Maximum speed Positive

Speed limit Mixed

Traffic volume Average daily traffic / traffic volume Mixed

N Travel / walking time Mixed

Walking time Waiting time Mixed
Route efficiency Quickest path Positive
% of sidewalk along route Positive

Sidewalk characteristics Sidewalk width Mixed
Sidewalk condition Positive

Sidewalk continuity Mixed

Crosswalk Mixed

Intersection density Mixed
Built- and Natural- Junctions (per km) Positive
Environment Mid-block crossing Unclear

Factors

Street crossing facilities

Number of intersections / road crossings along route Negative
Number of lanes to cross at the end of a street seg- Positive

ment

Un-signalized arterial crossing
Unmarked collector crossings
Zebra crossings

Yellow pedestrian sign
Pedestrian signals

Traffic light / traffic signal

Negative
Negative
Mixed
Negative
Positive
Mixed

Continued on next page
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Main Category Sub-category Specific factor Direction
Nodes Positive
Turns Mixed
Route infrastructure / Street Ilghts P93|t|ve
. Street signs Mixed
pedestrian network Stop si Mixed
; p signs ixe
infrastructure Speed bumps Negative
Medians Negative
Paved surface / paved or planted median Mixed
Garbage bin / litter on street Positive
Graffiti Positive
Trees / tree shades / green strips / vegetation Mixed
Presence of open space / park Mixed
Pedestrian friendly parcels (PFPs) density Positive
Retail presence / frontage (such as coffee shops) Mixed
Front gardens Positive
Blind walls Mixed
Pedestrian amenities Sculpture / mural / public art / street art Mixed
and urban design Squares Positive
features along sidewalk Bushes Mixed
Flowers Positive
Bodies of water Positive
Fountains Positive
Benches Positive
Shade / weather protection Positive
Pavement cleanliness Positive
Built- and Natural- \éending machines Pos!t!ve
. us stops Positive
Environment
Factors Land-use mix along route Mixed
Residential land-use along route Mixed
Commercial land-use / small commercial (shops) Mixed
Land use along the buildings along route
route Institutional land uses (offices) along route Positive
Industrial land uses along route Mixed
Recreational land uses along route Mixed
Vacant land along route Negative
Traffic area along route Negative
Tall residential buildings along route Mixed
.- Modern building type along route Positive
E)ltlltc;mg types along the Old building type along route Positive
Average building height along route Positive
Abandoned buildings along route Positive
Building setback Building setback along the route Positive
Pedestrian density Mixed
Density Residential density Mixed
Non-residential density Positive
Traffic safety Mixed
Safe crossing places Positive
Safety Traffic crash risk Negative
Interaction with motorized traffic Negative
Obstacles Negative
Detour Negative

Continued on next page
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Main Category Sub-category Specific factor Direction
Security Personal security (crime safety, social environment) Mixed
Presence of unattended dog Negative
Accessibility Mixed
Familiarity Positive
Attractiveness Positive
Convenience Positive
Functionality Mixed
Crowdedness Mixed
Aesthetics / good scenery Positive
Built- and Natural- _ _ Route direptness quitive
Environment nghty of the walking Conne_ctmty _ M!xed
environment Path size (measure of route independence among Mixed
Factors route alternatives)
Comfort Positive
Construction noise Negative
Pollution Negative
Busy street Negative
Substandard street Negative
BE condition Negative
Straight path Positive
Diagonal path Negative
Terrain / steep upslope Mixed
Topography Stairs Negative
Age Mixed
Gender Mixed
Socio-demographic Demographics Income Positive
Factors Employment status / occupation Unclear
Race / ethnicity Unclear
Travel company Company / travelling together Positive




1
2

3
4
5
6
7

Street-Level Image Extraction and
Processing

This appendix chapter provides the pseudocode and details of the street-level image extraction and
processing pipeline. This pipeline consists of four main steps:

1. Extraction of pedestrian networks in Section B.1.

2. Sampling and collection of street-level images in Section B.2.
3. Image analysis and classification in Section B.3.

4. Construction of visual attributes in Section B.4.

B.1. Step 1: Pedestrian Network Extraction

Algorithm 1 Pedestrian Network Extraction

1: Input: List of cities, OpenStreetMap data

2: for each city do

3:  Download street network using OSMnx

4:  Filter network to contain only pedestrian-accessible segments
5

6

7

Remove non-walkable and restricted segments
Simplify network geometry
: Convert network into nodes and edges
8: Save network as GeoPackage
9: end for
10: Output: Pedestrian network per city

OpenStreetMap Pedestrian Roads Filter

custom_filter = (
'["highway"~""(footway|path|pedestrian|living_street|residential|service|track|steps]|
unclassified|tertiary)$"]"’
'["area"!="yes"]"'
'["access"!~""(nol|private)$"]"'
"["foot"!~""(nolprivate)$"]"'
'["motorroad"!="yes"]"'

Listing B.1: Filter used to find pedestrian accesible roads in OpenStreetMap
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B.2. Step 2: Street-Level Image Sampling and Collection

Algorithm 2 Street-Level Image Sampling and Collection

1: Input: Pedestrian network per city, optional city centre reference point, Street View API
2: for each city do
3: Load pedestrian network

4.  Compute edge sampling probabilities based on edge length
5.  if centre weighting is used then
6: Increase sampling probability for edges closer to the city centre
7. endif
8:  while required number of image groups not reached do
9: Sample street segment and random point based on sampling probability
10: if point too close to previous samples then
1: continue
12 end if
13: Generate nearby points along the segment
14: for each point do
15: Compute heading and request Street View metadata
16: if no imagery or duplicate panorama then
17: continue
18: end if
19: Check capture month and image quality (brightness, tilt)
20: if requirements not met then
21: continue
22: end if
23: Save image metadata
24: end for
25: if at least one image is accepted then
26: Accept image group
27: end if
28: end while
29: end for

30: Output: Street-level image dataset

City Centre Reference Locations

City Location Latitude Longitude
Amsterdam De Dam 52.3739 4.8922
Rotterdam Markthal 51.9200 4.4875
Den Haag Grote Markt 52.0758 4.3093
Utrecht Domtoren 52.0909 5.1213
Eindhoven 18 Septemberplein  51.4415 5.4792
Groningen Grote Markt 53.2190 6.5678
Almere Stadhuisplein 52.3719 5.2213
Tilburg Heuvel 51.5577 5.0904
Breda Grote Markt 51.5887 4.7762
Nijmegen Grote Markt 51.8475 5.8637

Table B.1: City centre reference locations and coordinates used for each city
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B.3. Step 3: Image Analysis and Filtering

Algorithm 3 Image Analysis and Filtering

1: Input: Image metadata, Street View API

2: for each image do

3:  Apply semantic segmentation model

4:  Assign each pixel to a visual class

5. Apply object detection model

6: Count pedestrians and vehicles

7:  Compute spatial features: road share, sidewalk share, greenery share, etc.
8: Label image using rule-based criteria

9: if image represents pedestrian-accessible street then

10: Keep image

11: else

12: Reject image

13:  end if

14:  Store features and labels
15: end for

16: Output: Filtered image dataset with extracted features

Image Filtering Thresholds

Step Rule Condition
Quality rejection R1 brightness < 70.0
Non-street rejection R2 rail_share > 0.05

AND road_share < 0.02

R3 water_share > 0.30 OR sky_share > 0.80
AND road_share < 0.02

R4 road_share < 0.02
AND sky_share < 0.03

Pedestrian-accessible street R5 sidewalk_bottom_anywhere > 0.10
R6 sidewalk_lower_left > 0.10
R7 sidewalk_lower_right > 0.10
R8 pedestrian_area_share > 0.10
R9 bike_lane_share > 0.10
R10 sidewalk_left > 0.08 OR sidewalk_right > 0.08
AND sidewalk_bottom_anywhere > 0.05

Final label Pedestrian-accesible street if any of R5—R10 holds; other-
wise other

Table B.2: Rule-based image analysis and filtering thresholds
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B.4. Step 4: Construction of Visual Categories

Algorithm 4 Construction of Visual Categories

: Input: Filtered image dataset for all cities
: for each city do
Load clustered image dataset

end for

XN ON 2

Combine all city datasets into one pooled dataset
Estimate global thresholds for each visual variable

Keep only images labelled as pedestrian_roads
Compute image-level variables: vehicle count, greenery presence, people count

9: Assign categorical labels to each image using predefined binning rules
10: Construct combined visual category profile from all assigned labels

11: Save combined dataset and city-specific outputs

12: Output: Binned dataset of pedestrian-accessible street images

Binning Rules for Visual Categories

Variable Method

Classes

Description

Zero vs nonzero 2

Vehicle count

Greenery presence quantile 3

People count zero vs nonzero 2

Images are classified into vehicle_none and
vehicle_present depending on whether the
detected vehicle count equals zero or is greater
than zero.

Images are classified into greenery_low,
greenery_medium, and greenery_high using
quantile-based thresholds that divide the data
into three equal groups.

Images are classified into pedestrian_none
and pedestrian_present depending on
whether the detected people count equals zero
or is greater than zero.

Table B.3: Binning methods used to construct visual categories



Street-Level Images

C.1. Filtered Images

Image Labels

Image label

Pedestrian roads

Other

Rejected indoor

Rejected low light

Rejected rail

Rejected nature

Figure C.1: Examples of images labelled using filtering thresholds
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C.2. Visually Categorised Images

High greenery

Low greenery

Moderate greenery

Bin

No motorised
vehicles

Motorised vehicles

No visible people

Greenery

Amere Nimegen Urrecht Groningen

Groningen

Figure C.2: Examples of images classified by greenery presence levels

Motorised Vehicles

Rotterdam Den Haag Amere Den Haag Fotterdam

Den Haag

Groningen Eindhoven

Figure C.3: Examples of images classified by motorised vehicle presence

People Presence

Tilburg Den Haag

Visible people

Figure C.4: Examples of images classified by people presence
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No motorised
vehicles + High
greenery + No
visible people

No motorised
vehicles + High
greenery + Visible
people

visible people

No motorised
vehicles + Low
greenery + Visible

ople

No motorised
vehicles +
Moderate greenery

+ No visil

No motorised
vehicles +
Moderate greenery
+ Visible people

Combined Street Characteristics

Utrecht

Amere Utrecht

Tilburg Amere Nijmegen
s

Rotterdam Nijmegen

-

Den Haag

Figure C.5: Combined classification of images by vehicle presence, greenery presence, and people presence (first 6 out of 12)
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Motorised vehicles
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greenery + Visible
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Einanoven

Den Haag

Amsterdam Eindhoven Tilburg

Den Haag Eindhoven

Tilburg

Amsterdam Amsterdam Amsterdam Amsterdam Amsterdam

Eindhoven

Amere. Groningen

Figure C.6: Combined classification of images by vehicle presence, greenery presence, and people presence (last 6 out of 12)



Survey Pilot Design

D.1. Choice Task Mock Designs

@ Which route would you prefer to walk?
(e}
Route #1 Route #2
m Which route would you prefer to walk?

Route #1 ©

Route #2

Walking time Number of crossings

Walking time Number of crossings
§ minutes 0 crossings 8 minutes 2 crossings

Walking time Number of crossings Walking time Number of crossings Trip purpose Trip purpose

8 minutes 0 crossings 11 minutes 4 crossings Walk around neighborhood Walk around neighborhood

(a) Basic design: travel time and number of crossings (b) Travel time and crossings with trip purpose

Which route would you prefer to walk?
Route #1 o Route #2
@D Which street would you prefer to walk?

Street #1 © Street #2

Wasking Number of Crossing Wakking Numbes of Crossing
time crossings ype time crossings
5 1 Traffic 8 2 No
minutes crossings lights minutes crossings lines
Walking time Number of crossings Walking time Number of crossings
Trip purpose. Tip purpose.
N " . " 8 minutes 4 crossings 11 minutes 0 crossings
Going to public transport Going to public transport

(c) Crossing type represented as text (d) Crossing type represented as images

Figure D.1: Overview of mock choice task designs used during the initial development phase
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D.2. Pilot Survey

The survey is developed in three stages: first creating mock designs, then testing a pilot survey, and
lastly the final survey. The mock survey designs are created to explore how attributes can be presented
and interpreted within the choice tasks. These designs include variations in layout, how attributes are
shown and in which combinations they are included. The tested designs are shown in Appendix D.1.
To evaluate these designs, talk-through sessions have been conducted with peers and colleagues
in which participants complete the survey while explaining the reasoning behind their choices. This
makes it possible to observe how respondents interpret the information, what they focus on, and how
they arrive at their choices. From these sessions, the following points are identified as most relevant
for the design of the choice tasks:

* Number of crossings: often ignored or not clearly understood by respondents.

» Crossing type as text: unclear what each type means, requiring respondents to refer back to
instructions.

» Crossing type as image: creates conflicting information with the street image, leading to confu-
sion about which image to focus on.

» Trip purpose: useful to include explicitly, as it helps to understand the context and recognise
when it changes.

The pilot survey is developed based on the mock designs described in Section 3.4. The final pilot choice
task design is shown in Figure D.2. In this design, respondents choose between two alternatives that
differ in travel time, crossing type, and visual street characteristics. Crossing types are represented
using icons to reduce potential conflicts with the street-level images.

@ Which street would you prefer to walk?

Street #1 ©

Street #2

Walking time Crossing type Walking time Crossing type
9
5 minutes ;i,gg‘i 5 minutes e
Traffic Lights Zebra Crossing
Trip purpose Trip purpose
Going to a park Going to a park

Figure D.2: Pilot choice task design using crossing icons and trip-purpose context

Pilot Choice Task Efficient Design

The experimental design for the pilot survey is generated using Ngene. The design consists of two
alternatives per choice task, 24 rows in total, and is divided into 2 blocks. A D-efficient design is
constructed under a multinomial logit specification using prior parameter values.

design
;alts = altl, alt2
;rows = 24

;block = 2

;eff = (mnl,d)

;cond:



D.2. Pilot Survey

8l

if(altl.time = alt2.time and altl.cross = alt2.cross, altl.imgcat <> alt2.imgcat)

;model:
U(altl) = b_time[-0.10] * time[5,8,11]
+ b_cross.dummy[-0.10]/-0.20|-0.30] * cross[1,2,3,4]
+ b_img.dummy[-0.30/-0.25|-0.20|-0.15|-0.15|-0.10]/-0.05] * imgcat[1,2,3,4,5,6,7,8]
/
U(alt2) = b_time * time
+ b_cross * cross
+ b_img * imgcat
$

Image Categories

The design includes 8 image categories, based on combinations of vehicle presence, greenery, and
pedestrian presence. The ordering of these categories in the design corresponds to the following
structure:

Category Description Utility
1 Vehicle high, greenery low, pedestrian high —0.30
2 Vehicle high, greenery low, pedestrian low —0.25
3 Vehicle high, greenery high, pedestrian high  —0.20
4 Vehicle high, greenery high, pedestrian low  —0.15
5 Vehicle low, greenery low, pedestrian high -0.15
6 Vehicle low, greenery low, pedestrian low —0.10
7 Vehicle low, greenery high, pedestrian high —0.05
8 Vehicle low, greenery high, pedestrian low 0.00

Table D.1: Image category definitions and prior utilities

The most preferred category has utility 0 and corresponds to low vehicle presence, high greenery, and
low pedestrian presence. The relative penalties reflect that high vehicle presence is strongly undesir-
able, low greenery is moderately undesirable, and high pedestrian presence is slightly undesirable.

Crossing Attribute
The crossing attribute consists of four levels:

Level Crossing type Utility
1 Zebra crossing —0.10
2 Traffic light —0.20
3 Unmarked crossing —0.30
4 No crossing 0.00

Table D.2: Crossing types and prior utilities

The most preferred situation is having no crossing at all. Other crossing types are associated with
increasing waiting times and thus negative utility.
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Final Survey Design

The final survey consists of four main components: (1) an initial set of screening and demographic
questions, (2) a set of stated choice tasks under different trip-purpose contexts, (3) perception questions
based on individual street images, and (4) a final set of background and walking behaviour questions.

E.l. Survey Questions

Initial Questions
The initial questions are used to collect basic demographic information.

Question Answers
What is your age group? 18-29
30-49
50-69
70 or older
What is your gender? Male
Female
Other
Prefer not to say
Do you currently live in the Netherlands? Yes
No
Are you able to walk independently for short distances? Yes
No

Table E.1: Initial demographic questions
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Choice Tasks

The choice task component consists of 12 stated choice questions. In each task, each alternative
differs in terms of walking time and the visual appearance of the street. Each respondent completes
three choice tasks for each of four trip-purpose contexts:

» Walking to public transport
» Walking to work or school
» Walking home

» Walking in free time

The respondents are given the following information for each choice task:
Imagine you are walking to {Trip Purpose} and you must choose between two directions to continue
your walk.

Please assume:
* You are walking alone
* You are able to walk at your normal pace
+ Itis daytime and dry weather
» Walking time is the total time to reach your destination

@D Which street would you prefer to walk to public transport? @D Which strect would you prefer to walk to school or work?

e}

Street #2

o)
Street #1 © Street #2 Street #1

? "
fod r w
NPT

Waling time Tip purpose Waling time Trip purpose Walking time. Tip purpose Welking time Trip purpose

i i i ? Going to work Going to work
6 minutes Going to public & minutes Going to public 10 minutes oing to work or 6 minutes oing to work or

transport transport school school
(a) Walking to public transport (b) Walking to work or school
@D Which street would you prefer to walk home? 5% Which street would you prefer to walk in your free time?
© © Street #2 © Street #1 © Street #2

Street #1

Walking time Trip purpose Walking time Trip purpose Walking time

Trip purpose Walking time Trip purpose

8 minutes Going home 10 minutes Going home 6 minutes. Free time 8 minutes. Free time

(c) Walking home (d) Walking in free time

Figure E.1: Overview of choice task designs used in the final survey
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Perception Questions

In addition to the choice tasks, respondents are asked to evaluate four individual street images. These
perception questions focus on the respondent’s first impression of each image. Each image is rated
on a five-point Likert scale for the following characteristics:

* Attractiveness: how pleasant and appealing the street feels to walk in

+ Safety: how safe the respondent would feel walking in the street

» Greenery: the perceived amount of vegetation such as trees and plants
» Busyness (people): the perceived number of pedestrians

» Busyness (traffic): the perceived level of traffic

@D rPlease rate this street based on your first impression.

Street image

Busyness (people)

Busyness (traffic)

Figure E.2: Example perception question used in the final survey
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Final Questions

The final questions collect information on walking behaviour, preferences, and personal background

characteristics.

Question

Answers

How often do you walk for trips?

Almost every day
Several times per week
About once per week
Less than once per week
Rarely or never

What is the main purpose you walk to places?

Going to or from public
transport

Going to work or school
Leisure or free time

Other

How long are your typical walking trips?

Less than 5 minutes
5-10 minutes

10-20 minutes
20-30 minutes

More than 30 minutes

How do you feel about walking?

Strongly dislike
Dislike

Neutral

Like

Strongly like

How often do you feel unsafe while walking during the day?

Never
Rarely
Sometimes
Often
Always

What best describes the area you live in?

Large city
Small city or town
Village or rural area

Do you have access to a car in your household?

Yes
No

What is your monthly household income before taxes?

Less than €1,500
€1,500—€2,500
€2,500—€3,500
€3,500—€5,000
More than €5,000
Prefer not to say

Which of the following best describes your place of residency (for
most of your life)?

The Netherlands

Another European country
A country outside Europe
Prefer not to say

Table E.2: Final background and walking behaviour questions
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E.2. Final Choice Task Efficient Design

Prior Estimations
After 16 responses of the pilot survey, new priors were estimated. These priors where then scaled back
to make sure the final priors are not dominated by the limited responses.

Parameter Pilot estimate  Final prior (scaled)
Travel time —0.278 —0.15
Vehicle present —0.450 —-0.25
Greenery low —0.543 —0.30
Pedestrian present —0.501 —-0.25

Table E.3: Pilot estimates and adjusted priors for the final design

Image Category Priors

The design includes 12 image categories based on combinations of vehicle presence, greenery level,
and pedestrian presence. Based on the priors in Table E.3, new priors for each image category are
calculated. The most preferred category has a prior value of 0 and corresponds to no vehicle presence,
high greenery, and no pedestrian presence. The remaining categories reflect decreasing preference
due to the presence of vehicles, reduced greenery, and increased pedestrian density.

Category Description Prior
1 Vehicle present, greenery low, pedestrian present —0.80
2 Vehicle present, greenery low, pedestrian none —0.55
3 Vehicle present, greenery medium, pedestrian present —0.65
4 Vehicle present, greenery medium, pedestrian none —0.40
5 Vehicle present, greenery high, pedestrian present —0.50
6 Vehicle present, greenery high, pedestrian none —0.25
7 Vehicle none, greenery low, pedestrian present —0.55
8 Vehicle none, greenery low, pedestrian none —0.30
9 Vehicle none, greenery medium, pedestrian present —0.40
10 Vehicle none, greenery medium, pedestrian none —0.15
11 Vehicle none, greenery high, pedestrian present —0.25
12 Vehicle none, greenery high, pedestrian none 0.00

Table E.4: Image category definitions and priors for the image categories of the final survey

E.2.1. Experimental Design

The efficient experimental design for the final survey is generated using Ngene. The design consists
of two alternatives per choice task, 36 rows in total, and is divided into 3 blocks. A D-efficient design is
constructed under a multinomial logit specification using prior parameter values derived from the pilot
survey.

design

;alts altl, alt2

;TOWS 36

;block = 3

;eff = (mnl,d)

;cond:
if(altl.time = alt2.time, altl.imgcat <> alt2.imgcat)

;model:
U(altl) = b_time[-0.15] * time[6,8,10]
+ b_img.dummy [-0.80|-0.55|-0.65|-0.40|-0.50|-0.25|-0.55|-0.30/-0.40|-0.15]|-0.25] =*
imgcat[1,2,3,4,5,6,7,8,9,10,11,12]
/

U(alt2) = b_time * time
b_img * imgcat

+
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Table E.5: Final experimental design (Ngene output)

Design Choice situation alt1.time alt1.imgcat alt2.time alt2.imgcat Block

1 1 8 1 10 12 3
1 2 8 9 6 12 3
1 3 10 9 6 12 2
1 4 6 5 6 6 3
1 5 10 1 10 3 2
1 6 8 9 8 3 3
1 7 10 8 8 1 1
1 8 8 7 6 4 2
1 9 6 10 10 5 3
1 10 6 2 8 7 3
1 11 10 6 6 2 3
1 12 10 12 6 8 2
1 13 10 10 6 8 1
1 14 8 7 8 5 1
1 15 8 2 6 4 2
1 16 10 4 10 1 1
1 17 8 8 8 5 1
1 18 8 2 8 4 3
1 19 6 5 6 1 2
1 20 8 4 10 10 2
1 21 10 8 8 2 2
1 22 8 12 8 4 1
1 23 10 4 10 9 1
1 24 8 11 10 4 3
1 25 8 3 10 10 3
1 26 10 11 8 10 3
1 27 6 6 6 7 1
1 28 6 3 10 6 1
1 29 6 1 10 9 1
1 30 6 5 10 12 2
1 31 10 3 6 7 2
1 32 6 10 6 1 1
1 33 10 12 8 6 2
1 34 10 11 6 9 3
1 35 8 7 6 8 1
1 36 10 6 10 1 2
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E.3. Pseudocode for Choice Task Design Construction

This section describes the main steps used to translate the Ngene design into the final respondent-
specific choice tasks. The procedure assigns attribute combinations to trip-purpose contexts and links
these to street-level images.

Algorithm 5 Construction of Respondent-Specific Choice Tasks

: Input: Ngene design, image metadata, number of respondents
: Read the Ngene design table
: Keep the attributes for each alternative:
walking time, image category, and block number
: Validate the design:
allowed time levels
allowed image categories
12 tasks per block
9: Read the image metadata
10: Map each image to one of the predefined image categories
11: Group images into pools by category
12: for each respondent do
13:  Assign one design block to the respondent (cycling over blocks)
14:  Select the 12 tasks of that block
15:  Order the tasks from 1 to 12 within the block
16:  Divide the 12 tasks into 4 groups:

O NGO ARON 2

17: group 1: tasks 1-3

18: group 2: tasks 4-6

19: group 3: tasks 7-9

20: group 4: tasks 10-12

21:  Assign the 4 groups to the 4 trip-purpose contexts:

22: context 1: public transport

23: context 2: work or school

24: context 3: home

25: context 4: free time

26:  Apply cyclic rotation across respondents:

27: respondent 1: groups — contexts (1, 2, 3, 4)

28: respondent 2: groups — contexts (2, 3, 4, 1)

29: respondent 3: groups — contexts (3, 4, 1, 2)

30: respondent 4: groups — contexts (4, 1, 2, 3)

31: repeat this cycle for all respondents

32:  for each task do

33: Identify the group to which the task belongs

34: Assign the corresponding (rotated) trip-purpose context
35: Read the image category of alternative 1 and alternative 2
36: Select one image from the correct pool for each alternative
37: Avoid using the same image twice within one task

38: Avoid reusing the same image within one respondent where possible
39: Combine:

40: selected images

41: walking time levels

42: trip-purpose label

43: Randomly flip the left-right order of the two alternatives

44:  end for

45: end for

46: Separate the final tasks by trip-purpose context
47: Save the resulting choice tasks as survey design files
48: Output: Final respondent-specific choice tasks




Soci1o-Demographics

This appendix provides an overview of the socio-demographic characteristics and walking-related back-
ground variables of the survey respondents. These plots are included to give additional context to the
respondent sample used in the stated preference experiment.
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Figure F.1: Distribution of responses for the screening and demographic questions.
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Additional Results

This appendix contains additional results that support the main results chapter. These results are not
discussed in detail in the main text, but are included to make the analysis more transparent.

G.1. Additional Choice Task Patterns

The main results chapter shows the distribution of chosen walking times and greenery levels. Figure G.1
shows the additional choice task patterns for pedestrian presence and vehicle presence.
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(c) Chosen pedestrian presence by trip purpose
Figure G.1: Distribution of chosen route attributes by trip purpose.
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G.2. Alternative Pixel-Share Model Specifications
This appendix reports the alternative pixel-share MNL specifications that were tested as robustness
checks. These include reduced specifications and specifications with an alternative-specific constant.
The main results chapter uses the full pixel-share MNL specification to maintain comparability across

trip purposes and model types.

Best configuration

. Com- Public Work or .
Walking Purpose bined Transport School Home Free Time
Model information
Model type RUM-MNL RUM-MNL RUM-MNL RUM-MNL RUM-MNL
No. parameters 4 4 3 5 3
Train set
N 1853 463 469 464 457
Log-likelihood -1177.44 -262.18 -279.85 -290.87 -294.19
p? 0.083 0.183 0.139 0.096 0.071
Cross-entropy 0.635 0.566 0.597 0.627 0.644
Hit-rate 0.648 0.708 0.682 0.659 0.637
BIC 2384.97 548.91 578.14 612.45 606.76
Test set
N 463 116 110 115 122
Log-likelihood -276.54 -65.95 -60.93 -63.70 -76.99
p? 0.138 0.180 0.201 0.201 0.090
Cross-entropy 0.597 0.569 0.554 0.554 0.631
Hit-rate 0.687 0.698 0.718 0.730 0.623
BIC 577.64 150.91 135.96 151.12 168.40
Parameter estimates
Btime -0.276*** -0.492*** -0.406*** -0.301*** 0.021
Bsidewalk -0.010 -0.017 - — —
/Bpedestrian area - - - 0.010 0.008
Bvehicles - 0.001 - -0.010 -
Buegetation 0.025*** 0.019*** 0.023*** 0.029*** 0.031***
Bpeople 0.057* - 0.091 0.049 -

Significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.

Table G.1: Performance and parameter comparison for the pixel-share MNL models.
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Configuration with alternative-specific constant
Walking Purpose Com- Public Work or Home Free Time
bined Transport School
Model information
Model type RUM-MNL RUM-MNL RUM-MNL RUM-MNL RUM-MNL
No. parameters 7 7 7 7 7
Train set
N 1853 463 469 464 457
Log-likelihood -1169.85 -259.42 -273.51 -288.50 -293.71
p? 0.089 0.192 0.159 0.103 0.073
Cross-entropy 0.631 0.560 0.583 0.622 0.643
Hit-rate 0.644 0.713 0.695 0.657 0.621
BIC 2392.37 561.80 590.07 619.99 630.30
Test set
N 463 116 110 115 122
Log-likelihood -276.96 -65.94 -64.79 -64.51 -77.45
0> 0.137 0.180 0.150 0.191 0.084
Cross-entropy 0.598 0.568 0.589 0.561 0.635
Hit-rate 0.683 0.690 0.709 0.722 0.631
BIC 596.88 165.16 162.48 162.24 188.52
Parameter estimates
ASCarr1 -0.0M1 0.056 -0.055 -0.204* 0.086
Btime -0.286*** -0.512*** -0.444*** -0.307*** 0.023
Bsidewalk 0.001 -0.002 -0.011 0.012 0.000
Bpedestrian area 0.011*** 0.014* 0.015* 0.012 0.008
Bvehicles -0.001 0.016 -0.017 -0.010 0.006
Buegetation 0.026*** 0.021*** 0.026™** 0.030*** 0.031***
Bpeople 0.037 0.029 0.059 0.047 -0.006

Significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.

Note: ASCar11 is the alternative-specific constant for alternative 1. The constant for the reference alternative is fixed to zero.

Table G.2: Performance and parameter estimates for the pixel-share MNL models with an alternative-specific constant.

G.3. CV-DCM Hyperparameter Tuning Results
This appendix summarises the hyperparameter tuning procedure for the CV-DCM. Rather than report-
ing all individual optimisation runs, it reports the search configurations that were tested and the final
selected settings. The selected settings were based on the lowest validation cross-entropy, while also
considering stability across seeds where relevant.

Search step Model scope Optimizer(s) Learning rate(s) Batch size(s) Weight decay
Optimizer comparison Combined SGD, Adam 1le—6, le—5 5,20,24 0.1

SGD coarse search Combined SGD le—5, 2e—5 5,10, 15 0.0,0.1,0.2
SGD fine search Combined SGD 8e—6, le—5, 1.2e—5 8, 10,12 0.01, 0.05, 0.1
Trip-purpose search Trip-specific  SGD le—5, 2e—5, 3e—5 5,8,10 0.05,0.1,0.2,0.3

Table G.3: Overview of the CV-DCM hyperparameter search procedure.

Model Optimizer LR Batch WD CE

Combined SGD le—=5 10 0.05 0.5579
Free time SGD 2¢e—5 8 0.3 0.5865
Going home SGD le—5 8 0.1 0.4689
Going to public transport SGD 2¢e—5 5 0.2 0.5495
Going to work or school  SGD 2e—5 8 0.2 0.5703

Table G.4: Selected CV-DCM hyperparameter configurations based on validation cross-entropy.
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Trip-purpose-specific CV-DCM configuration

Metric Free Home PT Work
Model information
Model type CV-DCM CV-DCM CV-DCM CV-DCM
No. parameters 86m 86m 86m 86m
Optimizer SGD SGD SGD SGD
Learning rate 2e—5 le—5 2e—5 2e—5
Batch size 8 8 5 8
L2 0.3 0.1 0.2 0.2
Train set
N 457 464 463 469
Log-likelihood -202.11 -123.02 -200.47 -212.43
p? 0.359 0.618 0.378 0.345
Cross-entropy 0.444 0.265 0.431 0.454
Hit-rate 0.807 0.927 0.826 0.799
BIC - - - -
Test set
N 122 115 116 110
Log-likelihood -72.73 -53.45 -62.64 -63.30
p? 0.154 0.324 0.207 0.177
Cross-entropy 0.587 0.469 0.550 0.570
Hit-rate 0.702 0.781 0.728 0.712
BIC - - - -
Parameter estimates
Btime -0.092 -0.262 -0.409 -0.311
Image utility - - - -

Table G.5: Performance and hyperparameter configuration for the trip-purpose-specific CV-DCM models.
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G.4. Same-Street Qualitative Validation Results

This appendix presents additional same-street comparisons used for the qualitative validation of the
CV-DCM. These comparisons show how predicted image utilities vary between images taken along
the same street. They are included as supporting material for the interpretation of the image utilities,
while the main results chapter focuses on the overall validation findings.

Same-street comparison of predicted image utilities

Utility difference | | Image 1 | | Image 2 | | Image 3

PT- 0.25
Work: 3.03
Home: 0.50
Free: -1.62

APT. -0.12 APT.-0.36
A Work: +0.13 A Work: +0.27
A Home: -0.03 AHome: -0.18
A Free: +0.24 A Free: -0.07

Lowest average difference
across all trip purposes
range: 0.277

APT: +2.49 APT: +0.69
A Work: +0.50 A Work: +0.76
Home: 2.90 A Home: +0.26 A Home: +0.31

A Free: A Free: +0.40
¥,

Highest difference for
Going to public transport
range: 2.486

APT -0.86 APT-0.34
Work: 5.20 A Work: -0.38 A Work: -2.99
A Home: -0.68 A Home: -1.86
A Free: -0.10

A Free;

Highest difference for
Going to work or school
range: 2.991

g ST 2 "
PT: 0.03 APT +1.01 APT. +0.78

Work: 3.71 A Work: -0.49 A Work: +0.36
Home: 2.21 A Home: -1.61 A Home: +0.28
Free: -1.31 A Free: -0.01 A Free: +0.90

Highest difference for
Going home
range: 1.885

APT-141 APT.-1.09
A Work: -0.97 A Work: -0.72
A Home: -0.62 A Home: -0.34

A Free: -1.14 AFree: -1.77
B

-

Highest difference for
Free time
range: 1.765

Figure G.2: Same-street comparison of predicted image utilities for all trip purposes.
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G.5. AlImage Augmentations

This appendix reports the prompts used to generate the Al-edited images and the images with utilities.
The edits were designed to change one visual element at a time while keeping the original street,
camera angle, lighting, buildings, road layout, and overall composition unchanged.

The following prompts were used:

» More greenery: Edit the input street-level image realistically. Keep the same street, same cam-
era angle, same lighting, same buildings, same road layout, and same overall composition. Only
change the scene by adding more visible greenery, such as trees, shrubs, grass, or planted areas.
Do not change anything else.

» More traffic: Edit the input street-level image realistically. Keep the same street, same camera

angle, same lighting, same buildings, same road layout, and same overall composition. Only

change the scene by adding more cars and visible traffic. Do not change anything else.

Trash and litter: Edit the input street-level image realistically. Keep the same street, same

camera angle, same lighting, same buildings, same road layout, and same overall composition.

Only change the scene by adding multiple clearly visible trash bags and litter on the ground. Do

not change anything else.

Pedestrian amenities: Edit the input street-level image realistically. Keep the same street, same

camera angle, same lighting, same buildings, same road layout, and same overall composition.

Only change the scene by adding more pedestrian amenities, especially benches. Do not change

anything else.

Figure G.3 shows the full set of Al-edited image scenarios. The main results chapter only reports the
distribution of utility changes across the edited images.
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Original

Free time
PTV

Going home
PTV = 0.408
Work V = 4.407

Home V= 1946
Free V = -0.614

Going to public transport
PTV = 0574
WorkV = 4.073
Home V = 2.447
Free V = -0.071

Going to public transport
PTV = 0578

Home V = 2180
Free v = -0.540

Figure G.3:

Al-edited image scenarios and CV-DCM utility changes

More greenery More traffic Trash Benches

+0.182
e

+0.128
6278
+0.240

PTA=-0131

+0.118
0380

Al-edited image scenarios and changes in predicted CV-DCM image utility.
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G.6. Spatial Application Route Comparisons

This appendix presents the route comparisons for the selected origin-destination pairs in the Amsterdam-
Zuid spatial application. The selected routes connect Amsterdam Zuid station to Vrije Universiteit Am-
sterdam, Vrije Universiteit Amsterdam to the Gijsbrecht van Aemstelpark, and the Gijsbrecht van Aem-
stelpark to Gelderlandplein. For each origin-destination pair, the shortest-distance route is compared
with the route that maximises total segment utility within the destination-directed route corridor.

Shortest route versus highest-utility route: Amsterdam Zuid station to Vrije Universiteit Amsterdam

Going to work or school
Shortest V = 53.23, TT = 9.9 min
Highest-utility V = 107.89, TT = 12.3 min (+2.4 min)

&

Free time
Shortest V = -11.68, TT = 9.9 min
Highest-utility V = -7.92, TT = 10.5 min (+0.6 min)

=

Destination

Going to public transport
Shortest V = 1.24, TT = 9.9 min
Highest-utiity V = 14.97, TT = 12.2 min (+2.3 min)

&

Going home
Shortest V = 25.13, TT = 9.9 min
Highest-utility V = 55.06, TT = 12.3 min (+2.4 min)

-

— Shortestdistance === Highestutiity @ Origin

(a) Amsterdam Zuid station to Vrije Universiteit Amsterdam.
Shortest route versus highest-utility route:
Going to public transport

Shortest V = 2.77, TT = 8.5 min
Highest-utiity V = 9.73, TT = 8.8 min (+0.3 min)

T

Going home
Shortest V = 31.86, TT = 8.5 min

Highest-utility V = 50.14, TT = 10.4 min (+1.9 min)

e

— Shortest distance = Highest utility

Shortest route versus highest-utility route: Vrije Universiteit Amsterdam to Gijsbrecht van Aemstelpark
Going to work or school
hortest V = 78.89, TT = 8.2 min
Highest-utility V = 103.25, TT = 9.1 min (+0.9 min)

Going to public transport
Shortest V = 10.80, TT = 8.2 min
Highest-utility V = 13.00, TT = 8.9 min (+0.7 min)

Free time
hortest V = -10.83, TT = 8.2 min

Going home
H
Highest.utiity V = -4.41, TT = 8.4 min (+0.2 min)

Shortest V = 43.25, TT = 8.2 min
Highest-utility V = 56.87, TT = 8.4 min (+0.2 min)

— Shortestdistance = Highestutilty @ Origin Destination

(b) Vrije Universiteit Amsterdam to the Gijsbrecht van Aemstelpark.

Gijsbrecht van Aemstelpark to Gelderlandplein

Going to work or school
Shortest V = 59.97, TT = 8.5 min
Highest-utility V = 95.19, TT = 10.4 min (+1.9 min)

e

Free time
Shortest V = -14.40, TT = 8.5 min
Highest-utility V = -8.30, TT = 8.5 min (+0.0 min)

D

® origin Destination

(c) Gijsbrecht van Aemstelpark to Gelderlandplein.

Figure G.4: Comparison between the shortest-distance route and the highest-utility route for the selected origin-destination
pairs in Amsterdam-Zuid.
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