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Enhancing the Detection of Unauthorized Land Use

by Deep Learning and Remote Sensing Data

Abstract

As economic development and social changes progress, land
utilization has become increasingly complex. To effectively prevent
inappropriate and unauthorized land use, government agencies have
implemented National Land Use Monitoring since 2018 to ensure the
rational use of land resources. With the improvement of the Spatial
Planning Act and the implementation of Integrated National Land Use
Change Monitoring, satellite imagery has been utilized to accelerate the
detection of land use. National land use monitoring has now become an
essential tool in assisting national land management.

Since interpreting variation points from satellite imagery cannot
directly distinguish between legal and illegal changes, on-site
investigations often require significant human resources and costs to
determine legality. Therefore, this project proposes an artificial
intelligence-based solution using AI models to predict whether land use in
hillside areas is highly likely to be unauthorized. This approach is expected
to accelerate the efficiency of land use verification. To achieve this goal,
this project has collected and integrated various data sources, including
historical variation point datasets and other spatially characteristic
information such as elevation, slope, aspect, road information, population,

and population density.

II



By integrating and processing these data, we can successfully clean
and extract features from various dispersed datasets, forming advantageous
features for Al-model training. Through this project, we aim to identify the
spatial distribution correlations of unauthorized land use and then construct
important features beneficial for models to classify illegal and legal cases.
This will help improve the identification ability of land use, assisting
relevant agencies in filtering out authorized development in advance,
effectively reducing the frequency of checks on legal variation points,
thereby saving valuable human resources and greatly enhancing
verification efficiency.

This research project would be helpful in optimizing land resource
management and protection, contributing to the sustainable development

of national land. It would hold practical application value.
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A = AR o rr & (Overall Accuracy) (40 4-1) >
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-1~ FHEmRR
gﬁg 108 109 110 11 112
LightGBM | 0.766 | 0.713 | 0.497 | 0.522 | 0.540
CatBoost | 0.528 | 0.503 | 0.510 | 0.533 | 0.524
RF 0. 661 0.638 0.599 0. 608 0.617
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Result
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B ME L LightGBM CatBoost RF
108 0.17 0.18 0.08
109 0.17 0. 64 0.12
110 0.19 0. 27 0.08
111 0.18 0.19 0.12
112 0.18 0. 20 0.05
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Testing Year Li1ghtGBM CatBoost RF
109 0. 26 0.24 0.17
110 0.31 0.29 0.19
111 0.31 0.30 0.21
112 0.29 0.29 0.24




2 -T2 109 &2 3ig it RE

Producer” s 109 Training
Accuracy
Testing Year LightGBM CatBoost RF
108 0.23 0.21 0.30
110 0.30 0.29 0.38
111 0.31 0.30 0. 34
112 0.29 0.28 0.21
4 w8~ A 110 £ 2 EH LI RE
Producer” s 110 Training
Accuracy
Testing Year LightGBM CatBoost RF
108 0.22 0.21 0.29
109 0. 26 0.24 0.37
111 0.32 0.30 0.39
112 0.30 0.29 0.33
2 2-0~ AR 1] £2 &AEELVRE
TS 111 Training
Accuracy
Testing Year LightGBM CatBoost RF
108 0. 26 0.24 0.17
109 0.31 0.29 0.19
110 0.31 0.30 0. 21
112 0.29 0.29 0.24




2 2-10- A R1I2 22 Bp v 500G

Producer” s 112 Training
Accuracy
Testing Year LightGBM CatBoost RF
108 0. 22 0. 20 0.28
109 0.25 0. 23 0.31
110 0.30 0.28 0.33
111 0.31 0.30 0. 36
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LightGBM CatGBM

RF

EE BT ERGEBBRAZHE
SRR 586 543 456
E &M 5 4 2
&% 232 237 206
B8 i 31 25 22
H % 84 58 46
B R 5% 178 130 209
AL 130 132 113
b 188 162 146
AT 9 10 11

108 A% B 464 345 151
e B A 85 79 74
=Py 330 312 278
i 4 2 11
Z£HH 352 332 264
= R % 328 298 379
L% 165 108 107
W 2% 752 701 327
E 44 41 36
ST 288 277 289
4% F 683 710 599
E &M 11 9 6
&% 280 276 215
B i 18 13 9
B % 31 22 16
B R 5% 140 179 172
L% 79 77 76
#Ib 240 263 242
b 53 12 17

109 AT $ 448 338 150
HeE A 108 99 99
T 430 445 396
3L 6 3 6
ZHT 350 358 234
= R % 257 318 303
it 128 138 112
EEL 1258 1131 520
TR 26 26 24
& HE T 372 421 381
& 4% 5 1383 1321 1098
E&W 10 11 14
i &% 250 271 243
B8 i 21 23 15
e 68 48 39
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HAt 74 77 81
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L 1 3 2
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1.0
°
17.5 o
[ ]
15.0
o8
12.5 4
e o
10.0 e & Lo.6
[ ]
°
7.5 4
Fo.4
5.0
2.5
Fo.2
0.0 4
2.5 1
T T T T T T " 0.0
-75 -5.0 -2.5 0.0 2.5 5.0 7.5
First Principal Component
(Explained Variance Ratio: 0.2287)
> NEQY 2
— A
W z-2-313KEN
Scree Plot Cumulative Explained Variance Ratio
1.0 4 === 95% Threshold /._,,—0
0.20 0.9 4
2
g
v 0.8
g
c
0.15 4 £
g g 0.7 4
o
2
5 0.6
s
0.10 4 &
205
=
=]
£ 0.4+
5
0.05 o
0.3 4
T T T T T T T T T 0.2 4 T T T T T T T T T
1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9
Principal Component Number of Components

W =-3-A%H (Scree Plot) # A # 2B %L EW



T. ERFREPIT AT F

AT RAANLFEEERL S A5 2Ty A IRk
PFE 2T (B 4-4~4-6) 5977 BAlR* Bl 55 A ulas
B 108-112 & ¢ el — & R (v 5 Bl B » m-&;&:}f;pm £ 5 2k
Bod Ny AR e R R B Y AR R BB A T R
FELE BEASE GR AR TR S B MY iER o &
F#-3] ¢ > Random Forest #3lend 232 (B 4-6) - 2 A4
S g o H o Rl 0 BT T ﬂg@é«?"#ﬁiﬁliéftﬁ%%ﬂ#(@
PR R NABRB TR

2L

BoZEfkmzd gt

?%’t

£ 5B g A
4B Bk PR R P AR o

Er
(%w

RERFE G ZIL (B4-TI4-21)  APEHEKNRE108-112 &
PenE - EIEL YRS > N IRRIE o E enficdy o U REER I
Bl B R BHE R R R Bt B % (£ 4-6 2 4-10)>
H- 2oy 87 L REAEF %Y a iy r e
BF BREDCERFEEIRIERIEE BARMERE T EIRS S e



108_Probabilty of Violation Map 109_Probabilty of Violation Map

0.8
(a) (b) 0.7
0.7 N
0.6
0.6
g 0.5 g 0.5
2 o 2 o
. -
8 0.4 ]
0.4
; 0.3
f 0.3
{13 0.2
W
s o ws 1o 0.1 s o wos o
Longitude Longitude
~110_Probabilty of Violation Map ~ 111 _Probabilty of Violation Map
(c) @

0.7

. 0.6
4 0.6

»{ Poes 7 y
y : Bt o, ’
‘H x o 0.% | ¢ ik o
;.-f-l-:‘ bl A ' ,‘:.‘ ' 4 2 0.4
’ RAN ¢ 0.4 S G in: A :
i 49 | & Ry 0.3
b F 0.3 2 i 4
Gt ) \ 0.2
e 0.2 2

“Longitude

Latitude
Latitude

112 Probabilty of Violation Map

(e) ) 0.7

0.6

Latitude

0.4

0.3

”;i_onzaitugle v
W z-4-~%pFE LightGBM # £ B R85 W > (a) A #® 108 # ~ (b)

AR109 & ~()aR1II0 & ~ (DAL & ~(e)a A 112 #

w13



108 Violation Probabilty Map 109 Violation Probabilty Map

0.8
0.7
0.7
0.6
0.6
0.5
0.5
3 3
2 ° 2 °%
B 04 B
-l -l
0.3
0.3
0.2
0.2
0.1
0.1
‘Longitude 7 Longitude
110 Violation Probabilty Map 111 Violation Probabilty Map
0.7 0.6
0.6
0.5
0.5
0.4
3 2
2 0% 2 o
sy En
8 5 03
0.3
0.2
0.2
0.1 0.1
‘Longitude ' ‘Longitude
112 Violation Probabilty Map
0.7
0.6
0.5
3 0.4
2 o
.
@©
e |
0.3
0.2
: 0.1

“Longitude

W z=-5- &L CatBoost & B RBF W > (a)x ® 108 & ~ (b)

AR109 & ~()aR1II0# ~ (DAL & ~(e)a A 112 #

r -14



108_Probabilty of Violation Map 109_Probabilty of Violation Map

0.7
a ‘ b
(a) B
0.6
0.6
0.5
0.5
3 0.4 3
2 ° 2 0P
5 - 5
0.3
0.2 G
01 01
®
“Longitude 7 Longitude
~110_Probabilty of Violation Map 0.7 111 Probabilty of Violation Map
) 0.7
(c) | (d)
| 0.6 0.6
0.5 0.5
< 0.4 2 0.4
2 v 2 o
.. =
© @©
- 0.3 - 0.3
0.2 0.2
0.1 0.1

"Li_ongituasé
112 _Probabilty of Violation Map

0.5

04

Latitude

0.3

0.2

=

mi_ongituéue

W =6-EFE RFREBERLBIF ()2 108 £ ~(b)x K 109

#-@aAI0E~@WRAIL £ ~(e)a A2 &

r-15



109 _Probabilty of Violation Map

0.7

0.6

o
dwv

(a

[}

©

s |

et

s

©

- )

.
Longitude
111 Probabilty of Violation Map
(~

[}

©

-]

et

=

©

-

Longitude

W =-T~1xF 108 & ¥ -

0.4

0.3

0.7
0.6

<)
du

0.4

0.3

110 Probabilty of Violation Map

0.7
(h
0.6
S
0.5
= o
B
©
el :,
Longitude
112 Probabilty of Violation Map
(A
0.6
S
0.5
= o
=
©
-
0.4
% 0.3
Longitude

# >3 LightGBM 2 248 F W > (a) %

109 # ~(b)aAm1II0# ~(xFII & ~(DrAI1I2 &



108 Probabilty of Violation Map

Latitude

(a)

180

185 19.0 195 1200 1205 1210 1215 1220

Longitude
111 Probabilty of Violation Map

Latitude

(c)

Longitude

W o=-8- %R 109 £ 8- &

0.7

0.6

0.4

0.3

0.7

0.6

o
¢

0.4

0.3

110 Probabilty of Violation Map

(b)
)
©
=
et
e
©
| .

Longitude
112 Probabilty of Violation Map

(d)
()
©
-
B
F=
©
-

i

Longitude

>33 LightGBM 2 & .45 W - (a)

AF108# ~(D)AAEII0E ~ (AR &~ (DA 112 #

w17

0.7

10.6

0%

0.4

0.3

0.7

0.6

0.%

0.4

0.3



108 Probabilty of Violation Map

Latitude

(a)

109 Probabilty of Violation Map

0.7

0.6

o
4

Latitude

Latitude

ml_onla itude
111 Probabilty of Violation Map

(c)

Longitude

0.4

0.3

0.2

0.7

0.6

Latitude

0.4

0.3

(b)

msl_onla itude
112 Probabilty of Violation Map

(d)

Longitude

W =-9- 2@ 110 # - & >33 LightGBM 2 2 5 ® > (a)

AR08 &~ (D)W # ~(c)2AIIl &~ (A2 #

0.7

0.6

0%

0.4

0.3

0.7

0.6

0%

0.4

0.3

0.2



108 _Probabilty of Violation Map

109 Probabilty of Violation Map

(a) (b) |

1T - 0.7
0.6 0.6

Q (V)

© ©

2 0 2 0

- =

© ©

- y — .
0.4 0.4
0.3 0.3

Longitude Longitude
110 _Probabilty of Violation Map 112 Probabilty of Violation Map
(c) (d) .,

0.7 * 0.7
0.6 0.6

0] )

© ©

2 0% 2 0%

+J + ..

© (]

- -
0.4 0.4
0.3 0.3

Longitude Longitude

W z-10~ xR 111 #¥ - #3335 LightGBM 2. i L8 % ® > (a)

AR08 #~(DAAI0E ~(Cc)AAII0# ~ (DA 112 #



108

Probabilty of Violation Map

Layitude

(a)

0.7

0.6

o

o©
>

0.3

0.2

Longitude

110 Probabilty of Violation Map

Latitude

(©)

0.7

0.6

0.4

0.3

0.2

Longitude

dU‘I
Latitude

d
Latitude

109 Probabilty of Violation Map

(b)

180 n8s

111 Probabilty of Violation Map

19.0

195 1200 1205

Longitude

1210

1215

1220

(d)

0.

180 185

19.0

195 1200 1205

Longitude

1210

1215

1220

0.

7

6

0.4

0.3

0.2

0.7

0.6

0.4

0.3

0.2

W w1135 112 # 8- &> LightGBM 2 & R % H > (a) %

M108& ~(b)xA109& ~ ()2 W10 & ~ (DAL &



109 Violation Probabilty Map 110 Violation Probabilty Map

Latitude

Latitude

(a) (b)
05 " 0.5
0.4 0.4
(O]
S
o7 £ 0¥
=8
— i
0.2 0.2
0.1 0.1
Longitude Longitude
111 Violation Probabilty Map 112 Violation Probabilty Map
0.6
(c) (d) |
0.5 N
0.5
0.4
0.4
(]
S
B
03 5 0-;
o :
5 —
0.2 0.2
v 0.1 5T 0.1
Longitude Longitude

W =-12~2 % F 108 # 5 - & (>3 CatBoost -2 i F ® > (a)

RREI109 &~ (D)RAII0# ~ (2RIl &~ (DA 112 &



110 Violation Probabilty Map

108 Violation Probabilty Map
0.6
(a) (b)
0.5
0.4
[} (0]
© ©
2 v 2
- . - .
IS 03 ®©
0.2
0.1
“Longitude “Longitude
111 Violation Probabilty Map 112 Violation Probabilty Map -
(©) (d)
05 = -
0.5
0.4
0.4
[ w
© ©
2 N o
© 03 " 03
0.2
0.1

180

185 119.0 195 1200 1205 1210 1215 1220

Longitude "”Lonxaituéné

W =-13~ 2% R 109 ¥ - & >33 CatBoost 2. KB 5 W > (a)

108 & ~ (b)AWII0 & ~()RAII & ~(DAR112 &

w —22



Latitude

2 3 0.7 5

Latitude

108 Violation Probabilty Map 5@ 109 Violation Probabilty Map

(a) (b) 08

0.7

[06 0.6

0.5 05

o
~d
Latitude

0.3 0.3

0.2 0.2

0.1 0.1

2

180 nuss 19.0 195 1200 1205 1210 215 1220

Longitude Longitude
111 Violation Probabilty Map 112 Violation Probabilty Map

0.8 0.8
() S (d) o
. ; 07 = . 0.7
0.6 , 0.6
et : v .,,

180 uss 19.0 195 1200 1205 1210 1215 1220

0.5

Latitude

0.3 0.3

0.2 0.2

0.1 i 0.1

180 ues 19,0 195 1200 1205 1210 1215 1220 180 uss 19,0 195 1200 1205 1210 1215 1220

Longitude Longitude

W =-14~ 22 110 - & (>33 CatBoost 2. g 18 5 W > (a) &

108 & ~(D)xAI9# ~(c)x Il &£ ~(dxA112 &



Latitude

La;itude

108 Violation Probabilty Map

(a)

0.8

0.7

0.6

0.5

<)
~

Latitude

0.3

0.2

0.1

"”Long itude
110 Violation Probabilty Map

(c)

0.7

0.6

0.5

)
4
Latitude

0.3

0.2

0.1

1210

s = T
| nnaitiide

109 Violation Probabilty Map

(b)

0.7

0.6

0.5

0.®

0.3

0.2

0.1

180 185 19,0 195 1200 1205 1210 1215 1220

Longitude
112 Violation Probabilty Map

§'he =y
& 47 7
B SN ol
2
4) 2
5 o
2 LB
( ) *
e 0.7
2% o
FOPS s &
4 ; N
v 4 l'
3 I )
Y £
& A v .
¢ b 2 B
Y !
3 v, -
£ §FHL
"~ '3 'x'

0.5

0®

0.3

0.2

0.1

180 185 19.0 195 1200 1205 1210 1215 1220

I nnaitiide

W =-15~-1xF 111 E- # >33 CatBoost 2. i LB F H > (a)*

108 ~(b)X K109 & ~ (¢)

AAI0&E~(DaALI2 &



Latitude

La;itude

108 Violation Probabilty Map

(a)

msl_on‘a itq&né
110 Violation Probabilty Map

(©)

0.8

0.7

0.6

>~ d
Latitude

0.3

0.2

0.1

0.7

0.6

0.5

180

185 19.0 195 1200 1205 1210 1215 1220

Longitude

W =-16~7 2 F 112 - & (>33 CatBoost iz L8 F W (a) &

0.3

0.2

0.1

Latitude

109 Violation Probabilty Map

(b)

1210

"”I_onut_':jwitu&oé
111 Violation Probabilty Map

(d)

0.7

10.6

0:5

0.3

0.2

0.1

0.7

0.6

0.5

0¥

ns.0 nes 19,0 195 1200 1205 1210 1215 1220

Longitude

108 & ~ (M)A # ~(c)xRWII0# ~ (DX A11] &

0.3

0.2

0.1



109 Probabilty of Violation Map

Latitude

(a)

ml_onlaitucuiné
111 Probabilty of Violation Map

Latitude

(©)

Longitude

W z=-17T~23F 108 # - 239 RF 2 ERB5FH > (a)x A

0.6

0.5

o
~

o

0.2

0.1

0.0

0.5

0.4

0.2

0.1

0.0

w d
Latitude

110 Probabilty of Violation Map

(b)

H”Lonlaitugé
112 Probabilty of Violation Map

Latitude

(d)

Longitude

109 # ~MA1I0E ~ (AL & ~(D2RA112 &

T -26

0.6

0.5

0.4

0.3

0.2

0.1

0.0

0.6

0.5

0.4

0.2

0.1

0.0



108 Probabilty of Violation Map

Latitude

(a)

msl_onlaitucui“e
111 Probabilty of Violation Map

Latitude

(c)

Longitude

W =-18~ma@ 109 E- =&

2

0.6

0.5

0.4

o
Y]
Latitude

0.2

0.1

0.0

0.6

0.5

0.4

0.2

0.1

0.0

o
wd
Latitude

110 Probabilty of Violation Map

(b)

ml_on'a’itué”e
112 Probabilty of Violation Map

(d)

1210

Longitude

PR RF 2P FEH 0 ()2 A 108

AN OEY: N EROEY: PN ERYCO RN RIVE:

v -27

0.6

0.5

0.4

0.2

0.1

0.0

0.6

0:5

0.4

0.2

0.1

0.0



Latitude

Latitude

108 Probabilty of Violation Map

(a)

2

180 nes 190 195 1200 1205 1210 1215 1220

Longitude
111 Probabilty of Violation Map

(c)

180 nes 190 195 1200 1205 1210 1215 1220

Longitude

W oz-19-23F110 E- 2> RF 2ERBFH > (a)x R 108

0.8

0.7

0.6

0.3

0.2
0.1

0.8

0.2

0.1

o
~
Latitude

109 Probabilty of Violation Map

(b)

180

n8s 190 195 1200 1205 1210 1215

Longitude
112 Probabilty of Violation Map

1220

Latitude

2

(d)

180

nes 190 s 1200 1205 1210 15

Longitude

£#-D)aRI9E~(CrALIL & ~(DrA1I2 &

T -28

1220

0.7

0.6

0.5

0%

0.3

0.2

0.1

0.8

0.7

0.6

0.5

0®

0.3

0.2

0.1

0.0



108 Probabilty of Violation Map

(a)

(V)
©

>

)

=

(]

- '

Longitude
110 Probabilty of Violation Map
(c)

(V)

o)

-]

-t

=

[(]

-l

180

nes 190 195 1200 1205 1210 1215 1220

Longitude

0.6

0.3

0.2

0.1

0.8

0.7

0.6

0.5

<)
+~d

0.3

0.2

0.1

109 Probabilty of Violation Map

0.8

0.7

0.6

0.5

0.?

0.3

0.2

0.1

0.8

0.7

0.6

0.5

0¥

(b)

()]

o)

-}

bt

=

©

-

Longitude
112 Probabilty of Violation Map
(d)

()]

©

= |

bt

=

©

- Y

22 '..',P“
Longitude

W z-20-7axFW1llE- ERRRF2ERLBFH > (a)x K 108

AN OEY: L ERYOEY: FIERYCO RN RIVE:

r -29

0.3

0.2

0.1



Latitude

Latitude

108_Probabilty of Violation Map

(a)

2

180 nes 1190 195 1200 1205 1210 1215 1220

Longitude
110_Probabilty of Violation Map

(c)

109_Probabilty of Violation Map

0.7

0.6

0.5

o
&
Latitude

0.3

0.2

0.1

2

(b)

180

nes 190 195 1200 1205 1210 1215

Longitude
111 Probabilty of Violation Map

1220

0.7

0.6

0.5

o
o
Latitude

180 nes 1190 195 1200 1205 1210 1215 1220

Longitude

(d)

0.7

0.6

0.5

04

0.3

0.2

0.1

0.8

0.7

0.6

0.5

0.3 b
.
0.2
0.1 3
Ii,=)4
B §5
‘
1us0 nss 19.0 195 1200 1205 1210 15 1220
Longitude

W oz-21~ A28 - 233" RRF 2 ERBFW > (a)2F 108

E#F-~MDAAI9E ~ (xR0 # ~ (DAL &

r -30

0.3

0.2

0.1



FIE Bwggd

AR RFhE NRREY T L AT E LR R g
Bl @50z 7 #2GHdgY Fae 74
PSR RERYREE G B RMER D
e b2 W FIEFE

R 3 ’ﬁ PO A iR LB 2LiE HLend e gL b 2 PCA 2 A ¥ o
SEAT

?
I
o
S
‘a\
fe]
W
ﬂ
o
i
f?;‘i'&
St
=
‘%@
w}g
%

i’Hﬁ%ﬁﬂﬁiﬁﬁ%ﬁﬁﬁ%ﬁﬁﬁ%ﬁéﬁ%&v@%ﬁﬂ
TR R

AP EREE ST RS PEE S A TR R
BEREHI S PHARE T L BERY SRR Y E F LR
=7 E,\rﬂ\o’ij 2 A 1734%@'& 4,;{\.}};?@1,,4 F 4 e g%}ﬁ?ﬁiﬁ%i&

—

N R ‘Hiitulzﬁ— /\Ppy‘v‘ilri%ﬁ‘\ﬁf»—ﬂ S A

M

K
1]
it
§
W
\ [nmd
‘h N
,q\
“vm
_4_
\
‘12
o
H
W
__\_
\—4
»
&~
‘1
|4
- ,

H TR
FREIRS A RRESE ﬁ#@ﬁ%?#?A+d?% & oaal o
S A > SR LSRR TR AT AR o b BB S
TG 4R R H Y WA PRB 2R B e § B R L 2

L
-
o



%Y v gk

242 R

Goetz, J. N., Brenning, A., Petschko, H., & Leopold, P. (2015). Evaluating
machine learning and statistical prediction techniques for landslide
susceptibility modeling. Computers & geosciences, 81, 1-11.

Brenning, A. (2005). Spatial prediction models for landslide hazards:
review, comparison and evaluation. Natural Hazards and Earth
System Sciences, 5(6), 853-862.

Reis, S. (2008). Analyzing land use/land cover changes using remote
sensing and GIS in Rize, North-East Turkey. Sensors, 8§(10), 6188-
6202.

Schapire, R. E. (1990). The strength of weak learnability. Machine learning,
5, 197-227.

Freund, Y., & Schapire, R. E. (1997). A decision-theoretic generalization
of on-line learning and an application to boosting. Journal of
computer and system sciences, 55(1), 119-139.

Friedman, J. H. (2001). Greedy function approximation: a gradient
boosting machine. Annals of statistics, 1189-1232.

Chen, T., & Guestrin, C. (2016, August). Xgboost: A scalable tree boosting
system. In Proceedings of the 22nd acm sigkdd international
conference on knowledge discovery and data mining (pp. 785-794).

Ke, G., Meng, Q., Finley, T., Wang, T., Chen, W., Ma, W., ... & Liu, T. Y.
(2017). Lightgbm: A highly efficient gradient boosting decision tree.
Advances in neural information processing systems, 30.

Dorogush, A. V., Ershov, V., & Gulin, A. (2018). CatBoost: gradient

boosting with categorical features support. arXiv preprint

-1



arXiv:1810.11363.

Prokhorenkova, L., Gusev, G., Vorobev, A., Dorogush, A. V., & Gulin, A.
(2018). CatBoost: unbiased boosting with categorical features.
Advances in neural information processing systems, 31.

Song, Y. Y., & Ying, L. U. (2015). Decision tree methods: applications for
classification and prediction. Shanghai archives of psychiatry, 27(2),
130.

Hastie, T., Tibshirani, R., Friedman, J. H., & Friedman, J. H. (2009). The
elements of statistical learning: data mining, inference, and prediction
(Vol. 2, pp. 1-758). New York: springer.

Tong, W., Hong, H., Fang, H., Xie, Q., & Perkins, R. (2003). Decision
forest: combining the predictions of multiple independent decision
tree models. Journal of Chemical Information and Computer Sciences,
43(2), 525-531.

Rigatti, S. J. (2017). Random forest. Journal of Insurance Medicine, 47(1),
31-39.

Breiman, L. (2001). Random forests. Machine learning, 45, 5-32.

Ho, T. K. (1995, August). Random decision forests. In Proceedings of 3rd
international conference on document analysis and recognition (Vol.
1, pp. 278-282). IEEE.

Colditz, R. R. (2015). An evaluation of different training sample allocation
schemes for discrete and continuous land cover classification using
decision tree-based algorithms. Remote Sensing, 7(8), 9655-9681.

Wang, H., Zhao, Y., Pu, R., & Zhang, Z. (2015). Mapping Robinia
pseudoacacia forest health conditions by using combined spectral,

spatial, and textural information extracted from IKONOS imagery
%2



%Y v gk

Z PR

and random forest classifier. remote Sensing, 7(7), 9020-9044.

Setianto, A., Triandini, T., 2015. COMPARISON OF KRIGING AND
INVERSE DISTANCE WEIGHTED (IDW) INTERPOLATION
METHODS IN LINEAMENT EXTRACTION AND ANALYSIS.
Journal of Applied Geology 5.. https://doi.org/10.22146/jag.7204

Stef van Buuren, Karin Groothuis-Oudshoorn (2011). “mice: Multivariate
Imputation by Chained Equations in R”. Journal of Statistical
Software 45: 1-67.

Rubin DB (1987). Multiple Imputation for Nonresponse in Surveys. John
Wiley & Sons, New York.

Resche-Rigon, M., & White, 1. R. (2018). Multiple imputation by chained
equations for systematically and sporadically missing multilevel data.
Statistical methods in medical research, 27(6), 1634-1649.

Schubert, E., Sander, J., Ester, M., Kriegel, H. P., & Xu, X. (2017).
DBSCAN revisited, revisited: why and how you should (still) use
DBSCAN. ACM Transactions on Database Systems (TODS), 42(3),
1-21.

Abdi, H., & Williams, L. J. (2010). Principal component analysis. Wiley

interdisciplinary reviews: computational statistics, 2(4), 433-459.

%-3



i

- WA R R RESTET RIHLH

X - A ¥ RyEZHA
FLPFFEILL

e

A FEENT PR BT e

(w,

(7o R adr o RIFEP
[ENRER N I E LR
WP B R A

FAR R IRA

M AT SRR S L

eI RFL BT oo

B2 0 ke AR o % AP B R A
T TR

PRFHE SRR
= fﬁ%%]ﬂvqﬁ A 3 S T ) d g,_g&ﬁ};%ﬂ;_é’“; ]
B2 40 A7 E2 & 2iE 75

Ji

1-2 E R %P BEGRATH - it
* () lb/)%\‘fﬁ]é‘?vhﬂq °

C
Y
&y
\
C
T
ppas)
=
o

a1




7 =X 2l ¥ B PEE A
Us 1-6 % A& kA o g 2 g e PR ed BT E
AR > B TF AT AR o ke A o gt 109 £ 3 P
fBoeee ) o
I 2-3 £2-1p 234 @ g
A2 b ¥ PATIE T By KRR
P BE B LP o . .
© RTH T AL KRG IR R
T 4 (https://data. gov. tw) °
> 2-9 WI2-12 A RIRER {3 © NP RIRL B D o
Bl o
= -1 R HF AR FLHEALR | e P RPLL L DL L0 4F &4
Foizz RALE gL Zghor i »IEN E o
A NP R AR AT LI o

-1ty 4-18 £ 4-20 07
I

. N R SRR R R
f;‘:**‘ wREEE > ¥ ZhiE A %4‘1%
AL yR-RE g o &
r%i%ﬁ’n B TAPRE P o

9




- A

¥ B yEE A

4- 2%:\4 JE BT A h B
1,{{;,3,_1‘&% » TE BT R
iﬁ_‘qv]%\j I, «A_Z,a— . ‘2:;}7;‘

eI RFL BT oo

4-344-40 7 B F F1+ 2 feiE k
BTGP > om AW T A
$ T -

A-4iF % B BAL K
F] - l%fi
RS

i 2

AFH 2 R
BU AL ER
AL F a5y B

WE WG o S

o Ly

}']\ 0

>*£
;t%a

,\Er

> 3

58

£ o~

o

l

T

¢ P AR A A P o

4-6RB4-1~Bl4-34 i 4R 11z R 2
PLERE R B 0 2 #Eﬁ:é
B4-37 RF:#4-% B gk )%
ERRR B2 FA 0 4
BrL R B

Q‘%k-ﬁ}giiﬁ—%?@;‘u;ﬁpg r...
A4 RE o KA

(® ¥
A 5

Ji

P ERAE R R L
’f' Il-ﬂ fp A Ey—,ll 7' é\i ’}'ﬁ s 1 ]'/E.

%%Jm$ Rt ol o

B RTHE VR R T 0 B
EATVRET I B A % o

453



- A

¥ B yEE A

AEEREDRE -V A EZLAT
FALOB R F AT £ 5 A iE
10 B ieenle pF o 0 3 <
BAEF B RIET > AN
oo 5 AEELT G ERILE L
¥ FoRddy 0 G E
12 R A

o

HPRAFL BT oo

9




Vi =

“HERBMETHE

ARE&EY RIRLE

JB =X

FaLA

¥ B P22

FLPF

2HALL:

~ | EREEV R FRERELITG |2 NERY A ARP BE R
R e SR A SURSTY - S P I
¥ BRI G R #RB 2L A ) o

- Pagr F T R LAY | AR R Y T L AT R
RRESORE KE B E S [ BB AT v TR & R
BWFERFLIONEFRE S & |2 A FREITLIRKARRE
B2 LFE %*‘Efﬂv\*‘r N i R A
ERBRE(F ,m@ﬁﬁﬁ%g T L RAH 2 RPN A
%ﬁ)wn‘a‘"é’?"l FREFLS, G | F o mARERBET ] RER
PR3 TFRELD R B | B AHBTERBET AP L o
ARk mi g8 A L2388 | RB2RAREF>258EF%2 %7
WA HRAFIAZARFE) > aF |\ H S ELHFEI R L BT TR
REEEr e a? R R

-5



