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ABSTRACT
This paper describes a pedestrian population trend estima-
tion method using location data of smartphone users. This
technique is intended to be an alternative to traffic censuses
using tally counters. Traffic censuses using tally counters
are still commonly used to survey the number of pedestri-
ans despite their cost and limitations in area and time.

The proposed approach can replace the traffic census by us-
ing smartphone users’ location data accumulated on Yahoo!
Japan. Moreover, it is low cost because it uses location data
collaterally acquired from smartphone users, and it has no
limits in terms of area or time. This means pedestrian pop-
ulation trends in arbitrary areas and times about which we
want to know can be estimated.

The proposed technique is based on the assumption that
the number of location data in an area is proportional to
the population volume, but it also eliminates some data to
increase pedestrian accuracy. In the elimination step, some
location data that should not be counted as pedestrians are
excluded by estimating transport modes from anteroposte-
rior location data. The supplement step tackles the problem
of data shortage when a target area is a small region by us-
ing a Gaussian kernel. The Gaussian kernel smoother is also
used to deal with data interpolation in the time direction,
and it enables us to estimate time-continuous pedestrian vol-
umes in arbitrary areas.

To evaluate the approach, a manual traffic survey was con-
ducted in five areas on 11 days and the ground truth data are
acquired. Experimental result shows the approach success-
fully estimate pedestrian population trends in areas. The
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proposed method makes less than one-tenth the mean squared
errors of hourly pedestrian number estimation than the con-
ventional approach.

Categories and Subject Descriptors
H.2.8 [Information Systems Applications]: Database
Applications—Data mining, Spatial databases and GIS
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1. INTRODUCTION
Knowing the number of pedestrians in a time or place can
be an essential data source for market research.

To survey the number of pedestrians, traffic censuses using
tally counters are still commonly used. Though the data sur-
veyed this way are very reliable, the traffic census approach
has two problems. One is cost and the other is restrictions
of research area and time. Finding out the total number of
people requires many survey crews and much time. More-
over, we cannot know the population of areas in which and
days on which the survey has not been conducted.

Rapid developments in technology of the Internet and smart-
phones are changing how we communicate with others and
exchange information. Location-based services (LBSs) are
widely used by smartphone users [8, 2]. LBSs (e.g. maps,
navigation tools, train route searching, breaking emergency
news) help us to obtain more useful information in accor-
dance with our location. The more LBSs are used, the more
location coordinates of smartphones are acquired. Mining
data from cell-phones and smartphones is becoming com-
mon for developing networks and smartphones [16][3][5].

These data have recently been implemented to analyze ur-
ban systems [10]. Previous works studied population move-
ments in time and space from location data of GPS traces or
person-trip survey data [6, 12, 14]. Works have been done
to visualize population density using cell-phone communica-
tions [9, 11].

However, to use GPS data from smartphones for counting



the number of pedestrians, two problems remain.

First is how to pick out only pedestrians. As a related work,
ZENRIN Datacom [1] provides a web service that visualizes
area-by-area congestion estimated using location data from
cellular phones by overlaying colors on a map. This ser-
vice also provides hourly population histograms by using an
about 200-meter mesh.

Pulselli et al. [9], Ratti et al. [10], and Reades et al. [11]
also estimated the population density from the phone-call
data. The position of users is replaced by the position of
a cell phone base station. These researches estimate hourly
population density by using an about 20-kilometer mesh.

These services and research cannot estimate pedestrian pop-
ulation volume, which requires estimating total population
volume or population density. In terms of commercial appli-
cations (e.g. effect measurement of digital signage or market
research), pedestrian volume must be estimated while elimi-
nating people in offices or trains. Specifically, the data from
this approach cannot estimate the number of pedestrians
near train stations or big office buildings.

The second problem is how to set the research area and
period at some different angles. Sekimoto et al. [13] vi-
sualized people flows in cities with social survey data from
JICA (Japan International Cooperation Agency). In this
research, the people flows of a developing country are shown
by a 1-kilometer mesh. Liu et al. [6] also reproduced the
mobility use pattern with GPS data from taxis and used
ticket information. The resolution of their study is 1 hourly
and each city scale. Calabrese et al. [4] estimated the pop-
ulation volume from phone-call data and the usage data of
buses and taxis. The resolution of this study is 1 hourly and
a 40-kilometer mesh.

In the above research, different resolutions were decided,
meaning how large the mesh is and how long the time scale
is. The number of data decreases when a mesh becomes
small and the time period becomes narrow. However, mar-
ket research such as the effect of digital signage and the esti-
mation of the number of shop visitors requires the data that
have a free mesh and a free time scale. Thus, the conven-
tional traffic census surveys are still conducted even though
they require much cost and much research time.

To overcome these problems, this paper describes a tech-
nique for estimating the pedestrian population trends in
time and space continuously. Pedestrian population vol-
ume is focused on due to requirements of application usage.
Moreover, it tackles the problem of data sparsity and limi-
tations of time and area. This means continuous estimation
of time and area with relatively little location data.

The technique is expected to be an alternative to conven-
tional traffic censuses using tally counters. The proposed
technique estimating pedestrian population volume tackles
these problems using location data obtained from smart-
phone users. This means it is costless and can be applied
anytime, anywhere.

A simple way to reconstruct the pedestrian population as-

sumes that the number of records is proportional to the num-
ber of people present. However, this assumption does not
take into account that the records contain stationary users
in offices and passing users on trains.

This problem can be solved by developing an accurate al-
ternative to traffic censuses by considering the records as
point processes by each user. By doing this, transportation
modes can be also estimated [15]. Non-pedestrian data are
detected using estimated velocity and eliminated to estimate
the pedestrian number accurately.

Furthermore, it is difficult to estimate pedestrian popula-
tions in small areas using the simple approach due to data
shortage. Although the data are large in the macro scale,
they are very limited in terms of estimating populations in
areas scaling, for example, 100 m. Dealing with this sparsity
is another problem to be solved.

The proposed technique is evaluated by comparing it with
traffic censuses using tally counters, which were conducted
in four areas in Japan. This study analyzes the data in
an anonymous form and does not specify the individuals. It
attempts to analyze and visualize the urban-scale dynamics.

Contributions of this paper are as follows:

• the estimation of the number of ”pedestrians” like traf-
fic census research

• continuous estimation of time and area with relatively
few location data

• evaluation by comparing with real traffic census data.

2. DATASET
The location data are provided by smartphone users through
services of Yahoo! Japan with their agreement.

The data contain the following information:

• Latitude

• Longitude

• Horizontal accuracy

• Time stamp (at a second rate)

• Anonymized user ID (changes after 24 hours)

Table 1 shows several examples of the location data. Lati-
tudes and longitudes are recorded in degrees. Horizontal ac-
curacies are recorded in meters. Time stamps are recorded
at a second rate in format “YYYYMMDDhhmmss”. The
user IDs are anonymized and changed after 24 hours to pro-
tect privacy of users. It is impossible to identify individuals.

The number of records is approximately 15 million for each
day. All data on a certain day are plotted in Figure 1. Note
that no map is being overlaid in this figure. This shows that
data are acquired from all over Japan.



Table 1: Examples of the location data
Latitude Longitude Accuracy Time stamp ID

34.8716480098989 135.661309193946 5.00 20130611000000 UID1
38.7213293603050 139.849629867952 30.00 20130611000000 UID2
43.0928880757489 141.371409950081 112.00 20130611000001 UID3
35.5574600559872 139.445981733805 14.88 20130611000000 UID4
35.7329128494678 139.670771645082 65.00 20130611000012 UID5
35.7846891648607 139.899813949837 10.53 20130611000001 UID6
35.6521350751540 140.026954640171 1414.00 20130611000002 UID7
35.6998792435734 139.841407947290 165.00 20130611000002 UID8

Figure 1: Collected location data points on May
20th, 2013.

The number of data is temporally biased due to the method
of data acquisition. The data are acquired mainly when
users use applications. In some applications, the data are
acquired at regular intervals (e.g. once every hour) or when
the connected base stations change. The temporal bias of
the number of records is illustrated in Figure 2. It shows
that the data are limited from 1 a.m. to 5 a.m. This is
because people do not use applications during their sleep.
Comparatively, many data are obtained during commuting
hours. This must be because commuters use smartphones
during travel to and from work.

3. METHODOLOGY
This section describes a method to estimate population as
an alternative to traffic censuses using tally counters. First,
a simple way to estimate the number of people in an area is
explained and its limitations are discussed. Then a method
to deal with the limitations using the user IDs and some
stochastic techniques are proposed. Finally, parameter tun-
ing using an actual manual traffic census with tally counters
is described.

Figure 2: Temporal bias in the number of total
records from May 20th through 26th 2013.

3.1 A simple approach
As described in Section 1, a simple method to estimate the
population assumes that the number of records in an area
is proportional to the people present in the area. In this
method, first target areas in which and target days on which
the population is estimated are specified for objectives such
as market research. The target area is assumed as not a
mesh but a polygonal area, and this step is implemented
so that the area by specifying vertices (latitudes and longi-
tudes) of the polygon like in Figure 3 can be defined.

As a second step, the number of records existing in the area
hourly is counted and then multiplied by a proper factor.
The factor is estimated by comparing the number with the
actual traffic census described in Section 3.6.

In this approach, low-accuracy data are eliminated. The
data that have under 300-meter accuracy (meaning the date
has errors more than 300 meters) are eliminated in this
research. The threshold of 300-meter is empirically intro-
duced.

Each number represents the amount of traffic in the area
and the hour. The number of location data records through
a day visualized as a histogram is shown in Figure 4. In
this figure, the vertical axis shows the location data count.
This lets us know the rough population trend. For example,



Figure 3: Way to define the target area by specifying
the vertices of the polygonal region.

Figure 4: Histogram of number of location data
records in an area near Meidaimae Station.

we know Meidaimae station, which is near a university, is
mainly used during morning and evening commuting hours.

3.2 Limitation of the simple approach
This simple method has several problems as an alternative
to traffic censuses using tally counters. One is that the
records contain stationary users (e.g. in offices) and pass-
ing users (e.g. on trains). To estimate pedestrian volume,
non-pedestrian records must be eliminated.

Another challenge is time continuous estimation. In the sim-
ple method, if the bin width of a histogram becomes small,
the data become insufficient. Therefore, it is not flexible in
terms of time. The number of pedestrians must be able to
be estimated in arbitrary time ranges.

The other problem is shortage of the number of the records
in accordance with the smallness of target areas. This is
similar to the data shortage caused by short arbitrary time
ranges. If we intend to estimate the number of people in a

Figure 5: Automatically eliminated records (yellow)
and the anteroposterior locations. Blue points and
red points indicate data before and after reaching
the target area, respectively.

relatively narrow area, the number of records is also small.
With the simple method, the estimated population volume
becomes zero, an unusable result.

3.3 Improvement method 1: Eliminating non-
pedestrian data

To tackle the problem of eliminating non-pedestrian data,
the user IDs are focused on and data are extracted user-by-
user. In the simple method, data located in target areas
are counted. The anteroposterior location of the data is
checked using user IDs and timestamps, and approximate
mean velocity is estimated an hour before or after a person
visits the target area. The records where velocities both
before and after are high or near zero are eliminated. The
records where velocities both before and after are high are
considered as invalid because the people must have been
traveling in trains or cars. The records where velocities both
before and after are near zero are considered to be of people
staying somewhere (e.g. offices).

Figure 5 shows a sequence of records of someone that contain
records automatically eliminated by this method. The blue
points indicate locations before reaching the target area.
The yellow point is the record eliminated, which is in the
target area. The red points mean locations after passing the
target area.

3.4 Improvement method 2: Realizing time-
continuous estimation

The other problem of the simple method is that it cannot
estimate the population continuously. The continuous esti-
mation can also solve data sparsity problem in time because
the data are supplemented from other nearly data in time.
It estimates pedestrian volume with a certain bin width (e.g.
one hour) as shown in Figure 4. If the bin width is narrowed,
estimation becomes worse due to the number of records de-
creasing. This means the data are limited in terms of not
only space but also time.



Poisson processes [8] are leveraged as a model to represent
temporal transition of present pedestrians. Although a com-
mon probability model representing counting data is Poisson
distribution[7] given by

p(m|λ) = 1

m!
λm exp−λ (1)

with a averaged number of counts in a fixed term interval
λ, the model assumes the λ is constant. Poisson processes
consider λ as a function of time λ(t).

If the number of pedestrians is m ∈ N0 within t1 and t2(>
t1), the likelihood of m can be written as :

p(m|λ(·)) = 1

m!

[∫ t2

t1

λ(t)dt

]m

exp

{∫ t2

t1

λ(t)dt

}
(2)

The expected number of pedestrians within t1 and t2(> t1)
is as follows:

E[m] =

∫ t2

t1

λ(t)dt (3)

This is the estimated pedestrian number between t1 and t2.
Therefore, if λ(t) can be estimated, so can the pedestrian
population in an arbitrary time range.

Then, λ(t) is decomposed with f(t) and λ0 as shown in

Equation 4 by introducing λ0 =
∫ T

0
λ(t)dt.

λ(t) = f(t)λ0 (4)

f(t) represents the temporal probability density function be-
cause it satisfies Equation 5

∫ T

0

f(t)dt = 1 (5)

The continuous distribution of f(t) is estimated using Gaus-
sian kernel density estimation as shown in Equations 6 and
7. ti(i = 1, 2, 3...n) represents time when data are recorded,
and n represents the total number of data points in the tar-
get area and on the target day. h (> 0) is a smoothing
parameter called the bandwidth.

f(t) =
1

htn

n∑
i=1

k(
t− ti
ht

) (6)

k(t) =
1√
2π

e−
1
2
t2 (7)

λ0 is decided as λ0 = Kn. K is a factor that represents
the actual people number per record. K denotes how many
pedestrians are represented by a single data point. K can
be set as constant or a function of target area.

Figure 6 shows an example of estimation of λ(t) when ht is
set as 0.4 hours and K is set as 1.

Figure 6: Example of continuously estimated λ(t) on
May 20, 2013 in an area near Meidaimae Station.

3.5 Improvement method 3: Dealing with data
sparsity in space

As well as data shortage in terms of time, if the target area
becomes narrow, the data become insufficient in terms of
space.

An approach similar to time continuous estimation is pro-
posed. A Gaussian kernel is used to supplement data from
around an area. This approach implicitly assumes the pedes-
trian population trend in a certain area is similar to the
pedestrian population trend in its surrounding area. This
means the data in surrounding area are taken into account
with smaller weight because the data in the surrounding area
are less reliable than the data in the target area.

The data’s weight wi is decided as 1 if the data are in the
target area where i is the index of the data. If the data are
near the target area, the weight wi is set as follows:

wi =
1√
2π

e−
1
2
(d/hd)

2

(8)

i is the index of data. d denotes the distance between the
data point and centroid of the target area. hd is a constant
number that represents the effect of distance. This value
is set as 100 meters in the experiment, but the hd can be
changed as the objective of the data usage research.

In this approach, each data point is weighted with wi (0 ≤
wi ≥ 1). Therefore, Equation 6 is changed as

f(t) =
1

ht

∑
wi

n∑
i=1

wik(
t− ti
ht

) (9)

In this Equation, n denotes all data points around target
points. If the point is far from target points, the points
are declined because wi is calculated as 0. λ0 is decided as
λ0 = K

∑
wi.

3.6 Parameter selection
Actual traffic censuses using tally counters were conducted
for this research. These census results are used as reference



data to determine parameters and to evaluate the accuracy
of the proposed approach.

The parameters to be determined are K, which is a factor
to relate the number of records to the number of people by
multiplying, that is, how many pedestrians are represented
by a single data point.

The parameter is determined by comparing it with reference
data for each area as follows:

K̂p =
Mp(∑n

i wi

) (∫ t2
t1

f(t)dt
) (10)

t1 and t2 are the census start and end times, respectively.
K̂p is the ideal factor that enables correct estimation of the
total number of pedestrians in the day. The denominator is
an estimated pedestrian number if K = 1 and the numerator
is an actual number.

Mp is total pedestrian number according to traffic census
data of the day. p is the index of area.

K is determined as the mean of Kp as follows:

K =
1

l

l∑
p

Kp (11)

l is the total area number with reference data.

4. RESULTS
4.1 Reference data
Traffic censuses using tally counters were conducted in five
areas on 11 days in Japan in September 2013 as shown in Ta-
ble 2. Marunouchi is an urban business district. Meidaimae
is near a university. Kaihin Makuhari has a big concert hall.
Roppongi Intersection is the most crowded area in these sur-
veyed areas, and it is above a subway station.

There are other methods for acquiring reference data, for ex-
ample Bluetooth sensing or headcount-cameras, etc. How-
ever, these ways have privacy problem and the reference data
are inaccurate because of the difficulty of the definition of
sensing area.

The obtained information is the number of both inbound
and outbound people, their genders, and their ages. The
numbers are recorded every 20 minutes. An example of a
surveyed area is shown in Figure 7. In the Roppongi In-
tersection area, 20 survey crews (10 possible comings and
goings segments and inbound/outbound) counted the pedes-
trians passing through the blue segment. Genders and ages
of pedestrians are also recorded. Figure 8 shows a snapshot
of a pedestrian traffic survey. This shows D and E segments
in Figure 7. This region is about 250 m2. In other areas,
the crew number was changed on-demand. The width and
shape of research differ by area, as do the data.

Figure 9 shows all reference data obtained manually using
tally counters in five areas. Note that the scale of vertical
axes is not same and that time-length differs between survey

Figure 7: Surveyed region in Roppiongi Intersection
area.

areas. There are no data outside of research times. This does
not mean no pedestrians were there in these periods.

4.2 Evaluation metrics
The following three metrics are useed to assess the estima-
tion results.

1. Mean squared error of hourly estimation

2. Absolute error of peak time

3. Absolute error of daily total number

In all approaches, evaluation is calculated hour-by-hour to
compare them with non-time-continuous approaches. The
first one is the mean squared error of hour-by-hour estimated
number represented as

metric 1 =
1

t2 − t1

t2−1∑
t=t1

(m̂t −mt)
2 (12)

t1 and t2 are the start and end times of manual census in
hours. m̂t and mt are estimated and actual pedestrian num-
bers from t to t+ 1.

The second one is about the problem to estimate peak hours
in the day and area. Mean absolute errors of estimated peak
and actual peak are explained as:

metric 2 = | arg max
t

(m̂t)− arg max
t

(mt)| (13)

The last one is total volume error. The estimated total num-
ber of pedestrians in the day and area and actual data are
compared. This value is represented as:

metric 3 = |
t2∑

t=t1

m̂t −
t2∑

t=t1

mt| (14)



Table 2: Date and time of traffic census using tally counters. All censuses were conducted in 2013.

Sep. 7 (Sat.) Sep. 8 (Sun.) Sep. 10 (Wed.) Sep. 12 (Thu.) Sep. 14 (Sat.)
Marunouchi 8:00-22:00 8:00-22:00 8:00-22:00 8:00-22:00 -
Meidaimae 8:00-22:00 8:00-22:00 8:00-22:00 8:00-22:00 -

Kaihin Makuhari A area - - - - 12:00-22:00
Kaihin Makuhari B area - - - - 12:00-22:00

Roppongi Intersection - - - 8:00-22:00 -

Figure 8: Snapshot of pedestrian traffic census in
Roppiongi Intersection area. Survey crews are in-
dicated with red circles. They counted pedestrians
passing the blue segment, which are D and E seg-
ments in Figure 7.

For all metrics, the smaller value indicates the better esti-
mation.

4.3 Proposed pedestrian estimation method
Hourly population trends are estimated with three approaches.
The parameter K is determined as Equation 10 and 11 from
manual census data without the census data of target area
itself because it was used for evaluating results. The results
are in Table 3.

The proposed approach uses both spatial and temporal ker-
nels and a data elimination step. The estimated results with
this approach are shown in the left side of Figure 10.

To evaluate the effects of the proposed method, two types
of comparative approach are prepared.

Approach 1 is the simple approach. This is a method for
counting the number of location data in a target area and
hour and multiplying K. The estimated results with this
approach are shown in the center of Figure 10.

Approach 2 is almost the same as the proposed approach
using time continuous method and data supplement using a
spatial kernel approach, but a data elimination step is not
applied. The estimated results with this approach are shown
in the right side of Figure 10.

Figure 9: Reference data manually obtained by traf-
fic census using tally counters.

5. DISCUSSION
As shown in Table 3, the proposed method indicates the best
performance in terms of all prepared metrics.

In this chapter, the results for each approach are discussed
while observing the estimated histogram overlapped in ac-
tual census data. Note that in the following figures K is
estimated by its own reference data to focus on pedestrian
population trends, which means estimation is calculated as
the total volume becomes correct.

The limitation of the simple approach (approach 1) is that
it cannot deal with data sparsity. In fact, although over 15
million data points are acquired from all over Japan, in the
Roppongi Intersection area, there are at most 70 records
in one hour. In the Marunouchi area, there are under 10
records in one hour. It is very difficult to obtain reliable
estimation results in small area with such little data. Ta-
ble 3 shows that the simple approach cannot estimate the
pedestrian number accurately.

When the pedestrian population in a narrow area or short
time period is estimated, it is best to use the proposed ap-
proach, which uses kernel density estimation in terms of



Figure 10: Hourly pedestrian population in Roppongi region estimated by proposed approach, approach 1,
and approach 2. Blue histogram is reference data with manual census, and red bars are estimated pedestrian
numbers.

Table 3: Evaluation results. Each value shows mean of the metric for all areas.

Approach simple elimination kernel metric 1 [104] metric 2 metric 3

Approach 1 o - - 3578.7 4.00 32329
Approach 2 o - o 582.6 3.09 19702
Proposed o o o 284.9 2.55 12933

time and space. According to Table 3, we can obtain pedes-
trian population trends with one-tenth of the mean squared
hourly error of the simple approach.

The contribution of the elimination step is shown in Ap-
proach 2 (right in Figure 10) and the proposed approach
(left in Figure 10). In approach 2, a strange peak is de-
tected. This must be because of data from passengers on
subways (there is large subway station under the Roppongi
research area). In the proposed approach, the strange peak
is not detected. This shows the elimination approach suc-
cessfully detects the transportation mode of sequential data
and eliminates data of non-pedestrians.

Figure 11 shows estimation results using the proposed ap-
proach for all areas and days. In these graphs, K is es-
timated with cross-validation. In most areas and on most
days, pedestrian population trends are well extracted, but
K is still challenging to estimate accurately.

Estimation results shown in Figure 11 are generally accu-
rate, but the results for Kaihin Makuhari (20130914) and
Messe (20130914) are not. The peak during 20 - 21 p.m.
does not appear in the estimation. According to post re-
search, a famous musician played a concert at Messe (near
Kaihin Makuhari station) on that day. During the concert,
most audience members turned off their cell phones so as
not to distract from the music. Thus, the original GPS data
uploaded by concert goers’ cell phones cannot be confirmed
on the Yahoo! Japan service. This is why the peaks in two
places cannot be reconstructed correctly. This research has
limitation in such unusual case that users turn off their mo-
bile phone. To attack to this problem, the data supplement
approach from data before and after concert is expected to
perform well. This is one of future work.

Another future works will include good estimation of K. In
this research, K is determined from reference data except
for the target area. If area-by-area factors using features
extracted from location data are well estimated, pedestrian
populations will be estimated more and more reliably using
only location data.

Moreover, to make the estimation accuracy high, the hori-
zontal accuracy in raw data is expected to be useful. In this
paper, data over threshold in terms of horizontal accuracy
are eliminated. However, a more complicated approach can
be considered. For example, wi can be changed into the
function of accuracy since low accuracy data should not be
treated the same as high accurate data.

6. CONCLUSION
In this paper, location data from smartphone applications
were studied for monitoring the number of pedestrians. Mon-
itoring the pedestrian volume in areas could be a tool for an-
alyzing urban design, i.e., observing daily population trends
before and after construction of new infrastructure or stores
will let us know the construction’s impact. The total number
of pedestrians of a day and its hour-by-hour transition gives
us useful information to decide where new shops, parking
spaces, or ATMs should be put.

The technique is intended to be an alternative to traffic
censuses using tally counters. The proposed method has
advantages in the cost and flexibility compared to manual
censuses because it uses opportunistically acquired location
data. Though our approach is based on the assumption that
the number of location data in an area is proportional to
the population volume, to estimate numbers of only pedes-
trians, the data from non-pedestrians are eliminated using
estimated transportation modes. Moreover, our approach



deals with temporal and spatial sparsity of data by intro-
ducing non-homogeneous Poisson processes and Gaussian
kernels. This enables us to estimate the pedestrian num-
bers in arbitrary areas and times.

To evaluate the proposed approach, manual traffic surveys
are conducted in five narrow areas in Japan. Experimental
results showed that the proposed approach successfully esti-
mates the number of pedestrians better than other possible
approaches.
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Figure 11: Final estimated results. Blue histograms are reference data from manual censuses, and the red
lines and histogram are estimated pedestrian population trends. The estimation results are confirmed as
histograms for comparing true data (tally counter data). In application, the estimations are the red lines,
and the number of pedestrians is calculated as the area of the curve in the free time window.


