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ABSTRACT: In this paper, we construct a prototype model for city data prediction by using time series data of floating population, and use
machine learning to analyze urban data of complex structure. A correlation prediction model was constructed using three of the 10 data
(total flow population, male flow population, and Monday flow popuation), and the result was compared with the actual data. The results
of the accuracy were evaluated. The results of this study show that the predicted model of the floating population predicts the correlation
between the predicted floating population and the current state of commerce. It is expected that it will help efficient and objective design
in the planning stages of architecture, landscape, and urban areas such as tree environment design and layout of trails. Also, it is expected
that the dynamic population prediction using multivariate time series data and collected location data will be able to perform integrated
simulation with time series data of various fields.
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Figure 1. California middle—class housing price forecasts
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Figure 2. Scatterplot graph according to a simple scatterplot
(a) and density of the location of the California housing prices
shown reflect transparency (b)
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Figure 3. Representing a house price trends in California as a
scatterplot graph using colors
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Figure 4. Analysis of correlation between the year of
construction, number of rooms, income, and house price using
data from California area
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Figure 5. Correlation between house price and income (left) in
California and the number of rooms (right)

L=

0x
e
el
=
HI
1%
N
>
o
=
=)
o
[
i
;
H'|
I
10
=
4>
4>
1SS
M

&
BH71Z Zho| M BE= AEEQl JEEE HoE e of
L2t A2 X0 QAE HHEAE Xz B¢
Z700il FapHo|ch £3] of2{et A 241 FY2 T0[E2l 2
FE Aol 2ot Lot ¢i2lE gs S8 2UE ok

H2lStALE o

E
Fo
ol
0]
B

IJ-IO
=)
i
4>
30 M
o

e o= 7HssH ot Aol =
Sl QoM (Ding et al., 2000) =

1l

2|7 ANN% o0] M= YEE Y U2 = 510 Ska= ot
1012 M22 =7l w2t steE HE22RE FEs10 £
we =Ecks LYot HojEZte] JEHAE HEN U= A



o HTUIAE 137Holl Ol2 Fzhnt BE XEES Ststof
MES 22 oS5t 2 TRt Sgte] HENE b

WEOBM BY| HENS HOIFUC

Hil2ld Do HES e HIo/E MEZ MEE EAE &
IE Q

i‘;'E MEZ 2014H ZS7H=|ACt Of2He| Table 11 22 7._'Ié'§, =
Al HAl2ES fI8h Ch2f HOJEf MEE H|

0H
o
ﬁ
re
-
2
z

oz AEe HiojE= A9 X|HE ol St IR
= Q01 Ha2lgt Aoz, riefet Hels Zefste Hus ols
Sh7] fIg =2 AMEsSIRCL 0] AFUME HARES flet
Hiole MEZ #8st0 2oz 25 Mgds 75 # &g
Sh=O AFESITt, Ml g0l ARS8 HlolE MEE thsat 2

ro

EE0Z 0|RO{MUCL,

Table 1. Boston housing data set
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Figure 6. Deep learning training through the basic algorithm
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Table 2. Status data information aggregate list

Data

category Data contents

zoning, district status, land use status, traffic, welfare,

Urban education, culture, function and facility status, other
planning | infrastructure, etc. (basic life into infrastructure such
as roads, subways)

building Applications and completion time, public

g facilities, status of major sightseeing facilities, etc.
H o population, furniture composition, income,
umanities, icall ti Lati i l bl
Soclety economically active population, age ratio, vulnerable
ratio, crime rate, floating population, etc.
regional economic functions and industrial
Nt composition, number of businesses, number of
Y employees, specialized industries, average business
Economy . R
sales change, house price and rent, closing, number of
empty stores, etc.
Public cultural heritage, cultural facilities, public institution

property | buildings, greenery, park, etc.
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Figure 16. Predict Model Layers

43 0l RETS 9
2017 12 7|2E 20173 427|7HK|2] 2F 12000712] AlA|H|
O|HE S&AIZi, BEME 28t RNN2 Keras deep learning
2to[=22{2|2| LSTM HIEYIE ArESSHILCY.
Qlzdo=z 200742 HOIEIE

.
=20
ot & ARSUTS, QYU RSUT ot 37X

5 AF25HH 1, LSTM(EE: 3%32), 2

, 3. LSTM (%i.' 1*32), 4. LSTM(&3: 32), 5

=35I CHFigure 16).
;EI

Figure 172 & = 2 QoM model.
fit)2 Salf of2iH sE5AH =& o532 E6F D ot =7
SHO|ME losszt0] 7.79832 LIEMGX[ZH BHE St&2 Sl Mxt

HO|X 5.31202 HOMSS & 4 UCL



train_step: |
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Figure 17. Change of loss value according to training progress
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Figure 18. Predictive force test graph and predictive force value
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