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Abstract: In this study, we analyzed the spatiotemporal characteristics of pedestrian behav-
ior in street spaces using pedestrian count data—specifically, the number of pedestrians
passing in front of infrared sensors installed throughout the downtown area. The analysis
focused on three main questions: (1) whether the thermal environment affects pedestrian
behavior, (2) how to characterize the spatiotemporal patterns of pedestrian activity, and
(3) how to effectively present the results to urban planners and designers. A temporal and
spatial analysis method was examined using hourly pedestrian count data over one year at
more than 100 locations in the street canyon. The temporal characteristics of the pedestrian
count data were classified into weekday and weekend clusters according to the peak hours
within a day. The spatial characteristics of the pedestrian count data were clearly defined
by distance from the station, office district, and commercial district, according to peak
commuting, shopping, etc. Results from principal component analysis and cluster analysis
did not reveal a significant influence of the thermal environment on the temporal variation
in pedestrian counts. Instead, the data suggested that weekday versus weekend distinc-
tions were the primary determinants of daily and annual patterns, while seasonal and
weather-related factors had relatively minor effects. The analytical approach developed in
this study represents a valuable and practical contribution that may be applicable to other
urban contexts as well.

Keywords: pedestrian count data; thermal environment; street canyon; temporal analysis;
spatial analysis

1. Introduction
Climate change and the urban heat island phenomenon have resulted in extreme high

temperatures never before experienced, reducing the comfort of citizens and causing heat
stroke and other health problems [1]. To ensure the safety of citizens, the priority is to stay
indoors in air-conditioned rooms, and during heat waves, people are alerted to escape
to air-conditioned spaces [2]. Appropriate measures should be taken for those who need
more consideration, such as the elderly [3,4]. Accessibility to cooling centers is noted to
be important [5,6]. However, activities in outdoor spaces, such as commuting to work
and school, shopping, walking, and sightseeing, are an important part of human social
activities, and it is not necessarily desirable to completely restrict people’s activities and
leave outdoor spaces in ruins in order to avoid high temperatures [7]. In order to develop a
more strategic thermal environment plan, the actual behavior of urban pedestrians, visitors,
and users in station-front areas, commercial areas, office areas, and tourist attractions,
where people are expected to be active even under high temperatures, needs to be clearly
and appropriately perceived by planners and designers.
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A substantial body of research has explored the relationship between street morphol-
ogy and the thermal environment in urban canyons. Nikolopoulou and Lykoudis [8]
highlighted the importance of solar radiation, alongside air temperature, as a critical factor
in outdoor thermal comfort. Johansson [9] compared deep and shallow street canyons
in Fez, Morocco, to assess the impact of urban geometry. Johansson and Emmanuel [10]
further examined how street canyon geometry affects thermal comfort in Colombo, Sri
Lanka. Ali-Toudert and Mayer [11] investigated how street design features—such as as-
pect ratio and solar orientation—affect microclimatic comfort using the ENVI-met model
(Version 5.6). Their subsequent study [12] evaluated the influence of asymmetry, galleries,
overhangs, and vegetation on pedestrian thermal comfort. Additional field measurements
were used to assess the role of street geometry [13]. Emmanuel et al. [14] analyzed the solar
shielding effects of canyon aspect ratios, incorporating considerations of urban ventilation.
Hwang et al. [15], using the RayMan model and a decade of meteorological data, predicted
long-term thermal comfort in central Taiwan, underscoring the significance of vegetation
and shading devices. Takebayashi and Moriyama [16] identified locations requiring thermal
mitigation based on street orientation and aspect ratio. Lindberg et al. [17] also emphasized
the importance of solar shading for improving urban thermal conditions in the context of
climate change.

Hirose et al. used mobile phone location data to analyze the behavioral characteristics
of tourists visiting historical districts [18]. The data revealed temporary changes in the
number of visitors staying in the area, the concentration of visitors in the vicinity of
individual facilities, and the visitors’ touring behavior patterns. Imai et al. compared
various “traffic path data”, such as mobile phone GPS data and public transportation
IC card boarding and exiting data obtained in the same area, to explore their potential
application to urban transportation planning [19]. They analyzed the population and
transportation modes in urban centers to identify differences in the attributes of rail, bus,
and car users, as well as the distribution of residential areas. Kumakura et al. analyzed the
actual movement of people in street canyons using two types of human flow data: mesh
data reflecting communication history with mobile phone base stations and point data from
GPS, and they evaluated thermal risk by combining human flow data with urban thermal
conditions [20]. By exploring the relationship between statistically processed human flow
data and thermal indices, it was confirmed that human flow trends differ depending on the
activity status of each age group and weather conditions.

Several studies have reported results using GPS data from mobile phones, but it
is difficult to get an overall picture of the number of pedestrians due to factors such as
mobile phone ownership rates and the prevalence of applications used to acquire data.
The analysis of pedestrian count data will contribute to the formulation of strategies to
introduce optimal measures against heat, as well as induce the avoidance of undesirable
thermal environments and the active use of outdoor spaces through the provision of more
appropriate thermal environment mapping data. The infrared sensor used in this study
can measure the total number of people passing through a given point. In this study, we
analyzed the spatiotemporal characteristics of pedestrian behavior using pedestrian count
data collected from infrared sensors installed throughout the downtown area. Our analysis
focused on three key questions: (1) whether the thermal environment influences pedestrian
behavior, (2) how spatiotemporal patterns of pedestrian activity can be understood, and
(3) how the results can be effectively presented to urban planners and designers. Because
both pedestrian count data and thermal environment indices exhibit distinct temporal
and spatial characteristics, it is essential to understand these patterns accurately and
incorporate them into outdoor thermal environment planning. This study emphasizes
statistical methods for handling time-series and spatial distribution data as a means of
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addressing this challenge. The research was conducted in collaboration with Kobe City to
align with the city’s planning needs and practical concerns.

2. Materials and Methods
2.1. Study Area

Kobe City, located along Osaka Bay, experiences a warm and temperate climate.
According to the Köppen–Geiger classification, it falls under the Cfa category. The city’s
average annual temperature is 16.7 ◦C, and the average annual precipitation is 1216 mm. In
Japan, days with a minimum air temperature of 25 ◦C or higher are referred to as tropical
nights, indicating nighttime thermal discomfort. Similarly, days with a maximum air
temperature of 35 ◦C or higher are classified as extremely hot days, which serve as an
indicator of daytime heat stress. The number of tropical nights recorded in 2022, 2023,
and 2024 was 65, 69, and 77 days, respectively, highlighting the growing necessity of
air conditioning for comfortable sleep. The number of extremely hot days during the
same period was 2, 15, and 19, respectively, indicating that the past two years were
exceptionally hot.

2.2. Analysis Data

This study used pedestrian count data provided by Kobe City, which was measured
using infrared sensors installed by Kansai Electric Power Co., Osaka, Japan and Optage
Co., Osaka, Japan. Figure 1 shows the location, photograph, and installation status of
the 115 sensors that measured pedestrian count data. Table 1 shows an overview of the
infrared sensors [21]. At some locations, two sensors were installed to count pedestrians in
both directions. However, given the limited number of such installations, it was deemed
inappropriate to generalize directional ratios across all locations. Therefore, this study
used the sum of pedestrian counts in both directions without distinguishing directionality.
Although the sensors are capable of detecting standard pedestrian movements at each
location, detection errors may occur when multiple pedestrians pass in close succession,
potentially causing them to be recorded as a single individual—particularly at high-traffic
sites. Sensors were installed within an area of approximately 1 km2. The measurement
period was one year, from 0:00 on 1 April 2022 to 23:00 on 31 March 2023, with each
hourly count representing the total number of persons passing through the location. The
24-hourly counts were combined into a daily time-series dataset. Measurement points
with significantly insufficient data (less than half of the other measurement points) were
excluded from the analysis.
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Table 1. Overview of infrared sensors.

Device Name Function Detection Distance

Sign TYPE-B Single-axis movement
direction detection 3 m to 5 m

2.3. Analysis Method

A principal component analysis was performed on the hourly pedestrian counts from
0:00 to 23:00 on each day, considered as a 24-dimensional multivariate dataset [22]. The
correlation matrix was used as the starting matrix. Principal components with eigenvalues
greater than 1 were employed. As a result, the cumulative contribution was high, and
most of the variation in the 24 variables was explained by a small number of principal
components. Principal component scores were then computed and used in the hierarchical
cluster analysis. Euclidean distance was used as the distance between samples, and
the samples were classified using the mean linkage method between groups. From the
dendrogram (tree diagram) obtained, the samples were classified into groups by drawing
lines at certain distances so that the number of groups ranged from 3 to 10. Figure 2 shows
the flow of principal component analysis and cluster classification.
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2.4. Methods for Developing Thermal Environment Index Distribution

The distribution of the thermal environmental index in the same target area was
developed for comparison with the results of the pedestrian count data analysis. The
calculation method of the thermal environment index followed the method of previous
studies by the authors, and the standard new effective temperature (SET*) was used as
the thermal environment index [23–25]. Air temperature and humidity measurements at a
height of 2 m and wind velocity 100 m above the ground at a meteorological observatory
in early August were given, and solar radiation on a clear sky was set to calculate the
distribution of solar radiation, ground surface temperature, and wind velocity, as affected
by the shape of buildings and trees, and by surface cover conditions. The LES model was
used to calculate the airflow distribution, and the time-averaged results of the unsteady
calculations were used in the analysis. SET* was calculated assuming a metabolic rate of
1.4 met for walking and 0.6 clo for wearing clothes in the summer season.
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3. Results
3.1. Principal Component Analysis and Cluster Classification Results

An example of the principal component analysis result at a certain measurement point
is shown in Figure 3. The first principal component exhibited positive values throughout the
day, with values exceeding 0.6 from 11:00 to 24:00. This component represents the overall
magnitude of daily pedestrian counts. The second principal component showed values
below −0.6 from 6:00 to 9:00 as well as negative values at 12:00 and from 17:00 to 20:00. This
component captured the temporal variation in pedestrian activity, specifically the contrast
between morning, afternoon, evening, and other periods. The variance explained by the
first principal component was 53.5%, while the second accounted for 16.9%, resulting in
a cumulative contribution exceeding 70%. At many measurement points, the principal
component with positive values throughout the day and the principal component with
negative values at morning, noon, and evening appeared. The daily magnitude and the
morning, noon, and evening peaks of pedestrian numbers were considered to be dominant
factors in the cluster classification. An example of the cluster classification result at a certain
measurement point is shown in Figure 4. The peak time of day was the main factor in
the cluster classification. Clusters with peaks during the commute to work or school were
identified as weekday clusters, and clusters with peaks between 1:00 p.m. and 3:00 p.m. in
the afternoon were identified as weekend clusters.
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Figure 4. Example of the cluster classification result at a certain measurement point (red dot in right
map). The legend below the graph indicates the cluster number (number of weekdays and number of
weekends). Clusters with more weekdays are indicated by solid black lines, and clusters with more
weekends are indicated by dashed blue lines.

3.2. Typical Examples of Cluster Analysis Results

A typical example of the cluster classification results at the three measurement points
is shown in Figure 5. The peak time of day was the main factor in the cluster classification.
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Clusters with peaks during commuting hours were identified as weekday clusters, while
clusters with peaks between 1:00 p.m. and 3:00 p.m. were identified as weekend clusters.
The legend below the graph indicates the cluster number (number of weekdays and number
of weekends). Clusters with more weekdays are indicated by solid black lines, and clusters
with more weekends are indicated by dashed blue lines. Clusters with no peaks are
indicated by solid light-blue lines. Clusters with a mix of weekdays and weekends are
indicated by red lines.
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Figure 5. Typical examples of the cluster classification results at three measurement points (red dot in
right map): (a) at a measurement point where most days were classified as weekday clusters, (b) at a
measurement point where most days were classified as weekday clusters, and (c) at a measurement
point where clusters with a mix of weekdays and weekends were identified.

For the measurement point in Figure 5a, most days (335) were classified as Cluster 1
(solid light-blue line). At measurement points where many days were classified into
one cluster, as in this example, the daily total number of pedestrians was small, and the
difference between weekdays and weekends was not clear. Clusters 2 through 5 exhibited
elevated pedestrian activity during daytime hours on weekends, likely influenced by social
events. Cluster 6 showed increased pedestrian counts on weekday evenings, possibly
reflecting special events, such as fireworks displays.
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For the measurement point in Figure 5b, most days were classified as weekday Clusters
1, 3, 6, 7, and 8 (solid black lines) and weekend Clusters 2, 4, and 5 (dashed blue lines). At
measurement points where many days were classified into two typical clusters (weekday
and weekend), the daily total number of pedestrians was relatively large connected to
the train stations. The clusters reflected peak activity during the morning, afternoon, and
evening on weekdays, and during afternoon hours on weekends. The influence of long
school vacations on weekday patterns and social events on holidays was also assumed.

For the measurement point in Figure 5c, Cluster 1 with a mix of weekdays and week-
ends (red lines) was identified, which had a large daily total number of pedestrians, with
peaks for commuting to work and school as well as shopping and sightseeing. Cluster 2
showed elevated activity on weekday mornings and evenings. Clusters 3 through 6 dis-
played distinct peaks during the morning, afternoon, or evening on weekends, likely
influenced by various social events.

3.3. Percentage of Clusters

Figure 6 shows the percentage of clusters for all measurement points. The measure-
ment points were sorted in the order of the largest percentage of clusters. No distinction
clusters were dominant at 18 measurement points. Almost a single cluster occupied the
most days at these points. About 50 measurement points were clearly divided into weekday
and weekend clusters. Mixture clusters as well as weekday and weekend clusters were
classified at about 40 measurement points.
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Figure 7 shows the daily average pedestrian number, with the horizontal axis following
Figure 6. Pedestrian number tended to be smaller at the measurement points with no
distinction clusters and larger at the measurement points with mixture clusters.

Mapping of measurement points based on clustering results is shown in Figure 8. The
circle size indicates the daily average pedestrian number. No distinction clusters (light
blue) were plotted away from Sannomiya station and Motomachi station, and the daily
average pedestrian number was small, at 3242 people. Most days (average 94%) were
classified in one cluster. Weekday and weekend clusters were plotted close to the train
stations to slightly further away and frequently corresponded to office districts. The daily
average pedestrian numbers were 5410 on weekday clusters and 6167 on weekend clusters.
The ratios of weekday and weekend clusters were 67% and 32%, respectively. Mixture
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clusters as well as weekday and weekend clusters were plotted close to the train stations
and corresponded to office and commercial districts. The daily average pedestrian numbers
were 6293 on weekday clusters, 9530 on weekend clusters, and 8887 on mixture clusters.
The ratios of weekday, weekend, and mixture clusters were 51%, 21%, and 28%, respectively.
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3.4. Calculation Results of SET* Distribution

The SET* distribution, calculated with a horizontal resolution of 2 m at a height of
1.5 m above ground with the settings of building geometry, surface coverage, and street
tree distribution, is shown in Figure 9. Shading by buildings was the dominant influence
on the distribution of thermal environmental indices. The hourly calculation results from
8:00 to 18:00 at measurement points of the pedestrian count data were analyzed using
principal component analysis and cluster classification in the same way as for the pedestrian
count data.
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Classification results based on time variation of SET* at measurement points of the
pedestrian count data are shown in Figure 10. The legend below the graph indicates the
cluster number (number of measurement points). The characteristics of typical clusters are
summarized below:

- Cluster 1 had higher temperatures in the morning and was distributed on the west
side of the north–south road.

- Cluster 2 had higher temperatures in the afternoon and was distributed on the east
side of the north–south road.

- Cluster 3 had lower temperatures throughout the day and was distributed on the
south side of the east–west road.

- Cluster 5 had higher temperatures throughout the day and was distributed on the
north side of the east–west road and on the wider road.
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Atmosphere 2025, 16, 504 10 of 14

Mapping of measurement points based on SET* clustering results is shown in Figure 11.
The spatial distribution was generally classified by the east and west sides of the north–
south road, and the north and south sides of the east–west road, but there was some
variation depending on the surrounding buildings.
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4. Discussion
4.1. Relationship Between Pedestrian Count Data Analysis and Thermal Environment Analysis

The results of the principal component analysis and cluster analysis did not confirm a
significant influence of the thermal environment on the temporal variation characteristics of
pedestrian count data. This suggested that the distinction between weekdays and holidays
played a dominant role in shaping the 24 h and year-round patterns, whereas the effects of
season and weather were relatively minor. Indeed, as shown in Figure 12, no correlation
was observed between the number of pedestrians and SET* at either 8:00 or 13:00. SET*
was higher in the sunny areas and lower in the shaded areas, but pedestrians behaved
independently of these conditions. However, in more confined spaces—such as station
plazas, pedestrian pathways, or inner-city parks—the relationship between pedestrian
counts and thermal environment indices, based on CFD and mutual radiation exchange,
could be explored at a finer spatial resolution. Watanabe and Ishii [26] analyzed the effects
of microclimatic conditions on shade-selective behavior of pedestrians waiting at traffic
lights in the subtropical city of Nagoya and noted that urban shade design would be an
important strategy for improving urban safety, comfort, and attractiveness in a hot climate.
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4.2. Temporal Characteristics of Pedestrian Count Data and Thermal Environmental Indices

By comparing temporal variation characteristics (Figures 5b and 10), temporal strate-
gies for measuring high temperatures can be considered. By comparing spatial distribution
characteristics (Figures 8 and 11), spatial strategies for measuring high temperatures can be
considered. These figures are reproduced in Figure 13.

Atmosphere 2025, 16, x FOR PEER REVIEW 12 of 15 
 

 

  
(a) 

 
 

 
(b) 

Figure 13. Comparison of temporal variation and spatial distribution of pedestrian count data and 
thermal environmental indices (approximately 1 km square). (a) Comparison of temporal variation 
characteristics (Figures 5b and 10 reproduced). (b) Comparison of spatial distribution characteristics 
(Figures 8 and 11 reproduced). The circle size indicates the daily average pedestrian number. 

4.3. Spatial Characteristics of Pedestrian Count Data and Thermal Environmental Indices 

The spatial characteristics of the pedestrian count data were clearly defined by dis-
tance from the station, office district, and commercial district, according to peak commut-
ing, shopping, etc. Zhang and Ludwig [27] used hourly boarding and exiting data from 
subway stations, but their analysis did not use actual city data because the behavioral 
conditions within the urban area were assigned considering the typical commuting pat-
terns of students and workers on weekdays. The spatial characteristics of thermal envi-
ronmental index SET* were classified according to shadows by surrounding buildings. 
These relationships were clearly independent, and the time of high risk for many pedes-
trians exposed to high temperatures was identified based on the results of the analysis for 
each location. However, it was possible to identify approximate tendencies in the follow-
ing groups: near the station, in offices or the commercial district, north and south sides of 
east–west roads, and east and west sides of north–south roads. 

4.4. Limitations and Relevance of This Study 

In this study, pedestrian count data obtained via infrared sensors using existing sens-
ing technology and the calculated spatiotemporal distribution of the thermal environment 
index SET*—for which extensive research has been accumulated—were analyzed using 
established statistical methods, such as principal component analysis and cluster classifi-
cation. Some intuitively expected patterns were identified; for example, pedestrian behav-
ior influenced by commuting was observed on weekdays. Although the methods and 
findings are not novel, the approach represents a valuable practical contribution that can 
be applied to other urban contexts as well. 

The temporal characteristics of the thermal environmental indices were classified 
into four clusters: 

(1) high temperatures in the morning on the west sidewalk of the north–south road, 
(2) high temperatures in the afternoon on the east sidewalk of the north–south road, 

Cluster1     Cluster2     Cluster3     Cluster4     Cluster5     Cluster6

Figure 13. Comparison of temporal variation and spatial distribution of pedestrian count data and
thermal environmental indices (approximately 1 km square). (a) Comparison of temporal variation
characteristics (Figures 5b and 10 reproduced). (b) Comparison of spatial distribution characteristics
(Figures 8 and 11 reproduced). The circle size indicates the daily average pedestrian number.

The temporal characteristics of the pedestrian count data were classified into weekday
and weekend clusters according to the peak hours within a day. Hirose et al. [18] and
Imai et al. [19] analyzed the behavioral characteristics according to the objectives of tourists
and public transport, respectively, and it was clear that their objectives were superior to
weather conditions and other factors. Kumakura et al. [20] analyzed the data considering
the effects of age group, activity status, and weather conditions, suggesting the possibility
of a detailed analysis if data were obtained at a more detailed spatial resolution. The
temporal characteristics of thermal environmental index SET* were classified according to
sidewalk location. These relationships were clearly independent, and the time of high risk
for many pedestrians exposed to high temperatures was identified based on the results of
the analysis for each location. However, it was possible to identify approximate tendencies
in the following groups: weekdays and holidays, north and south sides of east–west roads,
and east and west sides of north–south roads.

4.3. Spatial Characteristics of Pedestrian Count Data and Thermal Environmental Indices

The spatial characteristics of the pedestrian count data were clearly defined by distance
from the station, office district, and commercial district, according to peak commuting,
shopping, etc. Zhang and Ludwig [27] used hourly boarding and exiting data from subway
stations, but their analysis did not use actual city data because the behavioral conditions
within the urban area were assigned considering the typical commuting patterns of students
and workers on weekdays. The spatial characteristics of thermal environmental index
SET* were classified according to shadows by surrounding buildings. These relationships
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were clearly independent, and the time of high risk for many pedestrians exposed to high
temperatures was identified based on the results of the analysis for each location. However,
it was possible to identify approximate tendencies in the following groups: near the station,
in offices or the commercial district, north and south sides of east–west roads, and east and
west sides of north–south roads.

4.4. Limitations and Relevance of This Study

In this study, pedestrian count data obtained via infrared sensors using existing sens-
ing technology and the calculated spatiotemporal distribution of the thermal environment
index SET*—for which extensive research has been accumulated—were analyzed using
established statistical methods, such as principal component analysis and cluster classifica-
tion. Some intuitively expected patterns were identified; for example, pedestrian behavior
influenced by commuting was observed on weekdays. Although the methods and findings
are not novel, the approach represents a valuable practical contribution that can be applied
to other urban contexts as well.

The temporal characteristics of the thermal environmental indices were classified into
four clusters:

(1) high temperatures in the morning on the west sidewalk of the north–south road,
(2) high temperatures in the afternoon on the east sidewalk of the north–south road,
(3) low temperatures throughout the day on the south sidewalk of the east–west road,
(4) high temperatures throughout the day on the north sidewalk of the east–west road

and on sidewalks along wide roads.

These classification results were characterized by a clear correspondence between
temporal and spatial distribution patterns. Although such patterns have been noted
in previous studies [8–17], they were statistically extracted in this study from spatial
distribution data collected at various points in an actual urban area. Therefore, the findings
can be regarded as persuasive evidence for urban environmental planning.

The results of a one-year statistical analysis of hourly pedestrian counts, obtained
from sensors installed at more than 100 locations, provide valuable insights into pedestrian
behavior in urban areas. However, collecting data related to thermal environmental indices
at a similar spatial and temporal resolution remains challenging. This difficulty arises
because it is not feasible to remotely measure variables such as air temperature, humidity,
wind velocity, and mean radiant temperature—unlike pedestrian counts, which can be
measured remotely using infrastructure like streetlights. While infrared thermal cameras
can be deployed at multiple locations to measure surface temperature distributions, which
are closely related to mean radiant temperature, pedestrian count data serve multiple
purposes, including urban safety and commercial activity. As a result, there is limited
incentive to develop dedicated infrastructure solely for thermal environmental assessment.

5. Conclusions
A temporal and spatial analysis method was examined for the purpose of thermal

environment planning using hourly pedestrian count data over the year provided by Kobe
City at more than 100 locations in the street canyon. A principal component analysis
was performed on the hourly number of pedestrians between 0:00 and 23:00 on each day,
considering it as a 24-dimensional multivariate dataset. At many measurement points, the
principal component with positive values throughout the day and the principal component
with negative values at morning, noon, and evening appeared. Clusters with peaks during
the commute to work or school were identified as weekday clusters, and clusters with
peaks between 1:00 p.m. and 3:00 p.m. in the afternoon were identified as weekend clusters.
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More than 100 measurement points were classified into 3 major groups. At measure-
ment points where many days were classified into one cluster, the daily total number of
pedestrians was small, and the difference between weekdays and weekends was not clear.
At measurement points where many days were classified into two typical clusters (weekday
and weekend), the daily total number of pedestrians was relatively large connected to
the train stations. Measurement points where clusters with a mixture of weekdays and
weekends were identified had a large daily total number of pedestrians, with peaks for
commuting to work and school, as well as shopping and sightseeing.

Measurement points were also classified based on time variation of SET*. The spatial
distribution was generally classified by the east and west sides of the north–south road, and
the north and south sides of the east–west road, but there was some variation depending
on the surrounding buildings.

The temporal characteristics of the pedestrian count data were classified into weekday
and weekend clusters according to the peak hours within a day. The spatial charac-
teristics of the pedestrian count data were clearly defined by distance from the station,
office district, and commercial district, according to peak commuting, shopping, etc. Spa-
tiotemporal characteristics of the thermal index SET* were analyzed in the same way
and were classified mainly according to the characteristics of solar radiation shielding by
surrounding buildings.

Results from principal component analysis and cluster analysis did not reveal a
significant influence of the thermal environment on the temporal variation in pedestrian
counts. Instead, the data suggested that weekday versus weekend distinctions were the
primary determinants of daily and annual patterns, while seasonal and weather-related
factors had relatively minor effects. The analytical approach developed in this study
represents a valuable and practical contribution that may be applicable to other urban
contexts as well.
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