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Abstract: Pedestrian-friendly cities are a recent global trend due to the various urbanization problems.
Since humans are greatly influenced by sight while walking, this study identified the physical and
visual characteristics of the street environment that affect pedestrian satisfaction. In this study, vast
amounts of visual data were collected and analyzed using computer vision techniques. Furthermore,
these data were analyzed through a machine learning prediction model and SHAP algorithm. As
a result, every visual feature of the streetscape, for example, the visible area and urban design
quality, had a greater effect on pedestrian satisfaction than any physical features. Therefore, to
build a street with high pedestrian satisfaction, the perspective of pedestrians must be considered,
and wide sidewalks, fewer lanes, and the proper arrangement of street furniture are required. In
conclusion, visually, low enclosure, adequate complexity, and large green areas combine to create
a highly satisfying pedestrian walkway. Through this study, we could suggest an approach from
a visual perspective for the pedestrian environment of the street and see the possibility of using
computer vision techniques.

Keywords: street environment; streetscapes; walking satisfaction; computer vision; machine learning;
explainable AI; SHAP

1. Introduction

South Korea has experienced rapid economic growth and achieved rapid industrial-
ization and urbanization. In that process, to quickly secure the competitiveness of the city,
a car-oriented transportation system was established. However, the automobile-centered
lifestyle has created many problems, including traffic congestion and environmental pol-
lution. Walking is the most basic means of transport for humans; it is eco-friendly and
promotes good health without producing any pollutants. Therefore, walking is one way
to solve the urban problems caused by automobiles, and it has become the basic back-
ground for Compact City and Transit-Oriented Development. In fact, the transition from
automobile-centric cities to pedestrian-friendly cities is gaining attention worldwide.

Walking mainly takes place on the road, and people perceive the streetscape mainly
through sight [1]. Visual cognition, along with various other factors such as the physical
environment of the street, produces a response to the environment in which that cognition
occurs that can eventually be experienced as satisfaction [2]. Therefore, to allow residents
to feel satisfied with walking, the landscape plan should consider what pedestrians see.

Prior studies examined the relationship between pedestrians and the walking envi-
ronment. However, few studies have looked at the relationship between walking as an
activity and the walking environment because that project is labor-intensive, and the scope
of analysis has been limited to field investigations or surveys. Therefore, to do the research
needed to create a truly pedestrian-friendly city, researchers need to exceed the limitations
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of the prior studies. For example, the pedestrian environment will need to be addressed in
a broad way to make it possible to draw generalizable conclusions.

In recent years, newly developed technology has expanded the methodological possi-
bilities for this kind of research [3]. For example, Google and other platforms now provide
street view services that allow anyone to freely navigate vast amounts of street data through
online map services. Accordingly, methods for batch processing of visual image data using
computer vision techniques are emerging [4-7]. Therefore, studies beyond the limits of
previous methods can now be undertaken using advanced technologies.

2. Literature Review
2.1. Streetscapes and Walkability

Streets are the most essential and representative element of a city, forming the city’s
structure and characteristics. The visually perceived streetscape represents the landscape
image of a city or region [8].

Streetscapes are not created by the individual landscape elements that make up
the street; instead, they are created by the mutual connections of multiple elements [9].
Nonetheless, the physical environmental elements that make up the street play an impor-
tant role in establishing a street’s identity. They greatly affect human visual perception, the
physical environment of the street, and human visual perception plays an important role in
determining the image of a place [10].

Walking is the most basic human means of transportation. Humans experience the
urban environment comprehensively by walking [11], so pedestrian activity makes a great
contribution to the formation of local communities, as well as vitalizing the urban economy
by creating natural contacts among urban residents. Therefore, walking is an essential
factor in revitalizing local and urban economies. A great street environment improves
the frequency of outdoor activities and affects the behavior of street users, including
pedestrians. For example, trees and green spaces, low building layouts, aesthetic facades
of streets and buildings, and open spaces between them amplify the attractiveness of the
walking experience and attract pedestrians [12]. Because pedestrians continue to walk
voluntarily in an environment that continuously offers walking motivation, the meaning
and attributes of the walking environment must be considered in combination to create a
good walking experience. Therefore, walking satisfaction has a high correlation with the
perception of the walking environment [13].

Various authors argued that people’s perceptions could be objectively evaluated by
dealing with the walking environment of a street from a visual point of view. They defined
five factors: imageability, enclosure, human scale, openness, and complexity [6,14,15]. They
then argued that those factors influence people’s perceptions of the pedestrian environment
in a measurable way, enabling researchers to concretely express the relationship between
the physical characteristics of a street environment and pedestrians. Ernawati et al. [16]
classified pedestrian environmental elements into spatial and visual factors. They con-
sidered urban design characteristics, which are the perceptual characteristics of the street
landscape, to be important for promoting pedestrian activities.

2.2. Machine-Learning Model and Explainable Al

Machine learning is a field of artificial intelligence (AI) in which an algorithm predicts
results by applying a mathematical technique that learns patterns based on data to enhance
statistical reliability and minimize prediction errors [17]. In other words, machine learning
predicts the output from new input data by learning from old data and automatically
sensing data trends [18].

Machine learning can be flexibly applied to various situations because it focuses
on understanding the major relationships between input variables and evaluating and
predicting patterns in the input data through data learning [19]. Machine learning can
analyze data that are difficult to analyze with traditional statistics because it can collect
data without a specific intention or data that have various forms [20], and it can analyze
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complex interactions between nonlinear variables in the models [21]. Therefore, in today’s
era of big data, especially unstructured data, many scholars are using predictive models
based on machine learning algorithms to interpret data and make accurate predictions.

Machine-learning models are called black-box models because the internal algorithms
used are complex, making it difficult to explain the reasoning behind the resulting predic-
tions. However, there are thousands or millions of hyperparameters inside the model that
are irrelevant to the input value but affect the predictive power [22]. So many studies have
been conducted to interpret these prediction processes and validate the reliability of the
results. Accordingly, these days, machine learning is no longer called a black-box model,
and there are many different ways to interpret it.

Explainable artificial intelligence (XAI) is a technique for interpreting a machine-
learning model [7]. Unlike other forms of Al, which cannot provide evidence, reliability
statistics, or error correction methods for the derived results, XAI can explain the process,
reasoning, and cause of errors throughout a machine-learning model [23]. XAI can identify
the reasons behind the results derived by Al and explain the causes of any errors. We
tried to improve upon existing research by providing an explanation interface that humans
can understand and interpret immediately, rather than simply showing the calculated
result values.

When a machine-learning model is analyzed through XAI, the following effects can be
obtained [24]. First, analyzing the characteristics of the input variables makes it possible
to identify factors that degrade the performance of a machine-learning model and derive
the optimal hyperparameters for improving the model performance. Second, XAI can
offer stability to the problem-solving process. In machine-learning models, it is important
to design a fluid model that can operate under various conditions. Third, analyzing the
structure of the model makes it possible to identify and cope with the causes of any errors
that occur in the model and makes it possible to secure the reliability of the model by
explaining the result-derivation process. Some examples of XAI techniques are Explain
Like I'm 5 (ELI5), Skater, Local Interpretable Model-Agnostic Explanation (LIME), and
Shapley Additive Explanations (SHAP).

Among them, the SHAP algorithm is one of the XAI techniques to interpret machine
learning by evaluating the feature importance of each variable in the prediction aspect of
machine learning and follows a game-theoretic approach to interpret the output of the
machine learning model [25-27]. Therefore, SHAP is widely used in terms of interpreting
machine learning models reliably.

Ding et al. [28] studied the importance of the characteristics of the construction en-
vironment for driving distance using the gradient boosting model, which is one of the
machine learning models. Moreover, researchers have used SHAP to validate the predictive
performance of machine learning—derived land-use change predictions [29], home price
prediction through a street view analysis [30], and the prediction of traffic accidents [31].
Thus, research is expanding not only by using machine learning to analyze data but also by
using XAl techniques to interpret the results from machine-learning models.

2.3. Limitation of Previous Studies and Differences in This Study

Many studies have analyzed the effects of street design factors on pedestrian satisfac-
tion. However, most preceding studies have used limited research targets due to limitations
in data collection or measurement methods, and they viewed the street environment fac-
tors fragmentarily, such as judging the physical elements of a street environment only by
their existence.

Some studies about pedestrian environments have focused on only one or a few streets
and lacked consideration for visual cognitive characteristics [9,32,33]. Likewise, research
that classifies walking space using attributes carries the inherent limitation of difficulty in
generalizing the results because the criteria for selecting emotional elements or dividing
the street space are different for each researcher [32,34].
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In this study, we synthetically considered the physical environmental factors in a
streetscape that affect pedestrians’ walking satisfaction. First, we measured the components
of the streetscape from the visual perspective to determine which characteristics influence
pedestrian satisfaction. And then, we used computer vision techniques to quantify and
measure the visual perceptions of a streetscape. Using these data, we built machine
learning models, compared the performances, chose the best model, and interpreted it
using SHAP, which is one of the XAI techniques. By using computer vision and machine
learning techniques, we could analyze visual data to present an urban design perspective
for improving the pedestrian environment. Additionally, we discussed the possibility of
using computer vision as basic data to improve the quality of streetscapes in the future.

3. Materials and Methods
3.1. Materials

Seoul, the capital and largest city of South Korea, is already carrying out projects to
create a pedestrian-friendly environment, and studies are being conducted to determine
the best way to create a highly satisfactory pedestrian environment that encourages urban
residents to walk.

This study is based on data from the Seoul Floating Population Report (Table 1), which
is a large-scale survey conducted in Seoul. The Seoul Metropolitan Government surveyed
20,000 pedestrians at 1000 points per year from 2009 to 2015. Seoul’s floating population
survey data are divided into observation data, attribute data, and point data. Among them,
we investigated the attribute data by dividing the overall satisfaction with the walking
environment into a 5-point Likert scale from ‘very unsatisfied’ to ‘very satisfied.” These
data were collected from individual surveys of pedestrians passing through representative
points, and they contain the visitor’s gender, age, occupation, residence, purpose, frequency
of visits, overall satisfaction and dissatisfaction scores for the walking environment, and the
reasons for those scores. Additionally, the report provides information about the physical
environment of each street, including the location of the survey point, the sidewalk status
at each point, and so on. Therefore, because the Seoul Floating Population Report contains
information about both the physical environment at each survey point and pedestrian
reports of walking satisfaction, we used it as the basic data for this study.

Table 1. Contents of the Seoul Floating Population Report.

Survey Point

1000 Representative Places in Seoul Survey Locations in Seoul

Survey Target

Pedestrians passing through the representative points

Survey Period

Every Friday and Saturday during October 2015

Survey Range

10 people per point per day

Survey Method

Individual interviews using questionnaires

Survey Contents

Gender, age, occupation, residence, purpose, frequency of
visits, overall satisfaction with the walking environment

3.1.1. Study Area

The spatial background of this study is Seoul, which is the capital and largest city
in South Korea. First, the content of this study is limited to the visual perceptions of
pedestrians, defined as the physical environmental elements that a pedestrian can visually
perceive while walking on the street. The temporal range is 2015, which is the time of the
most recent Seoul Floating Population Report. The spatial range is the entire area of Seoul,
specifically the survey points of the Floating Population Report. However, because the
walking satisfaction survey was not conducted at all the survey sites, this study targeted
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only the points for which walking satisfaction scores exist in the attribute data. Therefore,
978 sample points from the 1000 total sample points are used, excluding the points with
missing data.

3.1.2. Streetscapes Images and the Naver Street View API

The streetscape images were obtained using the Naver Street View API with the Seoul
Floating Population Report’s point data. Naver is the most popular portal site in Korea,
and it supports map services and offers street view services similar to Google. Acquiring
the streetscape images using an internet map service allowed us to acquire several images
quickly and easily and enabled us to gather images from the year we wanted. In addition,
using the images extracted through the street view service makes it possible to measure
subjective perceptions of the built environment contained in the image [35-38].

In this study, we used 360° panoramic images from the Naver Street View API
(Figure 1) because pedestrians perceive the overall image of the street, not a specific view.
We used Python to extract the landscape images from the Naver Street View API.

Figure 1. Example extracted Naver Street View image.

3.2. Methods

We measured streetscape data from NSV images in terms of physical features and
urban design quality. We used physical features from the Seoul Floating Population Report,
which contains the width of the sidewalk, the number of lanes, road type, the presence
or absence of a centerline, street furniture, slope, braille block, fence, bus stop, subway
station, and crosswalk. Additionally, we measured urban design quality using semantic
segmentation and edge detection, which are computer vision technologies. Using semantic
segmentation, we measured enclosure, openness, greenery, and the feature area ratio, and
using edge detection, we measured the complexity. Then, we analyzed and interpreted
them with the Machine learning model and SHAP algorithm. All procedures are shown
in Figure 2.

Pedestrian
satisfaction
N Physical
features .

NSV Street Mach.lne SHAP
image ™ | scape —> | learning | 5 algorithm
data Urban model
- | design

quality

Figure 2. Research procedure.

3.2.1. Semantic Segmentation

Deep learning, a machine-learning technique, is rapidly developing in areas such
as data mining, image recognition, speech recognition, and natural language processing.
The semantic segmentation technique (Figure 3) is a kind of computer vision that divides
the objects that appear in images into meaningful unit classes through deep learning. It
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mimics the process of recognizing images by performing several steps simultaneously,
just as a person visually recognizes an image. That means that it segments the image into
pixels and then predicts the class to which each pixel belongs. Semantic segmentation thus
enables the elements that constitute the landscape to be extracted at the pixel level. We
used the High-Resolution Networks model jointly developed by the University of Illinois
and Google in 2019 [39].

Figure 3. Area extracted by semantic segmentation from the image in Figure 1.

3.2.2. Edge Detection

Edge detection (Figure 4) derives edges by detecting the contours of an image and
is used for object extraction and identification [8]. The detected edges reflect the objects
constituting the image. Sobel Edge and Canny Edge are representative edge detection
methods. Canny Edge is provided by the OpenCV function, so it is easy to use and has the
advantage of measuring each edge exactly once. Canny Edge detection detects edges as
white lines on a black background.

Figure 4. The image from Figure 1 with each object’s edges extracted by edge detection.

Applying edge detection to our streetscape images allowed us to represent the number
of street elements. Previous studies used edge detection to quantify the visual complexity of
the landscape and concluded that the measured complexity coincided with the complexity
visually perceived by humans [40-43]. In that way, the perceived complexity can be
expressed numerically [44].

The image complexity measurement taken by edge detection follows the theory of
entropy, a physical quantity that measures the degree of disorder or degree of irregularity.
The number of edges extracted from the entire image was used to calculate the entropy
value using the formula given in Equation (1):

n
Hyactor = — ) pilog, pi 1)
i1

where H is the entropy value and p; is the probability of random object occurrence among
all objects.

3.2.3. Analytic Frame

This study uses objective indicators to represent the degree of influence that the
elements of the street have on walking satisfaction. To that end, we built a model that
defined the evaluation factors in the physical environment of pedestrians using people’s
perceptions (Figure 5).
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Figure 5. The framework of this study.

We used the information provided by the floating population research as the physical
features of the streetscape. For the visual features, we used the measured area ratio
together with enclosure, openness, and complexity, which are urban design qualities
used in previous studies [6,14,15]. We used a semantic segmentation technique to extract
visual features.

Enclosure describes the degree of surrounded space in terms of the D:H ratio [45].
In other words, enclosure describes the degree to which streetscape elements visually
define the three elements of a ceiling, wall, and floor through buildings, walls, trees, and
other vertical elements [14,15]. In urban space, the enclosure is mainly formed by rows
of buildings or trees. Openness describes the feeling of visual visibility, determining the
amount of perceived lightness, which has an impact on visual perception and pleasant-
ness [15]. Complexity describes the visual abundance at a particular point as the number of
repetitive forms perceived by humans [46]. In terms of the complexity perceived visually
by humans [47], pedestrians need a significant amount of environmental complexity to
feel that walking is attractive [16]. The area ratios of buildings, roads, sidewalks, and street
furniture measure the proportions of each streetscape image that each element occupies.

4. Variables

This study is based on data from the floating population research conducted by the
Seoul city government (2015). The purpose of this study is to identify the characteristics
of a satisfactory walking environment. Therefore, we constructed machine learning classi-
fication models to predict walking satisfaction in streetscapes. For this, we transformed
the walking satisfaction scores of normal, satisfied, or very satisfied into a dummy vari-
able of ‘satisfied with the walking environment.” Similarly, scores of unsatisfied and very
unsatisfied were converted into ‘unsatisfied with the pedestrian environment.’

Furthermore, we divided personal characteristics into gender, age group, frequency
of passage, the purpose of visit, and job. Physical features were divided into land use,
the width of the sidewalk, the number of lanes, road type, the presence or absence of
a centerline, street furniture, slope, braille block, fence, bus stop, subway station, and
crosswalk. All of the personal characteristics and the presence or absence of the street’s
physical features were converted into 0 and 1. Table 2 shows the variables in this study.
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Table 2. Variable definitions and basic statistics (1 = 17,960).

Factor Element Item Mean/Proportion  S.D. Min. Max.
1. Very dissatisfied
2. Slightly dissatisfied
Dependent 3. Normal 2.73 0.966 1 5
cpenden Pedestrian satisfaction 4. Slightly 'sa.t1sf1ed
variable 5. Very satisfied
Not satisfied (ref.) 35% - - -
Satisfied 65% - - -
Men (ref.) 46% - - -
Gender Women 54% - - -
15-19 5% - - -
20-29 19% - - -
Ace 30-39 18% - - -
8 40-49 17% - - -
50-59 23% - - -
60+ 18% - - -
First time 4% - - -
Every day 30% - - -
Frequency of passage 1-2 times a week 19% - - -
P 1 3-5 times a week 33% - - -
ersonal Less than twice a month 14% - - -
Characteristics
Commute 22% - - -
Personal 37% - - -
Purpose of visit Work or study 19% - - -
Leisure 14% - - -
Passage 8% - - -
Student 14% - - -
Housewife 22% - - -
White-collar 27% - - -
Job Blue-collar 7% - - -
Sales and service 11% - - -
Self-employment 11% - - -
Other 8% - - -
Width of the sidewalk Width of the sidewalk (m) 4.12 2.312 1 24
The number of lanes The number of lanes 3.93 2.637 1 18
No (ref.) 30% - - -
Bus road Bus road
Yes 70% - - -
No (ref.) 29% - - -
Centerline Centerline
Yes 71% - - -
No (ref.) 8% - - -
Strget Street furniture
furniture Yes 92% - - -
Car only 7% - - -
Physical Road type Pedestrian only 70% - - -
features Mixed-use 23% - - -
No (ref.) 64% - - -
Braille block Braille block
Yes 36% - - -
Slope Slope No (ref.) 77% - - -
Yes 23% - - -
Fence Pedestrian safety fence No (ref.) 79% B B -
Yes 21% - - -
Bus stop Bus stop No (ref.) 64% . . .
Yes 36% - - -
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Table 2. Cont.

Factor Element Item Mean/Proportion  S.D. Min. Max.
No (ref. 65% - - -
Subway Subway station (ref)
station Yes 35% - - _
No (ref.) 39% - - -
Crosswalk Crosswalk
Yes 61% - - -
Commercial area 18% - - -
Green area 3% - - -
Semi-residential area 4% - - -
Land use Semi-industrial area 5% - _ _
Class I residential area 6% - - -
Class II residential area 30% - - -
Class III residential area 33% - - -
Sum of the area
Enclosure ratios of 0.549 0153  0.145 0912
buildings and
street trees
Openness The area ratio 0.208 0.09 0 0539
P of the sky ’ ’ ’
Urban design qualities Sum of
Visual Greenery planting 0.208 0.096 0 0.539
features area ratios
Amount of
Complexity visual 1.283 0.238 0.516 2.249
information
The proportion of buildings 0.394 0.212 0.002 0.895
. The proportion of the road 0.144 0.060 0 0273
Area ratio
The proportion of the sidewalk 0.038 0.031 0 0287
The proportion of the street furniture 0.013 0.018 0 0160

4.1. Enclosure

Enclosure (Figure 6) describes the streetscape frame formed by the vertical elements
that make up the landscape. It represents the degree to which streetscapes are defined by
buildings, walls, street trees, and other vertical elements [14]. The proper ratio of vertical
and horizontal factors on a street can give pedestrians a comfortable feeling [48,49].

Figure 6. An example image of enclosure.

4.2. Openness

Openness (Figure 7) describes the ratio of the visible sky in the street environment.
Openness determines the amount of light a person perceives and affects both visual per-
ception and comfort [15].
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Figure 7. An example image of openness.

4.3. Greenery

The amount of greenery (Figure 8) is an essential factor in walking satisfaction. In
this study, we calculate all the green in the images, including both trees and other plants.
Greenery is the most effective factor in improving the quality of a street environment [50],
with the attractiveness and aesthetic value of a street increasing along with the proportion
of greenery.

Figure 8. An example image of greenery.

4.4. Complexity

Complexity (Figure 9) describes the visual abundance of a streetscape. People are
more curious and satisfied with complex scenery than with monotonous scenery. However,
if the amount of visual information that must be processed at one time is excessive, people
feel cognitive confusion and soon lose interest. Therefore, the highest satisfaction scores
are found when complexity has the median value [46].

Figure 9. An example image of complexity.

4.5. Area Ratio

The area ratio describes the proportion of each physical feature. It includes the
proportions of buildings (Figure 10), roads (Figure 11), sidewalks (Figure 12), and street
furniture (Figure 13).

Figure 10. Example image showing the proportion of buildings.
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Figure 13. Example image showing the proportion of street furniture.

5. Analysis
5.1. Machine-Learning Analysis Methods

In this study, we constructed a walking satisfaction prediction model using logistic
regression, random forest, and XGBoost algorithm machine-learning classification models.
Then we used the best model to examine the factors in the street environment that affect
walking satisfaction.

5.1.1. Logistic Regression Classification

Logistic regression is a machine-learning algorithm that applies a near regression to
classification. Logistic regression predicts the probability of binary classification using
linear regression. It is often used as a basic model of binary classification because it is light
and fast and has excellent predictive performance [17].

5.1.2. Random Forest Classifier

The random forest is a set of randomly generated decision trees. It works well and has
excellent performance without requiring parameter tuning or data scaling because it can
compensate for data shortcomings while taking advantage of the single-tree model. It is
currently the most popular machine-learning algorithm because of its fast speed and high
predictive performance [17].

5.1.3. XGBoost Classifier

XGBoost is a gradient boosting model (GBM) that sequentially trains and predicts
simple models (such as shallow decision trees) and improves errors. X in XGBoost means
the eXtreme Gradient Boosting, a specific framework from the GBM. Unlike the random
forest, XGBoost has no randomness. The trees are sequentially created to compensate for
errors in a previous tree, so it generally shows better classification performance than other
machine-learning models [17,51].

XGBoost solves the problems of slow speed and overfitting, which are the disadvan-
tages of GBM, and can independently derive the importance of characteristics. In addition,
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it provides a variety of custom optimization options due to its high flexibility, and it links
well with other algorithms [52].

5.2. Evaluating the Machine-Learning Techniques

The predictive performance indicators for machine-learning models are accuracy, pre-
cision, recall, F1 score, and AUC score. In binary classification, other evaluation indicators
are often more important than model accuracy [17].

Accuracy is the most basic performance evaluation index, and it is the ratio of correctly
classified data to all data. Precision is the proportion of pedestrians who actually answered
that they were satisfied among the pedestrians predicted by the classification model to
be satisfied. Recall is the proportion that the model correctly predicted for pedestrians
who answered they were actually satisfied. Precision and recall are thus complementary
to each other, and it is important to achieve high numbers for both. The F1 score is a
combination of precision and recall, and it has a high value when precision and recall are
not biased to either side. The ROC curve indicates how recall changes when the model
misclassifies unsatisfied pedestrians as satisfied. It thus evaluates the overall performance
of the classification model. The area under the ROC curve is the AUC score.

5.3. Interpretable Machine-Learning Techniques

We used the SHAP algorithm to interpret the results of the machine-learning models.
The SHAP algorithm is an XAI technique for interpreting machine learning by evaluating
the importance of each variable’s features in the machine-learning predictions [25-27,53].
The Shapley values of feature j are calculated as follows [25,54,55]:

g = SIHp = IS|_1>!(val(Sij)—val(S)) 2)
5Cx1,..xp /X p:

& Feature contribution

S: Subset of features used in the model

x: Vector of the feature values of the observations

p: Number of features

SHAP reliably interprets machine-learning models by calculating Shapley values for
each input variable. SHAP then uses those Shapley values to graphically display the
importance of each feature in determining the predictive performance, allowing users to
visually check the Shapley values of any specific input variable [54,55].

6. Results
6.1. Machine-Learning Models

We used 80% of the total data for the training and 20% for the test data. The results
for each machine-learning model are shown in Table 3. It was conducted using the test
data, and as a result of comparing the performance evaluation indicators for each model
(logistic regression analysis, random forest, XGBoost), the XGBoost model was selected for
this study because of its excellent performance for all the indicators.
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Table 3. Analysis results for each machine-learning model.

Model Logistic Regression Random Forest XGBoost
Accuracy 0.65 0.72 0.82
Precision 0.60 0.76 0.83

Recall 0.51 0.81 0.92

F1 score 0.53 0.79 0.87
AUC score 0.56 0.76 0.90
ROC curve

6.2. Interpretation of the Machine-Learning Model
6.2.1. Analysis of the Street Environment Characteristics That Affect Pedestrian Satisfaction

The results of the SHAP analysis are shown in Figure 14 and Table 4. The x-axis of
the SHAP value plot indicates the importance of each variable as calculated by its Shapley
value, such that the greater the absolute value, the greater the degree of contribution to the
prediction [55]. In Figure 13, a red bar indicates a positive effect (+) on walking satisfaction,
and a blue bar indicates a negative effect (—) on walking satisfaction.

The SHAP value plot ranks the importance of the entire data set to the performance
of the machine-learning model. However, it does not show how each variable affects the
model performance, so we use the SHAP summary plot to express that information in
terms of direction and size. The SHAP summary plot is arranged in descending order of
Shapley values, similar to the SHAP value plot. Based on the 0.0 in the plot, the right side
contributes positively, and the left side contributes negatively to the model performance.
In addition, red indicates high feature value, and blue indicates low feature value. For the
dummy variables, 1 (yes) is represented in red, and 0 (no) is represented in blue. Each
point constituting the plot represents the response of one person. When several points are
placed in the same place on the x-axis, they appear densely stacked. Longtails of individual
dots gathered to the right or left indicate that extreme measurements can be important to a
particular individual [54,55].

In summary, the SHAP value plot ranks the impact that each variable has on the
performance of the model and whether its effects are approximately positive or negative.
The SHAP summary plot shows how and which values specifically affect each variable in
terms of direction and size. Because our focus is to determine the physical characteristics
of a satisfying walking environment, we analyzed the SHAP summary plot to find the
positive Shapley values, which are on the right side of the plot.

Our analysis showed that all the visual features (the urban design qualities and the area
ratios) significantly affected the model’s predictive performance more than any physical
features. Among the visual features, the proportions of the road and street furniture,
enclosure, complexity, and openness had a negative effect on walking satisfaction, whereas
the proportions of the sidewalk, buildings, and greenery had a positive effect. For a better
understanding of the results, we attached the example image of the street with the high or
low pedestrian satisfaction score in Figure 15.
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Figure 14. Result of SHAP analysis: (a) SHAP value plot; (b) SHAP summary plot.



Sustainability 2022, 14, 5730 15 of 21
Table 4. Shapley values for each of the top 20 values.

. SHAP . SHAP
Variable Value Variable Value
The proportion of the road 0.1551 Semi industrial area 0.0493
The proportion of the sidewalk 0.1475 Class II residential area 0.0409
The proportion of the street furniture 0.1412 Purpose of passage 0.0356
Enclosure 0.1399 Purpose of commute 0.0316
Complexity 0.1311 Visit every day 0.0315
Greenery 0.1252 Pedestrian-only road 0.0276
Proportion of buildings 0.1157 Slope 0.0266
Openness 0.0949 Crosswalk 0.0247
Width of the sidewalk 0.0792 Student 0.0236
The number of lanes 0.0636 Visit 3-5 times a week 0.0255

M Building 40.4%
V" Greenery 24.11%
M Road 14.68%
¥ Sky 9.93%
Sidewalk 8.27%
W Car 143%
P Street Furniture 0.92%

M Building 84.54%

W Sky 6.49%

W Road 4.66%

W Car 3.76%

M Street Furniture 0.4%

(b)

Figure 15. Results of visual analysis: (a) Example image with a high walking satisfaction score (4.05);

(b) Example image with a poor walking satisfaction score (1.35).

In the proportion of the road, the red dots dominantly appear on the left side of the
SHAP value plot, indicating that a wide road negatively affects walking satisfaction. On the
contrary, for the proportion of sidewalks, the red dots dominantly appear on the right side
of the plot and create a long tail, indicating that a large sidewalk area has a very positive
effect on pedestrian satisfaction. For complexity and openness, the high and low values are
mixed, but they seem to have a negative effect overall.

For feature importance, the physical elements immediately following the visual el-
ements are the width of the sidewalk and the number of lanes, with a high width of the
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sidewalk and a small number of lanes positively affecting walking satisfaction. In the
land-use variables, the rankings of semi-industrial areas and class II residential areas were
relatively high and negatively affected walking satisfaction. People particularly disliked
walking in semi-industrial areas. In addition, it can be seen a satisfying walking environ-
ment should have crosswalks and no slope. Among the road types, pedestrian-only lanes
appear to positively affect walking satisfaction, and mixed-use lanes and car-only lanes do
not seem to have much influence on the predictive power of the model.

The most important individual characteristic variables were, in order, the purpose
of the passage, the purpose of commute, daily visitor, and 3-5 times a week visitor. The
purpose of passage positively affected walking satisfaction, whereas the purpose of com-
mute, daily visitor, and 3-5 times a week visitor negatively affected walking satisfaction.
Excluding the two types of visitors, individual characteristics seemed to have little effect on
the model’s performance. Among the pedestrian occupations, only the student was among
the top 20 factors that influence walking satisfaction.

6.2.2. Analysis of the Relationship between Walking Satisfaction and Visual Features

Because the previous analysis could not clearly reveal the detailed and nonlinear
relationships between street environment characteristics and walking satisfaction, we used
a SHAP dependence plot (Table 5) to investigate the effects of visual factors on walking
satisfaction. The SHAP dependence plot shows the interaction effect of each variable. The
x-axis represents the numerical value of the variable, and the y-axis represents the Shapley
value. In addition, because negative numbers indicate dissatisfaction with the walking
environment, and positive numbers indicate satisfaction with the walking environment,
the value of the street environment factor for a satisfying walking environment can be
calculated. The vertically wide distribution of Shapley values for each value in the plot
indicates that walking satisfaction varies from person to person [55].

Table 5. SHAP dependence plot.
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In this analysis, most of the visual features showed a nonlinear relationship with
walking satisfaction. In the proportion of the road, the Shapley values mostly have pos-
itive values below 16%, but when those values are exceeded, they have negative values,
indicating that a wide road negatively affects walking satisfaction.
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The Shapley values for the proportion of the sidewalk showed a positive correla-
tion with walking satisfaction overall. In addition, on streets where the proportion of
the sidewalk was 7% or more, almost all respondents were satisfied with the walking
environment. This indicates that a wide sidewalk is necessary to create a highly satisfying
walking environment.

The Shapley values for the proportion of street furniture are mostly positive, and they
have a positive effect on walking satisfaction. However, if the area ratio is more than about
0.02 and less than 0.06, the Shapley values are negative, indicating that pedestrians do not
prefer that proportion. When the proportion of street furniture was 10% or more and was
close to the maximum in the input data, the highest satisfaction was shown.

Enclosure showed a negative correlation until about 0.4 and then showed a positive
correlation thereafter. In addition, all Shapley values with more than 70% enclosure were
positive, indicating that they positively affected walking satisfaction. The enclosure is the
sum of vertical elements that make up the streetscape, so people prefer streets with many
things to see.

For complexity, values below 1.4 had mostly positive Shapley values, and values
above 1.4 show a mixture of positive and negative Shapley values. Therefore, people feel
unsatisfied on streets where the complexity is too high. However, with complexity values
above 1.5, the points on the plot appear vertically with both positive and negative numbers.
Thus, even in streets with the same complexity, satisfaction and dissatisfaction with the
walking environment vary from person to person.

Greenery showed a positive correlation overall, indicating that walking satisfaction
increases as more greenery is visible. Streets without any greenery had a very negative
effect on walking satisfaction. Particularly because most of the negative Shapley values are
from streets with less than 1% greenery, it is clear that green space must be present for a
street to satisfy pedestrians.

The proportion of buildings had the lowest Shapley values when no buildings were
visible in the street image. Furthermore, most Shapley values were positive, so it had a
positive effect on walking satisfaction. However, at about 90%, which is the maximum in
the input data, the Shapley values fell from —0.3 to —0.5. Thus, pedestrians do not prefer
streets with no buildings or with buildings that occupy about 90% of the visual landscape.

Similar to complexity, openness showed a pattern in which vertically long Shapley
values appear at the same values, indicating that the satisfaction felt at the same openness
varied from person to person. In particular, when the area of the sky was less than about
0.15, walking satisfaction varied widely by person. With about 0.35 or more openness, all
Shapley values became negative. Compared with other values, openness had very low
Shapley values, so when pedestrians saw too much sky, walking satisfaction was quite low.
Due to the extremely low Shapley values in this section, it can be presumed that in the
previous SHAP value plot, openness was expressed as a blue bar that negatively affects
walking satisfaction. However, at values between 0.15 and 0.33, most Shapley values were
positive, indicating that people do not prefer too much or too little sky; they prefer streets
with a moderate amount of sky. In other words, as previously stated, people prefer streets
with suitable sights.

7. Discussion

In this study, we used a machine-learning model and an XAI technique to investigate
which physical characteristics of the streetscape influence walking satisfaction. We found
that the importance of all the visual features (the urban design quality factors and the area
ratios of the street environment) were more important than any of the physical features.
Therefore, pedestrians are greatly influenced by visual input when they feel satisfaction
while walking on the street.

In particular, the proportions of the road, sidewalk, and street furniture had the
greatest influence on model performance, followed by enclosure, complexity, greenery,
the proportion of buildings, and openness. Among the physical features, the width of the
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sidewalk had the largest positive effect, followed by the number of lanes, semi-industrial
area, and Class II residential area, which all negatively affected the model performance.
After that, the personal characteristics of the purpose of the passage, commute, and daily
visitor followed in importance. Among them, the purpose of commute and daily visitors
negatively affected walking satisfaction, and the purpose of passage had a positive effect.

In the SHAP rankings for their degree of impact on the performance of the machine-
learning model, the proportions of road, sidewalk, and street furniture were the most
important. In other words, the biggest influence on the satisfaction of pedestrians is the
floor surface of the streetscape, which is directly related to walking [34].

The streetscape is defined and formed by vertical elements that obstruct people’s
gaze [14], and a proper ratio of vertical and horizontal elements provides a comfortable
feeling for pedestrians [49]. The fact that enclosure and complexity appeared immediately
after the floor surface indicates that the vertical elements and visual diversity of the
landscape are important for walking satisfaction.

Most of the visual elements in the streetscape had a nonlinear relationship with
walking satisfaction. People generally preferred streets with a low proportion of road,
and the walking satisfaction score rose with the proportion of sidewalks. In other words,
to create a satisfying walking environment, wider sidewalks are better. The fact that
a low road area and high sidewalk area both positively affected walking satisfaction
indicates that a large number of vehicles on the road increases the difficulty of creating
a comfortable walking environment [56]. In addition, people preferred pedestrian-only
streets, so road-oriented urban planning should be avoided, and safe and comfortable
walking environments should be created instead.

For the proportion of the street furniture, once it exists, most of the Shapley values
were positive, indicating that the presence of street facilities positively affects pedestrian
satisfaction, but streets with a street furniture area ratio of 3 to 5% were not preferred.

For the enclosure, it had a negative effect on walking satisfaction, but the streets with
an enclosure of 0.7 or higher were found to be satisfactory for walking.

In terms of complexity and openness, satisfaction and dissatisfaction tended to vary
widely from person to person at the same street points. In general, people felt dissatisfied
in streets with a complexity of 1.5 or higher, and overall, low complexity had a positive
effect on walking satisfaction. In addition, people do not prefer streets where they can see
too much or too little sky, with most pedestrians reporting satisfaction on streets with a
middle value of openness. Therefore, people prefer streets with a moderate number of
things to see.

The percentage of green space was a major factor in improving satisfaction with the
pedestrian environment. Greenery is the most effective factor in improving the quality of the
street environment [50], with a larger area of green space correlating with better aesthetics
in the landscape. The green area ratio showed a positive correlation with satisfaction as a
whole, but negative Shapley values were found when the green area ratio was less than
about 1%. Thus, any amount of green space positively affects walking satisfaction, with
walking satisfaction increasing along with the percentage of green space.

For the proportion of buildings, the most negative effect was seen when buildings were
completely missing from the view. In general, a higher area ratio of buildings correlated
with a positive influence on walking satisfaction, but the maximum area ratio in the input
data, 90%, had a negative effect. The fact that most high building area ratios positively
affected pedestrian satisfaction is consistent with the results of a previous study showing
that the amount of walking increased as the number of buildings and the building coverage
ratio increased [33].

Looking at the results of our study, it is clear that when dealing with the streetscape and
pedestrian environments, not only the physical features that constitute the streetscape but
also the visual features should be considered. To create a satisfying walking environment, it
is necessary to have a low ratio of road, enclosure, and lanes. Moreover, a large amount of
greenery, proportion of buildings, and width of the sidewalk are needed. For the proportion
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of street furniture, complexity, and openness, it is necessary to estimate the value that shows
optimal walking satisfaction. Pedestrians did not prefer walking in semi-industrial areas or
class Il residential areas. Among the types of road, pedestrians preferred pedestrian-only
lanes and streets with no slope and a crosswalk. Among the personal characteristics, the
walking satisfaction of pedestrians who visited each day as part of their commute was
negative, whereas the purpose of passage affected walking satisfaction positively.

8. Conclusions

This study measured the constituent elements of the streetscape from the viewpoint of
visual cognitive characteristics and examined their relationships with walking satisfaction.
In the process, visual data were constructed using computer vision techniques. Then, we
used machine-learning prediction models and the SHAP algorithm, an XAI technique, to
analyze the complex interactions among the variables with nonlinear relationships.

We found that all the visual features in the streetscape (the urban design quality factors
and area ratios of the street environmental factors) had greater effects on the machine-
learning model performance than any of the physical features. Thus, for pedestrians to feel
satisfied with their walking environment, the composition of the visible elements is more
important than the physical elements on the street. To build a street for optimal pedestrian
satisfaction, it is necessary to view the street environment as an overall image and manage
the composition ratio of each element.

This study has shown the potential for using computer vision techniques in urban
design. In particular, the results of this study suggest that a satisfying pedestrian environ-
ment can be created by designing the streetscape. Therefore, the urban design could be
used to improve pedestrian environments, and our results can be used as basic data to
improve the quality of street landscapes.

However, this study has several limitations. First, because the street view image is a
360° panoramic image taken by the vehicle in the middle of the lane, so the viewpoints of
the pedestrian and the street view image do not match. Second, due to the characteristics
of the 360° panoramic image, distortion occurs, and the area could be measured lower than
the actual ratio. Nevertheless, the fact that the proportion of the sidewalk has the second
greatest influence on pedestrian satisfaction means that the sidewalk is just as important.
Third, we borrowed some of the models from Ewing and Handy [14] but failed to use
all of the urban design quality elements they claimed. Therefore, as further research, it
is necessary to examine which factors of the streetscapes affect pedestrian satisfaction by
individual characteristics and to find the various ways to create a pedestrian environment
with high satisfaction.
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