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A B S T R A C T   

This study aimed to identify contributing risk factors for pedestrian injury by integrating socio-spatial and street- 
level contexts through multimodal deep learning to overcome the limitations of existing studies that only 
consider one type of data. To investigate how the two contexts assist in describing pedestrian injury risk, six 
multimodal deep learning models were established by varying the ratio integrating the two contexts. The 
developed model with the highest performance was interpreted by using two XAI methods: SHAP for socio- 
spatial context and Grad-CAM for street-level context. The results indicated that the street-level context 
mainly contributes to the pedestrian injury risk level, assisted by the socio-spatial context, which cannot be 
captured at the street-level. The three main contributing risk factors were identified through model interpreta
tion: the fragmented sky view due to the locations of high-rise buildings, the placement of crosswalks in areas 
adjacent to public transits, and interregional sociodemographic disparities. This study provides insight into the 
use of integrating two different urban contexts to identify pedestrian injury risk factors, which are expected to 
support improvement strategies that enhance public health.   

1. Introduction 

Walking is a sustainable transportation mode that benefits the 
physical and mental health of pedestrians, and public health is of 
paramount importance in establishing sustainable cities and societies 
(Kelly et al., 2017). Despite the significant benefits of walking, there are 
risks associated with unintentional pedestrian injuries during walking, 
which can pose serious health threats to pedestrians (Oxley et al., 2018). 
Pedestrian injuries represent a global public health issue (WHO, 2018), 
and they pose a significant risk to both individuals and communities, 
particularly within urban settings (Hang et al., 2003). Despite pedestrian 
fatalities resulting from unintentional injuries accounting for a relatively 
small proportion (<15 %) of all fatalities, this percentage has consis
tently risen in recent years (J. Hu et al., 2023). This trend is especially 
concerning for elderly individuals, as unintentional injuries such as falls 
have emerged as a leading cause of death, with escalating mortality rates 
(Donald & Bulpitt, 1999; Fried et al., 2007). 

Unintentional pedestrian injuries can lead to long-term disabilities, 
require extensive hospital treatments and frequent emergency depart
ment visits, and generate substantial direct medical costs (G. Hu et al., 
2019). Consequently, these injuries exert considerable strain on 

healthcare systems and hinder overall economic development (Sun 
et al., 2021). To establish sustainable cities and achieve public health 
objectives, it is imperative to create streets that ensure safe walking 
conditions by identifying and refining urban risk factors that contribute 
to pedestrian injuries. 

The influence of the urban built environment on pedestrian injury 
risk is currently primarily understood within two main contexts in 
previous studies, namely, socio-spatial and street-level characteristics. 
The socio-spatial context includes several risk factors, such as building 
and land characteristics (Bustos et al., 2021; Mentis & Papadopulos, 
2021), road characteristics (Osama & Sayed, 2017; Wier et al., 2009), 
pedestrian facilities (Chan et al., 2021; Gkekas et al., 2020; Mooney 
et al., 2016), lighting conditions (J.-K. Kim et al., 2008), public transit 
(J. Kim et al., 2022; Lakhotia et al., 2020), and demographics (LaScala 
et al., 2000; Oxley et al., 2018). Meanwhile, the street-level context is 
mainly focused on perceptual risk factors, such as visual distraction 
perceived by pedestrians (Schwebel et al., 2012a; Tapiro et al., 2020; 
Tobis et al., 1985; H. Wang et al., 2022). 

Since these two main contexts, both impact pedestrians’ experiences 
and behaviors (Ferreira et al., 2022), there is a need to understand the 
relationship between pedestrian injury risk and the two main contexts 
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together. However, existing studies have primarily focused on using a 
single source of socio-spatial or street-level information to identify its 
relationship with pedestrian injury risk (Suel et al., 2021). Therefore, 
the specific contributions of each urban context to pedestrian injury risk 
have not been thoroughly investigated (Ferreira et al., 2022). Thus, 
there is a need to clarify how the two urban contexts contribute to 
pedestrian injury risk individually within a comprehensive perspective 
through their integration. 

To fill this gap, an advanced method that integrates diverse data 
sources and forms is needed. One of the data fusion methods, namely, 
multiview-based fusion, can be employed to jointly utilize data 
measured from different perspectives (Kumar & Daumé, 2011; Yi et al., 
2018). Multiview-based methods have already been proven effective in 
various domains, such as urban crowd flow prediction (J. Zhang et al., 
2017), urban air quality prediction (Zheng et al., 2015), and measuring 
environmental deprivation (Suel et al., 2021). Furthermore, multimodal 
deep learning (DL) methods that leverage different data forms have been 
shown to enable the joint utilization of structured and unstructured 
data, effectively representing complex urban big data (J. Liu et al., 2020; 
Srivastava et al., 2019). 

Therefore, using a multimodal DL method, this study integrates 
socio-spatial and street-level contexts to predict pedestrian injury risk 
levels in a comprehensive way. This study aims to identify contributing 
risk factors in both socio-spatial and street-level contexts and to further 
explain how the identified risk factors are associated with pedestrian 
injury risk. The findings of the study are expected to support improve
ment strategies that enhance public health, which is a key component of 
sustainable cities. 

2. Related works and contributions 

In addressing the issue of pedestrian injuries, it is imperative to 
consider multiple scales of the related contexts, i.e., the demographic 
characteristics of the pedestrians (e.g., gender, age, and education 
level), the broader urban context (e.g., surrounding built environments 
and programs), and the street-level experiences (e.g., adjacent built 
environments, sensory perceptions and physical interactions). 

The urban environment, comprising elements such as buildings, 
population, and geographical areas, contributes to the creation of this 
broad urban context. However, pedestrians tend to focus on specific 
details, such as street views and the characteristics of nearby buildings, 
which lead to their own sensory experiences (Kim & Mateo-Babiano, 
2018). While the overall composition of the street can be influenced by 
the broader socio-spatial context, it is essential to emphasize the sig
nificance of considering what individuals perceive when walking 
(Cambra & Moura, 2020). Understanding how street-level experience 
complements the socio-spatial context is crucial for a comprehensive 
understanding of pedestrian injury risk factors. 

This section describes previous studies that have illustrated the re
lationships between pedestrian injuries and various risk factors on two 
levels; the first is the social-spatial context of the urban environment, 
including demographic characteristics, and the second is street-level 
perceptual experiences of pedestrians, which are followed by the last 
section describing the need to integrate these two contexts. 

2.1. Socio-spatial risk factors 

In the context of socio-spatial information, urban risk factors are 
subdivided into six categories: building and land characteristics, road 
characteristics, pedestrian facilities, lighting conditions, public transit, 
and demographics. 

Previous studies have consistently highlighted the impact of building 
and land characteristics on pedestrian injuries in urban environments 
(Bustos et al., 2021; Clifton et al., 2009; Harvey & Aultman-Hall, 2015; 
Mentis & Papadopulos, 2021; Wier et al., 2009; Zajac & Ivan, 2003). 
Several studies have focused on the impacts of the attributes of 

buildings, such as the number of buildings (Clifton et al., 2009), building 
height (Bustos et al., 2021; Clifton et al., 2009), density of buildings 
(Clifton et al., 2009; Harvey & Aultman-Hall, 2015; Zajac & Ivan, 2003), 
and building deterioration (Mentis & Papadopulos, 2021). On the other 
hand, the surroundings of buildings, such as land use patterns (Wier 
et al., 2009; Zajac & Ivan, 2003) and sidewalk conditions (Mentis & 
Papadopulos, 2021), have also been highlighted. 

Previous studies have also identified road characteristics as signifi
cant factors influencing pedestrian injuries (Osama & Sayed, 2017; Wier 
et al., 2009). Road width has been found to affect pedestrian safety, with 
narrower roads being associated with higher rates of pedestrian injuries, 
potentially due to increased interactions among pedestrians, cyclists, 
and various traffic vehicles (Wier et al., 2009). Wier et al. (2009) found 
that the number of road segments and road length contribute to higher 
risks of traffic accidents in congested urban areas. Additionally, Osama 
and Sayed (2017) identified road types, such as arterial or collector 
roads, as one of the influential factors, indicating that different types of 
roads may contribute to variations in unintentional injury risk for 
pedestrians. 

The design of pedestrian facilities, such as sidewalks and crosswalks, 
has an impact on pedestrian injury risk (Beitel et al., 2018; Chan et al., 
2021; Clifton et al., 2009; Gkekas et al., 2020; Mooney et al., 2016; Wu 
et al., 2020). Sidewalk-level features play a crucial role in shaping the 
pedestrian-friendliness of urban roads (Clifton et al., 2007). The width of 
sidewalks and the presence of obstacles have also received significant 
attention (Beitel et al., 2018; Chan et al., 2021; Gkekas et al., 2020; Wu 
et al., 2020). Furthermore, Mooney et al. (2016) found that the presence 
of traffic islands and crosswalk infrastructures is associated with 
elevated numbers of pedestrian injuries in New York. 

Previous studies have also highlighted the importance of illuminance 
levels on streets and the corresponding effects on pedestrian safety (J.-K. 
Kim et al., 2008; Suk & Walter, 2019). Suk and Walter (2019) reported 
that higher roadway illuminance levels are linked to reduced traffic 
accidents. Adequate illumination owing to street lighting is crucial for 
enhancing pedestrian safety, especially in areas characterized by dark
ness or low visibility due to a lack of street-lighting furniture (J.-K. Kim 
et al., 2008). 

According to previous research, the location and accessibility of 
public transit facilities play a crucial role in influencing pedestrian 
safety (J. Kim et al., 2022; Lakhotia et al., 2020; Mooney et al., 2016; 
Osama & Sayed, 2017). For example, subway stations increase the 
population flow in nearby areas, leading to an increase in pedestrian 
injuries due to obstacles such as stairs and escalators (J. Kim et al., 2022; 
Osama & Sayed, 2017). Additionally, the number of bus stops in an 
urban area is directly related to the number of pedestrian injuries in that 
area (Lakhotia et al., 2020; Mooney et al., 2016). 

Previous studies have also found that demographic factors, such as 
age, population density, and socioeconomic variables, significantly in
fluence the pedestrian injury rate and severity (J. Kim & Lee, 2018; 
LaScala et al., 2000; Niebuhr et al., 2016; Oxley et al., 2018; Wier et al., 
2009). Several studies have identified increasing pedestrian age as a 
notable factor associated with an increased probability of fatal pedes
trian injury (J. Kim & Lee, 2018; Niebuhr et al., 2016; Oxley et al., 2018; 
Wier et al., 2009). Furthermore, regional population density such as the 
number of houses, resident population (Wier et al., 2009), population 
density, age composition, unemployment rate, gender, and education 
(LaScala et al., 2000), have been identified as risk factors for pedestrian 
injuries. Table 1 summarizes the reported socio-spatial risk factors 
influencing pedestrian injury in previous studies. 

2.2. Street-level perceptual risk factors 

The importance of visual perception for pedestrian safety has also 
been investigated for several decades through a variety of methods 
(Barton, 2006; Demetre et al., 1992; Lee et al., 1984; Morrongiello et al., 
2015; Schwebel et al., 2012b; Van Schagen & Rothengatter, 1997). 
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When pedestrians encounter various components of the built environ
ment, they are visually stimulated by the components, process their 
cognitive loads, and determine their own safety perception (Davis et al., 
2019). Previous studies have emphasized the significant role of visual 
distraction as a crucial factor in unintentional pedestrian injury risk 
(Schwebel et al., 2012a; Tapiro et al., 2020; Tobis et al., 1985; H. Wang 
et al., 2022; Wu et al., 2020). H. Wang et al. (2022) found that pedes
trians exhibit higher levels of oxyhemoglobin change in cortices related 
to visual processing and executive function when distracted by a higher 
cognitive load. Moreover, participants’ responses to traffic lights are 
slower and result in higher activation in the prefrontal cortex when 
visually distracted. 

Previous studies have indicated that the visual distraction of pedes
trians can be caused by several objects observed at the street-level 
(Crundall et al., 2006; Decker et al., 2015; Oviedo-Trespalacios et al., 
2019; Perez & Bertola, 2011). Crundall et al. (2006) demonstrated that 
street-level advertisements draw the visual attention of pedestrians, 
resulting in their longer fixations while walking. Additionally, Decker 
et al. (2015) found that the presence of numerous billboards at the 
street-level can cause visual distractions for pedestrians and drivers. 
Similarly, Oviedo-Trespalacios et al. (2019) indicated that the behavior 
of pedestrians and drivers is affected by the number of signs observed at 
the street-level, as well as their shape, content, and position. Moreover, 
Perez & Bertola (2011) highlighted that highly cluttered visual objects 
can increase risky behaviors, such as fixation for longer periods, due to 
visual distraction. 

Visual distraction has a more pronounced impact on certain de
mographics than others (Schwebel et al., 2012a; Tapiro et al., 2020; 
Tobis et al., 1985; Wu et al., 2020). Wu et al. (2020) utilized real street 
images to accurately investigate perceived safety issues among older 
pedestrians. Similarly, Tobis et al. (1985) observed that older adults, 
especially among those with fall experiences, rely more on visual cues 
for posture maintenance. While visual distraction poses a critical risk for 
older adults, it also affects injury risk for children. Schwebel et al. 
(2012a) emphasized that the safety of children could be compromised if 
they become distracted while crossing streets. Additionally, Tapiro et al. 
(2020) demonstrated that a busy road environment poses significant 

hazards for child pedestrians, highlighting the impact of distractions on 
pedestrian crossing risk. 

2.3. Integration of socio-spatial and street-level risk factors 

Since urban data are collected from various sources, they pose a 
significant challenge in regard to data fusion due to their multisource 
and heterogeneous nature (J. Liu et al., 2020). Despite the complexities 
associated with urban data fusion, research on the integration of 
multimodal data is urgent and crucial owing to its strength in learning 
feature representation (J. Liu et al., 2020). In response to this need, 
several existing methods have been proposed and demonstrated to be 
effective in integrating urban data (Du et al., 2018; Shahrbabaki et al., 
2018; Zhu et al., 2018). Furthermore, the multimodal approach is useful 
in many research domains, such as urban planning, urban environment, 
and urban public safety and security (Zheng et al., 2014). 

A multimodal DL-based approach to urban data can also help in 
understanding the contributors to pedestrian injury risk. Previous 
studies have provided significant insights by identifying urban risk 
factors from socio-spatial and street-level perspectives. These two 
different urban contexts contain multimodal information captured from 
different viewpoints of the built environment (Suel et al., 2021). 

Different contexts of data have both strengths and weaknesses (Suel 
et al., 2021). Socio-spatial information represents social and spatial data 
related to cities and their surrounding areas from a macroscale 
perspective. Such data include information regarding regional de
mographics, social structure, transportation, infrastructure, and envi
ronment. However, there are limitations in representing how these built 
environment components are perceived from the viewpoint of pedes
trians. To address this issue, image sources such as Google Street View 
(GSV) are widely utilized to quantify street-level visual characteristics 
(Hanson et al., 2013; Li et al., 2022; Mooney et al., 2016; M. Wang & 
Vermeulen, 2021). Street-level images provide rich contextual infor
mation as perceived by pedestrians (Suel et al., 2021). Nevertheless, 
street-level images typically capture only sectional features from a point 
on the street, which limits capturing regional characteristics. 

Considering that pedestrians experience two different contexts that 
coexist within the urban environment simultaneously, there is a need to 
integrate the two heterogeneous natures of urban data. Existing studies 
have primarily focused on using a single source of socio-spatial or street- 
level data to identify pedestrian injury risk, limiting the collaborative 
utilization of information from different data sources. Therefore, one of 
the main contributions of the current study is that it integrates socio- 
spatial characteristics and street-level perceptual pedestrian experi
ence risk factors using multimodal DL to predict pedestrian injury risk. 

3. Methods 

This study aims to identify contributing risk factors in both socio- 
spatial and street-level contexts and to further explain how the identi
fied risk factors are associated with pedestrian injury risk. To achieve 
this, this study explores how the two different contexts assist in 
describing pedestrian injury risk through variation of the integrating 
ratio. Fig. 1 illustrates the procedures of this study, and descriptions of 
the procedures are provided as follows. 

1. Data collection: Randomly generated area points along street cen
terlines in Seoul were buffered by 50 m to extract three main cate
gories of data: socio-spatial context, GSV images representing street- 
level context, and the frequency of pedestrian injuries as labels.  

2. Data processing: The data were preprocessed depending on the data 
type. Socio-spatial characteristics were extracted, standardized, and 
saved in a tabular format; GSV images were segmented into 19 built 
environment components and resized; and the frequencies of 
pedestrian injuries were categorized into 3 risk levels. 

Table 1 
Socio-spatial risk factors for unintentional pedestrian injury.  

Category Subcategory Reference 

Building and land 
characteristics 

Building height Bustos et al., 2021; Clifton et al., 2009 
Density of 
buildings 

Clifton et al., 2009; Harvey & 
Aultman-Hall, 2015; Zajac & Ivan, 
2003 

Building 
deterioration 

Mentis & Papadopulos, 2021 

Land use Zajac & Ivan, 2003 
Road characteristics Road density Wier et al., 2009 

Road width   
Road length   
Road type Osama & Sayed, 2017 

Pedestrian facilities Sidewalks Beitel et al., 2018; Chan et al., 2021;  
Clifton et al., 2009; Gkekas et al., 
2020; Wu et al., 2020 

Crosswalks Mooney et al., 2016 
Lighting conditions Street lighting Kim et al., 2008; Suk & Walter, 2019 
Public transit Subway station Kim et al., 2022; Osama & Sayed, 

2017 
Bus stops Lakhotia et al., 2020; Mooney et al., 

2016 
Demographics Number of houses Wier et al., 2009 

Total population Wier et al., 2009 
Age-related 
population 

Kim & Lee, 2018; LaScala et al., 2000;  
Niebuhr et al., 2016; Oxley et al., 2018 

Unemployment 
rate 

LaScala et al., 2000 

Gender LaScala et al., 2000 
Education level LaScala et al., 2000  
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3. Classification via multimodal DL: Pedestrian injury risk levels were 
classified using multimodal DL. Here, six different models with 
varying integration ratios of the two data types were employed and 
compared to investigate how the two different urban contexts assist 
in describing pedestrian injury risk.  

4. Explanation: Appropriate XAI methods were employed to identify 
important risk factors for each data type. The SHapley Additive 
exPlanation (SHAP) approach was utilized for tabular data, and the 
gradient-weighted class activation mapping (Grad-CAM) method 
was applied for image data. 

3.1. Study setting: city of Seoul in South Korea 

This study investigated urban pedestrian injury risk factors in Seoul, 
South Korea as a study setting. Seoul accommodates more than 20 % of 
the South Korea’s entire national population. Seoul has 10 million res
idents in an urban area covering approximately 605 km2, resulting in a 
population density of 16,840 persons/km2. Seoul’s population 
continued to grow quickly until the early 1990s, mainly due to rural-to- 
urban migration (H. M. Kim & Han, 2012). Seoul’s rapid population 
growth has led to both urbanization and a rapid increase in high-rise 
buildings, particularly apartments (Choi et al., 2019). 

Seoul was selected as the study setting due to its dense and highly 
populated characteristics, which requires that much attention be paid to 
pedestrian safety as it is one of the major metropolitan areas in the 
world. This study is specifically limited to Seoul. Thus, while the find
ings of the study could provide insights for pedestrian safety in metro
politan contexts, they may not be applicable to other urban contexts due 
to the particular characteristics of Seoul. Therefore, future studies can 
expand related study settings to multiple cities with distinct socio- 
spatial characteristics and cultural backgrounds to better understand 
the role of urban contexts in pedestrian safety to design and enforce new 
requirements and policies. 

3.2. Data 

3.2.1. Pedestrian injury risk level as labels 
Pedestrian injury risk was defined as the frequency of outdoor 

pedestrian injuries occurring within a 50-m radius of a specific point 
along a street centerline. The pedestrian injury data used in this study 
were obtained using the safe map application programming interface 
(API) of the public data portal provided by the Ministry of Public 
Administration and Security. The provided data contained pedestrian 
injuries reported to the emergency department from January 2018 to 
June 2021 in Seoul. The public data included four categories of pedes
trian injuries recorded by paramedics: injuries, accident injuries, severe 
trauma, and other safety accidents. The outdoor pedestrian injury data 
were imported into the quantum geographical information system 
(QGIS), which is an open-source desktop geographic information 

system, through the web feature service (WFS) API in point vector 
format to geographically identify the injury locations. 

To measure the risk of pedestrian injuries for each street segment in 
Seoul, 20,000 random points were generated along the street centerlines 
using QGIS. Subsequently, a buffer zone with a 50-m radius was created 
around each random point. Outdoor pedestrian injuries within each 
buffer zone were included by utilizing the QGIS superposition function, 
and the frequency of outdoor injuries within each buffer zone was 
recorded. The frequency data were saved in comma-separated value 
(CSV) format, along with the corresponding random point IDs. 

The results of extracting pedestrian injury occurrences from a 
randomly generated 20,000 points showed a significant decrease in the 
number of points as the occurrence increased (Fig. 2a). This indicates 
that there is an inequality in pedestrian injury occurrences throughout 
Seoul. This inequality in the labels, also known as the class imbalance 
issue, can lead to performance degradation and ambiguous in
terpretations in classification results (Japkowicz & Stephen, 2002). 
Therefore, an attempt was made to balance the class distribution at each 
risk level to address the class imbalance issue. The frequencies of 
pedestrian injuries were categorized into 3 different levels. The risk 
levels were defined as follows: ’Low’ if the number of pedestrian injuries 
was 0, ’Mid’ if it was 1 or 2, and ’High’ if it was 3 or more. Fig. 2b il
lustrates the frequency of the samples according to the corresponding 
pedestrian injury risk levels. 

3.2.2. Socio-spatial data 
In this study, 26 variables were established as socio-spatial risk 

factors in a tabular input format. Table 2 shows an overview of the socio- 
spatial variables utilized in this study. All spatial information was im
ported into QGIS, and the information located within a 50-m buffer of 
random points along the streets was extracted. The extracted informa
tion was recorded with respect to the IDs of the randomly generated 
points, along with the corresponding pedestrian injury risk levels. 

The building and land characteristics included variables such as the 
number of buildings, building area, average building height, average 
building age, and land use. The number of buildings represents the 
number of buildings in each buffer zone, and the building area refers to 
the sum of the area of all buildings within each buffer zone. Addition
ally, the average building age was calculated based on the elapsed years 
from the use approval date of buildings to 2023. Furthermore, the 
calculated average building height and the recorded land use, such as 
restricted development area, commercial area, green area, residential 
area, and industrial area, were included. 

The road characteristics consisted of variables such as the number of 
road segments, average road width, average road length, and road type. 
A road segment refers to a division of the road when the direction 
changes, and the number of road segments represents the count of 
segments within each buffer zone. The calculated average width and 
length of each segment and the road type (e.g., highway, general road, 
or provincial road) were also included in the analysis. In cases in which 

Fig. 1. Procedures used in this study.  

J. Baek and L. Lim                                                                                                                                                                                                                             



Sustainable Cities and Society 101 (2024) 105168

5

there were multiple road types, the one with the highest frequency was 
selected. 

Pedestrian facilities included variables such as the area of the side
walk and crosswalk. The superstition function in QGIS was used to 
extract each spatial information within each buffer zone. The areas of 
the sidewalk and crosswalk within each buffer zone were calculated and 

recorded. 
Lighting conditions included the number of streetlamps, and they 

were extracted using spatial information. By employing the superstition 
function in QGIS, the number of streetlamps within each buffer zone was 
extracted and recorded. 

Public transit included variables such as the distance to the nearest 
subway stations and the number of bus stops. Similarly, the distance to 
the nearest subway station from each randomly generated point and the 
number of bus stops within each buffer zone were recorded. 

Demographics included variables such as the number of houses, total 
population, the percentage of population by age group, number of male 
and female residents, unemployment rate, and education level. De
mographic information for South Korea was provided by the National 
Spatial Information Portal in a 100-m grid format. By using the join 
function in QGIS, the demographic information for the closest grid to 
each randomly generated point was extracted. 

However, multicollinearity caused by a high level of correlation 
among variables can potentially degrade the performance of DL models 
and create confusion in quantifying the impact of variables on the 
dependent variable (Basu & Maji, 2022). Therefore, variables with an 
absolute Pearson correlation coefficient greater than 0.80 were removed 
through correlation analysis. Among the 26 variables used in this study, 
the following high-level correlations were observed: 0.82 for total 
population and number of houses and 0.93 for average road length and 
average road width. Consequently, the following two variables were not 
considered in this study: total population and average road length. 

Furthermore, numerous random points were excluded from these 
study samples because, no buildings were observed within a 50-m buffer 
of these points. In instances where buildings were not observed, vari
ables such as building area, average building height, average building 
age, and land use could not be extracted. As a result, a total of 2034 
random points out of 20,000 were excluded from the scope of this study. 

3.2.3. Street-level images 
When walking, individuals receive various visual stimuli from the 

street, which influence their behaviors and perceptions (Li et al., 2022). 
To quantify the visual stimuli experienced by pedestrians, GSV images 
were utilized in this study. Images depicting the components of the built 
environment were employed instead of using raw panoramic views. The 
reason for applying segmented images is that they provide the location 
of each element in the built environment and its local connectivity with 

Fig. 2. Frequency of samples based on the (a) number of pedestrian injuries and (b) pedestrian injury risk levels.  

Table 2 
Overview of the socio-spatial variables utilized in this study.  

Category Variable Source Data Type 

Building and land 
characteristics 

Number of 
buildings 

National Spatial 
Information Portal 

Numerical 

Building area 
Average building 
height 
Average building 
age 
Land use Categorical 

Road 
characteristics 

Number of road 
segments 

National Spatial 
Information Portal 

Numerical 

Average road 
width 
Road type Categorical 

Pedestrian 
facilities 

Area of sidewalk Ministry of the Interior 
and Safety 

Numerical 
Area of crosswalk 

Lighting conditions Number of 
streetlamps 

Ministry of the Interior 
and Safety 

Numerical 

Public transit Distance to subway 
station 

Seoul Open Data 
Square 

Numerical 

Number of bus 
stops 

Seoul Transport 
Operation and 
Information Service 

Demographics Number of houses National Spatial 
Information Portal 

Numerical 
Population age 10 
Population age 20 
Population age 30 
Population age 40 
Population age 50 
Population age 60 
Unemployment 
rate 

Seoul Open Data 
Square 

Number of male 
residents 
Number of female 
residents 
Education level  
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other elements at the pedestrian level. 
To segment GSV images into 19 built environment components, a 

pretrained model comprising DeepLabv3+ and MobileNetV2 was 
employed. This architecture was introduced by Zhao et al. (2017) and 
demonstrated commendable performance in the Pascal Visual Object 
Classification Challenge and for the Cityscapes test dataset (P. Liu et al., 
2019; M. Wang & Vermeulen, 2021). The model relies on semantic 
segmentation using the Cityscapes dataset (Cordts et al., 2016). By 
leveraging this approach, pixel-level semantic information for 19 
physical components, including vegetation, roads, sidewalks, terrain, 
buildings, walls, fences, sky, cars, trucks, buses, trains, motorcycles, 
bicycles, poles, traffic lights, traffic signs, people, and riders, were 
extracted. Panoramic views are interpreted by assigning color groups to 
each segmented element, achieving a mean intersection over union 
value of 72.1 % (Zhao et al., 2017). 

The 20,000 randomly generated points were assigned unique IDs, 
which included coordinates of latitude and longitude as attributes. Using 
the coordinates, panoramic views were obtained from the Street View 
Static API of the Google Maps platform. A panoramic view was gener
ated by horizontally merging three images with a resolution of 640 ×
640 (W × H) and a field of view of 120◦. 

However, GSV panoramic views are not always available and are 
often acquired with an insufficient quality, such as with positioning 
errors or occlusions (Srivastava et al., 2019). Since this issue existed in 
this study as well, points that fell outside the GSV scene or were asso
ciated with low quality were visually identified and excluded from the 
sample of this study. As a result, a total of 1396 random points were 
excluded from the study. Fig. 3 represents an overview of socio-spatial 
and street-level data extraction. 

3.3. Integration of socio-spatial and street-level contexts 

The main contribution of the current study is integrating socio- 
spatial and street-level contexts to identify pedestrian injury risk fac
tors using multimodal DL. While the socio-spatial context included 24 
variables after excluding 2 highly correlated variables, the street-level 

context contained GSV images segmented into 19 built environment 
components and their local positions perceived by pedestrians. A total of 
16,570 random points were considered after data filtering and socio- 
spatial variables were standardized to have a mean of 0 and a vari
ance of 1 before being input into the multimodal DL model. 

Furthermore, as an attempt to investigate the contribution ratio of 
the socio-spatial and street-level contexts in describing pedestrian injury 
risk levels, six multimodal DL models were established by varying the 
integration ratio of the two contexts (e.g., 0:100, 20:80, 40:60). Fig. 4 
illustrates the architecture of the multimodal DL model used in this 
study, which integrates socio-spatial and street-level contexts in varying 
ratios. 

The 24 variables representing socio-spatial characteristics were 
passed through three layers of a fully connected network with 256, 512, 
and 1024 neurons, respectively. Consequently, 1024 features were 
extracted from the last layer of socio-spatial-related networks. 

In parallel, a densely connected convolutional network (DenseNet) 
(Huang et al., 2017) was employed to extract features from the 
street-level context. DenseNet has been widely used for image classifi
cation tasks (Li et al., 2022), and several studies have evaluated and 
predicted human perception along streets by employing this network 
(Dubey et al., 2016; Min et al., 2019; Verma et al., 2020; F. Zhang et al., 
2018). A segmented GSV image was resized to a resolution of 332 × 112 
(W × H) and input into pretrained DenseNet-201, and 57,600 features 
were extracted from the last layer of street-level related networks. 

A total of 1024 socio-spatial features and 57,600 street-level features 
were integrated depending on the designated ratio of six different 
models. The number of neurons in the concatenation layer was fixed at 
2560 for all models but varied in terms of the ratio of data types 
considered. For example, in Model 1, only the socio-spatial context was 
utilized, expanding 22 features to 2560, while in Model 6, only the 
street-level context was considered, resulting in the contraction of 
57,600 features to 2560. 

After the concatenation of the two contexts, the concatenated fea
tures were passed through two fully connected layers with 512 and 128 
neurons and then through the classification layer. In the classification 

Fig. 3. Overview of socio-spatial and street-level data extraction.  
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layer, the model predicted the possibilities of three levels of pedestrian 
injury risk. 

To compare the performances of all six models that use different 
integration ratios, the hyperparameters of the multimodal DL model 
were fixed as follows: a rectified linear unit (ReLU) as an activation 
function; 0.0005 as the learning rate; 50 as the number of epochs; 128 as 
the batch size to overcome class imbalance; and cross-entropy loss as a 
loss function. Furthermore, the trained models were evaluated using 
performance metrics, such as accuracy, precision, recall, and the F1- 
score. 

3.4. Interpretation of the multimodal DL model 

3.4.1. Socio-spatial interpretation: SHAP 
The contribution and effect of socio-spatial risk factors were calcu

lated through SHAP scores. SHAP, which was introduced by Lundberg 
and Lee (2017), is a model-agnostic technique in which an explanatory 
model is constructed using training data and the trained model. SHAP 
values are used to assign fair levels of importance among features (Z. 
Zhang et al., 2022), with a player representing either a single feature 
value or a set of feature values. 

SHAP has been utilized in urban settings to investigate contributing 
pedestrian safety risk factors in previous studies, such as those focused 
on residential and road segment density for pedestrian casualties 
(Chang et al., 2022), and older pedestrian characteristics for traffic crash 
severity (Guo et al., 2021). A SHAP-based interpretation is used in this 
study to explore which socio-spatial context of a built environment has a 
significant influence on the pedestrian injury risk level based on the 
trained multimodal DL model. This interpretation approach aids in 
exploring strategies for improvements in the built environment and 
mitigating pedestrian injury risk. 

3.4.2. Street-level interpretation: Grad-CAM 
A DL tool called Grad-CAM was employed to assess the street-level 

context that affects the pedestrian injury risk. Grad-CAM is based on a 
conventional approach that combines gradient information with feature 
mapping for gradient weighting (Fu et al., 2020). The resulting 
gradient-weighted class activation map aids in locating regions within 
the input samples that are crucial for class discrimination (Selvaraju 
et al., 2017). These regions are highlighted using feature maps from the 
final convolutional layer, which retain spatial information from 
captured visual patterns (Li et al., 2022). 

Grad-CAM visualizations help interpret the annotated objects rele
vant to the DL model’s predictions when they are applied to GSV images 
segmented into 19 components (Sangers et al., 2022). Several previous 
studies have already proven the effectiveness of using this approach in 

urban settings to investigate which built environment components affect 
pedestrians’ perceptions, such as street infrastructure for walkability (Li 
et al., 2022), and observed cars for safety (Sangers et al., 2022). This 
study also employs this technique to understand which components 
perceived by pedestrians are related to pedestrian injury risk. This 
approach can provide valuable insight into a strategy for the placement 
of built environment components to reduce pedestrian injury risk. 

4. Results 

4.1. Data descriptions according to pedestrian injury risk levels 

4.1.1. Socio-spatial context and pedestrian injury risk level 
The characteristics of the 24 socio-spatial variables depending on the 

pedestrian injury risk level are described in Fig. 5. White circles indicate 
the average of the variables collected from the whole study samples. As a 
result, several socio-spatial variables reported an increase or decrease in 
the mean values as the pedestrian injury risk level increased. 

Among the demographic variables, the following variables reported 
changes according to the risk levels: the number of houses, the popu
lation of those in their 60 s, the unemployment rate, and the education 
level. Higher risk levels were found to be associated with a higher 
number of houses, a higher unemployment rate, and a greater popula
tion of those in their 60 s, and a lower education level. 

All of the building-related variables showed changes depending on 
the injury risk levels as well. Higher risk levels were found to be asso
ciated with a higher number of buildings, a higher average building 
height, a larger building area, and a lower average building age. How
ever, while the land use variable did not show a distinct difference be
tween mid and high levels of pedestrian injury risk, it did show a 
different pattern in low-risk levels. 

The characteristics of the road network also showed different pat
terns according to the risk levels. A higher number of road segments was 
reported at higher risk levels. Despite the categorical attributes of the 
road type, the variable showed different patterns depending on the risk 
levels. 

Pedestrian facilities, such as areas of sidewalks and crosswalks, 
showed a similar pattern. Although they did not show a linear trend as 
the risk level increased, they showed distinctively higher values in the 
high-risk level. 

Furthermore, public transit, such as the distance to the nearest sub
way station and the number of bus stops, showed changes according to 
the risk levels. At higher risk levels, the distance to the nearest subway 
stations was shorter, and more bus stops were observed. 

Fig. 4. The architecture of the multimodal DL model integrates socio-spatial and street-level contexts.  

J. Baek and L. Lim                                                                                                                                                                                                                             



Sustainable Cities and Society 101 (2024) 105168

8

4.1.2. Street-level context and pedestrian injury risk level 
The street-level characteristics according to the pedestrian injury risk 

level are illustrated in Fig. 6. For the street-level context, GSV images 
were obtained from random points and classified based on the risk 
levels. Consequently, distinct visual characteristics in the collected GSV 
images were observed depending on the risk level. 

When observing representative GSV images, distinct visual 

characteristics of the built environment components were observed ac
cording to the three different pedestrian injury risk levels. At the low- 
risk level, there were few components aligned along the horizon, 
allowing for a more expansive view of the sky. On the other hand, as the 
risk level increased, a higher number of components, such as buildings, 
trees, and mobility, were observed. Therefore, the proportion of visible 
sky was found to be decreased at higher levels since it was blocked by 

Fig. 5. Descriptions of the 24 socio-spatial context variables according to the pedestrian injury risk levels.  

Fig. 6. Representative GSV images of the three pedestrian injury risk levels.  
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the other components. The visually perceived characteristics of the built 
environment components can be described through the segmented GSV 
images and their corresponding pedestrian injury risk levels. 

4.2. Development of the multimodal DL model integrating socio-spatial 
and street-level contexts 

To investigate how the socio-spatial and street-level contexts assist in 
describing pedestrian injury risk levels, six multimodal DL models were 
established by adjusting the integration ratio of the two contexts. 
Table 3 summarizes the performances of six multimodal DL models 
based on the integration ratios of the two urban contexts. 

While Model 1 (using only socio-spatial context variables) displayed 
a relatively low accuracy of 0.62, Model 6 (using only street-level 
context variables) achieved a relatively higher accuracy of 0.86. 
Furthermore, among the integrated models, Model 4 (using a 40:60 ratio 
of socio-spatial and street-level contexts) reported the highest accuracy 
of 0.93. Model 4 also achieved the highest precision, recall, and F1-score 
outcomes, indicating the model’s ability to minimize the errors in 
classifying from low to high level, or vice versa. 

These results help highlight the contributions of socio-spatial and 
street-level contexts to pedestrian injury risk levels. For instance, look
ing at only socio-spatial context variables (Model 1) might not fully 
explain the pedestrian injury risk factors as much as looking at street- 
level context variables (Model 6). Furthermore, the combination of 
both socio-spatial and street-level contexts (Model 4) helps improve the 
understanding of pedestrian injury risk factors compared to looking at 
only one contextual context. Furthermore, the accuracy difference be
tween Model 1 and Model 4 was 0.31, while the difference between 
Model 6 and Model 4 was 0.07. Such results indicate that the inclusion of 
street-level context is critical for understanding pedestrian injury risk 
factors, while the inclusion of socio-spatial context slightly improves the 
understanding of pedestrian injury risk factors. 

4.3. Identification of risk factors for pedestrian injury 

4.3.1. Socio-spatial risk factors 
The contribution and effect of the socio-spatial variables were 

further analyzed by SHAP values obtained from Model 4, which reported 
the highest performance among the models. Fig. 7 shows the effect of the 
socio-spatial variables that contribute to classifying high-risk levels of 
pedestrian injury. Fig. 7a represents the overall importance and effect of 
the variables, and Fig. 7b presents the directions based on the feature 
SHAP values. 

The top 10 variables with the highest contribution in the socio- 
spatial context were as follows: crosswalk area, education level, 
average building height, number of bus stops, average road width, 
number of buildings, population of those in their 60 s, unemployment 
rate, distance to nearest subway station, and number of road segments. 

The variable that showed the highest contribution to high-risk levels 
was the area of crosswalks. It was found that a large crosswalk area can 
lead to a high risk of pedestrian injuries. This result is aligned with a 
previous study that highlighted that the presence of traffic islands and 
crosswalk infrastructures is associated with elevated numbers of 
pedestrian injuries (Mooney et al., 2016). 

Furthermore, a high number of buildings and high average building 
heights contribute to a high level of pedestrian injury risk, which is a 
critical issue in Seoul due to the rapidly increasing number of high-rise 
buildings (H. M. Kim & Han, 2012). Additionally, a high number of bus 
stops and short distances to subway stations contribute to a higher risk 
level of pedestrian injury. Generally, public transit systems promote 
increased population flows (J. Kim et al., 2022), which can be a 
contributing factor to injury risk. Given Seoul’s development of public 
transportation to accommodate its population density, these findings 
highlight the importance of the configuration of the built environment 
to mitigate injury risk. 

Additionally, a high number of road segments and wide road width 
are also contributing factors to pedestrian injuries. The number of road 
segments is linked to both public transit and building characteristics. 
Roads are positioned between buildings, and they are especially prev
alent at intersections with public transit. Moreover, wide road widths 
along complex roads were found to further increase the risk of pedes
trian injury. 

The following socio-spatial demographics are also high-risk factors: a 
low education level, a large population of those in their 60 s, and a high 
unemployment rate. These results are consistent with previous studies 
that have highlighted the importance of the characteristics of residents 
(LaScala et al., 2000; Niebuhr et al., 2016; Oxley et al., 2018). Such 
findings indicate that socio-spatial demographics also need to be 
considered in improvements of urban environments to alleviate pedes
trian injury risk. 

4.3.2. Street-level risk factors 
Moreover, the contribution of built environment components rep

resented in the street-level images was analyzed by image features 
extracted from the last layer of DenseNet-201 of Model 4. Fig. 8 shows 
the operation procedure used for Grad-CAM, which is as follows: 1. GSV 
images were segmented into 19 built environments and input to the 
multimodal DL model; 2. A gradient-weighted class activation map 
representing Grad-CAM importance (ranging from 0 to 1) for each pixel 
was calculated using Model 4; and 3. the activation map was overlaid on 
the segmented GSV images. 

For further analysis, a comparative investigation between built 
environment components and Grad-CAM importance was conducted. 
First, the proportion of the pixel count for each observed component to 
whole image pixels (a resolution of 336 × 112) from all samples used in 
the study was calculated, and the components observed in all pixels were 
matched with their Grad-CAM importance. Fig. 9a shows the proportion 
occupied by each component within a single image for all samples, and 
Fig. 9b illustrates the distribution of Grad-CAM importance for each 
component in all samples. 

As illustrated in Fig. 9a, buildings, roads, vegetation, sky, and cars 
were most frequently observed in GSV images on average. The pro
portions of buildings, roads, vegetation, and sky also varied based on the 
pedestrian injury risk level. More buildings but less sky, vegetation, and 
roads were observed at higher injury risk levels. 

However, interestingly, the Grad-CAM importance values of the four 
main visual contents varied in their order of importance (Fig. 9b). The 
model exhibited a greater focus on sky and vegetation, rather than 
buildings and roads, which were more frequently observed in GSV 

Table 3 
Multimodal DL model performance based on the integration ratios of the two urban contexts.  

Model Description Integration ratio (%) Performance evaluation matrix 
Socio-spatial Street-level Accuracy Precision Recall F1-score 

1 Socio-spatial only 100 0 0.62 0.65 0.58 0.60 
2 Integration of socio-spatial and street-level 80 20 0.80 0.83 0.79 0.77 
3 60 40 0.85 0.82 0.82 0.82 
4 40 60 0.93 0.93 0.94 0.93 
5 20 80 0.89 0.89 0.87 0.87 
6 Street-level only 0 100 0.86 0.87 0.86 0.86  
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images. Furthermore, the Grad-CAM importance of trucks and buses 
followed that of the sky, while these items were relatively infrequently 
detected in GSV images. This indicates that the presence of trucks and 
buses can increase pedestrian injury risk by obstructing the street-level 
view of pedestrians by their presence, even though they were rarely 
detected. 

5. Discussion 

5.1. Role of multimodality from socio-spatial and street-level contexts 

This study employed multimodal DL to integrate socio-spatial and 
street-level contexts to identify pedestrian injury risk factors. Further
more, six multimodal DL models were established by adjusting the 
integration ratio of the two contexts to investigate how the socio-spatial 
and street-level contexts assist in describing pedestrian injury risk levels. 

As a result of the performance evaluation of the six multimodal DL 
models, the model with an integration ratio of 40:60 for socio-spatial 
and street-level contexts achieved the highest accuracy of 0.93. It was 
found that the street-level context plays a critical role in the classifica
tion of pedestrian injury risk level, while the socio-spatial context assists 
in understanding the pedestrian injury risk level. 

The developed multimodal DL model learned different aspects from 
two urban contexts. In the context of socio-spatial context, the identified 
risk factors were as follows: the area of crosswalks as pedestrian facil
ities; the number and heights of buildings as building characteristics; the 
width and number of road segments as road characteristics; and the 
education level, the population of those in their 60 s, and the unem
ployment rate as demographical characteristics. On the other hand, the 
identified risk factors for street-level context were as follows: sky, trucks, 
buses, and vegetation. Even though the characteristics of buildings and 
roads were identified as high-risk factors in the socio-spatial context, 

Fig. 7. SHAP results from socio-spatial variables describing (a) feature importance and (b) directions based on feature values.  

Fig. 8. Procedures of the Grad-CAM operation.  
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their importance was found to be relatively low in the street-level 
context. 

Typically, urban design policy improvement strategies are derived 
by focusing on the socio-spatial context. However, according to the re
sults of this study, the street-level perceptual context is the main 
contributor to pedestrian injuries, followed by the socio-spatial context. 
The examination of these two urban contexts through multimodal deep 
learning provided different perspectives, enhancing the performance of 
models predicting pedestrian injury risk levels. Therefore, the develop
ment of urban design policy improvement strategies to mitigate pedes
trian injury risk should consider both contexts. 

5.2. Contributing risk factors to pedestrian injuries 

The contributing risk factors for the two contexts were identified 
with SHAP and Grad-CAM processes. By combining the SHAP results in 
the socio-spatial context with the Grad-CAM results in the street-level 
context, three main contributing risk factors to pedestrian injuries can 
be summarized, namely, the fragmented sky view due to numerous tall 
buildings resulting from multiple road segments, the placement of 
crosswalks in areas adjacent to public transit sites, and interregional 
sociodemographic disparities. 

The SHAP and Grad-CAM results emphasized the potential visual 
distraction caused by fragmented sky views divided by the locations of 
tall buildings. The SHAP results identified the number and height of 
buildings as risk factors, while the Grad-CAM results reported the view 
of the sky as the most important factor (while the view of buildings was 
less important). These findings are aligned with those of previous 

studies, which have suggested that complex variations in the silhouettes 
of multiple buildings decrease the level of perceived safety from the 
street-level visual perspective (Harvey & Aultman-Hall, 2015; Lindal & 
Hartig, 2013). 

Especially in Seoul, there has been a rapid increase in high-rise 
buildings due to urbanization to accommodate rapid population 
growth (Choi et al., 2019). Therefore, urban policy improvements 
regarding silhouette variation could focus on measures such as main
taining a similar level of building heights and related elements in 
adjacent districts. 

Another identified risk factor is the placement of crosswalks in areas 
near public transit. The SHAP results highlighted that the crosswalk area 
is the highest contributing risk factor in the socio-spatial context. They 
also indicated that numerous bus stops and short distances to subway 
stations are related to a high risk of pedestrian injuries. Additionally, the 
Grad-CAM results highlighted that the model captured the presence of 
buses and trucks as important determinants. 

Several previous studies have revealed that the presence of public 
transit can increase population flows, potentially making adjacent areas 
more susceptible to pedestrian injuries (J. Kim et al., 2022; Mooney 
et al., 2016; Osama & Sayed, 2017). Such areas that are adjacent to 
public transit require a more refined crosswalk placement since pedes
trians’ behavior is more likely to be affected by visual cognitive load 
from movements of the components (H. Wang et al., 2022). Considering 
that 64.4 % of Seoul’s land area is within a one-kilometer distance to a 
subway station (Jang, 2008), urban policy for pedestrian safety could be 
further improved through the proper placement of crosswalks adjacent 
to public transit. 

Fig. 9. Distribution of each component’s (a) occupying proportion within a segmented GSV image (b) Grad-CAM importance.  
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The findings identified that interregional sociodemographic dispar
ities need to be proactively considered in urban environment improve
ment strategies. The SHAP results revealed that a low education level, a 
high unemployment rate, and a higher population of those in their 60 s 
contribute to pedestrian injuries. 

Previous research has shown that sensory decline in older individuals 
may lead to a reduced level of awareness of risky situations compared to 
that of younger individuals (Ayers et al., 2014; Gillespie et al., 2003; 
Oxley et al., 2018; Tobis et al., 1985). Additionally, the study results are 
consistent with a previous study that identified the unemployment rate 
and education level as risk factors for pedestrian injuries (LaScala et al., 
2000). Overpopulation in Seoul has created a significant divide between 
rich and poor, resulting in discrepancies in income, education levels, 
road networks, and aging demographics (H. M. Kim & Han, 2012). 
Therefore, improvement strategies for pedestrian safety can be imple
mented proactively by considering interregional sociodemographic 
disparities. 

6. Conclusions 

While walking offers significant benefits, it also exposes one to un
intentional pedestrian injuries that can pose serious health threats 
(Oxley et al., 2018). To create sustainable cities and meet public health 
objectives, it is crucial to ensure safe walking conditions by identifying 
and improving urban risk factors contributing to pedestrian injuries. 

Previous studies have primarily explored the influence of the urban 
built environment on pedestrian injury risk within two key contexts, 
namely, socio-spatial and street-level contexts. However, these studies 
have often focused on using a single source of socio-spatial or street- 
level information to establish its relationship with pedestrian injury 
risk (Suel et al., 2021). Thus, there is a need to clarify how both urban 
contexts individually contribute to pedestrian injury risk from a 
comprehensive perspective through their integration. 

To bridge this gap, the current study integrated socio-spatial and 
street-level contexts to predict pedestrian injury risk levels using a 
multimodal DL approach. This study aimed to identify risk factors in 
both contexts and explain how these factors relate to pedestrian injuries. 
Additionally, this study also explored how the two contexts assist in 
describing pedestrian injury risk by varying the integration ratio. The 
results indicated that an integration ratio of 40:60 for socio-spatial and 
street-level contexts, respectively, describes the urban contexts that 
most affect pedestrian injury risk levels. 

Moreover, the multimodal DL model highlighted different aspects 
from both urban contexts. By combining SHAP results from the socio- 
spatial context with Grad-CAM results from the street-level context, 
three main contributing risk factors were identified: sky division due to 
numerous tall buildings resulting from multiple road segments, the 
placement of crosswalks in areas adjacent to public transit, and inter
regional sociodemographic disparities. 

These findings align with those of previous studies, which have 
suggested that complex variations in the shapes of multiple buildings 
decrease the perceived level of safety from a street-level visual 
perspective (Harvey & Aultman-Hall, 2015; Lindal & Hartig, 2013). 
They are also consistent with previous research highlighting that transit 
areas may pose increased injury risks due to specific infrastructure 
components such as stairs, escalators, and transitions from sidewalks to 
roadways (J. Kim et al., 2022; Lakhotia et al., 2020; Mooney et al., 
2016). Additionally, the importance of interregional sociodemographic 
disparities, such as education level, unemployment rate, and the size of 
the population of those in their 60 s, have also been emphasized in 
previous studies (Ayers et al., 2014; Gillespie et al., 2003; LaScala et al., 
2000; Oxley et al., 2018; Tobis et al., 1985). 

However, this study has a limitation in that it did not incorporate 
specifications regarding the physical condition of the individuals who 
had experienced unintentional injuries. Previous studies have indicated 
that an individual’s physical condition can contribute to their level of 

pedestrian injury risk (Angal & Jagtap, 2016; Berg et al., 1992; Evans 
et al., 2001; Gillespie et al., 2003; Kallin et al., 2002). Therefore, the 
joint relationship between urban contexts and the physical condition of 
individuals who have experienced pedestrian injuries can be further 
investigated in future studies. Additionally, this study limited its study 
setting to Seoul, South Korea. While the findings of this study provide 
insights for densely populated metropolitan areas similar to Seoul, 
further investigation considering cultural and local contexts needs to be 
applied in other cities and countries. 

By integrating socio-spatial and street-level perspectives, this study 
enhances the understanding of the complex interplay between urban 
contexts and pedestrian safety. This multiview and multimodal 
approach that integrates diverse urban contexts can inform more tar
geted and effective urban planning and policies. An understanding of the 
complex nature of urban big data through a multimodal approach can 
help create cities that are not only sustainable but also safer for 
pedestrians. 
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