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ABSTRACT:

During the COVID-19 pandemic, the patterns of visiting commercial areas have changed due to numerous factors, including the risk
of infection and the government’s state of emergency. This study investigated human mobility changes in commercial areas of 21 cities
in Japan by applying time-series clustering of mobile big data during the COVID-19 pandemic. First, the analysis revealed that the
human mobility changes were found to be area-specific and were classified into five patterns according to population change captured
by mobile data: decreased cluster, slightly decreased cluster, no change cluster, slightly increased cluster, and increased cluster. There
were some commercial areas, which were visited by more people, compared with the pre-COVID-19 period. Second, the increased
clusters revealed a high proportion of commercial facilities that provide essential services. This finding suggests that the local-scale
commercial areas were essential for supporting everyday life during the COVID-19 pandemic. Third, human mobility in commercial
areas was temporarily altered, but ultimately returned to the pre-COVID-19 level. Overall, the proposed method and results provide

basic information for resilient urban structures in Japan.

1. INTRODUCTION

The coronavirus disease 2019 (COVID-19) pandemic is a major
threat to global health, which has substantially disrupted the
social, economic, and healthcare systems of all countries
worldwide. As COVID-19 is characterized by a long incubation
period, high infectivity, and is difficult to detect, physical
distancing is deemed to be the most effective measure for
controlling the disease (Petersen et al., 2020). Despite the
widespread use of vaccination, a reduction in human mobility is
an effective measure as well. To date, numerous countries have
limited travel activities by enacting lockdowns and emergency
statements. Even without such limitations, people change their
behavioral patterns related to the use of public transportation and
visiting stores, restaurants, and public facilities to reduce the
infection risk.

Commercial areas contain numerous facilities and services,
which play essential roles in supporting daily life. However,
these areas are characterized by the high risk of infection because
many people interact in these areas. Some studies have revealed
the risk of infection in commercial areas (Li et al., 2021), thereby
highlighting the behavioral changes within commercial areas.
For instance, Shaer et al. (2021) reported that the proportion of
walking and biking for shopping increased after the COVID-19
pandemic, while good destination accessibility exhibited a
positive relationship with biking and walking distance.
Regarding these changes, that polycentric development is
regarded as a resilient urban structure to decrease the risk of
infectious disease (Malik and Zdyb, 2021).

In this context, it is essential to understand how the patterns of
the commercial area are changed for comprehending the future
of a city. This can facilitate the spatial control of pandemic. Some
studies have already investigated how travel behaviors have been
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altered during the COVID-19 pandemic through various
approaches, such as developing theories (van Wee and Witlox,
2021) and conducting surveys (Parady et al., 2020;
Shamshiripour et al., 2020). Many previous studies have used
mobile big data to capture human mobility changes during
COVID-19 to investigate the changes in human mobility from a
spatial perspective (Eom et al., 2021; Hu et al., 2021). However,
these analyses were limited to the administrative boundary spatial
scales and, therefore, cannot identify the changes at micro-level
in commercial areas. Even though several studies focus on micro-
level (Arimura et al., 2020; Nishihori et al., 2021; Trasberg and
Cheshire, 2021), their analyses were limited to specific cities and
short period.

This study investigated human mobility changes in commercial
areas by applying time-series clustering with mobile big data in
21 cities in Japan to understand how the patterns of visiting
commercial areas changed during the COVID-19 pandemic.
Note that visiting patterns can be defined in various ways, such
as frequency, destination, and transportation mode. From a
methodological perspective, this study focused on the quantity of
human mobility change at a destination, given the available
information from the applied data. The remainder of this paper is
organized as follows. Section 2 describes the study area and the
data used in this study, Section 3 describes the methodology of
this study, Section 4 presents the results, Section 5 contains
conclusions, drawn from the results.

2. STUDY AREA AND DATA
2.1 The study area

The study area of this study included 20 ordinance-designated
cities (Sapporo, Sendai, Saitama, Chiba, Yokohama, Kawasaki,
Sagamihara, Niigata, Shizuoka, Hamamatsu, Nagoya, Kyoto,
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Figure 1. The study area with the location of analyzed cities

Osaka, Sakai, Kobe, Okayama, Hiroshima, Kitakyusyu, Fukuoka,
and Kumamoto) and the Tokyo Metropolitan Special Ward Area.
The location and the population statistics are both shown in
Figure 1.

2.2 Data

2.2.1 Human mobility data: Human mobility was
determined by using mobile spatial statistics, obtained from the
DOCOMO Insight Marketing, Inc. Mobile spatial statistics were
built based on the population distribution with 1-h resolution.
These data include information on the actual population in Japan
based on the mobile terminal network operational data from NTT
DOCOMO mobile phones (Terada et al., 2013). Notably, NTT
DOCOMO stands out with > 82 million customers in Japan. The
population in the present study was determined as the number of
people estimated in a 500 m square grid cell at a specific time.
However, for privacy protection, residential area information was
considered at the city scales, not at the grid scales.

2.2.2 Commercial facility data: The distribution of

commercial facilities was determined by using “Tele-Point-Pack!”
(ZENRIN InterMap Inc., 2020). Note that “Tele-Point-Pack!”

was constructed by using ~25 million items, listed in nationwide

telephone directories in Japan. In addition, the postal code,

industry category, address, and location (longitude and latitude);

all were added.

3. METHODOLOGY
3.1 Commercial area extraction

In general, the commercial area represents the geographic
concentration of retail stores, restaurants, and offices.
Commercial areas provide various services in urban areas, and
many people visit such areas to use these services. Although the
definitions of commercial areas are plentiful (Hu et al., 2019;
Wang et al., 2016), we defined a commercial area as the relative
geographic accumulation area of retail and firms compared to the
surrounding area. This implies that both central and
neighborhood-level commercial areas were included.

Commercial density

(a) Step 1: Kernel density estimation

Commercial density

Mean of city B
Mean of city A—J —l

City A City B

(b) Step 2: Aggregation of density to grid level

Commercial areas
Commercial arcas

—  Z-score

=)

City A City B

(c) Step 3: Extraction of commercial area based on Z-score
Figure 2. Process for extracting a commercial area

Methodologically, we selected ~340 categories to extract the
commercial area based on a previous study from commercial
facility data (Akiyama et al., 2011). The selected data include the
categories, closely related to daily commercial activities such as
grocery stores, clothing stores, household and general shops, hair
salons, drug stores, restaurants, sporting-goods stores,
amusement facilities, medical clinics, real estate offices, banks,
and residential accommodations.

The selected facility data were applied for the process of

extraction., which was divided into three steps (see Figure 2).

1)  Kernel density estimation based on the point data

2)  Aggregation of density to grid level

3)  Calculation of relative accumulation degree and extraction
of commercial area

First, the kernel density was constructed by using the ArcGIS
10.1 software tool. The bandwidth was set to 500 m as the
walking distance, and the grid cell size was set to 100 m. Second,
the calculated density values were aggregated to the grid level
(500 m x 500 m) by using the mean density of each grid. The
city-level means and the corresponding standard deviations were
also calculated. Third, the Z-score of the commercial density of
each grid was derived based on the district-level average estimate
and standard deviation to consider the scale differences. The
grids with Z-scores of > 1.0 were subsequently classified as
commercial areas.

3.2 Human mobility change pattern

To identify the change in human mobility of the extracted
commercial area, we used the population data from mobile spatial
statistics (mobile population). The seven-day simple moving
averages were subsequently calculated to diminish the outlier
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effects. At the next step, the change rate of the mobile population
of grid i and day & (ry;,) was calculated by comparing the moving
average of grid i and day & (p;;) to the same day one year earlier
as Py /Dik—364)- 10 further elucidate the difference in time, we
applied three different time slots: 10:00, 15:00, and 20:00 (Japan
Standard Time), related to work, daily shopping, and evening
activities such as restaurants and pubs.

Time-series clustering is a technique for grouping a time-series
set into multiple subsets (clusters) according to their similarity.
Each time series with multiple data points can be considered a
single object. Clustering of such complex objects can help in
identifying the valuable patterns in time-series (Aghabozorgi et
al., 2015). Thus, we applied the time-series clustering to identify
the differences in human mobility changes in commercial areas.
Further, we applied Euclidean distance to quantify the similarity
among the time-series datasets. Note that the clustering was
performed by using the k-means method in the Tslearn Python
software package (Tavenard et al., 2020).

4. RESULTS
4.1 Commercial area distribution

The grid of the commercial area contained 2,416 cells, thereby
accounting for 8.2% of the total grid. Figure 3 shows the number
of commercial grid cells areas in each city. The proportions of
commercial areas varied between 5.2% (Shizuoka) and 14.4%
(Osaka).

Figure 4 shows the results for Tokyo. As seen, the CBDs (central
business districts) of Tokyo (such as Tokyo station, Shinjuku,
and Shibuya) and the neighborhood-level commercial areas of
each district were extracted. Note that the Z-score of each grid is
a relative value within a district.

4.2 Human mobility change

The Japanese national government had declared a state of
emergency twice during the study period. Figure 5 shows the
moving average and the change rate for each day, where the
period of the emergency state was based on the Tokyo area. The
analysis of the 1% state of emergency period (from April 7, 2020,
to May 25, 2021) revealed a substantial weakening of human
mobility in the grids with a large mobile population, which
recovered after the release of the declaration. Furthermore, the
impact of the 2" state of emergency (from January 8, 2021, to
March 21, 2021) was not noticeable. The human mobility change
rate indicates that commercial areas experienced a decrease in
mobile population during the state of emergency.

4.3 Classification of human mobility change pattern

The difference in human mobility changes at the grid-scale is
illustrated in Figure 6. The change rates of the three time slots
(10:00, 15:00, and 20:00) were simultaneously classified to
elucidate the differences according to the grid and time slot. As a
result, five different patterns were identified: decreased cluster
(C1), slightly decreased cluster (C2), no change cluster (C3),
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slightly increased cluster (C4), and increased cluster (C5). We
repeated the clustering with different numbers of clusters,
whereas the number of clusters was determined based on the
uniqueness of the features of each cluster.

C1 and C2 exhibited a decreased mobile population during the
first state of emergency and recovery. Also, they exhibited a
decrease during the second state of emergency but rebounded in
early March before the release. Note that the emergency
statement was released at the end of March in metropolitan areas
such as Tokyo, Kanagawa, Saitama, and Chiba, but in early
March in non-metropolitan areas.

It was also found that C4 and C5 exhibited an increased mobile
population during the target period. Two potential drivers behind
the increased mobile population at C4 and C5 can be suggested.
Potentially, numerous companies expanded telecommuting,
while the more previously mobile population remained at home.

Alternatively, frequent visits of neighborhood commercial
facilities instead of congested areas, where many people are
concentrated, such as CBDs and large-scale shopping districts,
can be the driver behind the increase in the mobile population in
several areas. Note that to reduce the risk of COVID-19 infection,
people tend to avoid long-distance travel by using public
transportation and change their destination to neighborhood
commercial facilities.

As the mobile population in this study includes both people
staying at home and visitors, it is necessary to exclude the people
at home. This is required to identify the commercial areas, which
are more intensively visited by people, compared to the pre-
COVID-19 period. To this end, we quantified the gap with the
mobile population at three time slots and 4:00 am during the
COVID-19 period because most of the population in this time
slot can be considered residents. We, therefore, assumed that
grids with the positive mean values have more visitors than
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Figure 6. Human mobility change patterns in commercial areas
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Time slot 10:00 15:00 20:00
Z-score 1.0-1.5 1.5-2.0  Over 2.0 1.0-1.5 1.5-2.0  Over 2.0 1.0-1.5 1.5-2.0  Over 2.0
1.18 0.61 1.08 1.05 0.61 1.18 0.62 0.72 1.45
dciresilsi}éﬂy 0.57 0.86 1.41 0.53 0.86 1.44 0.66 0.81 137
C3: No change 0.90 0.91 1.13 0.91 0.87 1.14 0.85 0.98 1.13
C4: Slightly increased 1.15 1.16 0.80 1.08 1.15 0.85 1.31 1.24 0.63
1.64 1.06 0.48 1.62 1.22 0.40 1.74 0.97 0.45

Note: Values over than 1.0 are highlighted.
Table 1. Relative concentration of clusters considering commercial density level

residents. About 45% of grids (1,077 grids) had more visitors
than residents during the daytime (10:00 and 15:00). It should be
noted that some grids with more residents than visitors may have
more visitors compared with the pre-COVID-19 period.

in human mobility were somewhat temporary. All the clusters
exhibited similar levels of human mobility at the end of March
2021. Potentially, the enaction of the 2" state of emergency may
have affected this change.

However, these areas were excluded from the further analysis Time slots No. of .
because, given the data limitations, it was impossible to elucidate 10:00 15:00 20:00 grids %
the drivers behind the mobile population increase. A A A 395 36.7%
Figure 7 illustrates the proportion of clusters according to the v v v 239 22.2%
time slots. The analysis of the grids with more visitors than - - - 141 13.1%
residents revealed 39.6%, 34.6% and 34.8% of grids with the A A - 84 7.8%
increased patterns (C4 and CS5) in 10:00, 15:00, and 20:00, _ _ v 64 5.99,
respectively. Figure 8 shows that the proportion of the increased i v v 35 329
clusters decreased as the commercial density increased. To oo
elucidate the relative concentration of each cluster, Table 1 shows } } A 26 2.4%
the calculated relative concentration index based on the location - A - 23 2.1%
quotient. In brief, it represents a ratio that compares the given - A A 22 2.0%
range of Z-scores to the entire grid, according to each cluster. A _ _ 20 1.9%
This calculated value of > 1.0 indicates that the grids with a given v v ) 7 0.6%
. . . . (V]
range of Z-scores have a higher concentration of a given cluster.
According to Table 1, the increased patterns (C4 and C5) were B v N 7 0.6%
clustered in the grids with low Z-scores, while the decreased A - A 0.4%
patterns (C1 and C2) were clustered in the grids with a Z-score Others 10 0.9%

of > 2.0. These results suggest that more people visited Note: A: increase, -: no change, ¥: decrease

commercial areas with relatively low commercial density
compared to the pre-COVID-19 period. However, these changes

Table 2. Change patterns for three time slots
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100% l Table 2 summarizes the human mobility change patterns

according to the time slots. The five clusters were classified into
three patterns: decreased (C1, C2), no change(C3), and increased
type (C4, C5). Also, ~40% of grids were classified as the
40% increased type, and 23% of grids were classified as the decreased
0% type for all the time slots. Although the change patterns

’ fluctuated according to the time slot, we identified few
contrasting patterns between time slots, such as the increased
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Figure 11. The proportion of commercial facility categories according to change patterns

decrease. This is because the number of COVID-19 patients was
relatively small, and the human mobility change was not very
noticeable.

4.4 Features of clusters regarding commercial facility type

To examine the features of the clusters, we investigated the
geographical distribution and proportion of commercial density
according to facility type. Figure 10 shows the distribution of
clusters in the four cities of Tokyo, Osaka, Sapporo, and
Okayama. The decreased patterns (C1 and C2) were mainly
identified in the CBD areas, while the increased patterns (C4 and
C5) were found in peripheral areas. The drivers behind the
increasing patterns in peripheral areas may be related to the
increasing number of visitors, who changed their destination for
essential activities such as shopping and hospitals from large-
scale commercial areas to neighborhood commercial areas.

Figure 11 illustrates the proportion of commercial density
according to the commercial facility categories. The proportion
of daily stores, hospitals, and welfare facilities exhibited a
significantly high level in the increased clusters and a low level
in the decreased clusters. This finding indicates that the increased
clusters were mainly composed of facilities that provide products
or services essential for everyday life, despite the total
commercial density being low. However, large-scale stores,
entertainment, and restaurants exhibited somewhat low levels in
the increased clusters, being possibly driven by the congestion of
these facilities and their use for non-essential activities.
Moreover, National governments requested that these facilities
shorten business hours or close a store temporarily during the
state of emergency. These results indicate that people visited
more neighborhood-level commercial areas that provide essential
services, compared to those before COVID-19.

5. CONCLUSION

During the COVID-19 pandemic, the patterns of visiting
commercial areas were altered due to numerous reasons, such as
the risk of infection and the government’s state of emergency.
This study investigated human mobility changes in commercial
areas by applying time-series clustering with mobile big data
from 21 cities in Japan to understand how the patterns of visiting
commercial areas changed during the COVID-19 pandemic. The
main findings are summarized below.

First, human mobility change patterns exhibited spatial
variability, based on which five patterns were identified:
decreased, slightly decreased, no change, slightly increased, and
increased patterns. Despite the fact that total mobile population
in commercial areas decreased due to the risk of infection and the
state of emergency, there were commercial areas with more
visitors, compared with the pre-COVID-19 period, and these
patterns were prominent in low-level commercial areas.

Second, the increased patterns were identified in peripheral areas
and included a high proportion of commercial facilities that
provide essential services, such as daily stores and hospitals.
These results indicate that local-level commercial areas were
essential for supporting daily life. Although the data limitations
critically hampered the determination of starting points, where
people came from, visitors from the neighborhood are suggested
to be the main driver of the increase in the mobile population.

Third, human mobility in commercial areas temporarily changed,
but rebounded to the pre-COVID-19 level. Although human
mobility rebounded to the pre-COVID-19 level, this pattern is
unlikely desirable. In particular, a walkable neighborhood with
sufficient facilities for daily life was suggested as a resilient
urban structure for risk management. Moreover, a walking-
oriented city such as “15 minutes city” was discussed before
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COVID-19. Also, the pandemic continued, and the Japanese
government declared two more states of emergency in 2021.
Notably, monitoring human mobility and investigating its
relationship with urban structures can shed light on the blueprint
of our future city.

Despite promising findings of this study, further studies need to
consider the origins (e.g., starting points) of people as well as
destinations to understand how the spatial range of commercial
areas has changed. Furthermore, investigating the relationship
between human mobility change patterns and features of
commercial areas, including land use and the built environment,
can unravel useful insights for spatial planning and related
decision-makers.

ACKNOWLEDGMENTS

The mobile spatial statistics data used in this study were provided
by DOCOMO Insight Marketing, Inc. Part of this research was
the result of joint research with the CSIS at the University of
Tokyo (No. 972). This study was supported in part by JSPS
KAKENHI (Grant Numbers JP19K 15185 and JP20K 14856).

REFERENCES

Aghabozorgi, S., Seyed Shirkhorshidi, A., & Ying Wah, T.,
2015: Time-series clustering - A decade review. Inf. Syst., 53,
16-38. https://doi.org/10.1016/j.is.2015.04.007

Akiyama, Y., Sengoku, H., Tanaka, H., & Shibasaki, R., 2011:
Development of Commercial Accumulation Polygon Data
Throughout Japan Based on the Digital Classified Telephone
Directory. Conference Proceedings of 12th International
Conference on Computers in Urban Planning and Urban
Management.

Arimura, M., Ha, T.V., Okumura, K., & Asada, T., 2020:
Changes in urban mobility in Sapporo city, Japan due to the
Covid-19 emergency declarations. Transp. Res. Interdiscip.
Perspect. 7,100212. https://doi.org/10.1016/j.trip.2020.100212

Eom, S., Jang, M., & Ji, N.-S., 2021: Human Mobility Change
Pattern and Influencing Factors during COVID-19, from the
Outbreak to the Deceleration Stage: A Study of Seoul
Metropolitan City. Prof. Geogr., 74(1), 1-15.
https://doi.org/10.1080/00330124.2021.1949729

Hu, Q., Bai, G., Wang, S., & Ai, M., 2019: Extraction and
monitoring approach of dynamic urban commercial area using
check-in data from Weibo. Sustain. Cities Soc., 45(December
2018), 508-521. https://doi.org/10.1016/j.scs.2018.11.039

Hu, S., Xiong, C., Yang, M., Younes, H., Luo, W., & Zhang, L.,
2021: A big-data driven approach to analyzing and modeling
human mobility trend under non-pharmaceutical interventions
during COVID-19 pandemic. Transp. Res. Part C Emerg.,
124(January), 102955. https://doi.org/10.1016/j.trc.2020.102955

Li, B, Peng, Y., He, H., Wang, M., & Feng, T., 2021: Built
environment and early infection of COVID-19 in urban
districts: A case study of Huangzhou. Sustain. Cities Soc,,
66(August 2020), 1-10.
https://doi.org/10.1016/j.5¢s.2020.102685

Malik, R., & Zdyb, A., 2021: Containing the Spread of Covid-
19 Through Spatial Planning: The Case of Warsaw. In A.

Visvizi, O. Troisi, & K. Saeedi (Eds.), Research and Innovation
Forum 2021 (pp. 279-294).

Nishihori, Y., Eom, S., Sasaki, K., & Kato, H., 2021: Analysis
on the effect of COVID-19 measures on human mobility in
downtown of local city using transportation big data. J. City
Plan. Inst. Japan 56, 834-841.
https://doi.org/10.11361/journalcpij.56.834

Parady, G., Taniguchi, A., & Takami, K., 2020: Travel behavior
changes during the COVID-19 pandemic in Japan: Analyzing
the effects of risk perception and social influence on going-out
self-restriction. Transp. Res. Interdiscip. Perspect., 7, 100181.
https://doi.org/10.1016/j.trip.2020.100181

Petersen, E., Wasserman, S., Lee, S. S., Go, U., Holmes, A. H.,
Abri, S. Al, McLellan, S., Blumberg, L., & Tambyah, P. , 2020:
COVID-19-We urgently need to start developing an exit
strategy. Int. J. Infect. Dis., 96, 233-239.
https://doi.org/10.1016/].ijid.2020.04.035

Shaer, A., Rezaei, M., Moghani Rahimi, B., & Shaer, F., 2021:
Examining the associations between perceived built
environment and active travel, before and after the COVID-19
outbreak in Shiraz city, Iran. Cities, 115(May), 103255.
https://doi.org/10.1016/j.cities.2021.103255

Shamshiripour, A., Rahimi, E., Shabanpour, R., &
Mohammadian, A. (Kouros). (2020). How is COVID-19
reshaping activity-travel behavior? Evidence from a
comprehensive survey in Chicago. Transp. Res. Interdiscip.
Perspect, 7, 100216. https://doi.org/10.1016/j.trip.2020.100216

Tavenard, R., Vandewiele, G., Divo, F., Androz, G., Holtz, C.,
Payne, M., & Woods, E., 2020: Tslearn, A Machine Learning
Toolkit for Time Series Data. J. Mach. Learn. Res., 21, 1-6.

Terada, M., Nagata, T., & Kobayashi, M., 2013: Population
estimation technology for Mobile Spatial Statistics. Docomo
Technical Journal, 14(3), 16-23.
https://www.nttdocomo.co.jp/english/binary/pdf/corporate/techn
ology/rd/technical_journal/bn/vol14_3/voll4 3 010en.pdfpag
e=1

van Wee, B., & Witlox, F., 2021: COVID-19 and its long-term
effects on activity participation and travel behaviour: A
multiperspective view. J. Transp. Geogr., 95(May), 103144.
https://doi.org/10.1016/j.jtrange0.2021.103144

Wang, F., Li, Y., & Gao, X., 2016: A SP survey-based method
for evaluating environmental performance of urban commercial
districts: A case study in Beijing. Habitat. Int., 53, 284-291.
https://doi.org/10.1016/j.habitatint.2015.11.039.

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-V-4-2022-41-2022 | © Author(s) 2022. CC BY 4.0 License. 48




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




