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ARTICLE INFO ABSTRACT
Keywords: Visual imagery is indispensable to many multi-attribute decision situations. Examples of such
Discrete choice modelling decision situations in travel behaviour research include residential location choices, vehicle

Computer vision
Residential location choice
Commute

Travel behaviour

choices, tourist destination choices, and various safety-related choices. However, current discrete
choice models cannot handle image data algorithmically and thus cannot incorporate information
embedded in images into their representations of choice behaviour. This gap between discrete
choice models’ capabilities and the real-world behaviour it seeks to model leads to incomplete
and, possibly, misleading outcomes. To solve this gap, this study proposes “Computer Vision-
enriched Discrete Choice Models” (CV-DCMs). CV-DCMs can handle choice tasks involving
numeric attributes and images by integrating computer vision and traditional discrete choice
models. Moreover, because CV-DCMs are grounded in random utility maximisation principles,
they maintain the solid behavioural foundation of traditional discrete choice models. We
demonstrate the proposed CV-DCM by applying it to data obtained through a novel stated choice
experiment involving residential location choices. In this experiment, respondents faced choice
tasks with trade-offs between commute time, monthly housing cost and street-level conditions,
presented using images. We find that CV-DCMs can offer novel insights into preferences regarding
features presented in images, such as what street-level conditions people find most and least
attractive and how these preferences vary across age groups.

1. Introduction

Discrete Choice Models (DCMs) are widely used in transportation (and beyond) to describe how individual choices result from
preferences over attributes and available alternatives in multi-attribute decision-making. When DCMs were incepted in the 1970s, they
were used to explain and predict mode and destination shares (McFadden, 1974; McFadden, 2001). Nowadays, DCMs are applied to a
wide variety of choice situations, including residential location choice, route choice, vehicle choice, airport choice, time of day choice
and many more (de Jong et al., 2003; Guevara and Ben-Akiva, 2006; Hess et al., 2007; Prato, 2009; Pinjari et al., 2011; Beck et al.,
2013; Hess and Daly, 2014). DCMs are built on the notion that attributes have numeric values or can be converted into numeric values,
e.g. in the case of a categorical level. In other words, the attributes that jointly make an alternative only involve numbers.

Visual imagery is crucial to many multi-attribute decision situations, in and beyond transportation. For example, visual information
is indispensable to residential location choices. In today’s digital age, it is hard to imagine searching for a house on a real estate website
without access to images. Other examples of such decision situations in transportation include vehicle choices, tourist destination
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choices, transport infrastructure design choices and choices related to safety, such as where to cross a street on foot and whether a route
is safe enough to cycle. The widespread use of visual imagery, e.g. on websites like Zillow.com and in Stated Choice (SC) experiments,
can be attributed to the fact that it is easier for people to perceive and process information presented through images than information
presented in text or numbers (Pinker, 1990). In addition, visual imagery provides valuable details about the alternative, such as scale,
texture, or quality, that are difficult to convey through textual descriptions or numbers (Childers et al., 1985). For instance, in a
residential location choice context, visual characteristics of the (built) environment (henceforth referred to as street-level conditions)
such as “safeness”, “openness”, “continuity”, and “common orientation” cannot be easily expressed in numbers but can effectively be
communicated by images. The COVID-19 pandemic brought the importance of street-level conditions to the forefront, with millions of
white-collar workers relocating to suburban areas with better street-level conditions during the pandemic-induced remote work shift
(Economist, 2022; Lee and Huang, 2022). Therefore, to accurately represent choice behaviour in multi-attribute situations that involve
visual imagery, it is necessary to have choice models capable of working with image data.

However, present-day DCMs cannot handle image data directly and, therefore, cannot incorporate information from images into
their representations of choice behaviour. The inability to handle image data in DCMs creates a stark contrast between the behaviour it
seeks to model, where images are widely used, and what DCMs can do. Even when researchers deliberately use images in SC exper-
iments to visualise information that is challenging to convey in numbers, the information embedded in the images is scantly accounted
for (Cherchi and Hensher, 2015; see Hevia-Koch and Ladenburg, 2019 for a thorough discussion). DCMs’ inability to handle image data
leads to incomplete and potentially misleading outcomes.

As a solution, this study proposes “Computer Vision-enriched Discrete Choice Models” (henceforth abbreviated as CV-DCMs). These
models can handle choice tasks involving both numeric attributes and an image. CV-DCMs are grounded in Random Utility Max-
imisation (RUM) principles (McFadden, 2000; Hess et al., 2018). Therefore, CV-DCMs maintain the solid behavioural foundation of
traditional DCMs while expanding their application to include image data. We demonstrate the effectiveness of the proposed CV-DCMs
by shedding light on the importance of street-level conditions to residential location choice behaviour relative to travel-related factors,
such as travel time and travel cost. To do so, we have developed and administered a novel stated choice experiment involving trade-offs
between commute travel time, monthly housing cost (both numeric attributes) and street-level conditions (presented using images).

The main contribution of this paper is methodological. It contributes to the growing body of literature in the travel behaviour field
that seeks to integrate machine learning and DCMs (e.g. Iglesias et al., 2013; Hurtubia et al., 2015; Rossetti et al., 2019; Sifringer et al.,
2020; Arkoudi et al., 2021; Ramirez et al., 2021; van Cranenburgh et al., 2021; Szep et al., 2023). More specifically, our study can best
be positioned in two streams of the literature. The first stream of literature concerns studies that map human perceptions of the urban
environment using a combination of street view images and machine learning (Naik et al., 2014; Dubey et al., 2016; Liu et al., 2017;
Zhang et al., 2018; Wei, et al., 2022; Zhang et al., 2022; Zhang et al., 2024; and see Ito et al., 2024 for a review). In this stream of
literature, models are trained on survey data in which respondents are typically presented with two street view images and asked to
indicate which image looks safer/more vibrant/livelier/etc. After training, these models are commonly used to generate spatial maps
showing where the urban environment is perceived as safe/vibrant/lively/etc. Our study also uses street view images and machine
learning but deviates from this literature because it concerns preferences. Although perceptions and preferences are closely related
concepts, they are not the same. Preferences are grounded in the theory of choice behaviour (Samuelson, 1938; Luce, 1959; Lancaster,
1966) and govern what people choose and how they make trade-offs. In contrast, perceptions are subjective interpretations of sensory
stimuli, which may influence but do not necessarily determine individuals’ choices (Wade and Swanston, 2013).

The second stream of related literature concerns studies seeking to understand choice behaviour (and thus preferences) in the
presence of visual stimuli (i.e. images) by first encoding the information from images into tabular form and then estimating traditional
choice models. Encoding information from images can be done manually by the researcher (see e.g. Arriaza et al., 2004; Zhao et al.,
2022) as well as algorithmically by computer vision algorithms. Manual encoding is labour-intensive and imposes a strong limitation
on the number of images that can be utilised. Noteworthily, Patterson et al. (2017) circumvent this challenge using artificially created
images that reflect specific attribute levels, such as dwelling type and space between buildings. Studies taking the algorithmic encoding
approach typically use object detection and semantic segmentation models to extract information from images (e.g. Rossetti et al.,
2019; Ramirez et al., 2021). Directly encoding information from images into tabular form offers a significant advantage; the modelling
results (i.e. the preference parameters) are directly interpretable. However, this approach critically relies on prior knowledge of the
factors influencing (choice) behaviour and the accuracy of the information extraction (either by human annotators or algorithmic
object detection and segmentation models). The model proposed in this study does not rely on prior knowledge of the factors influ-
encing the choice behaviour or the accuracy of object detection models. Also, it preserves the interpretability of the model’s pa-
rameters associated with the numeric attributes. However, because our model is trained end-to-end and its encoding is ‘hidden’,
insights regarding preferences over images cannot be derived from scrutinising the model’s parameters.

Finally, this research substantively contributes to the residential location choice behaviour literature. Specifically, it shows the
importance of street-level conditions in residential location choices relative to commute time and housing cost. Additionally, it sheds
light on the heterogeneity in preferences over street-level conditions. These substantive insights can be valuable for informing urban
planning and housing policies.

The remaining part of this paper is organised as follows. Section 2 describes the proposed CV-DCMs. Section 3 discusses the stated
choice data collection effort and reports the sample statistics, descriptive results and details on the training of the model. Section 4
contains the main results. Section 4.1 presents the results from the CV-DCMs and compares model fit and parameter estimates with
those of traditional discrete choice models, which do not account for images. Section 4.2 shows what the CV-DCM has learned about
what decision-makers find relevant for their residential location choices. It provides face validity to the modelling results. Section 4.3
demonstrates the merits of the CV-DCM by showing how CV-DCMs can be used to deepen understanding of residential location
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preferences. Finally, Section 5 draws conclusions and discusses limitations and directions for future research.
2. Methodology

This section presents the methodology. Section 2.1 introduces relevant models and concepts from computer vision. Section 2.2
proposes the modelling framework. Section 2.3 briefly discusses implementation details and training.

2.1. Preliminary: Computer vision models and concepts

Computer Vision (CV) is concerned with extracting meaningful information from images, videos, and other forms of visual data. CV
models typically detect scenes and objects in images (Gu et al., 2018). Nowadays, CV models are applied in a wide range of applications
and numerous fields. In transport, CV models are essential for future autonomous vehicles to perceive and understand their envi-
ronment; in healthcare, CV models are used in medical imaging to aid in diagnosing diseases and abnormalities; and, in retail, CV
models are used to track customer movement in stores. As CV models grow and become more powerful, they can perform increasingly
sophisticated visual tasks (Sevilla et al., 2022). The largest CV models currently in use contain over 1 billion weights (Zhai et al., 2022).

The building blocks of images are pixels. A pixel represents a single point in an image and contains information about its colour and
brightness. Each pixel has a spatial location (h ~ w) and a colour value. Most colour images nowadays use three colour channels: Red
(R), Green (G), Blue (B), and 8 bits per colour channel (implying three 0-225 values), with which it is possible to create a wide range of
colours and shades. Mathematically, images are usually represented as 3D tensors, which are multi-dimensional arrays of numerical
values. Tensors enable easy processing and manipulation of images using various mathematical operations and algorithms, especially
in combination with GPUs. The three dimensions of an image tensor typically correspond to the image’s width, height, and colour
channels. Thus, an RGB colour image with a resolution of 900 600 pixels can be represented as a 3D tensor with a shape of (900, 600,
3), where the first two dimensions correspond to the height and width of the image and the third dimension corresponds to the colour
channels. An image tensor of a 900 600 RGB colour image contains 1.6 m data points.

CV models typically have two main components: a feature extractor and a classifier, see Fig. 1. The feature extractor is generally a
deep neural network that is trained to extract relevant features from images. The output of the feature extractor is the feature map,
which is a lower-dimensional vector representation of the image and captures its salient features. In other words, the feature map
contains (most of) the information of the image but is more compact in form. Usually, a feature map (a.k.a. embedding) is a flat array of
floating points. Nowadays, a so-called transformer architecture is the mainstay choice as a feature extractor in the CV field (Dosovitskiy
et al., 2020). In contrast to traditional convolution-based architectures, so-called Vision Transformers (ViT) rely on self-attention and
multi-head attention mechanisms to learn spatial relationships between different parts of the image. In a ViT architecture, the input
image is divided into a grid of non-overlapping patches, which are linearly embedded to produce a sequence of feature maps. These
feature maps are then processed by a series of transformer encoder layers to learn spatial relationships between the different parts of
the image. The classifier is a separate component which is trained to classify the input image based on the feature map. Typically, the
classifier is a Multilayer Perceptron (MLP) with one or more fully connected layers, producing a probability distribution over the
different output classes.

Feature
map

Image Feature extractor Classifier
|

|

() —

Prediction: e.g.
class #2

Fig. 1. Feature extraction and classification.
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2.2. Computer vision-enriched discrete choice models

Throughout this paper, we consider the following choice situation. A decision-maker, n, faces a multi-attribute choice task with a
set of J mutually exclusive alternatives. Each alternative, i, is described by M numeric attributes X;  fxj; xj2; -+ xiu0, such as e.g.
travel cost and travel time and by a (colour) image I ; with aresolutionof H W C. The image captures attributes of the alternative,
such as shape, form, or quality.

We assume decision-makers make decisions based on Random Utility Maximising (RUM) principles (McFadden 1974), see Equation
(1), where Uj, denotes the total indirect utility experienced by decision-maker n considering alternative i, V;, is the utility experienced
by decision-maker n derived from attributes observable by the analyst. And, to account for the fact that the analyst does not observe
everything that matters to the decision-maker’s utility, an additive error term &;, is added to each alternative (Train 2003).

Un Vin En 1)

Furthermore, we assume decision-makers experience utility from both the numeric attributes X; and the attributes encoded in the
image 1 ;, see Equation (2), where v is a preference function which maps the numeric attributes and the attributes encoded in the image
of an alternative onto utility.

Uin Xin; I in v Xin; I in Ein (2)
In addition, we make three more assumptions to develop the CV-DCM:

1. We assume that the utility derived from the numeric attributes and the attributes encoded in the image are separable and additive
in utility space, see Equation (3), where function f maps the (observed) numeric attributes onto utility and function g maps the
attributes encoded in the image onto utility. Note that images typically encode multiple attributes. Therefore, the encoded attri-
butes can be regarded as a composite good

Uin Xin;l in inn g I in 8in (3)

2. We assume that utility is linear and additive with numeric attributes as well as with the attributes encoded in the images, as
captured in the feature maps. Thus, f and g are standard linear-additive utility functions. As discussed in section 2.1, feature maps
are more compact representations of images. Accordingly, we let Z;  f2;; 2i2; --; 2ixg denote the feature map of image I ;, and
@ w :RE W CRK be a function that maps image | ; onto feature map Z;. Hence, @ is the transformation produced by the feature
extractor of a CV model, and w are its associated weights (i.e., the trainable parameters), which extracts the attributes encoded in
the images. Both the numeric attributes X; and feature map Z; enter the utility function in a linear-additive fashion, as shown in
Equation (4). In Equation (4), B, denotes the marginal utility associated with attribute m; x;;; denotes the attribute level of numeric
attribute m of alternative i, as faced by decision-maker n; and By denotes the weight associated with the k™ element of feature map
Zin

< < {
Unn m mXi K2 €in
S I
Systematic utility Systematic utilit
derived from derived afmm attributes
numeric aitributes encoded in the image
where Z, @ | mjw 4

The reason that we let feature maps, as opposed to individual pixel values, enter the (indirect) utility function is that letting pixels
enter the utility function is at odds with the notion that utility is derived from consuming a certain bundle of goods and services. After
all, pixels are not consumed; rather, utility is derived consuming a good, which is conceptualised in terms of their constituent attributes
(Lancaster, 1966). The feature map comprises the consumable attributes, encoded by the images’ pixels. Thus, in the CV-DCM, ¢@(w)
produces a feature map containing the street-level attributes encoded in the image that are relevant to explain the choice behaviour
(and in such a way that they map linearly onto utility). However, it should be noted that its elements do not come with any a priori
behavioural or semantic interpretation. The semantic meaning of the element may be extracted through post-hoc eXplanaible Al (XAI)
analyses.

3. In line with common practice in choice modelling, we assume €&;, is independent and identically extreme Value type i distributed
with a variance of 12/6, resulting in the well-known and convenient closed-form logit formula for the choice probabilities (Py),
given in Equation (5), where C, denotes the set of alternatives presented to decision maker n. Note that this assumption would, from
a machine learning perspective, be equivalent to saying that the output layer is a Softmax function

eVin

Pin (5)

7
jec,e"
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Fig. 2 depicts a graphical representation of the model structure of the proposed CV-DCM. It shows that the network’s upper and lower
parts are identical. In the machine learning literature, this is referred to as a Siamese network (Bromley et al., 1994). This highlights an
essential aspect of the CV-DCM’s architecture: its consistency with RUM. It is consistent with RUM because it satisfies two conditions:
regularity and transitivity (see Hess et al., 2018 for a rich discussion on RUM consistency and RUM consistency tests). This is evident
from equation (4), which shows that (1) the utility of one alternative does not depend on the attributes of another alternative, and (2)
the utility function preserves ordinality. As a result, we can conceive the values at nodes in the last layer as utilities. However, even
though we can interpret the last layer as utility, we cannot interpret By in the same way we can with B,,. Bx can be conceived as a
marginal utility —after all, it reflects the change in utility by a unit change in the attribute level. But, because the meaning and units of
the elements on the feature map, Z;, are unclear, they do not carry a behavioural meaning. Furthermore, although it is technically
possible (though challenging) to compute standard errors associated with f, this is not immediately a meaningful thing to do. After all,
without interpretation of elements of the feature map, we do not have a hypothesis we wish to accept or reject. Having said that, in the
situation in which meanings are attributed to certain elements of the feature map — e.g. through the use of XAI — computation of the
standard errors could become meaningful.

2.3. Feature extractor and training

In this study, we use the feature extractor of the DeiT base model (Touvron et al., 2021). DeiT models are data-efficient vision
transformer-based models that produce competitive capabilities on benchmark data sets, such as ImageNet (Russakovsky et al., 2015),
at a lower computational cost and data requirements than many of its competitors (Touvron et al., 2021). The DeiT base model
comprises a relatively modest 86 million weights and produces feature maps containing K 1,000 elements. Furthermore, we use
transfer learning to train our CV-DCM (Bengio, 2012) to lower the computational time and amount of training data. The idea of transfer
learning is to use a pre-trained network as the starting point for developing another network for a closely related task. In other words,
rather than retraining the whole model from scratch, we start the training from an already good starting point when we train the
CV-DCM. Our pre-trained DeiT base model is trained on ImageNet (Deng et al., 2009), a widely used benchmark image data set
containing 1.2 million training images with 1,000 object classes.

/ Numeric attr. X
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Fig. 2. Model structure of CV-DCM.
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3. Data collection and training

We demonstrate the proposed CV-DCM by applying it to data obtained through a stated choice experiment involving residential
location choices. The residential location choice makes a suitable case study because both numeric attributes and street-level con-
ditions, which we visualise using images, can be expected to be important to residential location choice behaviour (Smith and Olaru
2013). Street-level conditions can be thought of as a composite good that encompasses various elements, such as cleanliness, greenery,
infrastructure quality, and overall aesthetic appeal. Moreover, images of the sort that we need for conducting a residential location
choice experiment, namely street-level images, are widely available from map services such as Google, Apple, and Baidu and have been
used in numerous scientific inquiries, including research on safety perceptions and people’s density in urban places (Dubey et al., 2016;
Ito and Biljecki 2021; Ma et al., 2021; Garrido-Valenzuela et al., 2022). Having access to a sufficiently large and diverse set of images is
crucial for effectively training the feature extractor of the CV-DCM. While the exact number of images required is unknown before
training, more images (and choice observations) generally lead to better training. In addition to their availability, street-level images
have been shown to be a reliable representation of street-level conditions, as demonstrated by Hanibuchi et al. (2019).

3.1. Stated choice experiment

In the Stated Choice (SC) experiment, we asked respondents to imagine they were required to move to a different neighbourhood.
They were presented with two alternatives for residential locations and asked to indicate which of the two they would choose. Fig. 3
shows a screenshot of a choice task from the experiment. Prior to starting the choice experiment, respondents were provided with the
following information:

1. Your new house is identical to your current house in terms of, e.g. size, type, built-year, furniture, maintenance, etc. Only your
neighbourhood changes.

2. Your monthly housing cost (including rent, mortgage, taxes, insurance, etc.) may go up or go down.

3. Your new neighbourhood is relatively near your current neighbourhood, but your commute time may still go up or down. The
commute time is for your current mode of transport.

4. Your situation stays the same in all other aspects, e.g. in terms of distances to amenities, schools, the general practitioner, etc.

5. The images shown in the choice tasks depict the window view at ground level on the street side.

The alternatives comprise two salient numeric attributes: monthly housing costs (hhc) and commute travel time (tti). We choose
these two attributes for three reasons. Firstly, they are known to be important to the residential location choice (Tillema et al., 2010).
Secondly, they apply generically to almost everyone’s residential location choice. Thirdly, they may help to interpret our empirical
results. The combination of cost and time attributes allows us to compute the Value-of-Travel-Time (VTT), a metric that is widely
studied in transport (Small 2012) and thus can be used for model validation. Finally, we did not include more attributes to the design
because the paper’s objective is to demonstrate the effectiveness of the proposed CV-DCMs to capture visual preferences instead of, e.g.
developing a comprehensive model to predict residential location choices.

As can be seen in Fig. 3, we have opted for a pivoted experimental design. We use a pivoted design to present respondents with as
realistic choice situations as possible. Using absolute levels instead of pivoted levels would presumably render many choice tasks
unrealistic because of the considerable variation across respondents’ current situations, especially regarding housing costs. For the
attribute housing cost, we have used seven pivoted levels. For the attribute travel time, the number of levels and ranges we presented to
the respondent depended on the respondent’s current travel time, see Table 1. The ranges of both attributes were determined through a
small pilot conducted before the actual survey.

3.1.1. Street-level images

Besides monthly housing costs and commute travel time, each alternative comes with an image showing the street-level conditions.
This image is randomly sampled from a database of street-level images we created before conducting the stated choice experiment. A
major effort went into the construction of this database with street-level images. Specifically, we took the following steps to build the
database. First, we randomly selected 50 municipalities (of about 350) in the Netherlands. We capped the number of municipalities to
50 because using more would lead to collecting many more images than we would need for our SC experiment. Second, we created a
grid of points with 150-metre spacing within areas designated as residential areas (within the selected municipalities). Third, we
retrieved the nearest street-view image id for each point on the grid using Google’s API. We collected ids for all available images taken
in 2020, or later. Each image id corresponds to a 360-degree panorama photo. Fourth, from each panorama, we generated two image
urls with 90-degree angles to the direction of the street (to both directions). This latter ensures the images are "'window views’ (e.g. as
opposed to views parallel to the driving direction of the car taking the images). Finally, urls of images of poor quality were algo-
rithmically removed. More specifically, urls to black images, blurred images and images with tilted horizons were removed. The final
database contains the urls a little over 60k street-view images of residential streets from 50 municipalities in the Netherlands.

Importantly, for each image in our database, we also stored the month of the year in which the image was taken. The Netherlands
lies in temperate zones, having four distinct seasons. Even though street-view images are usually collected on dry days, due to the
seasonality, street-view images taken in the winter may look different from those taken in summer. These differences might, in turn,
impact the utility experienced by the respondent from the depicted local environment (and thus must be accounted for in our models).
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Suppose, you have to relocate to a different neighbourhood. Your house stays the
same; only the neighbourhood changes. You have two options.

Which option would you choose?

Your new
street-view

. €0 1 €225
Monthly housing cost :
equally expensive as present more expensive than presently
Commute travel time - | 5minutes - 1 10 minutes
quicker than presently quicker than presently
Option A Option B

Fig. 3. Screenshot of the pivoted stated choice experiment.
(Image source: Google) (translated to English; original in Dutch

Table 1
Attribute levels Stated Choice experiment.
Current commute travel time Attribute levels
of the respondent (TTh) Housing cost (khc) Commute travel time (##1)
[€] [minutes]
TTa < 10 minutes N/A
10 minutes < TT, < 20 minutes -5,0,+5, +10, +15
20 minutes < TTxn < 30 minutes | -225, -150, -75, 0, +75, +150, +225 -10, -5, 0, +5, +10, +15
30 minutes < TTx -15,-10, -5, 0, +5, +10, +15

3.1.2. Experimental design

We have used a random experimental design. Because the images do not possess ordinal or categorical levels, adopting an
orthogonal or efficient experimental design strategy was not feasible, at least not considering the images. Therefore, we took a two-step
approach to construct the choice tasks. First, we randomly pulled a pair of images from our image database. The only requirement
imposed on the drawing was that the drawn images were not from the municipality where the respondent lives. We determined each
respondent’s municipality (and province) based on the postcode we elicited at the start of the survey. We excluded images from the
respondents’ municipalities to avoid unobserved heterogeneity entering our experiment, which may be derived from respondents’
knowledge of places where the images were taken. Unobserved utilities flowing into stated choice experiments could lead to biased
modelling outcomes if not econometrically accounted for (see, e.g., Train and Wilson 2008; Van Cranenburgh et al., 2014; Guevara and
Hess 2019). While excluding images from respondents’ own municipalities does not guarantee that respondents do not recognise the
places the street-view images were taken, it lowers the probability.

Second, we added the housing cost (hhc) and travel time (tti) levels. To do so, we randomly pulled a choice task from one of three
tables with choice tasks we generated before conducting the SC experiment. Each table was created by taking the following steps. First,
a full-factorial design was created based on the attribute levels shown in Table 1. Second, we excluded choice tasks that did not involve
a trade-off between housing costs and travel time. Removing such (partially) dominating choice tasks is possible because we have
strong prior beliefs for the expected sign of the preference parameters for housing cost and travel time. Third, we excluded all choice
tasks where one or more attribute levels were equal. As a result of this choice task construction approach, each choice task necessarily
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consists of a trade-off between housing cost and travel time.

3.2. Data collection and sample description

The survey was implemented in SurveyEngine software and conducted in September 2022. The survey started with a few questions
to determine respondents’ eligibility for the survey. In particular, we elicited respondents’ age, gender, postcode, and current commute
travel time. Then came the SC experiment, in which each respondent was presented with 15 choice tasks. The images used in the choice
tasks were directly retrieved from Google servers based on the urls from our image database. The survey ended with a series of
questions regarding the respondents’ current housing situation (e.g. housing costs, rating of the current visual street-level conditions)
and commute situation (e.g. mode of transport, number of commute days). Noteworthy, we also asked respondents how important the
three attributes (housing cost, travel time and street-level conditions) were for their decisions on a scale from 1 to 10. Although it is
well-known that direct elicitation of preferences is treacherous (Nisbett and Wilson 1977), it still can provide first (albeit inconclusive)
evidence of the importance of the street-level conditions, presented using the images, relative to the numeric attributes for the resi-
dential location choices.

The target population for the survey was the Dutch population of 18 years and older, with ten or more minutes of commute travel
time. The latter requirement was necessary because we used a pivoted experimental design. Because of this latter condition, no official
population statistics exist to compare our sample against, but we do not expect this condition to affect the population statistics sub-
stantially. Therefore, care was taken in that the sample was, by and large, representative of the Dutch 18-year-old and older population
in terms of gender, age, and spatial distribution across the Netherlands. Cint,' a panel data provider, provided the panel of respondents.
In total, 800 respondents completed our survey.

Table 2 shows the sample statistics. Overall, the sample is representative of the target population. Also, for the variables that are not
explicitly considered during the data collection, such as the modal split and household composition, the statistics are close to the
population data (c.f. Ton et al., 2019). Furthermore, looking at the reported monthly housing cost, we notice that the largest share of
the respondents has a housing cost below €750. This seems reasonable since the average net housing cost of rental houses in the
Netherlands is around €700p/m; homeowners’ average net housing cost is slightly above €900p/m (Stuart-Fox et al., 2022).

3.3. Descriptive analysis

Fig. 4 shows histograms of the self-reported importance levels of the street-level conditions (left), monthly housing costs (middle)
and commute travel times (right). Fig. 4 shows that the street-level conditions and monthly housing costs are, on average, considered
equally important to the residential location choice and more important than commute travel times. The variance in the ratings across
respondents is higher for the street-level conditions than for the monthly housing cost — suggesting a considerable amount of pref-
erence heterogeneity is present in the importance of street-level conditions. However, we observe the highest variance for the commute
travel time. Noteworthily, the importance rating for the street-level conditions is weakly negatively correlated with the importance
ratings for monthly housing costs (p 0.10) and uncorrelated with the ratings for commute travel time (p  0.02). In contrast, the
importance ratings for monthly housing costs and commute travel times are strongly positively correlated (p  0.36). This strong
positive correlation reveals that people who find housing costs important usually also find commute travel time important, and vice
versa.

Fig. 5 shows the Pearson correlation coefficients between importance ratings and a selection of respondent characteristics.
Interestingly, the top row shows that the importance of the street-level conditions correlates strongest with the self-reported rating of
respondents’ current visual street-level conditions. This strong positive correlation suggests that people living in visually attractive
neighbourhoods consider their visual street-level conditions relatively more important than people living in visually less attractive
places. This observation aligns with Lee and Waddell (2010), who also find that the current situation affects residential location choice
behaviour. Moreover, we see that the importance of the street-level conditions positively correlates with living in a detached or semi-
detached house. A self-selection mechanism could explain this effect: people caring about their visual street-level conditions are more
likely to choose an attractive residential location (see e.g., Van Wee 2009 for discussions on self-selection effects in residential location
choices; Cao 2014). Finally, perhaps somewhat counter to expectations, we see that variables such as gender and monthly housing
costs do not strongly correlate with the importance given to street-level conditions.

Furthermore, Fig. 5 reveals that the importance of the monthly housing cost (middle row) correlates strongest with living in house
type "Flat, gallery, porch, or apartment’. This correlation seems in line with intuition, given that low-income people are more likely to
live in this type of housing. Finally, we see that the importance of the commute travel time (bottom row) positively correlates with age
class 18-39 years. Since this age class sits in the centre of the working-age population, it makes sense that commute travel time is
essential to this group. Altogether, the correlations reported in Fig. 5 seem plausible.

Next, we analyse the images used in the stated choice experiment. Although our street-view image database comprises urls to over
60k images, only slightly over 7.5k unique images are used in the stated choice experiment. Because images are drawn randomly from
our image database with replacement, we expect that some images will be sampled more than once. Indeed, most images are used once.
However, contrary to our design intentions, some images are used 20 times or more. A possible underlying cause could be the seed

1 See https://www.cint.com.
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Table 2
Sample statistics.

numbers used by the survey platform’s software. Nevertheless, regardless of this issue’s origin, when we deal with the issue carefully
during the training of our models (see Section 3.4.4), it does not need to have an impact on our (substantive) findings.

Finally, Fig. 6 shows the distribution of the month of the year of the images used in the survey. In line with expectations, the images
are not evenly distributed over the year. We see that most images are taken in spring and summer (March to September). Furthermore,
we notice that images have been sampled for all 12 months. This implies we can account for the impact of the seasons on the utility
derived from the street-view images by estimating constants for all months (except one, which we need to fix to zero for
normalisation).
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Fig. 6. Distribution of images used in the stated choice experiment over the months of the year.
3.4. Training

3.4.1. Loss function and implementation
Training a CV-DCM involves finding the weights of the model (B, w) that minimise the loss function. In other words, the weights of
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the feature extractor and preference parameters of the utility function are jointly optimised. For this study, we use a cross-entropy loss
function with an L2 regularisation term, see Equation (6). Minimising the cross-entropy loss is equivalent to maximising the Log-
Likelhood of the data given the model — which is common practice in the choice modelling literature. The L2 regularisation aims to
reduce the chance of model overfitting by penalising the magnitude of the weights in the model. y governs the strength of the reg-
ularisation. Note that we apply regularisation only to w and not to preference parameters {3, and f. Regularising preference pa-
rameters could lead to undesirable biases.

2 cross opy loss L 3
<, W i

z
. 12Xy J .
P argmmw;sgﬁ w1 g Y08 PulXuj 1 niBiw y W (6)

We have made the data openly available.” By doing so, we aim to support model-building and validation practices. We hope our data
can become a benchmark data set for studying choice behaviour in the presence of visual stimuli.

3.4.2. Implementation and hyperparameter tuning

Our CV-DCM is implemented and trained in PyTorch (Paszke et al., 2019). PyTorch is a Python-based machine learning package
commonly used for deep learning computer vision research because it supports GPU computing. We conducted hyperparameter
tuning, in which we performed a grid-search over the most important hyperparameters: the optimisation algorithm, learning rate,
batch size, and L2 regularisation (see Table 3). All other (hyper)parameters (such as dropout rates, layers and activation functions)
were kept at their default values.

3.4.3. Image transformation and feature scaling

In line with common practice in computer vision, we transform and augment images while training the CV-DCM. Specifically, we
conduct the two operations. First, we downsampled the images to 224 224 pixels. This downsizing operation ensures that images
have the input dimensions expected by the CV model (i.e. DeiT base model). Second, we randomly flip images horizontally. This data
augmentation operation reduces the model’s ability to remember images, thus lowering the chance of overfitting the training data.
Furthermore, we scale the numeric features. Scaling the features helps the optimiser to avoid getting stuck in local minima (Geron
2019). The most common type of scaling in machine learning involves shifting and scaling the features to a zero mean and a unit
variance. We use another commonly used scaling technique to scale the housing cost and travel time features, called min-max scaling.
This scaling entails scaling the features to a range of [ 1,1]. The advantage of this scaling technique is that it is straightforward and
facilitates easy interpretation of the model’s parameters. To facilitate interpretation, we have used the same scaling for all data (thus
ignoring that the minimum travel time level varied across respondents, see Table 1). Specifically, all housing costs are divided by 225
and travel times are divided by 15.

3.4.4. Train-test split

Splitting the data into a train set and a test set is essential for training virtually all machine learning models because their high
capacity makes them prone to overfitting (Geron 2019). As the name suggests, the train set is used for training the model; the test is
unseen by the model during training and used to evaluate (test) the model’s generalisation performance after training. If a trained
model overfits the data, a gap in the performance between the train and test set will tell.

The most common way to create the train-test split is by randomly allocating observations to the two sets. When splitting data, it is
important to avoid “data leakage”. Data leakage happens when the model has access to information during training that it does not
have when deployed after training (see e.g. Hillel (2021) for its impact on choice model outcomes). For this study, we split our data
across images. Thereby, we aim to avoid potential data leakage from learning the utility levels of specific images rather than gen-
eralisable high-level utility-generating features embedded in the images. Making such a split is, however, a nontrivial network
problem. Every image is connected at least to one other image (the other street-view image presented in the choice task). However,
some images are connected to dozens of other images because they are used more than once (see Section 3.3). Hence, when we assign
one image to the train set, we must also place all directly and indirectly connected images in the train data set.

Given the above "network’ problem, we followed the following procedure to create the train and test sets. We randomly picked one
choice task, comprising two images, and put this choice task and all choice tasks connected to this one in the train set. We repeated the
random picking of choice tasks until 80 % of the data were used. The remaining data (20 %) make the test data set. The train and test
data sets comprise, respectively, N 9,784 and N 1,948 choice observations. Due to our splitting strategy, observations of the same
individual may be present in both the train and test data sets. However, it is unlikely to cause serious data leakage because no socio-
demographic variables (that would be needed to identify observations of the same respondent) are used in the training of the CV-DCM.

4. Results

We estimate/train four models on the residential location choice data whose utility functions are given in Equation 7 to Equation

2 github.com/TUD-CityAl-Lab/Computer-vision-enriched-DCMs.
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Table 3

Hyperparameter tuning CV-DCM.
Hyperparameter Hyperparameter space
Optimisation algorithm fAdam; SGDg
Batch size f12;16;20; 249
L2 weight decay (y) £0;0:1;0:2;0:3g
Learning rate le 5;1e ©

10. Models 1 and 2 are standard linear-additive RUM-MNL models used as benchmark models to compare the proposed CV-DCM
(Model 3). Model 1 ignores the images completely, while Model 2 takes into account the month in which the image is taken by
estimating constants, denoted [,,,, for each month. If where and when images are collected are uncorrelated, we expect that images
taken in spring and summer, on average, attain a higher utility than images taken in autumn or winter. Model 3 is the proposed CV-
DCM and takes the monthly housing cost (hhc), commute travel time (tti), and the month of the year as numeric input attributes in the
same way as Model 2 does, but also takes the feature maps of the images as inputs. Finally, Model 4 is similar to Model 3 but interacts
the feature map with age group. Thereby, this model is able to capture systematic taste heterogeneity across age groups over the
images.

Model 1 Uin thchhcin Bmmm Ein (7)
X
Model 2 Uin thchhcin Bmtﬁin o BmoIiTl €in (8)
> <
Model 3 Uin thchhcin Bmmm mo Bmolin k Bkzikn Ein (9)
X X<
Model 4 Uy Buchhcin  Byittiin o Buolin w K E age  Zgn  Em (10)
Table 4
Estimation results.
Model 1 Model 2 Model 3" Model 4V
Model type lin-add RUM-MNL lin-add RUM-MNL CV-DCM CV-DCM with interaction
Number of parameters 2 13 86 m 86 m
Estimation time <1 sec <1 sec! 1.5 hr." 1.5 hr."
Train set Log-Likelihood 5,954 5,931 5,724 5,304
N 9,784 92 0.120 0.130 0.156 0.218
Cross-entropy 0.609 0.606 0.585 0.542
Hit-rate (accuracy) 0.695 0.697 0.716 0.748
Test set Log-Likelihood 1,194 1,194 1,137 1,119
N 1,948 p? 0.116 0.116 0.158 0.171
Cross-entropy 0.613 0.613 0.585 0.574
Hit-rate (accuracy) 0.690 0.687 0.697 0.710
est s.e. pval  est s.e. pval  est sl pval™  est s.ell p-val™®
Bhne 0.86 0.025 0.00 0.87 0.024 0.00 0.96 0.025 0.00 0.93 0.025 0.00
Beei 0.21 0.023 0.00 0.21 0.025 0.00 0.24 0.026 0.00 0.23 0.026 0.00
Bjan 0.46 0.129 0.00 0.25 0.136 0.07 0.02 0.137 0.86
Bren 0.02 0.228 0.91 0.40 0.240 0.10 0.02 0.242 0.92
Brmar 0.10 0.080 0.23 0.05 0.084 0.58 0.04 0.084 0.63
Bapr 0.25 0.080 0.00 0.36 0.084 0.00 0.04 0.085 0.66
Brmay 0.28 0.084 0.00 0.08 0.088 0.39 0.01 0.089 0.89
Bjun 0.17 0.084 0.04 0.12 0.088 0.16 0.01 0.088 0.95
Bjut 0.21 0.094 0.02 0.31 0.098 0.00 0.11 0.099 0.26
Baug 0.24 0.087 0.01 0.12 0.092 0.17 0.02 0.092 0.82
Bsep 0.19 0.085 0.03 0.33 0.089 0.00 0.07 0.090 0.46
Boct 0.46 0.131 0.00 0.40 0.138 0.00 0.10 0.138 0.47
Brov 0.11 0.106 0.31 0.04 0.111 0.74 0.19 0.111 0.08
Baec 0.00 fixed 0.00 fixed 0.00 fixed

Value-of-Travel-Time[€/hr month] 216.7 28.26 0.00 217.2 28.35 0.00 228.5 26.73 0.00 225.7 26.08 0.00

Using 4 CPUs (Intel Xeon @3.60 GHz).

'Using GPU (GeForce RTX 2080Ti).

MObtained through computing the hessian while keeping the utility derived from the image fixed.
IVOptimal hyperparameters: {optimiser: SGD, Batch size: 20, L2: 0.1, Learning rate: le-6}.
VOptimal hyperparameters: {optimiser: SGD, Batch size: 24, L2: 0.1, Learning rate: 1e-5}.
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4.1. Estimation results

Table 4 shows the estimates for the behavioural interpretable parameters as well as the model performance on the train and test
sets, using three (related) metrics: the Log-Likelihood, rho-square and cross-entropy. A good model performance on the test set implies
the model generalises well to new/unseen data. It is important to note that we compare the model performance of the CV-DCMs with
Models 1 and 2 to get a feeling of how much of the unexplained variance is captured by adding the computer vision model. Models 1
and 2 are not meant as a yardstick to show that the CV-DCMs outperform them. Because models 1 and 2 do not account for the images,
they are unlikely to be used in practice on these data. In this regard, a more even-handed comparison would be models that first encode
information in the images in tabular form, such as done by Ramirez et al. (2021). However, such a comparison would involve a study in
itself and thus go beyond the scope of this paper.

We can draw three conclusions based on the performance metrics in Table 4. The first and most important conclusion is that the CV-
DCM can extract relevant information from the street-level images to predict the choice behaviour. Looking at the generalisation
performance, we see that the plain vanilla CV-DCM (Model 3) outperforms the two benchmark models (Model 1 and 2) by a fair
margin. Specifically, the CV-DCM improves the Log-Likelihood on the test set by 57 Log-Likelihood points, and the rho-square jumps
from 0.116 to 0158.° Since Model 3 collapses into Model 2 when setting B, 08k (see Equations 8 and 9), we can statistically compare
their model fit using a Likelihood Ratio Statistic (LRS). The LRS exceeds far the critical level of significance (set at «  0.05), with K
1,000 degrees of freedom, supporting the notion that the CV-DCM’s capability to handle images leads to a statistically significant
improvement in model fit. Second, the month of the year carries limited information regarding the utility generated by the images, at
least when used in isolation from other information from the images, as in Model 2. Comparing Models 1 and 2, we observe that Model
2 outperforms Model 1 by 23 Log-Likelihood points on the train set but performs on par on the test set. Hence, the incorporation of the
month of the year in the utility function does not improve the generalisability of the conventional RUM-MNL models. Third, comparing
Models 3 and 4, we see that allowing for an interaction between the feature map and age category (young, middle, old) further im-
proves the model’s generalisation performance. This reveals the presence of systematic taste heterogeneity concerning street view
conditions across age groups.

Despite having to train 86 million weights, the extra computational time does not render the CV-DCM impractical; 1.5 h of training
time is in the same order of magnitude as the estimation time of advanced mixed logit models. Having said that, handling large
numbers of images and working with GPUs is technically considerably more challenging than estimating a conventional discrete
choice model using an off-the-shelf estimation package. Moreover, deriving the standard errors for the CV-DCM can be more
demanding. To obtain the standard errors for B, reported in Table 4, we re-estimated Model 3 and Model 4 while fixing the utilities
derived from the attributes encoded in the images. This approach is straightforward but not helpful when a researcher wants to derive
the standard errors associated with Bx (and suboptimal when attributes encoded in the images are correlated with numeric attributes).
Computing the standard errors associated with B for Model 3 turns out to be computationally demanding and technically challenging
(because of the large number of estimates and collinearity).

Next, we look at the estimated taste parameters. We see that housing cost and commute travel time are highly relevant attributes to
the residential location choice. In line with expectations, By and Baye are highly significant, and their minus signs align with behav-
ioural intuition. Based on By and Buxe, we also compute the VTT.? In the context of our SC experiment, the VTT gives the (mean)
willingness to pay per month for a one-hour travel time reduction per commute trip. A VIT between €217 and €228 per hour per month
seems reasonable, considering that most respondents in our sample commute five days per week, and thus about 20 days per month.
Furthermore, in line with expectations, we observe that the VTT is stable across all models. We expect stable By; / Brnc ratios because
our experimental design is constructed in such a way that images and numeric attribute levels within choice tasks are entirely un-
correlated. Cramer (2005) shows that ratios of logit model estimates are unaffected by omitted variables if the omitted variables are
uncorrelated with other explanatory variables.

The signs of the estimates associated with the months of the year are mostly intuitive. These estimates reflect the average utility
difference between an image taken in that month and images taken in December (which we fixed to zero). In Model 2, we see that the
estimates associated with the months of the year are mostly positive and significant for the spring and summer months. This can be
explained by the notion that images taken in these months are more likely to look more attractive to live than images taken in winter,

% Note that the rho-square on the test set is slightly higher than the rho-square on the training set. This is presumably caused by small differences
between the training and test sets. For instance, some observations that are relatively poorly explained by Model 3 may have ended up in the
training set by coincidence. This, in turn, causes the rho-square of the training set to be relatively worse than the rho-square on the test set.

4 The VTT is computed using VIT 60 = BL The factor 22 comes from the fact that the attributes are scaled before training.

i
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for instance, because the weather is better. However, the positive and significant estimate for January counters this line of argu-
mentation and is hard to explain. In Models 3 and 4, the estimates associated with the months of the year do not carry the same
interpretation as under Model 2. The utility derived from an image in Models 3 and 4 is the sum of the utility from the image’s feature
map and the estimate associated with the month of the year of the image. As a result, we cannot see the estimates associated with these
two utility sources in isolation. One noteworthy observation concerning the estimates related to the months of the year in Models 3 and
4 is that fewer estimates are significant than in Model 2.° This observation aligns with statistical expectations. Because feature maps
already contain information about the weather conditions in the month of the year, explicitly adding the month to the model provides
comparatively less information to explain the choice behaviour. For example, an image in which trees that have shed their leaves
reveals the image is probably taken in winter. See Sifringer and Alahi (2023) for recent work on handling data congruency.

Lastly, we analyse the contributions to utility differences between the right and left-hand side alternatives derived from the images’
feature maps. To do so, Fig. 7 shows three kernel density plots for the plain vanilla CV-DCM (Model 3). The left-hand side plot shows
the total utility difference as predicted by the trained CV-DCM; the middle plot shows the utility difference from the numeric attributes;
and the right-hand side plot shows the utility difference from the attributes encoded in the images. We make several observations based
on Fig. 7. Firstly, looking at the range of x-axes of the middle and right-hand side plots, we see that the utility differences arising from
the street-level conditions and numeric attributes are similar. This tells us that the part-worth utilities derived from the numeric at-
tributes (housing cost and travel time) are of the same magnitude as those derived from the street-level conditions embedded in the
street-view images.® This observation adds to the evidence that street-level conditions are important to residential location choice
behaviour and can effectively be modelled using images and CV-DCMs. Secondly, we notice that the distributions of utility differences
are virtually equal for the test and train sets. This indicates that the CV-DCM does not overfit the training data, and the data are
adequately split into train and test sets. Therefore, the CV-DCM must have learned to extract salient generalisable features from the
images that generate utility. Thirdly, we see that the distribution of the utility differences stemming from the images is comparatively
more bell-shaped than those of the numeric attributes. At first sight, this may seem odd, but it can be explained by how the choice tasks
have been constructed. Recall that we removed choice tasks without trade-offs between the numeric attributes (see Section 3.1.2 for
more details). This removal leads to the bi-modal shape of the utility difference.

4.2. Face validity: What has the CV-DCM learned about street-level conditions?

The improvement in model performance by the CV-DCMs compared to the benchmark models supports the notion that the CV-
DCMs can extract relevant information from images to predict choice behaviour. But, fx and w do not carry a behavioural mean-
ing. Therefore, they do not provide directly interpretable insights about what the CV-DCMs have learned regarding what decision-
makers find important for their residential location choices. To shed light on what the CV-DCM has learned about the decision-
makers’ preferences, we show two collages of images taken from the test set, to which the trained CV-DCM (Model 3) assigns the
highest (Fig. 8) and lowest (Fig. 9) utility levels. Note that the utility level is stamped in the top left of each image.” These utility levels
are 'uncorrected’ for the month of the year. Hence, the top left image yields a utility of 1.63 if the image was taken in December, while
it produces a utility of 1.63-0.12  1.51 if it was taken in August (which it is).

What catches the eye in Fig. 8 is that the images all look spacious, leafy and often water-abundant. We see many trees, grassland and
detached houses. In the authors’ view, these street-level conditions are indeed highly attractive. In sharp contrast, the images in Fig. 9
look cramped, greyish, and urbanised and often have hallmarks of transportation, such as overhead wires, bus stops, parked bikes, and
cars. In the authors’ view, these street-level conditions are indeed highly unattractive. The mean difference in utility between the 20
best, shown in Fig. 8, and the 20 worst street-level conditions, shown in Fig. 9, is 2.7 utility points. The willingness to pay per month to
move from the worst to the best street-level conditions can be computed by dividing the utility difference by Bxx.. The result yields a
willingness to pay of 632 euros per month — which seems high but perhaps not implausible. Here, it should be noted that this estimate
concerns the two most extreme street-level conditions.

4.3. Policy-relevant insights

After establishing the CV-DCM approach’s face validity, we can use it to obtain policy-relevant insights. Given that the paper’s main
objective is methodological, we present only two brief examples.

4.3.1. Effect of age on preferences over street-level conditions
A policy-relevant insight that can be gleaned from the CV-DCM is the effect of age on preferences over street-level conditions. It is
well established that different age generations have different housing needs (e.g. Booi et al., 2021). As such, it seems plausible that they

5 To compute the standard errors for Model 3 and Model 4, we fixed all weights w of ¢ and all By to their trained values, keeping the utility derived
from the attributes encoded in the images constant. This approach is necessary, as constructing a Hessian matrix that accounts for all model pa-
rameters would be computationally infeasible. However, since potential covariances are not considered, the resulting standard errors may be less
accurate.

6 Given the ranges of the numeric attributes presented in the SC experiment.

7 Note that the mean utility derived from the street-level conditions across all images is 0.02 (thus not precisely zero). This is inconsequential as
utility has no absolute scale of level, only utility differences matter (Train 2003).
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Fig. 7. Utility differences.

Fig. 8. Images showing street-level conditions with the highest predicted utility levels (based on the plain vanilla CV-DCM).

also have different preferences over street-level conditions. To develop new housing policies targeted at specific age generations, a
thorough understanding of what street view conditions are considered attractive by which age generation is required. For this analysis,
we use the trained CV-DCM with age interactions (Model 4). Using this model, we computed the utilities for each of the ~ 7.6k images
used in the SC experiment for young and old people. Then, we look at the extent to which the utilities correlate between young and old
people and, more interestingly, where they deviate.

Figs. 10 and 11 show the results. More specifically, Fig. 10 shows sixteen street views that are comparatively more attractive to
young people than older people; Fig. 11 shows sixteen street views that are comparatively more attractive to older people than young
people. At the top left in each figure, the utility levels predicted by the CV-DCM for young and old people are shown. Furthermore, a
kernel density plot shows the part-worth utility distribution (top) on the right-hand side of each figure. The vertical lines in this plot
indicate where the sixteen depicted images sit in the overall distribution for younger (blue) and older (orange) people. A scatter plot
scatters the part-worth utilities to young (x-axis) and old (y-axis) people at the bottom of the right-hand side plot. The red dots in the
scatter plots correspond to the depicted street views.

Based on Figs. 10 and 11, a couple of policy observations can be made. Firstly, the scatter plots show a moderate correlation
between the part-worth utilities from street-level conditions to younger and older people (p  0:76). This means that, across the board,
young and old people tend to agree on what attractive and unattractive street-level conditions are. But there are also street-level
conditions where the utilities clearly diverge. In particular, Fig. 10 shows that young people find suburban areas relatively more
attractive than old people. Most images in Fig. 11 show hallmarks of suburbia, like terraced houses, parking facilities, gardens,
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Fig. 9. Images showing street-level conditions with the lowest predicted utility levels (based on the plain vanilla CV-DCM).

Fig. 10. Images showing street-level conditions that are comparatively attractive to younger people as compared to older people.

(boutique) shops, and streets. Likewise, Fig. 11 shows that older people find greener, leafier areas with fewer houses and cars
comparatively more attractive than young people. These results are in line with general beliefs. From a policy perspective, they un-
derpin the need to consider the preferences over street-level conditions of the target population when developing new housing
projects.

4.3.2. Relationship between visual attractiveness and population density

Faced with scarcity of land and increasing population levels, various Western European governments have developed housing
policies with the aim of creating compact, high-density cities (e.g., by building more high-rises). Previous research, however, suggests
that low-density (rural) areas are considered to be more visually appealing and scenic (Bijker and Haartsen, 2012) and that this
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Fig. 11. Images showing street-level conditions that are comparatively attractive to older people as compared to younger people.

heightened visual attractiveness is one of the main motivations for “counter-urbanism” (Elshof et al., 2017), which is characterised by
people moving away from urban areas and settling in rural or suburban areas. Counter-urbanising could thus undermine policies
designed to create compact cities and put more strain on already burdened transportation networks. Previous studies into
counter-urbanism have mostly relied on proxies for visual attractiveness, such as shares of older housing, proximity to natural areas,
and the number of nearby hotels.

The trained CV-DCMs allow a more direct examination of the relationship between population density and visual attractiveness of
the street-level conditions. To do so, we merge the population density at the location where the image is taken onto our image data set
containing ~ 7.6k randomly sampled street view images from the Netherlands. Then, we use Model 3 to compute the utility level for
each image. Finally, we group the images based on population density quantiles.

Fig. 12 presents the results of this analysis in a box plot. In line with the motivation for counter-urbanism, we find evidence that
low-density (rural) areas have more attractive street-level conditions. In fact, using t-tests, we have established that the mean values of
each population density quantile are significantly distinct from the means of all the other quantiles. This implies that there are notable
differences in the utility of street-level conditions across levels of population density. From a policy perspective, these results suggest
that policies aimed at creating compact cities should seriously take the attractiveness of street-level conditions into account. Although
this study does not investigate counter-urbanism, failing to do so may undermine the effectiveness of such policies, as they may push
people towards the suburbs and beyond.

Fig. 12. Utility of street-level conditions as a function of population-density quantiles (based on Model 3).
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5. Conclusion and discussion

This paper contributes to the recent methodological progress made in the fields of transportation and choice modelling that aims to
bring machine learning and DCMs closer together (e.g. Sifringer et al., 2020; Arkoudi et al., 2021; Ramirez et al., 2021; van Cra-
nenburgh et al., 2021). We have proposed a new choice model, called “Computer Vision-enriched Discrete Choice Models” (abbre-
viated as CV-DCM), for modelling multi-attribute choice behaviour in the presence of visual and numeric stimuli — methodologically
expanding the realm of discrete choice models. The CV-DCM is built from behavioural assumptions, starting with random utility
maximisation principles. As such, it has a solid behavioural foundation and can be used to derive marginal utilities and (in principle)
willingness to pay estimates. The model should thus be conceived as a behaviour-informed choice rather than a behaviour-agnostic
machine learning model. We have demonstrated its merits by applying it to residential location behaviour —~which is strongly
coupled with travel demand. We have shown that CV-DCMs can produce new insights into preferences over visual street-level con-
ditions. Notably, we have uncovered which residential places people find most and least attractive and how attractiveness varies with
population density.

The proposed model, in conjunction with SC experiments, can potentially enhance the understanding of other transport-related
preferences in travel behaviour research. Using images can be particularly beneficial when numbers or text fail to convey the
choice situation effectively. For instance, preferences related to crowdedness, traffic safety, and spaciousness may be better understood
through the use of images in SC experiment showing, e.g. the crowdedness of train platforms, the safety situation of pedestrian
crossings, or the extra legroom available when upgrading from economy to business class when booking flights. Incorporating such
visualisations can provide valuable insights for transport planners and policymakers seeking to improve transportation systems and
services. For instance, inspired by studies like Rossetti et al. (2019), in a follow-up study, we used our trained CV-DCM to assess the
spatial distribution of utility derived from street-level conditions in residential location choices on a city-wide scale (van Cranenburgh
and Garrido-Valenzuela, 2024).

This study raises a plethora of questions and opens up a multitude of avenues for further investigation at the intersection of choice
modelling, computer vision and cognitive psychology. Two technical questions are of particular interest: (1) how to handle multiple
images and (2) how to extract more and better information from trained CV-DCMs. Regarding the first question, multiple images are
often used to describe alternatives. For instance, real estate websites like Zillow.com and online retailers like Amazon.com often use
dozens of images per home or product. While the proposed modelling framework can accommodate a single image per alternative,
future research can extend it to enable multiple images (e.g. inspired by Baevski et al., 2022). This methodological advancement would
further expand the application domain and enhance the behaviour realism of the discrete choice models. The second question concerns
how to extract more and better information from (trained) CV-DCMs. Recent developments in eXplainable AI (XAI) (Arrieta et al.,
2020) offer a range of techniques that can be adapted to extract information from trained CV-DCMs. In particular, they can be
leveraged to shed light on what features are learned by the model to explain the choice behaviour and help validate CV-DCMs. Such
insights are potentially helpful not only for researchers but also for policymakers and urban planners. For example, in the context of the
study’s application, XAI techniques should be able to provide insights into the features that make neighbourhoods attractive (as shown
in Fig. 8) or unattractive (as shown in Fig. 9), which can inform the development of planning policies. Additionally, at present, the
computation of the standard errors associated with the elements in the feature map (i.e. ) is technically challenging, inter alia,
because of large covariance matrices. Future research could explore using smaller feature maps, achieved through techniques like
pruning or semantic regularisation (Liao et al., 2016), as potential solutions to address this issue.

We conclude with a word of caution regarding the use of images in choice experiments. Although images hold great potential due to
humans’ ability to extract information from them effectively, their incorporation into 