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Abstract

Walking is a fundamental mode of urban mobility that promotes physical and mental well-being, mitigates environmental
issues, and enhances community livability. As research increasingly emphasizes not only the physical but also the percep-
tual dimensions of walkability, understanding how pedestrians cognitively evaluate their surroundings has become a criti-
cal challenge. This study proposes a GeoAl-based framework for modeling and explaining perceived walkability in urban
environments using street view imagery (SVI) and explainable Al techniques. A perceptual dataset derived from 171,118
pairwise comparisons was used to train the RSS-Swin model, enabling continuous estimation of walkability scores that
reflect nuanced human judgments. Urban visual features were extracted from SVIs through semantic segmentation with
SegFormer-BS5, incorporating both object-level components and image brightness (HSV_V). To enhance interpretability,
AutoML-based optimization and SHAP analysis were employed to identify and explain the key urban form features
influencing perceived walkability. The proposed framework not only achieves high predictive accuracy but also provides
transparent insights into the visual and environmental factors shaping pedestrian perception, offering practical implications
for data-informed urban design and policy.

Keywords Perceived walkability - Street view imagery - Explainable Al - AutoML - SHAP (SHapley additive
exPlanations) - Semantic segmentation - RSS-Swin

1 Introduction walkability, governments and local authorities across the

globe are increasingly incorporating pedestrian infrastruc-

Walking is the most fundamental mode of transportation
and is closely tied to the daily lives of urban residents.
Numerous studies highlighting the benefits of walking have
demonstrated that walking activities promote both physical
and mental health, help address traffic and environmental
issues, and contribute to revitalizing local economies and
strengthening community bonds among residents [1-3]. As
the significance of walking has grown, the pedestrian envi-
ronment is now recognized as a core component of the built
environment in contemporary urban planning. To promote
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ture into urban planning agendas and mandating systematic
assessments of walkability conditions.

Alongside this emphasis on the physical pedestrian envi-
ronment, there is a growing interest in how pedestrians per-
ceive and cognitively evaluate their surroundings. The study
by Cao et al. (2006) suggests that cognitive perceptions may
have a more direct impact on the actual usability of urban
spaces and citizens’ activities than physical conditions
alone [4]. Accordingly, in walkability research, increas-
ing attention has been paid to subjective, perception-based
assessments—so-called cognitive evaluations. In line with
this trend, a number of studies have sought to qualitatively
assess walkability and to identify the urban built environ-
ment factors that influence such evaluations.

Recently, the application of street view images (SVI) and
deep learning-based Al technologies has emerged as a prom-
ising approach for qualitative assessments of urban envi-
ronments. With improved access to platforms like Google
Street View and rapid advancements in deep learning for
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image analysis, new methodologies have been developed to
conduct large-scale qualitative evaluations of urban areas
[5-8]. SVIs, in particular, are highly suitable for this pur-
pose because they offer a perspective that closely mimics
the pedestrian’s point of view, making them especially valu-
able for capturing the experiential qualities of the walk-
ing environment [9, 10]. Compared to traditional methods
such as on-site surveys or questionnaires, the use of SVIs
and deep learning allows for more cost- and time-efficient
analyses, as well as finer-grained spatial assessments across
entire urban areas.

To make cognitive evaluations of walkability useful for
practical urban planning, it is not sufficient to merely pres-
ent assessment scores; it is also necessary to identify which
specific urban features contribute to those evaluations. This
is particularly critical when deep learning models are used,
as their black-box nature often limits interpretability. A sin-
gle deep learning model alone may not provide sufficient
insight into the factors driving evaluation scores, posing
challenges for real-world applications in planning contexts.
As a result, recent studies have begun to analyze the factors
influencing such cognitive evaluations of pedestrian envi-
ronments. These studies have employed computer vision
techniques such as image classification, semantic segmen-
tation, and object detection to quantify visual elements in
SVIs, and have used machine learning models to explain
how these elements influence perception-based scores [11—
13]. However, this line of research is still in its early stages.

In addition, recent advances in machine learning have
introduced the use of Automated Machine Learning
(AutoML) techniques. AutoML automates the iterative
processes involved in model development—such as model
selection and hyperparameter tuning—based on dataset
characteristics. While AutoML has been actively adopted
for efficient and accurate model construction in various
fields, it has yet to be applied to analyze the determinants of
cognitive evaluations in pedestrian environments. Such an
application is both necessary and timely.

Unlike previous studies, this research offers three key
contributions to the growing field of GeoAl-based walk-
ability analysis. First, while earlier approaches often relied
solely on subjective surveys or opaque deep learning mod-
els, this study integrates a large perceptual dataset derived
from 171,118 pairwise comparisons with an interpretable
prediction model based on RSS-Swin. This enables the
estimation of continuous walkability scores that reflect
nuanced human judgments, overcoming the limitations of
discrete classification and black-box predictions. Second,
semantic segmentation using SegFormer-B5 is employed
to extract fine-grained urban form features from street view
images, incorporating both object-level visual elements and
image brightness (HSV_V). Unlike previous studies that
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used coarse indicators such as greenery presence or road
width, this approach provides a more detailed representa-
tion of the built environment’s compositional influence on
perceived walkability. Third, by integrating Explainable Al
techniques—specifically AutoML-based optimization and
SHAP interpretation—the framework not only achieves
high predictive accuracy but also offers transparent explana-
tions of how visual and environmental features shape pedes-
trian perception. This dual emphasis on performance and
interpretability provides practical insights for data-driven
and human-centered urban design.

The remainder of this paper is organized as follows. Sec-
tion 2 describes the study area and data. Section 3 outlines
the methodology, including model development and feature
extraction. Section 4 presents the results and key findings.
Section 5 concludes with implications and future directions.

2 Related work

2.1 Qualitative evaluation of pedestrian
environments using SVIs and deep learning

With the increased accessibility of SVI and rapid advance-
ments in deep learning technologies, numerous studies have
been conducted to assess perceived urban environments
using these tools. Two major methodological approaches
have emerged in studies that use SVIs to conduct percep-
tion-based assessments of pedestrian environments. The
first involves assigning absolute Likert-scale scores to indi-
vidual images based on perceived attributes such as safety,
attractiveness, or comfort [13—16]. To ensure consistency in
scoring, participants are often trained in advance or experts
are recruited for evaluation. However, this approach can
lead to additional costs and may face challenges in collect-
ing a sufficiently large volume of labeled data.

Alternatively, a growing body of research has adopted
pairwise comparison methods [7, 17]. In this approach,
participants are shown two randomly selected images and
asked to choose the one that better represents a given per-
ceptual attribute. This relative comparison method has been
found to be more efficient and reliable than assigning abso-
lute scores to individual images [18, 19], and is increasingly
being applied in recent studies.

A prominent example of a dataset based on pairwise
comparison for urban perception is Place Pulse [8], which
includes SVIs from New York, Boston, and the Austrian
cities of Linz and Salzburg, evaluated for attributes such
as safety, uniqueness, and affluence. Dubey et al. (2016)
expanded the dataset to include six perceptual attributes and
a broader set of cities, resulting in the Place Pulse 2.0 dataset
[5]. They proposed the Ranking Street Score-Convolutional
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Neural Network (RSS-CNN), a deep learning model trained
on pairwise comparisons. Since the release of this dataset
and model, numerous follow-up studies have built upon
Dubey et al.‘s methodology to assess the cognitive percep-
tion of urban environments [20-23]. In the context of walk-
ability, Kang et al. (2023) developed a pairwise comparison
dataset specific to perceived pedestrian environments and
introduced the Global Patch RSS-CNN model, which cap-
tures both global and localized visual features of the image
[7].

These methodological advancements have opened new
directions in the qualitative evaluation of urban environ-
ments. They help overcome the cost and time limitations
of traditional field surveys and questionnaires, and enable
detailed spatial analysis across large urban areas. However,
due to the complexity of deep learning models, it remains
difficult to interpret how specific visual or structural fea-
tures influence the resulting evaluations. Therefore, comple-
mentary studies are needed to explain the key factors that
shape these perception-based assessments.

2.2 Identifying the influencing factors of perceived
pedestrian environments

To enhance the practical utility of perceived walkability
assessments, several studies have examined the relationship
between perceptual scores and physical streetscape features.
These studies typically apply regression models—often
based on machine learning—to explore how visual features
extracted from SVIs contribute to qualitative assessment
results.

Joglekar et al. (2020), for example, analyzed the ele-
ments associated with streetscapes perceived as beautiful by
pedestrians [20]. Using PlaceNet for image classification,
they categorized the images into four types: Architectural,
Walkable, Landmark, and Natural. Their findings showed
that scenes perceived as beautiful were most often associ-
ated with the “Walkable” category.

Other studies have focused more specifically on walk-
ability. Nagata et al. (2020) collected walkability scores for
Google Street View (GSV) images from individuals aged
65 and older, and applied multiple regression analysis using
semantic segmentation results [11]. The analysis yielded
an R? value of 0.51 and revealed that vegetation near roads
positively influenced walkability perception, while visible
sky had a negative impact. Lee et al. (2022) employed pair-
wise comparison datasets and walkability scores generated
by the Global Patch RSS-CNN model. They used semantic
segmentation results to identify influencing features, apply-
ing eight machine learning models, including multiple lin-
ear regression, random forest, and XGBoost. Support vector
regression achieved the highest performance with an R? of

0.61 [12]. Their findings showed that roads and sidewalks
were associated with positive walkability perceptions, while
sky views were negatively associated. More recently, Huang
et al. (2024) used SVIs and virtual reality (VR) technologies
to evaluate four dimensions of walkability—usefulness,
safety, comfort, and attractiveness—and performed regres-
sion analysis using physical features derived from semantic
segmentation [13]. Their models yielded R? values ranging
from 0.45 to 0.57, and the study found that wide pedestrian
spaces, abundant greenery, and iconic landmarks posi-
tively contributed to perceived walkability. Despite these
advancements, further research is needed to more compre-
hensively understand how built environment elements affect
perceived pedestrian environments.

2.3 Applications of automl techniques

In studies that aim to interpret the results of deep learn-
ing-based qualitative assessments of urban environments,
machine learning algorithms are frequently employed to
explain which features influence model outputs. These
studies typically involve selecting a suitable algorithm and
manually tuning its hyperparameters to optimize perfor-
mance—an essential but time-consuming step that often
depends heavily on the researcher’s expertise. Moreover,
such manual approaches may fall short in capturing com-
plex patterns or nonlinear relationships inherent in the data.

To address these limitations, recent studies have adopted
AutoML techniques. AutoML streamlines the model devel-
opment pipeline by automating processes such as data
preprocessing, feature selection and extraction, model
selection, and hyperparameter tuning. It systematizes these
tasks into functions that can efficiently produce optimized
models through iterative search and evaluation [24].

AutoML has been applied across a variety of tasks,
including classification, time-series forecasting, and cluster-
ing. It is also gaining traction in regression tasks relevant to
this study’s goals. For instance, Nam et al. (2020) used H20
AutoML to identify terrain and geological factors associated
with landslides [25], while Zhong et al. (2024) employed
AutoGluon to model urban surface radiation temperatures
[26]. Xue et al. (2024) utilized PyCaret to develop regres-
sion models for identifying factors influencing bicycle
safety [27].

These studies demonstrate that AutoML can facilitate
efficient, high-performance model development across
multiple domains. As more powerful and flexible AutoML
libraries become available, their potential for broader appli-
cations continues to grow. However, despite its advantages,
AutoML has yet to be widely used in studies analyzing fac-
tors that influence deep learning—based assessments of urban
environments. Thus, there is a clear need for research that
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introduces an AutoML-driven methodology for explaining
perceptual evaluations derived from SVI and deep learning
models.

3 Methodology

The overall research framework is illustrated in Fig. 1. First,
SVIs were crawled for the study area of Anyang, South
Korea. Second, a pairwise comparison training dataset was
constructed to predict perceived walkability scores. Third,
the pairwise comparison data and corresponding SVIs were
fed into a deep learning model to estimate perceived walk-
ability scores. Fourth, semantic segmentation was applied
to the SVIs to extract the proportion of visual elements
representing the built environment. Fifth, using AutoML,
a machine learning model was trained using the perceived
walkability scores as the dependent variable and the pro-
portions of segmented objects as independent variables.
Finally, an analysis was conducted to identify the key built
environment features influencing perceived walkability and
to draw practical implications.

3.1 Study area and data collection

This study focuses on the city of Anyang, South Korea.
Anyang is characterized by a mix of an old urban core
centered around Anyang Station and a newer development
area in Pyeongchon, part of the metropolitan new town ini-
tiative. The city is also actively implementing pedestrian
infrastructure improvement and urban renewal projects
[28, 29]. To collect the necessary SVIs for analysis, road
network data based on the road name address system—pro-
vided by the Ministry of the Interior and Safety—was used
to determine sampling locations [30]. SVI collection points
were extracted at 30-meter intervals along road centerlines,
and at each point, four directional SVIs—front, back, left,
and right—were retrieved from the closest image location
within a 50-meter radius.

To ensure that the visual assessment of the urban land-
scape reflects a wide range of spatial characteristics, addi-
tional SVIs were collected from Yeongdeungpo District in
Seoul, which contains well-defined land uses such as com-
mercial and industrial zones. A total of 45,420 SVIs were
collected from 11,355 locations in Anyang, while 41,648

Fig. 1 Overall research framework

=  Generate geographic coordinates along the road network in 30m intervals
=  Crawing SVIs at each point in four directions: front, right, back, and left
= # of data collection points : 10,786, # of SVIs : 43,144

1. Collecting SVIs

v

2. Generate pairwise comparison training dataset
= Using 30% of collected SVIs
= Perform a web-based survey (Nov.6 ~ Nov.27.2023)
=  # of response data: 174,118

v

3. Predict perceived walkability scores
= Model architecture: RSS-Swin
= Train the model, apply the trained model to Anyang SVIs
=  Calculate the perceived walkability score of each SVI

4. Sementic segmentation of SVIs
Semantic segmentation model : Segformer-B5
=  Training dataset :ADE20k (150 classes)
=  Preprocessing of segmentaion results : reduce to 25 classes

v

5. Analysis of influencing factors with AutoML
=  Dependent variable : perceived walkability score
= Independent variables: object ratio, image brightness
=  Type of AutoML : AutoGluon library

v

= SHAP value

6. Interpretation of factors influencing perceived walkability

=  SHAP dependence plot
=  LOWESS (Locally Weighted Scatterplot Smoothing)
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Table 1 Summary of data

Data AnYang Yeongdeungpo-gu total
Sample points 11,355 10,412 21,767
Number of SVIs 45,420 41,648 87,068
Number of stratified 3,107 2,371 5,478
points for training

Number of SVIs for 12,428 9,484 21,912
training

Final number of SVIs for 11,846 9,040 20,886

pairwise comparison

images were gathered from 10,412 locations in Yeong-
deungpo, resulting in a combined dataset of 87,068 SVIs.

3.2 Cognitive evaluation scores for pedestrian
environments

3.2.1 Training dataset construction

To train a deep learning model capable of predicting per-
ceived walkability score, a training dataset comprising SVIs
and corresponding human evaluation labels is required.
The training dataset was constructed using 30% of the total
collected SVIs. Sampling locations for training data were
selected using stratified sampling, excluding highways, and
accounting for road types (boulevard, street, alley) and land
use categories (industrial areas, commercial/business zones,
high-rise residential areas, low-rise residential areas, and
others).

From Anyang, 12,428 SVIs were selected from 3107
locations, while 9484 images were chosen from 2371 loca-
tions in Yeongdeungpo District. After excluding images that
were blurred or distorted, a total of 20,886 SVIs were final-
ized for use in the training dataset (Table 1).

While preferences can be measured using absolute scor-
ing methods—where participants assign numeric ratings
to individual SVIs—collecting responses through pairwise
comparisons has been shown to be a more efficient and

Street View Images based

Walkability Survey

Fig. 2 Survey website: a landing page, b response screen

accurate approach [18, 19]. In this study, we adopted a rela-
tive comparison method, in which participants were shown
two images at a time and asked to select the one they per-
ceived as more walkable.

To facilitate this process, a web-based survey platform
was developed, allowing participants to evaluate image
pairs online (Fig. 2). For ethical compliance and protection
of participants’ personal information, the study received
Institutional Review Board (IRB) approval from Ewha
Womans University (October 17, 2023). Participants were
recruited with consideration for age and gender diversity:
25 participants in their 205, 20 in their 3040 s, and 20 aged
50 or older, resulting in a total of 65 evaluators.

To ensure response reliability, each participant was
presented with five control questions within each set of
50 questions, which included pairs of images with clearly
distinguishable walkability levels. These served as atten-
tion checks to detect careless or malicious responses and
maintain data quality. Additionally, the question set was
algorithmically structured to achieve statistical stability in
preference scores even with a limited number of compari-
sons, minimizing variance caused by respondent heteroge-
neity [31]. The survey was conducted from November 6 to
November 27, 2023. After excluding responses labeled as
“equal walkability (=),” a total of 174,118 valid pairwise
comparison responses were collected. On average, each
image was compared more than 16 times across partici-
pants, which we consider sufficient to ensure stable estima-
tion of walkability scores during model training.

3.2.2 Deep learning model training and prediction of
cognitive pedestrian environment scores

The use of pairwise comparison data for cognitively evaluat-
ing the built environment has been widely facilitated by the
release of the Place Pulse 2.0 dataset and the accompany-
ing RSS-CNN model [5]. RSS-CNN consists of a Siamese

Which is better for walk ?

-New task

-My page
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network—which learns the similarities and differences
between two input images by jointly updating the weights
of two identical neural networks [32]—and RankNet, which
learns a ranking function based on pairwise comparisons
[33].

Building on this, Kang et al. (2023) proposed the Global
Patch RSS-CNN model, which improved upon the original
RSS-CNN by incorporating both global and local visual fea-
tures through the use of image patches [7]. Both models are
convolutional neural networks (CNNs) that use VGG16 as
their backbone. More recently, Kim et al. (2025) introduced
the RSS-Swin model, which replaces the CNN backbone
with a transformer-based architecture. This model extends
the self-attention mechanism through local and shifted win-
dows, enabling it to simultaneously capture local and global
features. Its hierarchical structure has demonstrated strong
performance even with high-resolution images [34].

Accordingly, the present study adopted the RSS-Swin
model for perceived walkability score prediction. The
architecture of the RSS-Swin model used in this study is
illustrated in Fig. 3. It is composed of a Siamese network
and RankNet framework, with the Swin Transformer serv-
ing as the backbone for image feature extraction. The model
consists of two main components: a feature block that
learns image representations and a score block that predicts
pairwise preference scores using the RankNet al.gorithm.
Model training was conducted on Amazon Web Services
(AWS) using a g4dn.12xlarge instance with the follow-
ing specifications: Ubuntu 18.04 OS, PyTorch 1.13.1, four
NVIDIA T4 GPUs, 48 vCPUs, and a 900 GB NVMe SSD.
The trained RSS-Swin model achieved a classification accu-
racy of 79.71%, an improvement over the 76.77% accuracy
obtained using the Global Patch RSS-CNN model trained
on the same dataset [35].

Using the trained RSS-Swin model, perceived walkabil-
ity scores were predicted for 43,144 SVIs in Anyang City
corresponding to boulevard, street and alley. The scores
ranged from —5.67 to 2.92, with a mean of —.33 and a

~ feature block

{
o]
Swin 3T
Transformer RS
3

»20|q 2103s

sso| bupjuey

ajeualeduo)
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i 1
; Swin
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Fig. 3 RSS-Swin model architecture [34]
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standard deviation of approximately 1.36. A spatial visual-
ization of the predicted scores is presented in Fig. 4. For
each location, the final score was calculated as the average
of the walkability scores assigned to the four directional
SVIs (front, back, left, and right).

3.3 Feature extraction from SVI

To analyze the influence of urban built environment
characteristics on perceived walkability, visual features
were extracted from SVIs, specifically the proportion of
streetscape objects and overall image brightness. These
features were used as independent variables in subsequent
analyses.

To identify and quantify the presence of various object
classes within the SVIs, semantic segmentation techniques
were employed. Semantic segmentation of SVI typically
utilizes datasets such as Cityscapes [36] and ADE20K [37].
The Cityscapes dataset includes 30 object classes commonly
found in urban street scenes, whereas the ADE20K dataset
encompasses 150 object categories across both indoor and
outdoor environments. Given this study’s focus on outdoor
objects such as vehicles, buildings, and natural elements, the
ADE20K dataset was considered more appropriate due to
its broader and more detailed classification of outdoor scene
elements. Therefore, a semantic segmentation model trained
on the ADE20K dataset was adopted for feature extraction.

For semantic segmentation, the SegFormer-BS model
[38] was selected. SegFormer integrates a transformer-
based encoder with a lightweight decoder, delivering high
performance in image segmentation tasks. Its encoder
architecture, known as the Mix Transformer, combines the
patch-based structure of the Vision Transformer [39] with
the hierarchical representation of CNN, thereby enabling
more effective image learning through a broader effective
receptive field compared to traditional CNN-based models.

In addition, SegFormer uses a simple multi-layer per-
ceptron as its decoder, significantly reducing computational
complexity while maintaining strong segmentation perfor-
mance. Among models trained on the ADE20K dataset,
SegFormer-B5 demonstrated a favorable trade-off between
model size and performance, achieving higher mean Inter-
section over Union (mloU) scores than other widely used
models such as DeepLabV3, Swin Transformer, and SETR.
Specifically, SegFormer-B5 achieved an mloU of 51.8,
surpassing DeepLabV3 (44.1) and SETR (50.2) on the
ADE20K dataset.

Furthermore, we compared the segmentation results of
SegFormer-B5 and DeepLabV3 using SVIs from Anyang.
As shown in Fig. 5, SegFormer-B5 yielded fewer segmenta-
tion errors, confirming its superiority for this application.
Based on these findings, SegFormer-B5 was adopted in this



Modeling and explaining perceived walkability in urban environments using street view images and...

Page 7 of 16 57

Fig. 4 Visualization of perceived
walkability score at street level
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study to accurately extract a diverse range of visual ele-
ments from SVIs.

Among the semantic segmentation results, it was nec-
essary to exclude indoor object classes included in the
ADE20K dataset, as well as elements not commonly
observed in Korean streetscapes. To this end, any class for
which over 90% of its pixel proportions across all images
were zero was excluded from further analysis. As a result,
24 object classes were retained for use in the study.

To improve the accuracy of the regression model and
prevent misinterpretation of results, multicollinearity
among independent variables was examined using the Vari-
ance Inflation Factor (VIF). VIF quantifies how much the
variance of a regression coefficient is inflated due to lin-
ear dependence among predictors. In general, a VIF value
exceeding 5 is considered indicative of problematic multi-
collinearity in explanatory models. The VIF for the “road”
class was 5.4911, suggesting multicollinearity, while the
VIF for “sky” was also relatively high at 4.8398.

SVIs with a high proportion of road pixels typically cor-
respond to wide roads such as boulevards, whereas those
with a low proportion often depict narrow alleys. Thus,

road area can be interpreted as a proxy for the openness of
the streetscape. Similarly, the presence of sky is also com-
monly associated with perceived openness. Given that both
object classes are conceptually linked to spatial openness,
we merged them into a single composite variable labeled
“openness” to address the multicollinearity issue. Following
this adjustment, the VIFs were recalculated for the revised
set of 23 object classes, confirming that all variables had
VIF values below 3, indicating that multicollinearity was no
longer a concern (Table 2).

In addition to the object proportions derived through
semantic segmentation, image brightness was also consid-
ered as a potential influencing factor in the qualitative eval-
uation of SVIs. Brightness is a visually perceptible element
that can be extracted directly from images and may vary
significantly depending on contextual factors such as the
presence of tunnels or overpasses, degree of sky openness,
and the proportion of surrounding buildings or vegetation.
As such, it was deemed to have a direct impact on percep-
tual assessments.

To extract brightness values, various color spaces can
be utilized, including RGB (Red, Green, Blue), HSL (Hue,

@ Springer
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Fig. 5 Comparison of semantic SVis DeepLab v3 L —
segmentation results of Deep- g

LabV3 and SegFormer-B5 models
for SVIs
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Table 2 VIF for the adjusted 23 object classes

Object VIF

wall 1.067030
building 2451618
tree 2.105525
grass 1.084746
sidewalk 1.661604
person 1.079813
earth 1.175178
mountain 1.038811
plant 1.232642
car 1.782423
fence 1.147526
railing 1.061348
box 1.076479
signboard 1.209937
stairs 1.039463
truck 1.031700
awning 1.115233
streetlight 1.182298
pole 1.134262
trade name 1.135318
traffic light 1.044392
ashcan 1.066931
Openness (sky +road) 2.180890
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Saturation, Lightness), and HSV (Hue, Saturation, Value).
In this study, the V (value) channel of the HSV color
space—representing brightness—was used to quantify the
brightness of each image. Since images are typically stored
in the RGB color space, we employed the OpenCV library
to convert each image to HSV format and then extracted the
brightness values. These values are expressed as floating-
point numbers ranging from 0 to 255. Including this bright-
ness measure, a total of 24 independent variables were
ultimately used in the analysis.

3.4 Analysis of influencing factors using expainable
Al

Building upon the visual and brightness features extracted
from the SVIs in the previous section, this stage aimed to
identify how these factors influence perceived walkability.
To achieve both high predictive accuracy and transpar-
ent interpretation, an Explainable Al (XAI) approach was
adopted. Specifically, automated machine learning was first
applied to efficiently construct and optimize predictive mod-
els, followed by post-hoc interpretability analysis to uncover
the underlying relationships between visual variables and
perceptual outcomes. Specifically, AutoGluon, an open-
source AutoML framework developed by Amazon Web Ser-
vices, was adopted to automate model training, selection,
and hyperparameter tuning. The Tabular Predictor module
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was utilized to evaluate multiple algorithms—including
gradient boosting, random forests, and neural networks—
and to select the optimal model or ensemble that minimized
prediction error while avoiding overfitting. Internal k-fold
cross-validation (default=>5) was performed automatically
to ensure robust and unbiased evaluation.

The dependent and independent variables used in the
analysis are summarized in Table 3. A set of models was
generated to identify the factors affecting the dependent
variable, and the optimal model was selected through com-
parative evaluation. Model selection was based on the fol-
lowing performance metrics: Mean Absolute Error (MAE),
Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), and the Coefficient of Determination (R?).

MAE = w (1)
2
MSE = w )
2
RMSE = M 3)
n

Table 3 Descriptive statistics of variables

Category Name Min Max Mean SD

Dependent variables ~ walkability —7.04 3.85 -0.38 1.51

Independent variables wall 2.57 7.88 100 0
building 2647 2241 100 0
tree 12.62 15.01 100 0
grass 1.03  4.67 6623 0
sidewalk 397 577 4212 0
person 0.08 036 11.57 O
earth 1.19 492 7105 O
mountain 009 071 6735 0
plant 226 585 86.68 0
car 585 6.84 4301 O
fence 098 261 5848 0
railing 024 122 5454 0
box 009 062 2981 0
signboard 0.62 1.62 49.07 O
stairs 0.09 0.66 3500 0
truck 035 208 6524 0
awning 0.13 0.89 3457 0
streetlight 0.07 0.18 6.40 0
pole 029 095 18.16 O
trade name 0.09 053 1511 0
traffic light 0.05 031 11.77 0
ashcan 0.05 028 1042 0
sky+road  38.47 21.20 100 0
hsv_v 122.07 27.47 24847 543

_ 2
s (y:-— y)
R? =

> i (yi_ y) 2

y = actual value, Y= mean value, y = predicted value, n = # of data

“4)

To interpret the contribution of each variable to the model
output, the SHAP (SHapley Additive exPlanations) method
[40] was applied. Based on cooperative game theory and the
concept of Shapley values [41], SHAP quantifies how much
each feature contributes to an individual prediction. This
method provides a transparent, model-agnostic explanation
of the learned relationships, allowing the identification not
only of the most influential features but also of the direction
and nature of their effects on perceived walkability. Since
SHAP is typically applied to a single model rather than an
ensemble, the SHAP analysis was conducted using the best-
performing individual model identified in the AutoGluon
pipeline. The SHAP value ¢ i (f, x) for each independent
variable 1 with respect to an individual prediction f(x) is
computed as shown in Eq. (9):

|2 1M — || — 1)!

@,(f,1)=zz/gx/ Wl [fo (21) = fu (21 \ )] (5)

¢ ; SHAP value of independent variable 1.
f machine learning model.
a input data.

M total number of features (24).
z’ a binary vector indicating feature inclusion (z, =1
indicates that feature 7 is included).

4 Results and interpretation of influencing
factors

4.1 Model performance and key predictors of
perceived walkability

The results of the influencing factor analysis for perceived
walkability score, obtained through AutoGluon, are pre-
sented in Table 4. The best-performing model was the
ensemble model WeightedEnsemble L2, which integrates
five base learners available within AutoGluon: LightGB-
MXT, CatBoost, NeuralNetFastAl, NeuralNetTorch, and
LightGBMLarge. The model achieved the highest R? value
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Table 4 Comparison of model performance. Sorted in R? order

Model MAE MSE RMSE R?
WeightedEnsem- 0.500280  0.429150 0.655095 0.773672
ble L2

LightGBMXT 0.505384  0.437404 0.661365 0.769319
CatBoost 0.506172  0.437946 0.661775 0.769033
LightGBMLarge 0.508470  0.444374 0.66614 0.765643
LightGBM 0.512377  0.450767 0.671392 0.762271
XGBoost 0.520957  0.464233 0.681346 0.755170
RandomForestMSE  0.5295+08 0.487675 0.698337 0.742807
ExtraTreesMSE 0.531099  0.483972 0.695681 0.744760
NeuralNetFastAl 0.531769  0.483357 0.695239 0.745084
NeuralNEtTorch 0.545689  0.525290 0.724769 0.722969
KNeighborsDist 0.630076  0.691006 0.831268 0.635573
KNeighborsUnif 0.633655  0.697212 0.834992 0.632300

(0.7737), demonstrating strong explanatory power, and
showed a low RMSE (0.6551), corresponding to 36.8% of
the standard deviation, indicating small prediction errors
and stable performance.

Among the individual models, Light GBMXT showed the
strongest performance. LightGBMXT is an extended ver-
sion of LightGBM—a high-performance gradient boosting
decision tree model—that incorporates more diverse tree
structures and probabilistic feature sampling strategies.
These enhancements allow it to learn complex data patterns
effectively and improve generalization. The model achieved
an RMSE of 0.6614 and an R? of 0.7693.

To identify the key factors influencing perceived walk-
ability, feature importance was calculated based on the best-
performing model, WeightedEnsemble L2 (Fig. 6). Feature
importance was measured using permutation importance,
which quantifies the decrease in prediction performance
when each variable is randomly shuffled.

The results showed that the most influential variable
in predicting cognitive walkability was the sidewalk. The
importance score for sidewalk was approximately 0.3954,

Fig.6 The 10 major features of
WeightedEnsemble L2 model and
the importance of each feature

sidewalk
openness(sky-+road)
tree

building

hsv_v

wall

car

plant

grass

earth

@ Springer

o

indicating that the proportion of sidewalks in a SVI is the
most sensitive factor in determining walkability perception.
In addition to sidewalks, openness (a composite variable
combining road and sky) and trees also emerged as major
contributors to perceived walkability.

4.2 Explainable Al-based interpretation of feature
effects

To further examine the importance and directional effects
of each variable, a SHAP analysis was conducted using the
LightGBMXT model. Figure 7 presents a SHAP summary
plot for the entire dataset. This plot visualizes the distribu-
tion of SHAP values for each independent variable, indicat-
ing how each feature contributes to the model’s prediction
of perceived walkability score. The features are ranked in
descending order of importance. In the plot, the color rep-
resents the relative pixel proportion of that object in the
SVI—red indicates higher proportions, while blue indicates
lower ones. Along the x-axis, SHAP values to the right of
center indicate a positive contribution to perceived walk-
ability, whereas values to the left indicate a negative contri-
bution. The analysis revealed that sidewalk, tree, openness,
and Asv_v (image brightness) were positively correlated
with perceived walkability. As the proportion of these fea-
tures increased, their SHAP values shifted in the positive
direction, indicating that these elements enhance the percep-
tion of a walkable environment. In contrast, features such
as wall, car, plant, and fence showed negative associations.
Higher proportions of these elements led to more negative
SHAP values (indicated by the dominance of red points on
the left side), suggesting a detrimental effect on perceived
walkability. However, in the case of features such as build-
ing, grass, and earth, the SHAP values exhibited both posi-
tive and negative directions depending on their proportion,
implying more complex, context-dependent relationships.

i
—
o
o
o
w
S
>
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This indicates the need for more detailed analysis of their
effects on perceived walkability.

To further investigate features with ambiguous direc-
tional effects in Fig. 7, we compared SHAP summary plots
for the top 10% and bottom 10% of images based on cogni-
tive walkability scores (Fig. 8). In both groups, sidewalk,
tree, openness, and hsv_v consistently showed positive
associations with perceived walkability. Similarly, higher
proportions of wall and car were negatively correlated with
walkability in both groups. However, the degree of influ-
ence differed across groups. The car variable had a more
pronounced negative impact in the top 10% group, suggest-
ing that the presence of vehicles is particularly detrimen-
tal in otherwise walking environments. Conversely, wall
exhibited greater importance in the bottom 10% group,
indicating that its enclosed and obstructive nature strongly
contributes to perceptions of poor walkability in such set-
tings. In the case of building, the feature showed no clear
directional effect in the bottom group, but in the top group,
higher proportions were associated with more favorable
walkability perceptions. For grass, a notable contrast was
observed: it had a positive influence in the top group but
was negatively associated with walkability in the bottom
group. Upon reviewing the corresponding SVIs containing
grass objects (Fig. 9), we found that in the top group, grass
typically appeared as well-maintained landscaping between
sidewalks and buildings. In contrast, in the bottom group,

High
sidewalk e a———
tree R e—
sky + road =T —
building e P
hsv.v - ———’-
wall - ———+
car —-
railing 0—— ¢
grass e E
plant —_—— 3
person - —’—""" E
signboard —"
earth _—’—
traffic light '_‘
pole _+
street light 'f—
fence s "—‘—
ashcan "'_*
trade name X
box - ——*‘
Low

-1.5 1.0 -05 00 05 1.0 15
SHAP value (impact on model output)

Fig.7 SHAP summary plot of total data

grass often represented unmanaged areas such as hillsides
or riverbanks. This distinction in grass type likely influ-
enced its perceived impact on walkability in the model.

To further investigate the relationship between key influ-
encing factors and their SHAP values, dependence plots
were visualized (Fig. 10). To better capture the trends within
these plots, we applied LOWESS (Locally Weighted Scat-
terplot Smoothing) curves [42]. LOWESS is a non-paramet-
ric regression technique that assigns weights to data points
within local windows, making it particularly effective for
visualizing nonlinear relationships and complex patterns.

The results showed that sidewalk, tree, and openness
exhibited a clear trend: as their proportions increased, per-
ceived walkability scores also increased. Likewise, higher
hsv_v values were associated with greater perceived walk-
ability. Notably, extremely low brightness levels were
linked to sharp declines in walkability scores. In contrast,
the proportion of wall objects demonstrated a strong nega-
tive relationship with walkability. Except for images with
minimal wall presence, an increasing wall ratio consistently
led to lower perceived walkability scores. The grass vari-
able also displayed a similar pattern: when its proportion
was below 20%, it contributed positively to walkability
perception, but proportions exceeding 20% were associated
with decreased walkability score. This reflects the earlier
observation that small, well-maintained patches of grass
(e.g., planters) enhance perceived quality, whereas large,
unmanaged grassy areas (e.g., riverbanks or hillsides) have
the opposite effect.

For building, the relationship was more complex. When
the building proportion was below approximately 40%,
increases in this feature correlated positively with walk-
ability. However, beyond that threshold, the relationship
reversed, and higher building proportions were perceived as
detrimental. This may be due to the dual nature of buildings
in streetscapes: while they can signal spatial activation and
vibrancy, they may also contribute to a sense of enclosure
or visual obstruction. The dependence plot for car showed
a nonlinear pattern. In general, SHAP values for this feature
were below zero, indicating a negative effect on perceived
walkability. However, in the range below 10%, a few cases
showed a weak positive contribution. This anomaly is likely
due to the nature of the SVI acquisition process. Since the
SVIs used in this study were captured from vehicles, rear-
facing images occasionally included the survey vehicle
itself. These cases typically had a car pixel proportion of
around 7%. Therefore, when additional car objects were
present in the image beyond the survey vehicle, the envi-
ronment was generally perceived as less walkable.
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Fig.8 SHAP summary plots of top 10% data and bottom 10% data and their sampled SVIs

5 Conclusion

This study developed an Explainable Al-based GeoAl
framework to model and interpret perceived walkability in
urban environments using SVI. By addressing the limita-
tions of conventional field surveys and the black-box nature
of deep learning models, the proposed approach provides
a scalable and interpretable method for understanding how
urban visual elements shape pedestrian perception.

A large-scale SVI dataset was collected from Anyang
and Yeongdeungpo, South Korea, and perceptual walk-
ability scores were generated through pairwise compari-
son experiments. The RSS-Swin model was employed to
predict continuous perception scores, while visual features
were extracted via the SegFormer-B5 semantic segmenta-
tion model trained on ADE20K, supplemented with image
brightness (HSV_V). Using AutoGluon as an optimization
engine within the XAI framework, the best-performing
model (WeightedEnsemble L2) achieved strong predictive
accuracy (R?=0.7737). SHAP analysis identified sidewalk,
openness, trees, and brightness as the most positive contrib-
utors to perceived walkability, whereas wall, car, and fence
negatively affected pedestrian perception. Dependence plots
further revealed nonlinear and context-dependent effects for

@ Springer

building, grass, and car, highlighting the complex and situ-
ational nature of perceived walkability.

This research contributes to the growing GeoAl litera-
ture by integrating explainable modeling and visual inter-
pretation to bridge the gap between data-driven prediction
and human-centered understanding. Unlike previous stud-
ies that relied solely on subjective surveys or opaque deep
learning outputs, our framework demonstrates how inter-
pretable GeoAl can support transparent and regionally
contextualized decision-making in urban planning. In par-
ticular, it underscores the value of locally calibrated, cultur-
ally grounded perception data in understanding the unique
spatial characteristics of dense Asian cities such as those in
Korea.

While this study focused on two Korean cities, the find-
ings may not fully capture the diversity of global urban
environments. Cultural and morphological differences can
influence how pedestrians perceive walkability; therefore,
the results should be interpreted as regionally contextual-
ized insights rather than universally generalizable conclu-
sions. Future research should expand this framework to
include cross-cultural comparisons across different cities,
examining how spatial and cultural contexts jointly shape
walkability perception.
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Fig.9 Examples of semantic

a) Top 10%
segmentation of top 10% data and b
bottom 10% data

2.6358

(b) Bottom 10%

-2.2283

-2.2166

1.7076

v | buidng |

plant

In addition, future studies should incorporate tempo-
ral dynamics to capture variations in perception between
day and night environments. Integrating nighttime SVIs,
lighting conditions, and perceived safety would provide a
more comprehensive understanding of walkability across
temporal contexts. Furthermore, linking perception-based
evaluations with empirical mobility data—such as pedes-
trian counts or trajectory-based movement patterns—could
enhance the practical utility of walkability maps for pri-
oritizing planning interventions. Such an integrated and
explainable GeoAl approach would advance citizen-cen-
tered and data-informed urban management, supporting the
creation of more equitable and livable city environments.

-3.2623

sidewalk

T T
traffic light
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