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Abstract

Due to constant development and decline on Seoul areas the Seoul government is pushing various policies to regenerate declined
Seoul areas. Theses various policies lead to land-use changes around numerous Seoul districts. This study aims to create prediction
model which can foresee future land-use changes and while doing so, tried to derive various influential factors which leads to
land-use changes. To do so, various open-data from national departments and Seoul government have been collected and
implemented into random forest algorithm. The results showed promising accuracy and derived multiple influential factors which
causes land-use changes around Seoul districts. The result of this study could further be implemented in policy makings for the
public sectors, or could also be used as basis for studying gentrification problems happening in Seoul Area

Keyword : Land use policy, Prediction, Classification, Random Forest, Machine Learning

a) ME71EdTY AnERAIATA(Seoul Institute of Techonolgy, Department of Smart City Research)
¥ Corresponding Author : F18]&(Taehyun Kim)
E-mail: thkim@sit.re.kr
Tel: +82-2-6912-0978
ORCID: https://orcid.org/0000-0001-9430-5072
ol e AT A% T e dFLE velFes 20199 “FASGfEU I oA TR vt Sl
HE EES AE71EAT9U(2020-AD-001, A& HEAIA HolE Afo]dX AA 5N AdE wof Fajd Ael
% This research was funded by Seoul Institute of Technology (2020-AD-001, A study on the development of Data Science System in Seoul Metropolitan Area)
- Manuscript received December 27, 2019; Revised February 13, 2020; Accepted February 13, 2020.

Copyright © 2020 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”



e
>R
12
E i
C;FO of\
E mim
o
2
1 iy
oy o
> e

By

b

ol

i

[
e

>,

k]
3o
_g
o
T
o
)
i
A
i)
o
o
>
=
K
X
P

r

o wlt rlo lo
2
=
o

m )
°5 N F o
o\
N
N
ol
ol,
B
oxl
b
&
ko
P
>,
rg
N
lo
O
4
N
N
B

¥ 1 d
lo & 2 do g

4

ko

)

Iy

rlo

x

T_‘_IL‘

% Sh=A, Hepe] AlRle]
B A, AAR AR
A&H R AFstr] S

Toll SHA At &

=D T o =

u)
2 R Lo

Y %

2

)
_O|L
Rl
30
rir
1
off
=
oL,

Z}71 A3

A1 Al

ol
rol
ol
Lo
e
ru[m

i
_O|L
s
2
o} 4z rir
M ol
g
W 2
BT
yo 1
o fLoodl oy
tz
i
ko

2
Lo

K-
<
o,
boofoorst

(o

p:s
2o R
o 3 on

=V

b1
T
)
18,
o

D)

o
QL

fd

%o,

fuj

L

o rIr
kr

o
RS

Oﬂ, _1-1}[1
Eu{n

ki
QL
=l
3%
|o
H
=0L_Il
o

2
o\
2
e
o M
1=}
N
> N,
i)
o
>
R A
g, fo
£ Ho
)
°
L
v
e
o 1g
X
XN

o,
]
off
o
Aui
Ey
o
o N
Al
N
12
o
o
fined
>
I19,
fr
B
o,
A,
rr
ofl
Rui |

AEL A o) Ad0] Y= Abfroll g A7
o2 APy gomll, ol AEL DA
StaL tpobk s A sk werel 2
1l olefst mAIRAIE Hstst
TES Wk SR W
A 9% ZARtALAL Fell v Ee
= Ay el WE S8 kE

EAAG e AELAA A A}
8 Akl sk e FTA PH L 9
A FAZIE WAy 7S AREste] A& o9
AEL AN JF2S £E3}TA 3
HATPL T gok
stol it Add 29

st shgom, ol

rr
°
o

r
o g o og

)
2
iy
b1
o
o2
i,
K o

oy ol

R

=
i

ol
o)
kd
Y

ofr
on
N

2

M = Ko
B o

o

o iy
Q‘L
&
=°L_',
oft

g e (1F
2

]

Lo &

mlmr:z

ﬁlO

Er&ﬂﬂ

l"l‘,_lzi“

_‘—\U_,ro N,

ol rl
o

EEEHONOEL
R A L e

ot L 1 x2 % of

JEC L M A )
= ROlo Ry

Mo 4o o N Mg

k

AW 9] 3% ME dolg 7 AAE SEHS I oS 177
(Sung Bum Yun et al.: Data-driven Analysis for Future Land-use Change Prediction : Case Study on Seoul)

i

%0,

fo 30 ofo

I, o

b

O

1§ B3l £oA sk P
%

L
o=
P‘L
e
£
Y
2
x
e
~
iy
D)
2

A Eg A o] 3%

A7} AR,

ATE Al FE71HAA AFEH= A2All

1. HIOIE

il

‘?_

94

A7 W9

X
Mol
X
ol
1>
<]
Ir
k)
[
X
>
o
>,
i
XN
i3

L

j

=
et

ol ol:o
o
2
>
o
>,
=
e
>
=
b
el
N,
r
4o

[o mE rot

fo X o
o o

20113H5E 2015Q7kR o)W, A



178 4T eEE

E 1. 947 88 e

Table 1. Data List

A A25A A2%, 20209 3¥€ (JBE Vol. 25, No. 2, March 2020)

Variable Categories Factors
V-I;arirg;te Land use change (1) Land use change (Changed / Unchanged)
. Parcel area, Road connection, Max road width, Parcel shape, Parcel area regulation(under
Parcel related variables (6) 90m2), Land Price
Building related variables (3) Deterioration, Area. Usage
Mobility (5) Bus station, Subway station, Train station, Parking lot
A bl Education (7) Distance to : Kindergarten, Primary school, Secondary school, High school, University
ccessibilit
y Green-land (5) Distance to : Park, River, Han-river, Green-land
Vg:i%gl e Convenience (7) Distance to Public facilities, Public area, Hospital, Cultural space, Large stores, Gym
gfgseslﬁfgﬂ an)t Development/construction conducted on adjacent areas to the parcel
Developmen
t factors Socio-economic Population, Total employees, Single-person household,
(Around factor (6) Average floating population
500m of the ) . . . . .
parcel) Phy§!cal Number of Deteriorated buﬂdln'gs, Regulated .parcel.ratlo, Un- determlpate parcel ratio, Rpad
conditions coverage, Number of bus stations, Near station ratio, Paved area ratio, Average land price,
(10) Under 4m road connection parcel ratio, Household ratio
A Wl MBS DA e e s e R g Atk olsk oA FAHAM F53 F7F FAHIHE &
. 248 HolE ¢ RN ASEAN AT D goo] F 50e) Y WerE 73 2 LA E 19
= Qo7 AR E Thste AFENLH olE F5 2 A7 ZEd HEE BEREE ®7)8dh

H(Target Variable)Z &-& st}
SR (Input Variable) 9] 75 A @98 w08 = 2. HiOo[E S|
2015 7% SEAGHAN AFdhs AEAAEE T
st tEEGoH, A5E 54 I 5] A A Y B AT 8 dolEE AgAld EAlEe
ol ZAjsl= AZEUAS FA A A =S d835) 795,26871 9| %inoﬂ e AEE Hfsa ko] F
Land Usage
g
g
5
3 -
g 5
=z
m - m - Il = I m I]
e Lo &, P o S e & e & & & S8
R e C R I S O C O I
io‘@ e :&Q\ ¢ b a”oa'b“&é ‘:fab,\@:;& J «i;fcb @:;f&b ség@& 'fx&ﬁ &
02 1. 8% ®E H 8% Al 2
Fig. 1. Distribution of Land usage

=0

B

T



F4% 9 39 AE dloly Zlk BAY SRR A oS5 179

(Sung Bum Yun et al.: Data-driven Analysis for Future Land-use Change Prediction : Case Study on Seoul)

% HolE % 4% A9S HHE BU AT A1
AUFAAY, QWIYAS, AAEANY 5 F 145
A BA) A4 SEE BASHT 9ov, DAY FEsb
AR A AF DA BEHAD FAGE Y A 2
QAT AN, AR, A 5 F oghe) B
2 T
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A= 14,2102 AA 2 2.1%E AA5HH, Aglo] 213
° g@Ae] 7)€ &% E¥E 9 1% 2

SrAge] ® F 14721709 BA] &% F 7P 2 uls
S A G e uAA Ao, o] F A2% AnkEA

e}
A, Al 3% HIFARY Fo2 Srdlo] A=At

A WHe AFYH 75 5371 98} Random
ks

F8Y F Ue RS FEFE FHNA 71E A4
A U (Decision Tree)& I elS 2 A

Random Forest®] 73-9- 71& 9JAMEA Ur-diie|E9
SIAIES S Ast A AP T & 43} (Randomized Node
Optimization)3} ®¥]17] (Bootstrap AGGregating, Bagging)
WAE ggsklon, olF F& AdaAlTE EAEA &
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9] A71E FAHS FdsHA k. o] FolA B8 M
7h 3 REe Ao vre Wl Y5 Hol
3L Y Mae T8 AgdlA AlQE L, AA FEHT
7P & 283 SEdsEe] X3 Ef R =
= AL E HolA HH T8 HFE AAEY

gk w7 A doFor MyE dg st 2
S FEF Qlo], Ed7ke] BAak(Variance)S 7FAA 7]
HEA (Bias)> T7H71A =, 7]1& AEA Y77t 74

A& 32 Over fitting)e] FAS 2T = Utk
Random Forest= AFEA7} A HE Eg 2d ¢ 74
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24 Ang Afete] dA T8 80s EEde

£ 1) (Ensemble method)’ & 8313 9t o1& E3) 4

n
g

A FEUTE dS8he RdS 15T Bk o, 5
W] e FE SHHETE SAUE 252 F Ao
= s AU stk

2 AFNAE F 500070 doH E BRYE 753
=5 dAsilvt
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Table 2. Confusion Matrix

o] 17§l A 500070 7}A] A
2 Qs AA Zdo atg

Unchaged Changed Precision
Unchaged | 77,810 (TP) 662 (FP) 99.16%
Changed 91 (FN) 962 (TN) 91.36%
Recall 99.88% 59.24%
£ 29 A% 10-fold cross validations 243} Random
Forest =49 2] Confusion Matrix©|t}. o] & &-8&3lo] A8

¥ 3. &1 Hog

Table 3. Result Table
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Y Accuracy Statistics Time
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0, 0, ’
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