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Understanding the rapid-changing mobility is vital to keep the urban system sustain its activity. Yet, the
means to procure the required, factual and up-to-date information on human mobility proves difficulty.
Therefore, researchers and stakeholders are seeking a new way to utilize the available data in pursuit of
understanding the current phenomenon in urban daily mobility through estimation and projection. This
research attempt to extract the mobility pattern information in the form of human mobility flows from the
aggregated—non-directional information of Mobile Spatial Statistics™ using a different approach of Was-
serstein distance and Gravity model to explain the phenomenon of urban mobility flows in the case study
area. It is believed that introducing new ways to utilize the information might broaden the perspective on
how to utilize the MSS data to understand the urban phenomenon—especially urban mobility.
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1. INTRODUCTION

Japan leads the world in their mobility prowess
with their own technology and infrastructure. To-
kyo, as a metropolitan city for one—have been used
as an example of success case of mobility planning.
Although, recent survey concluded that only 26% of
municipalities in Japan had highly sustainable transit
system?—which is alarming, compared to how well
their metropolitan city been able to get through. One
of the problems comes from spatial inequalities,
where big, centralized city will be focused more and
local cities to be lost in comparison®. This raises the
case on how well do we understand the urgency of
understanding this ever-changing mobility.

Understanding the ever-changing mobility is im-
portant to keep the urban sustains their activity. Just
like human activity, their mobility will change and
adapts to the shifts in the community. Depopulation,
automobile dependencies, and rapid urbanization will
more-so than other impacts this mobility in some
way?. In Japan, one of the countries with leading mo-
bility, the shifts in mobility system affects the behav-
ior of mobility of the city?, and not only impactful of
the transportation systems, but also economically.
These rapid changes in urban mobility needs to be
identified, understood, and analyzed promptly for
stakeholders to undertake and intervenes at the sys-
tem level—however, the availability of vital infor-
mation keeps coming on as a hindrance.



Understanding of the characteristic and conditions
of the current situation of travel demand is more im-
portant than the invention of new modes/routes or the
use of advanced modeling tools. Even more im-
portant than understanding is having the data; as any
amount of expertise will not make up for not having
enough information. Therefore, it is far better to fore-
see even without certainty than not to foresee at all.

Current issue in Japan is that most travel demand
are estimated using the person-trip data—condensed,
comprehensive, and detailed amount of information
containing all the data needed to estimate the travel
demand. However, the gap of the availability of said
data are very large—Ileaving engineers and stake-
holders to rely on the outdated data—or to estimate
it. For all purposes, the forecast demand should and
will be sufficiently described by boardings and
alighting to each area in the study case area for:

. Hours of the day;

. Days of the week;
. Seasons of the year;
. Future years.

Meaning that the proper travel demand forecast
should be able to point out which area in the city that
will have higher—or lower transport demand in each
of followed categories, which are unfortunately not
been able to do by using the person-trip survey data
due to the limited data availability (especially the sea-
sons of the year and following years). In order to re-
deemed that situation, this research aimed to intro-
duce different methods using available data for fore-
casting travel demand in Japan.

The current available data that can be more easily
accessed that have significant detailed needed infor-
mation are Mobile Spatial Statistics™-—which ad-
dresses how many people are currently staying at
each 500m/1km mesh in hourly manner, are. Alt-
hough having limited information such as no trip pur-
poses nor trip generated compared to PT data, using
the proposed method, the forecasting should be via-
ble to do.

This research is meant to procure and obtain im-
portant information regarding mobility in the city, by
utilizing the mobile spatial statistics presence—data
which does not explicitly provide mobility infor-
mation, using the proposed Wasserstein distance
method. Hopefully, by extracting the mobility pattern
from the more easily accessed Mobile Spatial Statis-
tics™, it opens the possibility of researcher and engi-
neers to understand the substantive mobility pattern
in the city the prevalent and updated manner.

Hopefully, understanding the activity pattern and
how some activity or changes can alter the pattern of
this activity, we can observe and analyze the travel
demand changes in urban areas—and propose the in-
centive to better improve current situation.
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Wasserstein distance is comparatively unorthodox
method for estimating the travel demand especially
in transportation field. The method comes from math-
ematical function that hopes to explain the efficient
distance of moving masses. However, with the avail-
able data of MSS that only contains mass of people
in one space at a time, compared to traditional gravity
model which needed to use number of trips generated
and attracted, the Wasserstein distance able to easily
predict the moving activity in the city areas. It is,
however, are in different categories than Origin-Des-
tination estimation and more addressing the dominant
flow of mobility in the areas.

The goal of this research is to assign a direction or
extract the dominant flows of mobility to the pres-
ence data of mobile spatial statistics™ using the Was-
serstein distance method as its main approach. This
approach and its applicability are priori-questionable
since there are some assumptions that needs to be put
in place—such as the assumptions that the peo-
ple/population can move in any space without regard-
ing the spaces/obstacles and that they are indistin-
guishable and interchangeable (Balzotti, 2018). Alt-
hough having put some conditions and assumption,
our numerical simulations proves to have high confi-
dence and accuracy compared with the actual mobil-
ity data and shows that the method leads to very
meaningful result. We believed that with respect to
the estimation result and method, this set of research
approaches might be employed in urban and trans-
portation engineering field—especially in traffic
management, assessment of public transportation ef-
ficiency, and other applications.

2. DATASET AND STUDY CASE

The main data we used in this research is Mobile
Spatial Statistics™(MSS) provided by Docomo, a
mobile telecommunication service company in Ja-
pan. Mobile Spatial Statistics™ are statistics of the
actual population for all of Japan that are generated
continuously from mobile terminal network opera-
tional data. The data are created through collection
of the cellular data records that were detected in the
base transceiver stations across the areas. This data
consists of density profiles (spatial distribution) of
population in given area at various instant of time
which were presented in aggregated manner. In sim-
ple terms, the data consists of various records of the
total population per group in every location consid-
ered at every given time (commonly per-1km per-
every hour). The data is available (real time popula-
tion density) publicly after the aggregation process,
although the detailed records can only be accessed
through Docomo as the primary source.



(1) Data characteristics

The Mobile Spatial Statistics™ can be seen as a
snapshot of number of populations in every area. The
data records the number of the mobile service user by
catching the pinpoint location and time of the mobile
phone when they are in range of the cellular base
transceiver stations and not singularly recognize us-
ers and track them using GPS. This records then will
be gone through the process of de-identification and
estimation before it can be disclosed for further use.
Based on the data from 2021%, Docomo have high
penetration rate for mobile cellular products and are
the majority of the market holder which currently
represent roughly 44.1% of the total market share in
Japan as of March 20217

Docomo MSS data provides the number of popu-
lations in every 1-kilometer mesh (around 1 x 1 km
square mesh) for higher municipality and 500-meter
mesh for urban and metropolitan areas. The data pe-
riods are recorded every single day continuously in
every 1-hour intervals due to limitations regarding
privacy issues. Further, the data also can be identified
by categories they represented: (1) age, (2) gender,
(3) residential (ward/district level). Further character-
istics can be seen in the detailed table 1.

Table 1 Docomo MSS data specifications

Item MSS

Identification Mesh area code
Catchmentarea  Mesh, 1km x 1km
500m x 500m (urban areas)

Population >=10 user
Date and time 1-hour interval, 24 hours, 365 days
Age group 15-70, 10 years interval

Gender group Male and female
Residence group Ward or district code

The data we worked on will be using the MSS data
of Kyoto City in weekdays on 2016 for about 2
weeks’ worth of data. Although the data we currently
have on MSS spans throughout the years, we used
this data because we need the move-stay and OD data
of the same years to validate our estimate to check
the confidence level in our approach. The data are
recorded around the 3" week of October in 2016.

Kyoto city data consisted of 772 total 1km mesh.
We selected the 161 meshes which accounts for ur-
ban areas (leaving out meshes where there are mini-
mal activities such as forests and mountain). The en-
tire records are divided into time intervals of 1 hour
therefore we have 3,864 entry per day in total.

The mesh that were chosen for study case area are
represented in Figure 1. We translated the 1km mesh
into nodes for better visualization and computing
methods.
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Fig.1 Kyoto city meshes study area (mesh represented as nodes)

Most of the data used on this research were done
by utilizing the Docomo MSS data—although there
are some other data that were incorporated for better
visualization. We used the help of ArcGIS Pro soft-
ware for our visualization process (including the base
layer maps of World Topographic Map provided by
the ArcGIS Map Service) and mesh data retrieved
from MLIT database in Japan.

(2) Data limitation

Mobile Spatial Statistics™ have some limitations
within the information it can provides. Most im-
portantly is that the MSS data does not have direction
and individual/unique identification, therefore we
cannot track the movement pattern of specific records
unlike the data provided by Person Trip (PT) survey
data—a survey-based records of movement which
contains travel attributes such as origin and destina-
tion points, purpose of trip, and means of transporta-
tion®. The Person Trip data, although are more suita-
ble and have more applications in the field of trans-
portation engineering, have limitations in the terms
of costs to conduct and budget constraints. Currently,
the PT data collection (survey) are conducted every
10 years with the sample percentage around 2% in
selected city areas®). This limitation of PT data serves
as our motivation to pursue other approach for
providing the data of travel demand.



We believed that although having severe differ-
ences and limitations with the information it pro-
vides, MSS could be used to improve our understand-
ing of the human mobility and capture the movement
of intra/extra regional of its residents.

The data limitations from MSS data basically
comes from aggregation process. This process is im-
portant in the terms of answering the privacy issues—
which arises as the data collecting method can be cat-
egorized as tracking cellular data records®, which in
some cases deemed sensitive information.

a) Aggregated data

The individual cellular data records are collected
in the data bank and gone through aggregation pro-
cess before it can be released for further use. This ag-
gregation process removes identification variables in
each record so it is likely not possible to tracks move-
ment as we can do with MAC addresses (Wi-Fi
packet sensors) or ID (Person trip data). As such, the
identification presented in the MSS will be in the
form of number or people in the areas at given time.

b) Trip loss

In addition to the characteristics of aggregation
process described above, there are some cases in
which actual trips are removed or not displayed in the
records due to the impact of confidentiality in privacy
issues®. There are mainly 2 (two) cases of trip losses:

* Trip losses caused by small population;
Due to privacy issues, the trips or number of
populations under 10 people/trips are omitted
from the records. This means that mesh loca-
tion that at any given time records less than 10
people will be omitted from the records as to
control the confidentiality of the consumer.
Therefore, measuring mobility in small popu-
lated locations might be harder to do compared
with highly populated areas.

» Trip losses due to high-movement and short
stays; The MSS data provided by DOCOMO
records cellular data connection in the interval
of 1 hour. This means that if person moves to
multiple locations in under one hour, the rec-
ords will only show that the person shows on
the first and the last location, meaning small
movement might have not been recorded.

Some of the limitations above might be the main
reason as why travel demand estimation usually did
not accommodate the MSS data as it is difficult to
extract the mobility. Although there are some as-
sumptions and constraint that needs to be properly
addressed, the changes in distribution of population
in the spatial manner is properly recorded in the spa-
tial density.
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3. METHOD

The purpose of this research is to extract the mo-
bility pattern from the MSS data which contains no
explicit mobility information. In order to do that, we
mainly utilize Wasserstein distance—or more com-
monly known earth mover’s distance approach.

Wasserstein distance or Kantorovich-Rubinstein
metric is a distance function in mathematics defined
between probability distribution on given metric
space M?. Based on Villani® in Balzotti'®, the defi-
nition of Wasserstein distance is given a sandpile
with mass distribution p0 (origin) pit with equal mass
distribution p1 (destination), find a way to minimize
the cost of transporting sandpile into the pit®. The
purpose is to find the pattern of direction by identify-
ing the considered origin, destination, and path. The
formula can be written as follow:

The formulation of the Lp-Wassertein distance be-
tween p° and p?, for all p €(1,+):

ST

Wp(p°, p') = <minT~TrntI T(x) — xlIan"(x)dx>
@

Where,

T:R" > R": [ p'(x)dx =
T = fb (2)
Jixryesy P° () dx, VB €R"bounded

T is the set of all possible maps which transfer the
mass from one configuration to the other. R"are all
possible nodes of origins and destination, and (x)dx
are the function value for moving masses for all of
the possible interaction of nodes.

Our approach of Wasserstein distance does not fo-
cus on finding the value of Wp but the combination
of T which contains the origin and destination loca-
tion of the optimized mass distribution value. These
origin and destination location represent the paths
along which the mass is transferred'® and will be
modified into dominant flow direction (direction of
the movement based on the more dominant value of
moving mass in the two locations interaction set).
This representation of interactions will be visualized
in the planar areas of the map to create clear projec-
tion of the problems.

Following Briani, et al'® (2018) the mass transfer
problem was formulated on a graph G with N nodes.
Starting from an initial mass m;®and a final mass mj!,
for j=1,...... N, distributed on the graph nodes. We
simplified the (x)dx as cost into cjwhich denotes the
cost to transfer unit from mass j to mass k, and X« as
the number of mass moving from node j to node k.



The problem is then reformulated as:

minimize H := ¥7 -1 CjxXjk (3)
subject to
Yixj = m) V), ¥ xj = mVk and x3, 2 0 (4)

Defining
X = (Xll, X12, X13, ... X1in, X21, X22, ... X2n, ... Xnn)T

¢ = (C11, C12, Ci3, ... Cin, C21, C22, ... Con, ... Cnn)T
b= (m1°, ... my°, mll, Ian)T
and the matrix distance of:

1, - 071"

0 -+ Ny
Where Inis the N x N identity matrix on all possible
nodes’ interaction. We then use the standard linear
programming (LP) problem to minimizes ¢, under
the conditions Ax = b and x >0.

Supposed there is 25 sandpile (origins p0) and 25
pit (destinations pl), presented in a way that all the
origins and destination have the same location—only
the difference are the distributed masses between t°
and t*. Supposed also that the distributed mass was
spread in a planar area which have distances between
one and another place serving as a cost for move-
ment. We intend to calculate all possible interactions
and find out the lowest cost for the distributed mass
from t° to be in the combination of mass in t'. The
method will calculate all N*> combination (for exam-
ple, if there are 25 origin, 25 destination, there will
be 525 minimum interaction. Among those interac-
tion, the Wasserstein distance will present us with the
lowest value of costs. Please be reminded that our
goal is not to get this value (Wd) but the value of T
(see formula 2) which contains the possible maps
combination containing the direction and the number
of transported mass. For better example, we can take
a look to figure 2.

tO tl

100 | 300 100 | 200
200 500
500 800 100 400 | 1000

300 100 100

100 | 400 | 200 300 200 | 100

[N] = Number of populations in said box at the t"

Fig.2 Example of population distribution at t° and t*
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Imagine if there are a composition of population
with number inside the boxes are the number of pop-
ulations at the current time. The next hour of t!, the
composition changes although the number of total
populations stays the same. Assuming that the dis-
tance be in Euclidean distance, = we distribute the
population from t° to t* with the intention of having
the least effort (cost). For illustration, we take 2 out
of 525 (25 nodes) combination as an example as
stated in figure 3.

Comparing the combination 1 and combination 2,
we might be able to distinguish which have better less
effort to distribute the population (combination 1), as
there is less distance, and less moving mass. How-
ever, we cannot be sure that the first combination is
surely the least effort distribution. The Wasserstein
distance will try to quantify all the combination of
distance x moving mass (population) along with the
modification of cost and finds out which combination
returns the least number of costs.

Combination 1 Combination 2

100 Moving population
200 Moving population
300 Moving population
400 Moving population
500 Moving population

Fig.3 Example of combination (T)"

Wasserstein distance approach can be regarded as
a system optimizing approach where the moving
masses (people) are forced to move in the most effi-
cient manner or having the total cost of moving to be
minimized. This might be not exactly matched to the
people’s behavior of moving. The fact that people
cannot freely move in the space (topographical / in-
frastructure concerns), have preferential in moving
activity, and that in general the crowd does not move
in such a way to minimize the total displacement as a
whole (although said assumption could be realistic
for individual*®) should be stated as this model have
following assumption that does not directly match.
Therefore, the application of this method relies heav-
ily on several assumption regarding how the popula-
tion moves in the areas.



Although accompanied by strong assumptions re-
garding the applicability of the method compared to
the real-world situation, Wasserstein distance works
by arranging the masses from sequential snapshots so
that the distribution can be optimized properly. This
means that the method produces a dominant direction
of moving masses (which we will refer as dominant
flow) in which no means the actual movement routes
of individual groups, but the heavily generalized
moving direction of masses. For example, people
might have moved from location A through D while
passing the route B and C in their travels. The moving
pattern should have been A-B-C-D in this case. How-
ever, the general direction would be A-D, which what
we wanted to achieve by this method.

In spite of strong assumptions put into the consid-
eration of the applicability of the method on explain-
ing real life phenomenon, the numerical result of
these approach reveals quite high representability of
the real word scenarios. We felt that this approach
leads to meaningful result which can be utilized fur-
ther for different study case regarding urban transpor-
tation management.

4. RESULT AND DISCUSSION

The application of the Woasserstein distance
method was done with the study case of Kyoto city in
mind. We tried to apply the same model of Wasser-
stein example to the actual study case data of MSS in
weekday of October 2016—specifically on Wednes-
day, 20161019. In current iteration, we only used the
urban area of Kyoto city that consists of 161 nodes in
the arranged manner of Figure 1. The mesh and nodes
data were retrieved from MLIT database'? which we
only filtered by the data of MSS that we currently
have. We calculated that there will be around 25,921
interactions per hour differences. Although most of
these interactions will not be properly visualized due
to the limitations of the model to generate the domi-

nant flow.
20 trips
B
O=—0

12 trips
wd

8 trips

.

Fig.4 Example of Wasserstein distance Dominant flow

Suppose there are moving activities in two loca-
tions. There are 20 trips moving from location A to B
and 12 trips going otherwise. The Wd will display the
trips as the gaps of the followed exchange of flows.
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The moving interactions behavior between two lo-
cations commonly have incoming and outgoing trips
as presented in the Figure 4. In the Wasserstein dis-
tance function, the algorithm uses only the infor-
mation of initial and final mass distribution from se-
quential snapshots of MSS. Therefore, the direction
presented are the result of the flow considering the
difference of mass or population in both locations.

Although the model can be improved, the current
model will be used to determine the estimated domi-
nant flow. We will also try to evaluate our estimation
by comparing the estimation with actual flow data re-
trieved from DOCOMO Mobile Spatial Dynamics®
data.—the dataset that belongs to the Mobile Spatial
Statistics™ which includes move-stay information
that were used to generate an origin-destination ma-
trices from cellular data records.

Although the Wasserstein distance function able to
generate estimated dominant flow for every hour of
the day, we chose 4 different time-frame just to take
a sample of the daily activity. We chose:

. Morning: 07 am — 08 am
. Daytime: 12 pm — 01 pm
. Evening: 05 pm — 06 pm
. Night: 10 pm —11 pm

By choosing this specific time we thought that it
might be able to discern the difference in the human
mobility flows in throughout the different activities
in the day. In summary, we have a total of 8 hours
data which each hour consists of 161 population data,
resulting in 1,288 possible linear program problems.

The reason we chose an hour interval for every it-
eration in the analysis is because the Wasserstein dis-
tance can only consider the changes in spatial distri-
bution of mass between one snapshot to the other. To
allow more smooth observation regarding different
activities and part-of-the-day, we thought that it is
best to observe the hourly mobility dominant flows.
We chose the 4 different part of the day which discern
commuting, working, and resting activities to high-
light the difference in moving pattern.

The following figures will be the dominant flows
visualized by the arrows that join departure and arri-
val locations. Arrow point represent the direction of
dominant flow—therefore there are no two-way ar-
row in the visualization. Each location does not
bound by only one pair of arrows but depends on the
dominance of the trip flow. The line which connects
the arrow resembles number of trips made on the
dominant flow where the color and width of the line
resemble the intensity of the flow. The generated im-
ages consist of four figure which explains the domi-
nant flow for different part of the day in the common
weekday of the month.
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Fig.5 Estimated Dominant Flow, Morning, Kyoto City, 20161019
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Fig.6 Estimated Dominant Flow, Daytime, Kyoto City, 20161019

The morning period including possibly many com-
muting activities (Figure 5) and the daytime period
including possibly many working activities (Figure
6) reveals very different mobility pattern. In the
morning commuting time that likely happened at 7
am, the number of people moving are quite high es-
pecially accounting the west and southern side of the

city, moving towards the center of city.

Compared with the working activity in the after-
noon, the number of trips is fewer and the location
focused on shorter distance trips (longer distance
tends to focuses on the major stations of the city).
Although subtle, the trips can also be associated with
the lunchtime activity and schooltime activities.
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Fig.7 Estimated Dominant Flow, Evening, Kyoto City, 20161019
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Fig.8 Estimated Dominant Flow, Night, Kyoto City, 20161019

The evening period including relatively many
commuting activities (Figure 7) also have the same
characteristics with the morning activity—only that
the directions are reversed. This most likely account
to the going-home activity. However, if we compare
the number of trips, there might be less trips done
from the center of city to outer part of the city in the

evening compared to incoming activity in the morn-
ing. This might be caused by the options of leisure
activity, which translates as the activity where the
population did not go straight back to their residence
after their activity but stays outside for a while—
shopping, dine, etc. This also explains the number of
trips done at the night time dominant flows.



Based on the analysis on estimated dominant flow,
we can find several findings such as:

. The majority of flows happened on morn-
ing (commuting time) where the direction
of dominant flows pointing at the same di-
rection which located the major transpor-
tation hub in the city (train stations)

. The flows that happened on the daytime
are fewer compared to other part of the
day, meaning that the time when activity
started, people are less likely to move
(staying at school, workplace, home, etc.)

. The flows determine the most dominant
flow, meaning that two-way flow cannot
be visualized although in actual data will
happen.

. The flow determines the closest distance
for distributing masses, meaning if there
are two adjacent mass which have highest
population of all-day time), the function
may account both of them as having the
similar attraction—meaning the farthest
location will chose closest destination.

After estimation, we wanted to analyze the close-
ness of estimated dominant flow with the actual mov-
ing activity which we used move-stay MSD data pro-
vided by DOCOMO.

MSD move-stay data is a collective record of raw
data containing every entry of information regarding
the movement of every user in the city®. This means
that every time a person moves from one location to
another and recorded in another new location based
on their base transceiver station (the cellular data sig-
nal changing from location 1 to location 2), the entry
will be recorded as moving activity. On other hand,
when the people moving from one location to the
other and stays for a minimal interval of 1 hour, it
will be regarded as staying activity.

The MSD data and the move-stay information is
part of the MSS data that follows the same data col-
lection and process of aggregation method that was
done to the presence or population data that we
mainly used. This data consists of the records of mov-
ing and staying activities in meshes locations during
the data collection period for MSS. The MSD itself
consists of two main information, that is move-stay
information and OD matrices data. The data were col-
lected using the same approach as the cellular data
records on population data, but the raw data then been
processed into the moving-stay data which defines
the number of groups that are moving and staying in
each meshes®—including the departure and arrival
locations of the moving activity.

Although the MSD have much more applicability
for the travel demand estimation analysis purposes,
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the information requires heavy data processing and
are more complicated than the population data. For
example, in the move-stay data the data records need
to track each moving activity of the mobile telecom-
munication user and their instances of moving/stay-
ing activity based on their locations and duration of
stays, therefore it takes more storage and processing
than the population data that records the data in a
clustered group of users in each instances of the time
periods. For this reason, the MSD data takes up more
than 3 times the space compared with the MSS pop-
ulation data. Unfortunately, for that reason the
providing of this data were more difficult compared
to population data—which we are using in this
method. Although, fortunately the DOCOMO were
able to provide the MSD data for a span of 2 weeks’
worth of information in the 2016. With this infor-
mation, we aimed to compare and evaluate our esti-
mation result with the actual moving data recorded in
the MSD.

The move-stay information contains the number of
trips done between each pair of departure and arrival
locations for each hour. This is quite different from
the population data—which only shows the total pop-
ulation for each recorded hour time, and different
than OD information—which records the pair of first
and final destination of moving activity. Move-stay
data records every movement done continuously and
presented in an aggregated hourly manner.

Table 2 Example part of move-stay data records

Date Time Depart.  Arrival | Stay popu-
Area area flag lation
1019 300 1 1 Move(l) | 74
1019 300 1 1 Stay (0) | 639
1019 300 1 2 Move(l) | 41
1019 300 1 4 Move(1) | 100
1019 700 155 75 Move(l) | 10
1019 700 155 75 Stay(0) | 15
1019 1300 101 40 Move(l) | 10
1019 1300 101 23 Stay (0) | 15

Source: DOCOMO MSD Data, 2016

This data record actual moving activity from the
cellular data records—the raw data that is used for the
basis of MSS population data. We intend to use this
data for evaluating our estimation by comparing the
number of trips generated from the estimation using
Wasserstein distance approach with the actual trips
that were recorded in the move-stay data.

To check the validation of our estimation, we then
tried to filter the move-stay data so that we can ana-
lyze and compare the number of trips. In this case, we
select each line that coincides with our estimated
lines within the same origins and departure locations.



We then tried to generate the dominant flow from the
actual move-stay data (397 interactions among
around 2,000~ hourly interactions) and used a regres-
sion line to find the R? score for our estimated model.
We thought that to analyze it in more spatial manner
we can use other approach but currently we are using
regression models to validate our methods. Our ap-
proach to evaluate the estimation is to compare the
value of trips for every recorded actual movement
that coincides with our estimation.

We select the data to compare based on the loca-
tion of both the departure and arrival on our estima-
tion. In current simulation we wanted to understand
if our estimation gives acceptable number of trips
compared with the actual moving activity. We fil-
tered the move-stay data by only selecting the trip
records that have the same either departure or arrival
location regardless of directions. This filtered data
then resulted in around 397 interactions of move-stay
data. This data (move-stay and estimated dominant
flow) then will be the input for evaluating process us-
ing Ordinary Least Square Method.

We could also use the Common Part of Commuter
(CPC) to evaluate the representability and degree of
confidence of our estimation method, although in this
research we only used the OLS and the Confidence
Interval (CI) approach for our measurement.

The selected move-stay trips based on our require-
ment can be identified on the Figure 10-13. The se-
lected move-stay trips were presented in like manner
with the estimated dominant flow (Figure 5-8). The
arrow point represents the direction of flows, while
the width and color of the line represent the density
of the flows. We did not select the exact same inter-
action lines between the estimation and move-stay
data for our comparison, this is because we wanted to
minimize our assumption for our estimation evalua-
tion by not only choosing the line with the same di-
rection with our estimation. Although, if observed
closely, there are some similarity on the directions of
the arrows from each part of the day, although we can
also discern different value of trips especially in the
morning areas.

The OLS method compares the number of trips on
dominant flow generated from estimation using Was-
serstein distance model (vertical axis) and the actual
value of dominant flow trips calculated from the
move-stay information (horizontal axis). We intend
to observe the correlation between the estimation and
the actual trips value in which R?= 1 meaning that the
estimation perfectly resemble the actual trips, and R?
= 0 meaning there are no correlation of resemblance
in both the data. The comparison scatterplot chart can
be seen in Figure 9 for each estimated time consecu-
tively.
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Fig.9 Evaluation of estimation trips. (a) Morning, (b) Daytime,
(c) Evening, and (d) Night
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Fig.11 Actual Moving Data (Selected OD), Daytime, Kyoto City, 20161019

The actual moving activity represented in figure 10-
13 does have the same similarity of difference in gen-
eral direction of dominant flow for each part of the
day. We can already observe from actual moving
data (Figure 10-13) that the directions of the flow
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have high similarity based on the point of the arrows.
Although, we can see from the density of the line that
there are several differences on density of the flows
that are overestimated (Figure 5 & Figure 10) and un-
derestimated (Figure 6 & Figure 11).
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Fig.13 Actual Moving Data (Selected OD), Night, Kyoto City, 20161019

Our evaluation using Ordinary Least Square (OLS)
method shows that among the four part of the day es-
timated dominant flows of movement, our estimation
can better predict the similar characteristics of trips
properly on morning and night time indicated by the

12

high value of R?, but fall significantly in daylight to
evening time. However, if we observed the dominant
flows line between two figures independently, we can
observe that the number of trips differ quite greatly
in several direction in several part of the day.



First, the reason behind the difference in estimation
evaluation (R?) which can be observed on the high R?
value estimation (morning and night) with the lower
R? value (daytime and evening) is that our model tried
to analyze the dominant flows without considering
the difference between the small, shorter movement
with large, longer distanced movement which re-
sulted in our model giving priorities to longer dis-
tance travel lines. Meaning the farther movement are
encouraged compared to the shorter distances.

(a) (b)

w000 GO0
O O O O O O

Fig.14 Moving masses example of (a) shorter distance and (b)
longer distance. Adapted from Balzotti, 2018.

(]

As we can observe from the Figure 14, both in the
instance of (a) and (b) will result in the same Wasser-
stein distance value of 1. Therefore, in cases where
there are larger population differences in the end of
both locations, the Wasserstein distance prioritize the
longer distance (b) than the shorter one (a) because of
the number of moving mass. We understand that in
some cases, selection of the shorter distances would
be more better describing the mobility flows. How-
ever, we also account for the time difference that
MSS data provides which is every one-hour differ-
ence and the scale of the area of 1km apart to the ad-
jacent areas. Because we cannot differentiate the
mode choice of the moving population, we thought it
might be not fit to assume that the masses of people
move 1lkm/hour in average in the city—as in the
study case sense of Kyoto, most of the travel time
from the farthest end point of the city to the other re-
quires less than an hour travel time. Therefore, we
currently left the methods result as is.

It is also possible to modify the equation of the dis-
tance cost so it might prioritize the shorter movement
by considering the exponential function for the dis-
tance. By this adjustment, we increase the general
cost of large movements compared to the shorter one.

The longer distance transport which the method
generated go along with commuting activity—which
commonly happened in the morning and night time
where people used transportation modes to moves
from outer part of the city (residential) areas to the
center part of the city which coincides with the loca-
tion of business commercial district. Nevertheless,
the estimation can predict accurate direction and lo-
cation of origins in the city for most part of the days.
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Second, we might also observe that although the
R? value of the OLS evaluation are relatively high,
the number of trips observed from our visualization
in our estimates (Figure 5-8) result in more density of
dominant flow trip arrows compared to the actual trip
data (Figure 10-13). The reason behind those differ-
ences is because both data contains inside activity in-
formation (the moving activity inside the 1km x 1km
mesh). These inside movement which Wasserstein
distance also generate, cannot be visualized properly
nor be assigned a direction due to the characteristics
of the location data. The visualization seen on Figure
5-8 and Figure 10-13 can only visualize the outside
trip activity or the moving activity that happened be-
tween two or more meshes—which we assigned the
dominant flow direction. This inside trip movement
available on both the MSD move-stay data and the
estimated dominant flow data, were included in the
comparison evaluation and gave much higher corre-
lation value—therefore giving increased the value of
R? compared if we only evaluate the outside trip sep-
arately. Isolating only outside trip for the evaluation
method might be not fit as we have to omit the possi-
bility of shorter-inside trips, which might not de-
scribe real life behavior.

Table 3 Confidence Interval estimation table

Real Data Estimated Data
Time UPPER LOWER UPPER LOWER
Cl Cl Cl Cl
07-08am  4810.56  3809.42 5231.78 4067.51
12-01 pm 2698.74  2030.83 3961.74 2840.24
05-06 pm 2879.35  2260.15 5048.83 3769.57
10-11 pm 2336.59  1838.09 4080.52 3159.38

The confidence interval (Cl) tried to measure up-
per bounds and lower bounds of mean of the esti-
mated and actual data by using the confidence level
number (in this case, 95%). If both the estimation and
real data falls to the same gap between the upper
bounds CI and lower bounds Cl, the larger the confi-
dence level that the estimation confidence is.

In the model, we tried on using the Cl model to
understand if the estimation is better representing the
actual information. Turns out, with 95% confidence
level, the morning estimation are close to actual in-
formation. However, with the same confidence level,
other timestamps have different or low confidence
level. We might have some understanding that all
other timestamps might be having lower confidence
level than 95%.



5. CONCLUSIONS

This research aimed to improve our understanding
on the mobility pattern in the city by extracting the
idea of how people distribute on space and moves ac-
cordingly. We tried to extract the mobility pattern
from the sequential snapshots of population spatial
distribution data from Mobile Spatial Statistics™ uti-
lizing the unorthodox method of Wasserstein dis-
tance. We believed that by introducing more and
more ways to utilize the data, we can gain more val-
uable information from the currently rich data.

Observing the estimated products (Figure 4-7), the
direction of the estimation can grasp the pattern of the
mobility in the city although it only was used to de-
tect a general daily activity of one day.

In the morning commuting activity, the length of
distance is longer—meaning there are more long-dis-
tance mobility, to the central areas of the city which
coincides with business and commercial district. The
origins of the movement activity also coincide with
the location of residential areas in the city. We can
also observe some movement towards northern part
of the city which coincides with university and some
school locations.

The daytime mobility pattern is more versatile than
commuting time in the morning and evening. Alt-
hough, we can still observe the centralized movement
to Kyoto station location (major station in Kyoto city)
and to eastern part of the city (university and com-
mercial areas). Evening and night mobility produces
quite the similar direction dominant flows, which di-
rected towards outer part of the city—resembling go-
ing home activities. Understanding these directions
and locations it pointed towards at any time given
might be a very important variables to consider for
future urban planning purposes.

Despite there being some constrains, limitations,
and assumptions put on the data and the methods, we
believed that the Wasserstein distance estimation ap-
proach allows us to grasp better understanding of ur-
ban mobility pattern and new ways to utilize the Mo-
bile Spatial Statistics™ Data. Although it is quite dif-
ferent from the Origin-Destination matrices, we fig-
ured that there is utilization specific to the method of
Wasserstein distance.

Future works of this research can be aimed to im-
prove the model of Wasserstein distance especially
by introducing additional variables such as land use
and route networks into the model. We believed it
will also prove benefit if we able to validate our esti-
mation using different approach other than OLS such
as utilizing the Common Part of Commuters (CPC)
to estimate our models.
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