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Abstract: Spatiotemporal evaluation of human mobility is crucial to deepen and broaden
the understanding of drivers and mechanisms behind urbanization. In this study, day-
time human mobility was quantified based on the inflow and outflow of population in
500 x 500 m spatial grids using a processed version of the hourly DOCOMO Mobile Spatial
Statistics (MSS) dataset. Using K-means clustering of the temporal mobility values over the
Greater Tokyo Area, five typical diurnal patterns representing distinguishable intensities
of diurnal human mobility over weekdays and weekends were identified. Mapping their
spatiotemporal changes from the period of January 2019 to December 2021, a different
perspective on regional human mobility was explored. These include the influence of the
COVID-19 pandemic on human mobility, the relationship between human mobility and
locations of public infrastructures, and a large-scale human mobility across central and
peripheral areas inside the large megacity.

Keywords: human mobility; mobile statistics data; machine learning; COVID-19

1. Introduction

Cities are drastically changing worldwide. In the last decade, the population in
urban areas has exceeded half of the world’s population and has been found to be rapidly
increasing [1]. Due to this rapid growth alongside the hazards arising from climate change
and pandemics (e.g., COVID-19), risks are expected to increase in urban areas in cities.
As urbanization continues to invade the natural environment [2] and affects the human
population, a deeper understanding of its important driver, human mobility, is becoming
increasingly crucial.

Human mobility, defined as the movement of individuals or groups of individuals, in-
dicates the unique state and development of cities [3,4]. Beyond its basic definition, the level
of human mobility can imply drivers of social phenomena, the state of economies, and the
effectiveness of policies [5]. Its further investigation enhances our understanding of various
socio-economic, health, and environmental aspects, such as social interactions [6-8], eco-
nomic activities [9], migration [10], traffic flows [11], epidemic spread [12,13], and disaster
resilience [14].

As a complex phenomenon, human mobility has been investigated using multiple
approaches [15]. Individual-level models, such as Lévy flight [16] or preferential return [17],
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as well as population-level models like the gravity law [18], radiation model [10,13],
and visitation law [19], are among them. Other works have employed data-driven ap-
proaches, such as network analysis [20-22] and machine learning techniques [23]. A wide
array of data types has been utilized to represent mobility, including census and sur-
vey data [10,13,22], dollar bills [16], call and text records [7,13,14,17,22,24], GPS data [21],
and mobile phone location information [7,11,19,20,23-26].

Most human mobility studies focus on the travel or trip behavior of the pop-
ulation. The metrics often used to explain mobility in these studies include trip
distance, trip duration, trip destination, number of visited locations, and visitation
frequency [7,10,11,16-19,22,24]. Although these studies have significantly contributed
to the understanding of mobility, a broader and alternative perspective of human mobility
is still needed. In recent years, an alternative approach to reconstructing mobility profiles at
multiple locations over an area is gaining traction due to the emergence of high-resolution
gridded population estimates. Studies that utilize such temporal profiles often interpret
them as the usage of public space or the flow of population in an area. For example, Ref. [27]
used smart card data along with Twitter data to find temporal profiles of urban vitality in
areas surrounding train stations in London, England. They suggested that similar human
mobility patterns can be observed based on area characteristics, location, and associated
transport types. The authors of [28] extracted temporal profiles from Google Maps busy-
ness data at 136 high-human-mobility areas in Ankara, Tiirkiye. They then analyzed the
influence of built environments in the areas relevant to the found temporal profiles. The
researchers of [23] utilized big data concerning weekly activity patterns for non-residential
“point-of-interest” locations in the United States of America to obtain fine-scale human
mobility from 2019 to 2020. Through their usage of the temporal profiles, they were able
to uncover the effect of COVID-19 on changing human mobility dynamics in the country.
Further, Ref. [29] employed a slightly different approach to highlight the contribution of
COVID-19 to the nationwide train demand loss in Japan using mobile spatial statistics.
Instead of direct human mobility, they were able to derive temporal profiles of reduced
station vitality. Using the same dataset, Ref. [30] identified temporal profiles of variation
in the presence of people with respect to the average of 500 m grids in Kyoto. They were
able to identify spatial zones in order to measure the effect of pre-COVID-19, COVID-
19, and post-COVID-19 on nighttime activity over a period of three weeks. Despite all
of these advancements, an overall and explicit mapping of typical temporal human mo-
bility profiles (e.g., hourly daytime variations) fully covering wider regions over longer
periods is still missing. Obtaining an overall perspective has significant implications for
developing a deeper understanding of human mobility across spatial scales, with practical
multi-disciplinary significance.

To address this research gap, this study investigated human mobility at both the
intraregional scale and neighborhood scale (e.g., 500 m spatial resolution) over a large
megacity, specifically the Greater Tokyo Area, Japan, from 2019 to 2021.

The Greater Tokyo Area (henceforth, Tokyo) was selected for this study as it has
been the world’s largest megacity in recent years, with an urban population of approxi-
mately 38 million people [31,32]. A unique characteristic of Tokyo is its usage of trains as
the primary mode of transportation, accounting for 51% of the transport mode share in
2018 [33] as residents travel to different destinations based on their trip purposes. Despite
its uniqueness, the general diurnal behavior of people within Tokyo aligns with those
commonly observed in other large cities. The standard working days (weekdays) run from
Monday to Friday, while Saturdays and Sundays are generally considered non-working
days (weekends). Businesses, schools, and public offices usually start at 09:00 and end at
18:00 on weekdays [34]. Commercial establishments, such as department stores, generally
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open later around 10:00, and close between 20:00 and 23:00. Throughout the year, daylights
saving time is not observed. While these descriptions represent general trends, the major-
ity of the places have slight variations in operating hours, with some exceptions having
significantly different schedules.

Both intraregional and neighborhood scales were investigated to inspect the distinct be-
haviors emerging on different scales [6,35]. At the intraregional scale, the general large-scale
mobility between central areas of concentrated human activities and peripheral residential
areas can be identified. At the neighborhood scale, a population’s mobility and behavior
can be more diverse depending on the locations in question and their functional character-
istics such as workplace and services [4,36]. Consequently, this work also extends further to
investigate the relationship between public service infrastructures and neighborhood-scale
human mobility.

The above investigation was achieved through temporally varying gridded estimates
of the population. This work leveraged the DOCOMO Mobile Spatial Statistics (MSS)
dataset [37], which provides real-time, hourly population data that have spatial and tempo-
ral resolutions of 500 m. MSS has been validated and utilized in aforementioned mobility
studies [29,30], disaster-related studies [38—41], COVID-19 impacts [8,29,30,42—45], and
commercial applications.

In this work, nationwide MSS data were acquired from 2019 to 2021, which also
included the early stages of the COVID-19 pandemic. Not only the large-scale patterns in
human mobility under usual conditions, but also the temporal variations under unexpected
events such as crises and disasters, are investigated in this context. Numerous studies have
investigated and confirmed these impacts, particularly examining how COVID-19 and its
control measures affected human mobility [8,20,26]. For instance, one study found that
reduced social distancing following the relaxation of control measures led to a higher risk of
another outbreak [25], while another observed shifts in temporal patterns, such as morning
activities starting later after the pandemic [23]. The COVID-19 impacts using the MSS data
in Japan were analyzed at the intracity level [8,42,44], the intercity level [43-45], and over a
period of less than one year [8,42,45]. We contribute to the above works by investigating
human mobility and its spatiotemporal changes with respect to the COVID-19 pandemic
on both the intraregional scale and neighborhood scale over longer periods.

With the above motivations, the objectives of the research are summarized as follows.

e To elucidate weekday-weekend mobility patterns at the neighborhood scale within
Tokyo from 2019 to 2021 using a daytime human mobility index derived from mobile
phone statistics.

e To investigate the spatial relationship between the mobility patterns and public infras-
tructures.

e Toinvestigate central-peripheral human mobility in Tokyo from the established hu-
man mobility index.

*  To demonstrate and evaluate the spatiotemporal changes of human mobility and its
patterns during the period surrounding the COVID-19 lockdown in Tokyo.

The work consists of three main parts. First, the classification of human mobility
patterns is discussed in Sections 2.1 and 3.1, which aim to identify typical mobility patterns
ata 500 x 500 m grid scale. Second, the quantitative infrastructure spatial analysis, covered
in Sections 2.2 and 3.2, discusses the relationship between the identified mobility patterns
and ten public facilities. Third, the capability of the approach to delineate between central
and peripheral areas as a function of human mobility are discussed in Sections 2.3 and 3.3.
In line with the three main parts and the study period, the influence of the COVID-19
lockdown is also investigated.



Urban Sci. 2025, 9, 50

2. Methodology

classifying human mobility patterns from the MSS data for a specified month is explained
in this section. Furthermore, procedures to relate the derived classification patterns with
infrastructure locations are discussed, followed by the process of estimating human mobil-
ity across Tokyo’s central-peripheral boundaries determined from the mobility patterns.

The datasets are mentioned in the last sub-section.

A diagram of the research framework is shown in Figure 1. The procedure for spatially

SectRef1l
|| Raw MSS data Residential 3
1 (Pop) population (ResPop) |
3 Monthly human | | Daytime human |
Infrastructure | mobility  — mobility index |
data | pattern (DHMI) |
Sect. Ref. 2 Sect. Ref. 3
Spatial Central-peripheral
matching boundary
1 delineation
T ~_
titat
igfl;z; rl uactlt‘lzf o Central vs. peripheral Generalized diurnal
spatial analysis DHMI mobility profile

Figure 1. Research framework. Sect. Ref. 1, 2, and 3 refers to Sections 2.1, 2.2, and 2.3, respectively.

2.1. Spatiotemporal Patterns of Human Mobility in Region

This section explains the procedure for finding the typical human mobility patterns
from the MSS data using a machine learning technique, K-Means clustering (Figure 2).

Raw MSS data

Calculate Pop median
—i{ during nighttime [—|

Residential population
(ResPop)

(Pop) (midnight-5AM)
’ Difference between Pop and ResPop ‘
1
Daytime human
mobility index (DHMI)
Select only grids
with max DHMI || Scale DHMI to [—1,1] DHMI*
greater than 1000

Select 21-day period starting from

the first Monday of the month

1
Apply K-Means clustering
for time series (K=5)

’ Monthly human mobility patterns

N

Investigate the changes
over months and
during COVID-19

Compare pattern
compositions with
other megacities

Figure 2. Section 2.1 flowchart.
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2.1.1. Daytime Human Mobility Index

This work mainly focuses on human mobility during the day. To quantify this, a day-
time human mobility index (DHMI) is introduced. DHMI is defined as the local deviation
of a local population (Pop) of an area from the same area’s residential population (ResPop)
in a specific time frame (e.g., 1 month). This index can be calculated using Equation (1).

DHMI(G, m,d, t) = Pop(G,m,d,t) — ResPop(G, m) (1)

where G, m, d, t, Pop, and ResPop correspond to the grid position, the month, the date,
the hour of the day, the local population, and the residential population, respectively.

ResPop was estimated by computing the median of the grid-level population at the
local hours of 00:00 to 05:00 (Equation (2)), a period when most individuals are asleep
and public transportation is not operating. ResPop was calculated for each month sepa-
rately to prevent outliers, to capture seasonal variability in residents, and to consider the
uncertainties in the MSS-estimated population count [37].

ResPop(G,m) = med{Pop(G,m,d,t) | (t=10,1,...,5])AND(d € m)} ()

With each line corresponding to a distinct grid belonging to the district of Shibuya,
Figure 3 demonstrates the usefulness of the DHMI and the assumed definition for ResPop.
The 4-day variations of Pop (Figure 3a) and DHMI (Figure 3b) are illustrated. DHMI
adequately captured the timings of population inflows and outflows during the daytime
for all grids relative to their respective ResPop. Mainly representing the daytime mobility,
the DHMI values were approximately 0 from 00:00 to 05:00 local time.

50,000 50.000
40,000 40,000
c 30,000
s -
© S
2 5 20,000
o
a
10,000

04

2019-02-17 2019-02-18

(a) Population (Pop)

2019-02-19 2019-02-20 2019-02-21 2019-02-17 2019-02-18 2019-02-19 2019-02-20 2019-02-21

Date Date

(b) DHMI

Figure 3. Hourly (a) population (Pop) and (b) DHMI in the district of Shibuya. Each line with unique
color represents a grid within Shibuya over a 4-day period.

2.1.2. DHMI*: Scaled DHMI

The DHMI was further processed to be used in the classification of various patterns of
daytime human mobility (Section 2.1.3). Although human mobility in most grids converges
due to significant reductions in mobility during nighttime, varied peak magnitudes of
DHMI during the daytime were apparent from one grid to another. To neglect the variability,
the DHMI of each grid was scaled by dividing it by the corresponding grid’s monthly
maximum DHMI (Equation (3)). The scaled DHMI (i.e., DHMI*) ranges from [—1,1].

DHMI(G, m, d, t)

DHMI* (G, m,d, t) = max ([DHMI(G, m, d, )
jtem

®)

The above scaling eliminated the differences in peak magnitudes across grids while
still preserving the levels of mobility. This later allowed the classification algorithm to
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measure similarity purely in terms of mobility patterns despite the difference in baseline
ResPop levels. For example, Figure 4 shows the comparison between (a) DHMI and (b)
DHMI*. The visual resemblance between the two example grids became more pronounced.
Thus, grids with similar or analogous characteristics could be observed more clearly.
A limitation of this work’s approach for detecting mobility patterns was that only grids
with a maximum absolute DHMI higher than 1000 could be included due to unstable and
incoherent fluctuations appearing for grids having values lower than this threshold. In other
words, random inspections of the DHMI* of grids having a maximum absolute DHMI less
than this threshold tend to generate extremely large values due to the small denominator
values. Grids of this nature are usually found at non-populated locations or locations with
extremely low residential populations. In the Greater Tokyo Area, the number of 500 m
grids within the prefectural boundaries of Chiba, Saitama, Kanagawa, and Tokyo are 20,319,
14,569, 9590, and 8696, respectively. While the value is proportional to the geographical area
occupied by each prefecture, not all of these grids are habitable. By applying this threshold
for absolute DHM], it is possible to identify grids within those prefectures with consistent
human mobility and activity. This turned out to be 760, 743, 1350, and 2475, for Chiba,
Saitama, Kanagawa, and Tokyo, respectively. These numbers highlight the remarkable
concentration of population and anthropogenic activities in Tokyo, despite its relatively
smaller geographical size.
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Figure 4. Comparison between (a) Original DHMI and (b) Scaled DHMI (DHMI*) for two example
grids (mesh A and mesh B).

2.1.3. Classifying Mobility Patterns

The classification algorithm used in this research was the K-Means clustering algo-
rithm [46]. K-Means clustering is an unsupervised machine learning method that groups
unlabeled data together based on their similarity or closeness, given the number of groups
(K). This algorithm groups the data points without requiring prior labelling or predefining
target groups. This enables unbiased and automized extraction of common patterns directly
from the data. This research used this algorithm to extract prevalent patterns of human
mobility that were common across many grids. The process was initiated by randomly
selecting K points as the centers and assigning the rest to their closest center. Then, new
centers were computed as the average of each group, and the points were reassigned to
their closest new center. This process was repeated until a stable grouping result was
acquired. Since the mobility data of each location are time-dependent, the measure of
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distance for determining similarity was based on evaluating the Euclidean distance from
the time series of human mobility for each grid. Tslearn Module Version 0.6.3 [47] in Python
was used to generate this. Throughout the manuscript, “classification” or “patterns” will
be mentioned instead of “clustering” to avoid confusing the word “cluster” with its usage
in land use and urban studies [48].

Given two discrete time series data of DHMI*, A and B, their Euclidean distance for
time series D was computed using Equation (4).

n

D(A,B) =/} _(a; = b;)? 4
i=1
where i refers to the discrete values for each time step. The choice of Euclidean distance
over other commonly used measures for time series distance, such as the Dynamic Time
Warping [49], was mainly to ensure that the distance is calculated for the same specified
discrete time.

The algorithm was applied to DHMI* for each month to consider monthly changes in
the mobility pattern over the region. Each month’s data comprise 21 days starting from the
first Monday of the month. This was the case to ensure a consistent sequence of weekdays
and weekends for each month. Furthermore, the algorithm was trained using April 2019
data because this was the first month within the scope of analysis that did not contain
any national holidays within the 21-day period. Various numbers of classification groups
(K) were tested to find the most representative and logical mobility patterns. As will be
inferred in the discussion of the estimated mobility patterns, K = 5 was set.

2.2. Quantitative Infrastructure Spatial Analysis

This section explains the procedure for relating the monthly human mobility pat-
terns with various infrastructures (i.e., public facilities and schools) and their geolocations
(Figure 5). The details of the infrastructure data and the specific infrastructural types
utilized in this study are mentioned in Section 2.4.2.

Monthly human mobility patterns
’ Infrastructure data ‘ (Sect. Ref. 4)

’ Spatial matching ‘

|

For each mobility pattern, | | For each mobility pattern,
count grids containing count grids
the infrastructure (reference)

~.

’ Chi-square test of independence ‘

Figure 5. Section 2.2 flowchart. Sect. Ref. 4 refers to Section 3.1.2.

2.2.1. Data Preprocessing

Infrastructure data were spatially matched [4] with the derived mobility patterns
(Section 3.1.2). Given the unique social functions and services of each piece of infrastruc-
ture, it is hypothesized that different relationships between human mobility patterns and
infrastructure types may exist. Both data have geospatial attributes in vector format: Points
for infrastructure data and Polygons (grids) for mobility patterns. The spatial matching was
performed by using the “sjoin” function of the Geopandas Module Version 0.10.2 [50] to in-
dicate which grid of the mobility patterns contained each infrastructure. Through this, each
grid may be evaluated for the presence of each infrastructure type. Subsequently, the grids
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can be categorized based on the combinations of their corresponding mobility patterns
and the presence of infrastructure (i.e., combination of weekday_inflow mobility pattern
and police station infrastructure). By compiling the categorization result and counting

the number of grids in each category, a frequency table was constructed (see Appendix A,
Table Al).

2.2.2. Quantitative Infrastructure Spatial Analysis

Because of its nonparametric characteristics and the lack of a requirement of equal
variance, the Chi-square test of independence [51] was used to conduct hypothesis testing to
investigate the relationship between infrastructure and mobility patterns. This is typically
used to evaluate the significance of the difference between a reference control group and
a treated group to determine the association between variables in a bivariate analysis.
In this study, the null hypothesis was that a specified infrastructure does not relate with its
immediate surrounding’s human mobility patterns. Rejecting this null hypothesis indicates
a statistically significant association between the infrastructure type and its surrounding
human mobility patterns. Three possible explanations for this association are proposed as
follows: (1) its location was decided by society because of the compared human mobility;
(2) that the specified infrastructure influences the compared human mobility, or (3) an
unexplored confounding variable exists that influences both the specified infrastructure
and its compared human mobility. This investigation was mainly conducted for April 2019.
This was because Tokyo’s mobility during that time showed regular mobility fluctuations
throughout the 21-day period, and the mobility patterns were generally unchanged with
the exception of the lockdown period. This is discussed further in Section 3.1.2.

Although the Chi-square test requires each entry in the table to be represented as
frequency or count, the table in Section 3.2 is presented as percentages of total grid count in
each row instead. This was carried out to simplify the comparison. The frequency table
used for hypothesis testing calculations is included in Appendix A.

2.3. Central-Peripheral Comparative Analysis

In this section, Tokyo was separated into two areas: central and peripheral areas
(Figure 6). The central area functions as the downtown area with intense human activities,
while the peripheral area consists mainly of residents. This assumption was based on the
flow directions of human mobility, namely, inflow and outflow. As will be discussed in
Section 3.1.1, individuals likely vacate their residences during the daytime to do business
within commercial centers. Thus, this comparative analysis was conducted to investigate
the large-scale mobility characteristics between the central area and the peripheral area.

Group mobility patterns
mainly on inflow /outflow
)

Detect largest inflow
region each month

I

Dissolve infl N Dissolve patterns
1s50lve intlow clusters | | outside of central area

into the central area into peripheral areas

N,

Calculate total DHMI for
central and peripheral areas

Figure 6. Section 2.3 flowchart.
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2.3.1. Detection of Central-Peripheral Boundaries

The result of mobility patterns from Section 3.1.2 was used to determine the boundary
of the two areas. Initially, mobility patterns were reclassified into broader patterns of inflow
and outflow based on their direction of mobility. An example of the reclassified map in
April 2019 is illustrated in Figure 7.

139.3°E 139.6°E 139.9°E 140.2°E

Mobility patterns

M Inflow
[ Outflow

}z

0] 125 25 km

| I
139.3°E 139.6°E 139.9°E 140.2°E

Figure 7. Classification of mobility pattern into inflow and outflow during April 2019.

Subsequently, the central area was identified by selecting the biggest cluster of inflow.
This process was repeated for each month from January 2019 to December 2021. Then, the
final boundary (Figure 8) was created by taking the union of the central areas of 36 months
without considering possible seasonal changes or abnormalities for simplicity.

1396°E - 139.9°

139.6° I 139.9°E
Figure 8. Tokyo’s central area (red) and its boundary.

Upon closer inspection, the identified central area did not uniformly cover the en-
tire region. Instead, certain parts within the boundary exhibited outflow of population
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(a) April 2019

139.9°E 140.2°E

throughout the analytical period. Simple visual investigation revealed that these areas
correspond to established residential zones. Consequently, these grids were not included
in the central area due to their distinct characteristics aligning more closely with residential
areas. Notably, these characteristics included the prevalence of low-rise housing and the
absence of high-rise structures and large-scale infrastructure.

After the central area was identified, the peripheral area was designated as the grids
that were not included in the central area. The peripheral areas varied for each month
depending on the maximum absolute DHMI. Some grids had lower maximum absolute
DHMI than the threshold of 1000 in certain months. Consequently, the peripheral area
varied for different months. Figure 9 shows a clear example of the comparison of peripheral
areas between April 2019 (a typical month) and April 2020 (a month in which Tokyo was
under the state of emergency due to COVID-19).

139.3°E 139.6°E

Area Area
I Central M Central
Peripheral Peripheral
N N
0 125 0 125 25 km

(b) April 2020
Figure 9. Comparison of identified peripheral areas between (a) April 2019 and (b) April 2020.

The estimation of a central-peripheral boundary mainly from high spatiotemporal
human mobility information presented an added value for mapping mobility patterns.
Because of the hourly records covering three years, it became possible to investigate the
spatiotemporal changes in these boundaries. These include the changes in the long-term
net DHMI and the monthly diurnal DHMI profiles for large-scale mobility.

2.3.2. Diurnal Mobility Profile

The net DHMI of large-scale mobility could be found by taking the sum of mobility
within central and peripheral areas. Thereafter, the average of net DHMI was calculated
for each hour of the day to obtain the representative 24 h diurnal mobility profiles. This
calculation was performed monthly over the entire 36-month analysis period to examine
variations due to seasonality or extreme events. Finally, MinMaxScaler from the scikit-learn
module Version 1.0.1 [52] was applied in order to scale the diurnal profile to the range of
[0,1]. The scaling was performed to weekdays and weekends together in order to highlight
their differences in mobility behaviors. Although the found human mobility patterns
in Section 3.1.2 could also be used for the diurnal mobility profiles, they represented
smaller-scale mobility at the neighborhood level and had more complexity.

2.4. Datasets Used in This Study
2.4.1. DOCOMO Mobile Spatial Statistics

The MSS dataset is a statistical estimation of Japan’s population provided by NTT
Docomo, Inc. [37]. The population estimates in MSS account for Japanese and foreign
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residents, but does not factor in foreign tourists. The MSS dataset was derived from
de-identified operational data collected from the mobile terminal network. The dataset
was statistically constructed on an hourly basis by aggregating the count of active mobile
terminals within a specific geographic area during the observation period. Subsequently,
the count was divided by the presence rate of NTT DOCOMO users to take nonusers
into account and estimate the actual population. The presence rate was defined as the
proportion of NTT DOCOMO users relative to the actual population that had the same
characteristics in terms of gender, age, and address. Thereafter, these estimations were
reaggregated into predefined regional 500 m grids [53] for ease of application. In this
research, the analysis focuses on the Greater Tokyo Area (i.e., four prefectures including
Tokyo, Chiba, Kanagawa, and Saitama) from 2019 to 2021.

2.4.2. Infrastructure Data

Locations of infrastructure [54] were obtained from the publicly available digital land
information provided by Japan’s Ministry of Land, Infrastructure, Transport, and Tourism
(MLIT). The dataset contains infrastructure names, types, and representative point co-
ordinates of their locations. Although the source has a large data coverage for various
facilities, a list of ten public facility types were chosen for this study based on their im-
portance and functions in urban society, namely, Police station, Municipal office, Child
welfare facility, Elderly welfare facility, Fire department, Hospital, High school, Library,
Post office, and University. Even though the latest available dataset was publicized in 2006,
the relevant infrastructure has not undergone significant changes; thus, we assumed that it
has remained mostly the same in the last two decades.

3. Results and Discussions

This section describes the main findings of the work in line with the research objectives.
It begins with a discussion on the estimated daytime human mobility and its derived
classification over the Greater Tokyo Area. This is then followed with an evaluation of
the relationship between the spatiotemporal patterns and ten public infrastructure types.
Using the net DHMI and the diurnal profiles of human mobility, the intraregional mobility
in central areas and peripheral areas is discussed further. At relevant sections, the influence
of COVID-19 on human mobility is also discussed.

3.1. Classification of Human Mobility Patterns
3.1.1. Daytime Human Mobility

As shown in Figure 10, the estimated residential population (ResPop) matches with the
common description of residential populations for most cities. Here, the spatial distribution
of the estimated residential population decreases with increasing distance from the city
center with extensive branches tracing along major transportation networks. As a charac-
teristic of most large capital cities, a notable drop in the estimated residential population is
apparent at the core. At the city center, offices and commercial establishments are promi-
nent and partially influential in driving up land or residential prices. These distinctive
characteristics remained consistent across the 36-month analysis period, indicating a stable
distribution of the estimated residential population without significant change over time.

Human mobility generally follows a consistent daily pattern. An illustration of hu-
man mobility at 00:00, 07:00, 14:00, and 21:00 on 15 April 2019 is presented in Figure 11.
The absolute value of DHMI started near zero during the night, increased steadily until
midday (as people go out), and then decreased in the late evening (as people return home).
The sign (i.e., positive and negative) of DHMI represented the direction of mobility. Posi-
tives value indicated inflow, while negative values indicated outflow of people. However,
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the magnitude and timing of these movements varied slightly for each month, as discussed
further in Section 3.3.2.
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Figure 10. Residential population estimation in Tokyo during April 2019.
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Figure 11. Human mobility on 15 April 2019 at (a) 00:00, (b) 07:00, (c) 14:00, and (d) 21:00.
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Spatially, the central area attracted the highest density of people during the daytime,
as shown in Figure 11c. Other clusters of population inflow corresponded to smaller com-
mercial centers or attractions, such as Yokohama City. Conversely, areas with population
outflow were predominantly residential neighborhoods with a high estimated residential
population, as seen in Figure 10.

3.1.2. Human Mobility Pattern

Human mobility patterns were classified into five distinct categories: three inflow
patterns and two outflow patterns, as illustrated in Figure 12. The three inflow patterns con-
sisted of weekday_inflow, weekend_inflow, and allweek_inflow. These patterns differed in
the magnitude of DHMI between weekdays and weekends. Weekday_inflow has a higher
inflow of people during weekdays than on weekends. In contrast, the weekend_inflow
pattern shows a lower inflow during weekdays compared to weekends. The allweek_inflow
pattern maintains a constant inflow of people throughout the entire week. On the other
hand, outflow patterns consisted of high_outflow and low_outflow, which mainly differed
in the magnitude of outflow mobility. The low_outflow pattern exhibited a lower mag-
nitude, potentially corresponding to locations with irregular or mixed mobility patterns.
For example, a consistent slight population inflow during the first few hours of the weekday
mornings was observed in low_outflow that coincides with the timing of the morning rush
hour. In each pattern, weekdays exhibited a similar magnitude of mobility. In contrast,
only weekend_inflow and low_outflow showed similar mobility levels on the weekends.
Weekday_inflow, allweek_inflow, and high_outflow demonstrated higher mobility on Sat-
urdays compared to Sundays. This difference may be attributed to multiple factors such as
Saturday school classes, six-day workweeks [55], or general behavioral tendencies such as
individuals preferring to stay at home on Sundays rather than going out.

0.8 Pattern type

0.6 —— allweek_inflow
( [ [ ( ( [ ( [ [ weekday_inflow
0.4 .
—— weekend_inflow
0.2 \ ‘ —— high_outflow
0.0 | K X v § w\/ low_outflow

0 100 200 300 400
Hours since the start of data analyzed

Scaled mobility

| | | |
© o o o
oo [e)} SN N

Figure 12. Typical human mobility patterns. Region highlighted in gray represent weekends.

The distinction among inflow patterns and among outflow patterns was dissimilar
due to the natures of their respective characteristics of mobility. Inflow patterns were
associated with areas that attract people. Variations existed based on the day of the week
and purposes for which people were drawn to relevant locations. Some examples can
be easily observed from the spatial distribution depicted in Figure 13. Allweek_inflow
consisted of large commercial centers, such as those located around the crowded districts
of Shinjuku and Shibuya. Moreover, Haneda and Narita airports were also categorized as
Allweek_inflow, since these major airports are fully operational every day of the year. Week-
end_inflow consisted mostly of attractions such as Saitama stadium 2002 and Enoshima.
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Notable exceptions were attractions like Disney Resort, which were categorized as all-
week_inflow due to their immense popularity. Conversely, outflow patterns primarily
identified residential areas where people live. However, low_outflow may suggest that an
area was not exclusively residential but may also include other functions, such as major
train stations. This demonstrates the possibility of two-way interaction between human
mobility and the presence of major facilities within a grid. Unlike large-scale and distinct
facilities such as airports and stadiums, manual inspection of each public infrastructure
within each grid is time-consuming and infeasible. Hence, a different analytical approach is
employed in Section 3.2 to further examine the relationship between public infrastructure
and human mobility.

139.3°E 139.6°E 139.9°E 140.2°E

Mobility patterns

M allweek_inflow

I high_outflow
low_outflow
weekday_inflow

B weekend_inflow

139.3°E 139.6°E 139.9°E 140.2°E

Figure 13. Map of mobility pattern classification in Tokyo during April 2019.

During the 36-month analysis period, the map of mobility patterns remained mostly
stable (see Figures S1-S3 in Supplementary Materials), with the exception being the first
COVID-19 state-of-emergency lockdown measures enforced from the period of 7 April 2020
to 25 May 2020 [56]. Figure 14 illustrates that fewer areas were included due to significantly
reduced mobility, causing its value to fall below the threshold of 1000 in numerous grids.
Additionally, the grids classified as allweek_inflow showed a marked decrease in number,
as people avoided going out unnecessarily. Although the general map of mobility patterns
eventually recovered, the spatial extent of the considered grids became relatively smaller
post-lockdown. This contraction is indicative of the broader impact of the lockdown on
human mobility and spatial behavior.

3.2. Quantitative Infrastructure Spatial Analysis

A proportional comparison of each public infrastructure and the associated reference
values, along with the corresponding p-value results, is presented in Table 1. This analysis
and resulting association cannot directly explain causality between the two variables.
Based on the available data on the locations of public infrastructures and the spatial
distribution of mobility patterns, three possible explanations for their association are
proposed. First, specific mobility patterns may have necessitated the construction of
particular infrastructures within those areas. Second, the presence of infrastructure may
dictate the observed mobility patterns. Third, there may be an unexplored confounding
variable that influences both the specified infrastructure and human mobility. The third
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case could not be considered due to the scope of analysis of this paper, and has been left for
future analysis.
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Figure 14. Map of mobility pattern classification during COVID-19 lockdown period: (a) April 2020;
(b) May 2020.

Table 1. Proportional comparison for ten public infrastructure types.

Mobility Patterns
Public Infrastructure Inflow Outflow
Types All Week Weekday Weekend High Low p-Value
Reference 9.87% 14.94% 12.33% 55.46% 7.39% -
Police station 16.67% 31.31% 8.08% 36.87% 7.07% 1.5x 1071
Municipal office 37.78% 30.00% 13.33% 11.11% 7.78% 3.0x10°2
Child welfare facility 5.87% 12.92% 7.18% 63.19% 10.84% 29 %107
Elderly welfare facility 12.81% 13.40% 10.75% 54.49% 8.54% 7.6 x 1072
Fire department 11.51% 19.45% 10.14% 49.59% 9.32% 3.1 x 1072
Hospital 37.78% 30.00% 13.33% 11.11% 7.78% 3.7 x 10713
High school 9.18% 24.64% 10.87% 43.24% 12.08% 33x107°
Library 14.21% 13.65% 12.81% 46.24% 13.09% 32x107°
Post office 13.75% 15.15% 9.57% 52.09% 9.44% 1.3 x107°
University 8.91% 61.39% 12.38% 6.93% 10.40% 22 x 10772

Among the ten public infrastructure types analyzed, Elderly welfare facility and Fire
department failed to reject the null hypothesis, while the remaining eight infrastructures
succeeded in rejecting the null hypothesis.

For the first case, the infrastructures were strategically planned and constructed to sup-
port the demands of the community, leading to spatial heterogeneity in their distribution.
This interpretation is similar to the findings of [57] in Sichuan, China. For instance, police
stations were heavily concentrated in urban areas (Figure 15a) due to a relatively higher
population density and higher activity levels in urban areas. Consequently, more police
stations were built to ensure adequate safety measures. Post offices, libraries, and hospi-
tals (Figure 15b) had similar characteristics, although these facilities were relatively more
dispersed. Conversely, the construction of child welfare facilities was more prevalent in
residential areas (Figure 15c), as they provide support to local families with children. These
distributions are also consistent with findings in Wuhan, China [58], which indicated that
educational and medical resources had concentrated distributions, while kindergartens
were primarily located in residential neighborhoods.
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(c) Child welfare facilities

In the second case, the analysis encompassed larger facilities, including municipal
offices, high schools, and universities, whose sizes were comparable to the scale of a grid.
The spatial distributions of these infrastructures were uniformly spread. Consequently,
the variation in proportions was anticipated to be a consequence of the infrastructure’s
influence on mobility patterns. For instance, numerous grids containing municipal offices
were classified under the inflow mobility patterns (Figure 15d) due to their daytime attrac-
tion. Similarly, high schools and universities exhibited a significantly higher proportion of
weekday_inflow compared to the reference, as students mostly attend classes on weekdays.
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Figure 15. Spatial distribution of (a) police stations, (b) hospitals, (c) child welfare facilities, annd
(d) municipal offices.

Lastly, Elderly welfare facility and Fire epartment did not have statistically significant
relationships with the mobility patterns. They also had a uniform spatial spread, similar
to those in the second case. However, they did not have a direct association in mobil-
ity patterns. Consideration of other confounding variables is necessary to determine or
completely disregard their relationships.

While the significant impact of the COVID-19 lockdown on mobility is acknowledged
(as discussed in Section 3.1.2 and later in Section 3.3.1), its effects on the relationship
between public infrastructure and human mobility are beyond the scope of this study; we
suggest that such effects be studied in further research, such as the study conducted by [59].
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(a) Central area during 36-month period

(c) Central area during 4-month period

Net DHMI (millions)

3.3. Central-Peripheral Comparative Analysis
3.3.1. Central-Peripheral Comparison

The net DHMI derived from the aggregation of 500 m grids into central and peripheral
areas is illustrated as the blue line for both 36-month and 4-month timeframes in Figure 16.
The red line represents the daily new COVID-19 cases [60]. Periods are also highlighted to
indicate the state-of-emergency enforcement in Tokyo. The signs of DHMI signified the
direction of mobility. Positive DHMI in the central area indicated an inflow of population
towards urban regions, whereas negative DHMI in the peripheral area represented people
leaving their residences during the daytime. In Figure 16a,b, only weekday net DHMI
could be observed due to the prevalence of weekdays, as the 36-month time period was
relatively long compared to the temporal resolution of 1 h. Over the shorter 4-month period,
shown in Figure 16¢,d, the mobility pattern of both weekdays and weekends became more
pronounced. It exhibited characteristics similar to weekday_inflow for the central area and
high_outflow for the peripheral area, having higher mobility on weekdays compared to
weekends. Throughout the entire 36-month period, the net inflow mobility of central areas
consistently exceeded the net outflow mobility of peripheral areas, possibly due to people
commuting from other distant prefectures to the central area of Tokyo. The relative value of
net DHMI between weekdays and weekends remained mostly consistent over the period
of analysis, as discussed further in Section 3.3.2.
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Figure 16. Net DHMI during 36-month period in (a) central area and (b) peripheral area and during
4-month period in (c) central area and (d) peripheral area. Left vertical axis corresponds to hourly net
DHMI (blue lines). Right vertical axis corresponds to total daily cases reported in Tokyo (red lines).
Highlighted periods correspond to periods of state-of-emergency implementations.
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Despite the relatively low number of reported COVID-19 cases during the four-month
period (Figure 16¢,d), mobility was significantly impacted by the preventive lockdown
measures implemented during the first state of emergency. The net DHMI on weekdays
decreased from a central area inflow of approximately 3.5 million people and peripheral
area outflow of 3 million people by 63.1% to approximately 1.3 million and by 63.5% to
approximately 1.1 million, respectively. After the lockdown, weekday net DHMI recovered
to only 68.2% and 70.7% of their pre-lockdown values in both the central and peripheral
areas, respectively. This reduction in mobility aligns with the findings from [61], where
their survey conducted in July 2020 indicated an increase in remote work (work from home)
in Japan post-lockdown. Since then, many companies have adopted work-from-home
policies to mitigate the spread of COVID-19 cases [62]. After the first lockdown, periods
of slight decline in net DHMI coincided with each COVID-19 infection wave, although its
impact was relatively small compared to the lockdown period [56]. While two additional
state of emergency announcements were declared, they were less restrictive and did not
significantly affect human mobility on a large scale.

Additionally, negative net DHMI in central areas can be observed at some periods.
These negative peaks coincided with Japan’s holidays: New Year’s Day in January, Golden
Week in late April, and Obon in August. This trend could not be observed in April and
August 2020, likely due to the impacts of COVID-19 on tourism.

3.3.2. Diurnal Mobility Profile

The diurnal population profiles we found are shown in Figure 17. Based on the 36-
month average diurnal profiles for the central area, the inflow of people began from 07:00
to 09:00, while the outflow began from around 17:00 to 21:00 on weekdays. The opposite
pattern was observed in the peripheral area. In the evening, the slope of mobility is
relatively lower and more varied due to the staggered return times from the urban area.
Some individuals head straight home, while others may choose to dine or socialize before
returning. In contrast, the morning commute is typically concentrated before office or
school hours begin. On weekends, the timings of peak DHMI are generally similar to
those on weekdays but with reduced mobility magnitude. Throughout the analysis period,
mobility levels were consistently lower on Sunday compared to Saturday. On Saturday,
mobility levels were 45.7% and 51.3% of the weekday levels in central and peripheral
areas, respectively. On Sunday, mobility levels were 36.5% and 43.5% of weekday levels
in central and peripheral areas, respectively. As discussed in Section 3.1.2, the differences
may be attributed to Saturday school classes, six-day workweeks [55], or general behavioral
tendencies for people to prefer to be stationary on Sundays. In addition, the greater reduction
and variability in the central area on both Saturdays and Sundays may also be indicative of
populations travelling farther away from Tokyo, which largely fluctuates during the weekends.

The 36-month profiles were well-aligned during weekday mornings, indicating a con-
sistent behavior of people commuting to work at similar times while the time of returning
home in the evening exhibited more variability, similar to the finding of [55]. In contrast,
diurnal profiles on weekends showed greater variations in relative magnitude, departure
times, and return times. In accordance with the findings of [63], this may imply that the
daily travel activities during the weekends are less concentrated in the morning, as week-
end trips are generally associated with activities that have fewer time constraints. Other
factors that could potentially contribute to the variations include outlier “extreme” events
and the seasons, which can easily influence weekend mobility. During the lockdown,
the diurnal profiles significantly deviated from the 36-month averages, as depicted in
Figure 18. The time people returned home was the fastest for both weekdays and week-
ends. Compared to weekdays, the mobility magnitudes during Saturdays and Sundays
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were remarkably reduced in the central and peripheral areas. In relation to weekdays,
the mobility levels in the central area dropped to 25.9% (15.4%) for the Saturdays (Sundays)
of April 2020, and to 36.1% (23.7%) for the Saturdays (Sundays) of May 2020. Similarly,
in the peripheral areas, mobilities dropped to 29.1% (20.5%) for the Saturdays (Sundays) of

April 2020, and to 38.9% (29.4%) for the Saturdays (Sundays) of May 2020.

1.0 Label 0.0 Label
—— 3-year average (Weekday) TR —— 3-year average (Weekday)
= = 3-year average (Saturday) '| == 3-year average (Saturday)
0.8 — = 3-year average (Sunday) -0.2 == 3.year average (Sunday)
Monthly average (Weekday) Monthly average (Weekday)
= Monthly average (Saturday) s Monthly average (Saturday)
% 0.6 Monthly average (Sunday) T -04 Monthly average (Sunday)
[a}
3 3
§ 0.4 & -0.6
0.2 -0.8
0.0 -10
00:00 05:00 10:00 15:00 20:00 00:00 05:00 10:00 15:00 20:00
Time of day Time of day
(a) Central area (b) Peripheral area

Figure 17. Diurnal DHMI profiles of (a) central area and (b) peripheral area.
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Figure 18. Diurnal DHMI profiles of (a) central area and (b) peripheral area during April and
May 2020.

The annual average diurnal profiles are illustrated in Figure 19, which depict the
changes over the three-year period. While changes are more evident in the weekday
profiles, similar trends can be observed in the order profiles. After the peak COVID-19
period, citizens tended to leave their residences slightly earlier in the morning and return
home significantly earlier in the evening by the year. This evening trend aligns with [23],
while the morning trend contradicts their findings, as they reported that morning activity
began later during the period of the post-COVID-19 pandemic.
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Figure 19. Annual average of DHMI profiles of (a) central area and (b) peripheral area for 2019 (blue),
2020 (red), and 2021 (black).
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4. Conclusions

This study utilized high-resolution MSS data to derive and investigate collective hu-
man mobility, its patterns, and its correlation with public infrastructures in the Greater
Tokyo Area from 2019 to 2021. At a 500 m spatial resolution, human mobility was classi-
fied into five typical daytime patterns of varying intensities of inflow and outflow levels:
allweek_inflow, weekday_inflow, weekend_inflow, high_outflow, and low_outflow. For in-
flow patterns, a key distinguishing characteristic was the distinct levels of diurnal mobility
between weekdays and weekends, while outflow patterns were defined based on their
magnitude and irregularities. Approximately 55% of the inhabited areas over Tokyo were
found to have high daytime human outflows. This was followed by around 15% of locations
manifesting high inflow mainly during the weekdays and 12% of the locations experiencing
higher weekend daytime inflows than during the weekdays. Almost 10% experienced
balanced daytime inflows throughout all days of the week. Lastly, approximately 7%
generally experienced daytime outflows but of relatively lower intensities.

To understand how these mobility patterns interact with urban spaces, the Chi-square
test was performed for the relations between ten types of public infrastructures and derived
mobility patterns. Certain infrastructures, such as police stations and hospitals, were found
in locations of high daytime inflows. Here, both cities were presumed to be strategically
located to ensure safety and at highly accessible locations, a characteristic of high daytime
locations in the central areas. Meanwhile, other infrastructures, such as municipal offices
and universities, possibly dictate mobility patterns, as indicated by their higher connec-
tion to certain mobility patterns, such as those of weekday_inflow and allweek_inflow.
The analyses, however, did not find clear relations for a few public facilities, such as elderly
welfare facilities and fire departments.

Additionally, human mobility over central and peripheral areas or at the intraregional
level was estimated from the derived patterns. Prior to COVID-19, approximately 3 million
people moved across these two areas daily. The diurnal mobility profiles showed a signifi-
cant inflow of people into the central area during the daytime with the outflow towards
the peripheral areas during the night. Variations in these profiles were also confirmed and
could be observed during the weekends and the evening of weekdays. However, the re-
strictive effects of the COVID-19 lockdown on large-scale human mobility were apparent in
both the magnitude and patterns of human mobility. Net human mobility decreased by 63%
compared to pre-lockdown levels and the spatial distribution of the patterns underwent
substantial changes during the lockdown period. Even after the lockdown was lifted,
the reduced net mobility magnitude only recovered to approximately 70% of its original
value. On the other hand, mobility patterns mostly returned to their original state with
reduced spatial extent. During the lockdown, people tended to avoid coming home late on
the weekdays and going out during the weekends.

It is important to note the limitations of this work. First, only Japanese and foreign
residents are considered in the MSS data. The interpretations, therefore, do not extend
to foreign tourists who visited Japan during the study period. As tourism in Japan has
recovered over the past few years, understanding tourist mobility has become a promising
topic for future research. Moreover, the detailed reasoning behind the characteristics and
variations of human mobility patterns and diurnal profiles also requires further investiga-
tion. This study has not yet considered other factors that could influence human mobility,
such as seasonality and climate parameters, but these can be further explored using the
approach introduced in this work. This work mainly looked into COVID-19, which is a
timely subject and which strongly affected mobilities during the defined period of the MSS
dataset. Other factors, such as weather, may be examined by pairing the human mobility
patterns with historical observations of weather (e.g., temperature, precipitation) in the
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studied location. A more comprehensive investigation into the influence of other factors
on human mobility is left for future applications, particularly in the periods before and
after COVID-19.

The conclusions from this investigation may provide a foundational or supporting ba-
sis for other areas, such as urban planning, risk reduction, and disaster resilience. By deeply
understanding the characteristics of human mobility through the detection of human mo-
bility patterns across diverse locations, appropriate site-specific policies may be formulated
to accommodate various aspects or address societal issues. Urban-centered policies that
may benefit from this work could be related to transportation systems management, ur-
ban planning, economic forecasting, public health, and environmental management [3,64].
Specifically, the methodology and findings introduced in this study may help identify
congested areas over specific locations and periods within the region. This allows for better
management of transportation systems and public spaces to be able to meet traffic and
space demands. In the context of urban planning, the designation of new or relocation
of old public facilities may also be aided by this work. In terms of the spread of dis-
eases, the impacts of endemic spread and its responses examined in this and other similar
studies indicate behavioral changes not only during the pandemic but also after the pan-
demic [23,30,61,62]. Similarly, spatial classification of human mobility is useful in drafting
climate change mitigation and adaptation strategies, as well as in urban climate modeling.
For example, human mobility maps may identify vulnerable locations and, hence, may
help in the implementation of countermeasures in relevant areas [65]. In weather forecast-
ing, these patterns may serve as inputs when constructing anthropogenic heat emission
maps [66], representing an important weather model input that can influence the climate in
cities and their surroundings.

Supplementary Materials: The following supporting information can be downloaded at the link
given as follows: https://www.mdpi.com/article/10.3390 /urbansci9020050/s1, Figure S1: Mobility
pattern classification in 2019; Figure S2: Mobility pattern classification in 2020; Figure S3: Mobility
pattern classification in 2021.
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Appendix A

Table Al. Grid count comparison for all infrastructures.

Mobility Patterns
Public Inflow Outflow
Infrastructure Types Allweek Weekday Weekend High Low
Reference 526 796 657 2955 394
Police station 33 62 16 73 14
Municipal office 34 27 12 10 7
Child welfare facility 45 99 55 484 83
Elderly welfare facility 87 91 73 370 58
Fire department 42 71 37 181 34
Hospital 119 122 68 277 53
High school 38 102 45 179 50
Library 51 49 46 166 47
Post office 207 228 144 784 142
University 18 124 25 14 21
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