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Abstract

Taiwan is located at the convergence zone of tectonic plates and
influenced by orogeny and monsoon climate, resulting in an environment
characterized by intense erosion and frequent landslides. Therefore,
proactive warning systems and disaster mitigation measures are of crucial
for slope safety. With the advancement of geographic information systems
(GIS) and big data, the exploration of the impact of physical, hydrological,
and anthropogenic factors on slope stability has become feasible. Among
them, the construction of landslide susceptibility prediction models through
machine learning stands out as a currently prominent approach.

Conventional machine learning studies often utilize easily accessible
topographical, geological, and hydrological data as features for the model
training. However, in Taiwan, areas with historical landslides exhibit lower
stability and vegetation cover, making them susceptible to recurring
landslides. Hence, this study incorporated historical landslides as one of the
model training features and assessed its importance. Furthermore, due to the
variable extent and scale of landslides, grid partitioning can lead to the
disappearance of correlation between neighboring grids, thereby affecting
the accuracy of model predictions. Therefore, this research introduced a self-
attention mechanism from the natural language processing domain to
automatically and globally consider the correlation of each unit in a sequence
to address the issue of grid independence. The goal is to establish a wide-
ranging and high-precision landslide susceptibility prediction model.

The results show a substantial improvement in the model’s predictive



ability after incorporating historical landslides, having significant
enhancements in both precision and recall, irrespective of spatial correlation
considerations (F1 scores increased by 0.38 and 0.51 in the mlp and att
models, respectively). The self-attention method enables the model to
achieve a better balance between precision and recall, reducing defects
induced by data biases, and is more suitable for practical disaster mitigation
operations. In regions with significant geological differences, the evaluation
model established in this study maintains good generalizability (with
F1 scores remaining around 0.7). When assessing events from different
years, the model consistently exhibits high-level performance in most cases
(F1_scores remain above 0.6), demonstrating temporal generalizability. In
comparison to previous studies, this research achieves a more stable and

robust landslide prediction performance.

keywords : landslide susceptibility ~ historical landslide ~ Self-attention ~

machine learning ~ landslide assessment
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= (European Centre for Medium-Range Weather Forecasts - ECMWEF ) 2
® 7 ERAS (ECMWF > 2017) £ A4 374 S B > BT H =
% mm/day 502 = 2 e L T4 (TCCIP » 2022) °
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FAEZE (GARTY L3 FA B 2013) ) 5 F el T § 42 -

oo gt A i TRIAP RS A T REE AP ISR R 7 £ ]
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FRILE R ARLREN I RGP F Har g LR (R 2-
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(QGIS.org » 2022) &P T 34 358 4 @ % 7 L ¢ Ap¥RIR

By PSRRI TLRET o

NDVI = (NIR - Red) / (NIR + Red) &3
NDBI = (SWIR - NIR) / (SWIR + NIR)
;3 3~534 47 NIR 3175 * & (Near infrared) ;s SWIR i 7@t &=

* & ( Short-wave infrared ) ; Red 3 =3k o

wW—

(3) T
X RN R S S R A Y LN R T &
Pl o e ZRETETF R ERE F 2 55 P A
51 ~ 7 Frequency Ratio Method (FR) ¥ 3 =iz &% > & * Jenks
Natural Breaks 4 #f = ;= (Jenks ¥ Caspall » 1971 ) ¥3Fpcie = 4 45 > T

FiE5 5 E NS FR B0 R A0 R - A Mg 4 o B

B FH @A | AT * MBI ER i g (LiE 0 2021)

FR = the area of landslides in feature; area/the area of landslides in the study area 5
- the area of the feature; area/the area of the study area ?

Ie

(

2 Z

b f R fEadry R RBEL T AN TR AL SR

) BkE SPIE

t4 (collinearity ) enF* 32 (B HE B H| : AT HB/ TG PF > BXRp %
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AW s ¢ HHCA A 2 - 2R 8 (O’brien > 2007 ) © Ft > A

¢ B HOPE F13  (Variance Inflation Factor, VIF) (% 6) iF 4

’I—f’

P @‘?il“* i %\miﬁ *%"‘ig . VIF g4 = > E'J R fsfil'l“iFv“ %Eﬂé

HME A F M VIF>5 (T2 B Eiv 83 2 “,f, % 17 4 #(Rogerson
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T
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»

#c (Coefficient of determination ) °
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Jﬁﬁ;ﬁiﬁi’ﬁﬁjﬂz}% Bt A X E K TERE S ERE R EYRE B
VR T fodk Bl i 4 o
3. # £ {rim L (Weights and Biases ) :
g~ FdRly L (Welghts)’i%gi%ﬁ;‘i—iﬁif@@?]»
EA G A o & Moin A A G ARFR e #8( Receptors )EE 1

AT DA kR SRR T R AR ot b R I e B

-—\

> (Actionpotential ) <7 & (threshold) > & B4 G ~BF - Bk
% (Bias) > BB WAT YA FA GAiE o L R E By o
4. %3 S ¥ (Activation function ) :
gt Sl ST LR R uEA SR Y A fe bl o 2
FREEYFE LR G Ao ¥ L aEd Sk s 45 Sigmoid ~ Tanh ~ ReLU

(Rectified Linear Unit) % > 4% 2-2 o
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F 2-2 F L cF S

Activation
2} ;\‘ Y g{ %\' ;FL,
function
1_
Sigmoid  S(x) = ——— 05
8 () 1+e™™
-6 —4 -2 ° 0 2 4 6
tanh(x)
Tanh eX — =X 3 3
- ex+e*
2
ReLU(x)
RelLU
= max (0,x)
2 0 2

5. % w @ 4% (Forward Propagation ) :
o ERULE SRR SRR R L A Lk
FREBRET - K B S e B BN A S - BAER

S E T AR 0 AT R - A G e BB A L
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i T - BRE o REY R AT BAEAOTFER o AT

Bed g S N A ot 8o AB K F - B S AEE XS
T RA SRR g g VRS
z

MR AL R BA T o T 0 R 2 A RE DT AR o

=
F

apk+1 B A(Wopaok + Wlpalk + szazk + -+ Wnpank

37
+ bp)
k+1 0 0 k
[ao ] [Wo™ Wi Wn ][ao ] bg
a,**! = A W' wy wp! |a1k|+ by Xg
a, K+l woP  w,P w,,P la'kJ b
D 0 1 n n p

P aciEadiicE wAEE bABL A EEF Sk
RESXE - pREAFRAAM G B A n REAR-EP REBRE

2P Wz b EAEF BRI R b A s e o i

Kl

G PR RS T - R R W DT AT O R AR
S LI
E

6. 45 4 I % (Loss function ) :

d S HEA AR E BT £ ¥ R P TR AR B

I% * éﬁ'% ulrlgt ;}F‘q% ¥ ﬁﬁ:n\? r/ fgj‘ 4J—.’q'J l—’f”??/?l ’? .L EE'I& ‘;’J/"Ey—
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£ eienp i ] VI A Sl E s L EE R Gl - F Rep
4 Sy 327 E 4 (Mean Square Error' MSE )(5% 9 )~ % = 4§ (Cross-

entropy ) (% 10) % -
1 .
MSE = = (y - 9)° y

Hp,q) = — ) p()log (4(x)) ‘0

FOY R AFTHIG y R A - LT PE LG TR

et 10° Hp, QR 423 BF A5 > a pfoq Rl A&

Wl - RS BEFLFE
7. ¥ w i#3% (Back propagation ) :
o B4R R S G R B b BB AT o A 0 R B TR )
fod m iz Berdf 4 > 38 11 3]5% 14 chif s 2 3% (Nielsen» 2015)

SAH R v BB I EH R T % (Gradientdecent ) ~ # 14 i it

BREEEARAEREoRL 0 FE)LIFL o
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6L = V,CO0'(z%) &1

[ - ((Wl+1)T6l+1)®o.r(Zl) &1
aC .
ani = o
J
aC
—= a; 6/ & 14
ow;

1L R 140° s xR - A EAFA §C;f;~?ié.§§:;bﬁi%]:':/éie’1”1

Ao pE I as M EAdE Sz G A mEalfilipd Sl

—_

G

i

41§

E W ;

=k

L bLimLomt THY HL 134%\»%?]:".}% JLE A S
Bl jR Rl S Ak ki Fl-1kad Sl QR G
i# 35 3 # (Hadamard product ) - iz 2 5% 535 i e s = A244 ‘G 4p 4 2
TR AHEAY DRERTFF AR OSS o EERF ST
Nielsen (2015) -
8. B frig i

DIFAH R R B ARAR N F o B4R 2 R A SRR Y T

FREfrHLEE N RAFA B e S RIIE L S HT L F R

gL B ¥ gh (Saddlepoint ) 4rfe § o skaig 4R TR E L A £ & o

@
\-w

o F]PF &I N — H R TR R B 2 L i it B (Optimizer)

034\

N8 B T % (Stochastic Gradient Descent’ SGD )~ Adam ~ RMSProp

A
>
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(=) p iR 8l
B fREA SRR AN RIS > BFREHE ZEF MM
BT & ehp LR 4 84 (Self-attention ) & 7 f#f > T B 2-13a 2 ;¢ 15

SERBR AR B ems (52 p Vaswani £ > 2017) -

T T

‘ M & ’ { Linear ]
T A T
SoftMax et

! T

[ Mask (opt.) J

T Scaled Dot-Product

Attention
Scale =

T \ A A

‘ T ik ] } Linear Linear Linear
Q K V Q K \%

(a)Self-attention (b)Multi-head attention

B 2-13 F Lpiir 4 84

. QKT
Attention(Q,K,V) = softmax %4 X 15

Ja
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Bl2-132 3% 157 QK- ~V A u &4 eE query (£3) - key
() ~value (1) e o AR THE? FitF n Bt - it

T - BEG K B R A A R R n B R

W

MEAREE RS v BREDFERR LR B Lo R EEF BRL (VR

*’ij\)i E 7575 - F‘iﬁ”’f'&@ fﬁ‘E'Jﬁ/éW}t{:&i'] o '_7}7]11—1» ’ ?‘Fgﬁiﬁ w:— 7
- E2FEZNTE B VREADDAAME o 3 E 4T
1.#n B s (kx1ehe ) A5k tFd SV gEHd
F AR E 2 T R W s Wi Wy (k X ket )
JE 8= Bk & e query ~ key ~ value (k X 1w £ ) (B 2-
14)
2.0 % 1 B AR A BE query B e Fp LT TR A in
key 4 Wi 4% 1 16— B Softmax Ji#c > EiF % i B~
ST PSR & ehAp 2 & 45 B a (Attention score ) (B 2-15 )
3.#-E Bk Adhvalue ko afsApte o EE S B FARK
M i Bk caiTeE (B 2-16)-
4 ¥ B enite B (O SRR > BiEF v 8
B v RN RS EEY Eih W Wis W, = BB
(R 2-17) -

2-33



Wy aj — Vi

B 2-14 p i+ BF:E4RE 1

Softmax
ik, . — 1 2 n
1 ql — (11 L] al 9 sssy atl
for k;,
i=1~n -
Bl 2-15 p A @ 4 4842 H 2
n
Sad x v = |u
i=1

Bl 2-16 p /L E 4 8] E42H 3
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® o
— e o
\ e o
\ e o
®-0
, oz e
a; 0:0 oo
-.E. = =
f e:e0 |G
e o0 =
—_— ® O 7
e o
e o

back propagation

B 2-17 piAd 4 BF:E4EE4

AR Y it R 1 BRIRR At B A R B A
wRES - AR Sk XnduE [N Ep AR 4 Bdlite e 1o

B ECB BART el 5 & 2-30 BAAe ki AN 15

#2-3 piL R A BAlnaeA

query 1 Q = W, -1

key : K = Wy -1

value : V=W, -1

a-A= softmax(\/_)

ps.di 2R FE AR kY P UBK

r:r=A-v




BOfET ANPP LR A WA AT U FREESE RN
B - AR RVRBE A B p il R A AR SR i E A
T WG - e B AR (kx1dm ) ¢ kmR
BB PR o E AN S G i ML B & BT sk
Foo FIpt o BT OREAE SEE A LR A 4] (Multi-head attention ) »
T 2-13b 2 5% 16 ez h
MultiHead(Q,K,V) = Concat(heady, -, head, )W?°

16
where head; = Attention(QWiQ, KwWX,vw/

Lo doch= R E N QK Vs #Q K-V Aulfkt
WiQ ~WiK~WiV> # ¢ i &% % i B# (head) 75 Qi
Ki~ Vio

2. 2 P o E op o A W3 E g LR B
Attention(Q;, K;,V;) ™ P8 1, » *r head; °

3. #-#7% head & & (Concat)’ if €)= - Bk 5 (k*i)Xn
e s M ptapr grapn WOdpak o i ¥ B RIATI o

4177 &4 » & xtpﬂiﬂ)x BTAH SRR FER e B
sV RN RN IEE Y T3 W Wi W W
WiK‘WiV‘WO:ﬁ”"‘i"'ﬁ R isgd R (i’]‘gﬂﬂil B ek TV AL TR ) o

AT HRAPFTE L np g A B0 SRR BHIE T

U573 R 8 Y shide SRR TR 0T o (iR £
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REFE RREL F o e 2 FOTER RYBRA (RR) 2 F ip il
BoFlpr AP #HRY S AR 4 BHIFE p il 4 i A

(2) AKX R

ALY o RAAOp AR BETY S E S RHGY FR
MERE A RS fER MM Y > TP A RS BER L
Y MIME F TR BRI 2 E Y AP AR AR
M@ B Flpt g3 £ AFERAN TR (82 B 2-4 7 ehik gl
AT R e g A IRAOT A RIE R AR BE(R] 2-18)-

H ko d R AT FREZ B R R R F P - menip
BA B Z AT AR E 2 - 20m R34 HF RN (MAN
Bate) & BREd § B L aVR o - C A b ik S S

i T g - B (M,N,C) eh=[F3% & (tensor) e - H

B LR A Y pe AR B BT (att no his -
att_ his) ¥ - ¢ i53F Positional-encoding = ;= (Wang £ Liu > 2019)
e d ~ B F o

T AP RALZ FERE AT R T v (flatten ) T EE

|l

LB PR R ((MAN),C) e b BHBY > s g7 fad
SRR AR P EL AN 2 A AR R

T koRE BREREBR T ED - L8 & C(CHEFHK)
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- PR B X P ADIRFOR Y Tl - BRRHRESTFE(T
e vF2 MIB=1 A FL HIL=0) BB BREROTH IR E DG
BA SRR T R - BieALE MAN e £ £33 ¢824 &
g TR F i -

PIRE A EBHA Y EY Pl GRBEREZ L BH GG
RETT L an ${2rirAmfi i smied - B 0-12 F ik

oo AT H R ke R o

%" 2-4 ﬁ:‘i T‘\.‘%ﬁ_‘%\»

R YRR
A el il mlp_no_his mlp_his
S E TG att no_his att_his
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7/
277
o/
A\\\&‘lél,hi
S

M\

probabilities

pa3auu0d Ajjng

(positional encoding) (attention)
3D tensor 2D tensor 1D tensor
(M,N,C) ((M*N),C) (,0)
C:14/28 M*N S
channel

B 2- 18 oAk BE 2 T E B

= E
ipf%%?ﬁﬁﬁﬁﬁﬁﬂ’ﬂa%#ﬁéﬁﬁﬁﬁ’ﬁwi
attention #-%] 2 mlp ( Multi-layer perceptron) #-7%] (B 2-19) -
B 2-19a * 3 A& % 7 Transformer #-%] (Vaswani % »2017)
{ s attention #-4] c ¥ B v F 4 SHAP 5 o HREFTHFA

R A ﬁ%’] * e0f R8> R 4303 £ 5 Encoder 2 Decoder & i 384 %

Mask & » & &4 FT 5 chisis? £ F & o Fg 0AF R 3 s 2N A K

?".“,
—
|

A RE* o A LR ERETHE A Inputs K~ 3
Positional-encoding » 2 { %5i% Embedding & & {7 & T 252 - fF3%k & -

FTOkE ~ die ~ A L @3R8 (Residual block © Add&Norm ) (He #



2015) c A F R ML 53 BIA > - WA FFP LR A K
(Multi-head attention ) i& {7 f jL &, 4 2" A & 1 B 2 AR I h TR

2_ 1% i& {7 Batchnormalization {5 2 ¥ — R4 F4F Rk A Al 4p4e o T 1

i {7 — =& Batch normalization f$ if 3§ ReLU & I A{S ﬁi%] N oo 218 ﬁ‘i%l »
3 & 7 >4k (Fully connected layer * Feed Forward ) &% £ i .

A SR B R o BofS i 4F Sigmoid K {5 BB o
BBl 2- 19b ¢ P& mlp #0324 - T p Inputs/éiﬁi%]%?é » &
T3 A4 TR (Samplebias) FRAVIRFL > TP ER L AL R
Rfc® - ReDA MR @ TR ED] 11 2 {854 embedding &
EERETA N PR E c FAEFEEVREL T A G E 28
12864 ch= B 2 ik » 0 20 ¥4 S8 § EROHR R 2 B
B4 R4 (He & >2015) i * 7 s L @dmd o™ V2K o & fs

i iF Sigmoid & BB o B i m & SR AR 2
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Outputs Outputs
Probabilities Probabilities
Sigmoid . T .
gT Sigmoid
— Add&Norm T
$ — Add&Norm
Feed Forward T
t X3 Feed Forward
— Add&Norm T
; ! ; Inputs
Multi-Head attention .
Embedding
'—1—1. Data T
Inputs selection ©
Embedding Inputs
Positional 1
encoding ©
Inputs
(a)att 13 (b)mlp #-7]
Bl 2-19 pir @ 4 38 W SRR il SR
U St i3
(- ) #3042 S8k
“r3) A2 -4 (Hyperparameter) % ehi & & a8 F 5 ¥ #3) ¢

305 423 (Vaswani £ > 2017) ¥ § %3815 B 19 -
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% 2-5 A7 Bk T4

mlp

att

activation function 1
activation function 2
activation function 3

units 1

units 2
units 3
dropout rate

optimizer

linear

RelLU

RelLU
28

128

64

0.5
Adam

num_heads
key dim
value dim
activation
function
units 1

units 2

units 3
dropout rate

optimizer

128
128
RelLU

128
64
14/28
0.1
Adam
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ER IR S R U el SIS i el N SRR E LG o A
i F o @ LiF 8 2 (Backpropagation ) { 374k ¢ - oL s T -
#) (epoch) o ¥ Fla A APN 3 5> A— epoch ¥ i F &2 H—‘"F‘?ﬁ?]
rEEE VR % FHH 2 A - A el = (batch) o A @ 3
7l TR P Z & 5 =0 T % (lteration) | {6 4 it & & — epoch o
PR PE AR Y 0 4o 3k Tepoch 2 batch e ] Bk FpA Mot 2 R
NAFHATAE S AET P R TArk 2-60 @ P*ﬁimﬁigl ~ A%k B ik g

PR (FE/AF R H) §AALE

% 2-6 WAIIHRK T

g ;g epoch batch size input shape
mlp no_his I:1 1000 128 ( ,14)
mlp_his 1:1 1000 128 ( ,28)
att no_his 1:43 1000 128 ( ,14)
att_his 1:43 1000 128 ( ,28)

FER D f S g - ARERALY A A TR e 6] AT R
THMIL L T A A M S f od 0 TR T R R 3 mip

A ST ALES G E AR > Tl f o 5 1il s fe L att 034 20
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REVEIFAAME FREFTHGESGHAZF I ZEEE o

-t

—

P AP EBIEZ PR Flpt R f ot EEF RAL TR 143 o

() ¥bixizz pif

Al - &Y o F - TR E 1000 epoch s A E_EF G A SRR A
B AT R EZ R4 T PR 0 2 8 % £ 9 epoch FpF
2o R KR UREFRE 2 A 2 {OAEH & (Overfitting ) 0k & > Ft o
AFEF @ A kec Lo BRRE -

0 fRAEERE DR PIYGEART € BT R T BB 30%IT
% %72 B (validationset) e S F B chE Y 2R B F 2 i B
PFA 4 i i AT > o Bl 2- 20 7o o PR IEARY A H
ReduceLROnPlateau % EarlyStopping ;% (Chollet % % »2015) f&-=
- epoch & jp|% 7 & % rx & (validation accuracy ) % 712 % B epoch
7 b Pt 8 P % (learning rate ) 0 3R R { FTehd B R 2 R

BT B epoch 2 2 R 2 BUEAE 0 Bk ERRE o

F_*

3
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0.950 -
0.945 -
)
§ 0.940 -
v
8 0.935 -
0.930 -
- accuracy
0.925 - = val_accuracy
0 5 10 15 20

Epochs

Bl 2-20 " AR I RERSF () 2 HmEEmy (FR) 1 F

b AABERAEY o Bo¥ RenE R R 2 R R Y
FUR A AR (£ 2-7) 2 B2 Hendpdh k0 BRI A R e m v ¥ R
AN S 01 2 B o W 4 505 (TS M A e R
o AT RIS @ B ALY e R BRI A R R
AT A ARG TR B L S H R PR B Bl 2
AT d e s 3) e RAEL (£ 2-7) ¢ hd#lsh X H AR

A
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% 2-7 RAEL

Fa 3P
PLUDE 3 500: 0
5 B 35
A TN FP
2F
I FN TP

4. 2-7 % > TN (True Negative) & 7 HCAd0p) 5 A H3H ¥ B F
% A #3% ~ TP (True Positive) % 7 B4 4P 5 H3m P B9 5 #Hm -
FP (False Positive) % 7 #-3ldaip] % #3% e 2 2 A #3%> £ 5 &1
# ~ F T A4 3% ~ FN (False Negative ) % 7 #c348R] 5 A #3% e
EF LM G REE X I A - BB B %
A ZREFE ORISR T oA AR AR T A PR - gy

ka4 (£ 2-8) (Powers @ 2020 ) o

32-8 fEAER 4 B

hk o

TP+ TN

accurac FE ¥ -
Y(FFEF) 1L
TP

recision(3# 7z -

p CF F) FP + TP
TP

recall(Z. v -

(&% %) TP + FN

F1_score 2 X precision X recall

precision + recall
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% 2-8 ¢ & Flhaccuracy £ * BAEFR E L 2 - At

Jra
fJﬂ
F_k
=1
=
TN
o

BEAFERAPFFT LA SIEG 2 LR bl4rl §
PRLEPTHLG PFTHRNI0% 0§ 7L A2 HIUREHBDF ¥ 7%
WL RENRPEER accuracy R RE o @ A B G ff &7 ML G fF et
Bae LA FP A ATy P WM accuracy 1T A S o T A € Bt
. accuracy (7§ 1

Precision B3+ 5 7 Jaip| 3 E 9 > F L g0 o ¥ PR AR

NME eI AT R

\\\?{s-

T ARG SRS B LR R

FAGEH| R T R Hm TR 0 YRS AR BB LD
Recall 2+ & 7 @ s 3 ¥ » Jaip| 5 #HE gl 5| > T recall %% > &

o 3 ALR 2 m&ﬂ/j‘{ b oo B dp iR M R SR A hiE gy

MEELRF)LHBELEHNASE 2E CARL LK — BREEGE Y

VA 2P o A F GRS E el dp e

S hoaryt > @ w4 precision 2 F_recall ¥ 3 FEA TR iz g
WL EL o F o AT 3 £ BE Fl-score k™2 #3225 03] o
g Pt 4R 5 precision % recall (3 fo T o ¥ AL SER ALY T

gl L R~ > Bawk (accuracy) #EF G LW ST W B IF

P A SRR R R & dp 4k o § precision % recall fr PFA%

<
%
Bl
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Fr)#F rFl-score A 0—1 2 F > HcEdd < 4845 > ATy 37
7_0.5 1 87 % 2 p & (Valverde-Albacete 3 Pelaez-Moreno »

2014 ; Jeni & > 2013 )

FPR = il *17
~ FP+TN

TPR = e & 18
" TP+ FN
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$=2% 1FEBREALHAF
F-8 PRPTERZHIEW
A E2Z H BB 3-1 977 o X FRALIFP2AIFRNE S A 0F
EWH AP EF YR ARTEP AR FIER > MIFEATS

PHFRAR BT EIRAL S X ER S HB AR B TP F

MARIEY FRA(ELY e X 5§27 pAERBAZ oY 2L

% 3-1-
"THEREFL  RAFEE S EARAFE L LR
(1) 113 # 11 * 13 p#HFEHASFHLZE 5(2) 113 # 12 7

26 pRRESEFLE CARTH B RGTHE -

RERH R

SRR EE e e
TORPE ~ R R HRIERIZ B _
PURHCA T iR AR B S gl iR _
PURKCA Y R L 8 g —
sugzparei s ([
Fiwspanseor |
ww g 2 ez [ R
17 1p 37 3p 57 4p 7150 97 5p 11" 67
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B 3-1

FRERH R

#3-1 3+ FFEaER £
1 113
£ &1 (FIp &
£% 1-3 1 46 7-9 8 10-12
RS A Hwm T | MBIk
) 1FREAPNF
3 <351 10% # #
AP E A 50 100 100 100
R R FLREL | Fd s
1iER AR F
3 PR W 10% Y 42 Ean
P E A 20 100 100 100
3] 2 FIERBR | PRk
_ IFREAR R
PR 10% #l #2 2
Ry E A 20 100 100 100
PURHCR O R
B R A
FEd 3 chg TIERAP G PR
15% %
fﬂ‘g
Gl
Ry E A 0 60 100 100
PURHCR O R
% B An B % R T
1R AN E PR
B R 15% %%
PR A 0 60 100 100
1OfERE gk
TRLAE | BEFLEV
i MR T 1EgpF
20% e #
Bl
B E A 0 0 50 100
i 0T ek i oA F
HERERRS 1IFREAR R [ SR [ SR [ A Ei b
20%
3% g2
AP E A 20 40 60 60
BPhER A 13 56 82 92
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% 3-2 5 A3

PFERIAAESP

®

%3-2 2+EdEP &

RIPTFHD 2 APM R IHAAED & o

E&1iFIFp 1 fFikE EE & (FR) @ o5 Ep ax
i | 240 | 211288 | 2ERF | kEFg | Hefme
1320073 | B3-3% C S i Lt
113 # 12 %
i b *)EH'I% £
3 1 0 1 73 0 e
pa
R B M L
FREE 3
; 1 0 1 73 0
B LR
T R
CELY LR Eyid e
ﬁfg = R A
B 1 0 1 73 0
B LR
T R R
PIRECA R
B 1 0 1 109.5 0 e
3% ) A
PR AR R
A0 BE 14 3 b 1 0 1 109.5 0 e
_tgrg
H
TfERE s R B
B 1 0 1 146 0 e
A TR 2 B
i A FaE 2 =
5 1 0 1 146 0 e
ER DA
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FrE B52ER

-~ EE o
BHcw r Behs iR R 0 AETEY G BACE AR - F
B FR dpfic~ 0 1 (fifdse 1) RA B A S g BT 25 FRAPM

Mo AR g F o

ﬁnl

SR o AAFLRFEREY 0§ B AL T 1395-1986m ; #
w 60— 1207 5 8L & 35-47" ; TWI >t 13.5 - 17.5 ; Profile curvature ?%-
0.19 — -0.03 ; Plan curvature #-0.18 — -0.07 ; * =% & & 538.22 —
742.07mm ;B P S B RPN S L ATEIE - 878 BB 57 BE -
i L EE Y <200m B ; NDVI #.-0.13 —-0.09 ; NDBI #£-0.01-0.19 p& > #
FR % 4c) B4 0 R F LB fReniE 07 0 83 4 i i L 8

P e

S B E R
P BRI A$TY 0 50 B Lk s (collinearity ) B 48
HRWALIRA &350 2 7 % B HIAE F]5 (Variance Inflation Factor >

VIF) e 538 i 3 2 SUL R At - i3 B B 9 D) % 4
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Fo4-1o AFETEY G Pz VIF % 2 A28 50 BT & B2 B2

£ F P ML AT -

24-1 £ MPRPHEFE $%

4 VIF

r'g ﬁi 3.71
BB 1.56

W 1.27
Profile curvature 1.01
Plan curvature 1.00
TWI 1.00
LIESTE G 2.22
PR L15
Lgfr@% 454 1.03

A7 E L.05

lﬁ ﬁ’/évﬁl:i’ 2.01

P i EE 1.30
NDVI 3.06
NDBI 3.08
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NPV & e

e

DRE LI B A SRR TG RO o Ht g 4 B end

¥
|

'

T BETWENRTZEFTER 2 42870 APRFRY
DTN (d A TR ) VIUFIRE R & P afFe i
o P iT 5 B » & 3R E w2 E2 B E pehdr g S B
HRIERHAF Y R E BT R nF A p L vt B
HAR LB B e NDVI 2 NDBI € & » o7 iy £ G /L&
B AT OREN2L LB 2 F]F ¢ A0 R Ap B g o 50
B RPOs (2021 ) Mipdg (2023) s Hehk it EEF OSSR

Bk T LM T Y AR s T

A2 HHRS R SR R

No Feature Importance| No Feature Importance
1 2009 0.255 15 Plan curvature 0.009
2 2014 0.181 16 2005 0.008
3 2013 0.123 17 PR e 0.007
4 2012 0.100 18 2006 0.007
5 NDBI 0.095 19 P e 0.004
6 NDVI 0.052 20 2008 0.004
7 % A2 0.035 21 %7k §E 0.004
8 TWI 0.022 22 2010 0.003
9 =L 2N 0.020 23 AT e 0.003
10 2007 0.017 24 2004 0.002
11 Hoe 0.015 25 2001 0.001
12 B EE 0.014 26 1996 0.001
13 HR 0.011 27 1980 0.001
14 Profile curvature 0.009 28 1990 0.000
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T~ AR S &

A AR 2015 EDVRE B DM FTHEALRFTH R
BRI 22015 2 R 2 manFg (RPEFRF R ey ! 5%
'k ~"NDVI 2 NDBI)» 1/ % 4¢ » frg 35 (% 5 Bt st disn g 2 g 4
B E PRl % oo

BT B P s B A 2-4 ¢ TR B dhe AR 0 T AR
B RH VR - g B~ F HCRIE 7 2015 £ end g
Bl X RN S TR -8 AW AT P F 1205
FhrgzRdEtaBE L E APy RERE - VIRl B iE
IRERT UEY M LARAER TR EPAERE (e 3) o

ha e #3287 AP ACA] (mlp no his) ¥ » H i@ * @ it
BARPF AP v ~ R S AR TSP FAERYIR O X7
TRET P ARM T UF R REERF Y & F accuracy % E 0.97
=% » i # precision * recall £ AR A H4F 0 AW E 0.5 2 033 5]

PR Fl-score 4 B % 5 0.4 (

%04-3) (M4 1) WA 826 4 3 & e dapl 838 o F
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CEEE S R B S S SN T R

3R HEEZ 27 B (mlp his) ¢ > L an 14 B
H AR HHFLDRFHO BRI Y R b e AR
EE-RA “,% 7 accuracy & 0.988 - & 3 A_precision 2 recall 3% % i£ 0.83

% (0.74 » Fl-score » F] %% 0.78 =+ (

24-3) (Bl 4-1) AL =G4 2RES > BT EHE
2o MR SRR RS

AR HILZ 5 2 AP (att no his) PIE R * LA 1444

P X2 E* gL R A4 B Z AP R IH RF R
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