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Abstract: Against the background of global climate change, increasingly frequent extreme rainfall events have intensified the
risk of rainfall-induced landslides in mountainous regions, highlighting the importance of accurate landslide susceptibility
assessment. The quality of training samples, particularly negative sample selection, is a key factor affecting the reliability of
machine learning-based susceptibility models. This study focuses on a section of the LLaibao Expressway severely affected by the
Beijing “23-7” extreme rainfall event. DInSAR, NDVI, and optical remote sensing imagery were integrated to identify
geological hazards. The coupled TRIGRS-Scoops3D model was then used to evaluate slope stability under rainfall infiltration
conditions, and the results were used to optimize negative sample selection. Logistic regression (LR), random forest (RF),
support vector machine (SVM), and XGBoost models were further developed for landslide susceptibility assessment. Their
predictive performance was evaluated using receiver operating characteristic (ROC) curves and related performance metrics,
while SHAP analysis was used to quantify the contributions of conditioning factors. The results show that the Beijing “23+7”
extreme rainfall event triggered 466 geological hazards, including 345 landslides, mainly distributed on mountainous slopes with
pronounced topographic relief and strong valley incision. The TRIGRS-Scoops3D model showed capability in identifying

potentially unstable areas, with 90.43% of the observed landslides falling within unstable zones and a % LR, value of

80.09%, representing improvements of 15.36% and 9.43% , respectively, over the TRIGRS model. After negative sample
selection was optimized using the physics-based model, XGBoost achieved the best performance, with an AUC of 0.956,
followed by SVM and RF with AUC values of 0.906 and 0.899, respectively, while LR yielded a relatively lower AUC of
0.861. SHAP analysis further indicated that slope gradient and rainfall were the dominant factors controlling rainfall-induced
landslide susceptibility in the study area. The findings provide a useful reference for landslide susceptibility assessment in
complex mountainous regions and for geological hazard prevention and mitigation along mountainous transportation corridors.

Key words: rainfall - induced landslide; susceptibility assessment; multi - source remote sensing; physical models; sample

optimization; machine learning; engineering geology.
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Fig.1 Location and topographic characteristics of the study area



3472 HiERFL#  hitp://www.earth-science.net

115°36" 115°42" 115°48'E

39°40'N

39°36'

DInSARJE 17 (m)
& e 55:0.11
o | |
e — 003 0 10 km
N |

2 23« 77 S M I T 7 X DInSAR T8 A2 i I 45 4
Fig.2 DInSAR-derived deformation of the study area during

the “23+7” extreme rainfall event

115°36' 115°42" 115°48'E

39°40'N

39°36'

PR
o [EIA
NDVIZ]
& o 50,6
& |
a :-1 0 10 km

I3 23 77 i A W A F 92 X ND VI 22 {43 A
Fig.3 Spatial distribution of NDVI differences in the study

area before and after the “23+7” extreme rainfall event

PR 2377 it % TR 3 1E) 35 2 %) b JBR C S 466 Ak,
o W 4 345 4b UR AU 118 Ak A M 3 4b (18 5). e Ak
b RS M 5T LA R /N B R T R i) % Y )
AR IR R B R VI R R VR R KE
REFERNNKRZRYERRB SR G ).
131 WEDHHFME KESAEWN LR EER
(P 6a) , Bk LU R 1) R PG e ) 4 ok 46 b, b g 4R G
B Hop 90"~ 135 X [A] R e AR v, 4L 82 4, L
W B 68 4k 5 225°~270° X [l IR Z , I 66 &b . 0°~45°
F1 315°~360° X 1] 7 F Frat #0425 50 4b . 25 5L 3k

115°39"

39°41'N

39°40'

EV vy F
[l 4 Hb 5 ¢ SRR S s

Fig.4 Example of remote sensing identification of geohaz-

ards
115°36' 115°42' 115°48'E
Z
(=
=
&
o
o
o
(o)
@ PR
® BN
Wk
AT
S35
= %f{(m)
g 4 - w11 096
i 0 10 km
« B YT

5 W DXl A g R4 5 2 ) 3 A
Fig.5 Identification results and spatial distribution of geohaz-

ards in the study area

B, 3k 1) o 1 S5 ¢ 3 25 ) 3 A oAy — s il R il
[HERSTR AR/ &7 % WS- K8 =8
132 WEDSHBME KELERE L2V RESD
34 (1 6b), EE R E T 20°~40° Ay i S8 5 X, Hor
20°~30°F1 30°~40"X [ 43| K B 188 b A 1634b , &1
3514k, 5 ERBBUN 75.3% AL Z R BB /NF 10°8)
W XA I 6 Ak 3 B2 KT 60 AR B3 X A1)
24k 55 SR vl A Ik AR TR it o R ) 2 B Sy B
T, WL A8 s ) B 3 UK Bl A5, ST R TR B
A7 R S S W 3 A I A B R T Y



59 B B 2R R Ry BEASE TR i P R AR A AR 1 B W 3 R TN T vk 3473
80 90 1507 b 9200
n -
- \. bR Eg
| 5
<0 125 —m— RE A
60 =150
i ] & 7
1 &
& 404 e o 7 s
ﬂiﬂ {HE s 75 IOOMﬂ
S i
30 = =
60 50
20 a 150
10 50 > I N\
0_ 0". .I T T T T 0
360 10 20 30 40 50 60 70
WREC )
140 \ 1200 2507 4 IN
120 g %fﬁm
—a— E B 200 —a— R E S
4150 13
100
8 50+
% 501 o & 5
o 4100 Ein {v;n 12 4
# | X %
X 60 1004 ESS
405 450 11
50
20 I
0 - T T T T 0 0- T T 0
200 400 600 800 1 000 250 400
i F2(m) {5 9 24 22 (mm)

K6 BT XM K T 2 A FRAE SE T
Fig.6 Statistical characteristics of geohazard distribution in the study area
a Wi ;b YRS o m R s d. R 9 B

133 BSESHEHME KFEEEE LS MK
St oepoa) £ b L e D YRR AE (L 6e) . R
200~600 m 2 F E K FE P, Lk FH K FE 315
Ab 5 R E M B 67.6% 5 200~400 m I 400~
600 m P A~ X [H) 7% 5 it 2 00, 4 W A Kk
ARG RRB . Y R EY R 2 200~800 m
AF 9 B & L 3 87 %0 5 1T AR T 200 m Ay 3T
A% JE XA T 800 m Y i Ll X, kA B
S AT BTG S R 7 TR P o o R (e
T g R T R, AT BB 5 3 D) R A L XU fk
B ) R B A A= A T R AE  R R K
134 FEWBES I I E 5 i X RN ok
Wi 157 B 2 (& 6d).250 mm [ FR X 3 & O R O E
296 4, i RERY 63.5%, K FE S E (LND) by 1.82
A~ /km?;400 mm FEW X B ALK & 170 &b, {0 LND 34
F 2674 /km® 45 R R W], bl 25 I w58 BE 3G K, FA0L
T AR e R R A i R R R I R 3 A ok
Wtk A% THm LB K R 7, JF 1 i I AR i 5

A AR A, TR — 2 0 R 3 O AR M AR ) B 2

e @ R o IR B R
L3 M

21 RBFEE

2.1.1 TRIGRS#& & TRIGRS(Transient Rainfall
Infiltration and Grid-Based Regional Slope-Stability)
SR — o I T A B T A X TR 2 T AR E M A T
A, 32 TR A S &1 T2 LA
Wit 7K g 0 B R R K R i B AR E P 1Y 5
(Alvioli et al., 2016).TRIGRS 3 F — 4 i 1] 4
Fa S A8 B T 5 BT AE T LB K R ) /Y A2
floik 72, I 45 & T PR 2 S AL T 55 4% il 4% BT Y
% 4 Z B (Factor of Safety, FS) ( 78 M 5 %,
2009 ; B2 2= 55, 2009) BV ZR 5 B B Y E | LR
JEEE KRR RN AR AR 1 S
DL KA S 7K 28 K T T ORI W) 46 bR K A7 S5



3474 HERBL2E  http://www.earth-science.net

51 %

K SC S B, T 3R AT 2 4 FR B B 25 43 A FRAE
Ih T XN B R N R R )2 R M VE Y
2.1.2 Scoops3D & Scoops3D (Slope Computa-
tion of Probability of Stability in 3D) J2 & [E 1 Ji7 14
2 Jry (USGS) H A 1) = H il FRP- S B A, = 2] T
DX sl RUBE W A i AR Y 2 Tl 48 R R e R
(Zhang and Wang, 2019). iz A& 7 36 5 M A% 12 | 8
TR 15 3 10 A A Sy 3K T B BRI, 38 A D A [R] A
B RO Y i 1R B AR TR R 2 R
(FS) , P e AT E T sl Ak S H 23 (8] 43 A (5 B Rk
W5, 2018). A Lt = 2 4 BR -4 75 7 , Scoops3D fig
% 2% S S AR =4 JL B 28 S 1m 295, IR 455 1
UBK T BRI N R A JE S S,
& T 2 M8 251 T 0 X AR 35 A PR TR
2.1.3 TRIGRS-Scoops3D B A A NizH %k
R A2 TR 19 AL B K He 77 7228 Ak B H 6 = 4 )
K R (1 52 e, AR SCHY #E TRIGRS-Scoops3D # 4
BEAD 1, B TRIGRS 481 e 79 3 78 v O[] 1%
JE AL BR K R g A2 Ak Bl S ORI E B A5 R A
Scoops3D, 45 G eI h ik = R 5 ER-FE S
5 8 UE D) H 5 A RBOT IR B A FRE W B R
TRAE T S (T faj %, 20215 MFEER SR, 2023) . %
P T BB A RS SRR Y AT Y
FAHLEE A, et 76 X 3 R B b [W) B 25 i B W 1
I 56 | 1 )2 8 RE 28 Th) 22 7 M B A AL R 3 X i
WA 8 M L W] 5w, AT B o B T O i K
R 0 ) 00 AE e 2 R S R S AT Rk
22 WESH

TRIGRS-Scoops3D #i & B g A S8 24
FERXSHME L% SHME K XSHEHE
A A AN K (K K Y ER (D) K B KRR
fEMZ&Z%0(0,.0,) ;4 + 1% S 8016 A N E
M) AMBERN() R KRREE(y) i
MAE ()% BERENLER L &S HETRY
TR R e A S MW RS E TP R v R DA i
B B E )5 5K SCSEO) IR [ T BT TRI-
GRS-Scoops3D HUSM: 43 #7 #4745 A i i 75 1 e ¢
WOAE . R R 30 2% 6 SR T 5 1L & 0t (116.1942° E,
39.7728°N)F 20234F7 A 30 H 11 &7 A 31 H 11
SUIC SR B O I S R R B, R R RN
370.7 mm. ¥ i% B W i B2 AE 5 TRIGRS £ 8Y f) i)
J¥ BERR A TR I A B i A8, I Scoops3D
o Mo A 4R AR AL BR K R 7 i AR

#£1 TRIGRS-Scoops3DiB S EEE NS
Table 1 Input parameters of the TRIGRS-Scoops3D cou-

pled model
SHEN BENS SR X HfE
K, AT KE (m/s) 8X10°°
D, PHOE (m/s) 5x10
TS5
A TR AR &K R 0.42
0. FRARAR TG KR 0.06
¢’ A ER J1 (kPa) 9.5
S N
¢’ NS () 25
b4 FRRRAEE (KN/m?) 19
faiiy
Ysat A E (KN/m?) 23

23 HEBIZER
2.3.1 TRIGRSHEHEZR FIH TRIGRS A
TS X AE A R R ) 4R 050 A0 R R AR AN T 0T A ARk
Yera e A A S5 SRR W in T 00T B 5 X R R R
FEPERAT A B B AN AR OE X (FS<T1.0) s KA E X
(1.0<FS<C1.2) AR E X (1.2<<FS<1.5) Flfa &
X (FS=1.5) 1 5 k4390 2 27.39% . 19.05% #1
53.56 %0 (&l 7a). Hir, RAGE X FUEEA TR E X £ 5
A T YR AR P B v 13 3k, s et b R 2% A X6 0
R Vs 18] 3 S BLAT W B IR T L B H S 4
SR, 61.45% 1M B ST R ERE X, R 28
T 3 A B T e A AT R B A T T A PR AR S
R TR AR LIS, T 9 DX R I RS v b 3 R I ([T
7b) , A Fa E X (FS<<1.0) i L /&5 kb i 0 3% =
20.84% , H = ZUY 19 45 Be Bk B 525 R 40 A0, d B 5
B T A5 I 25 30 TR 2 A AR AU . SR
AARFE XA ik 3] 75.07 % , & B TRIGRS #5
U BB A5 A5 G FRAE 52 B i 4 1) 25 [8) 43 A AR AT L B 4Ok
F , TRIGRS 5 RV GF S Wl 1 2377 4% iy 56 W9 1 2
B 5 DXRE I R P R AR R ) ) O R A b
F Yk A AR U B B R A8 LS 1 R R )
FLBK 7 BB, SR 5 & W A v ke AR ) EEEE AL
2.3.2 TRIGRS-SCOOPS3D#AEBER KT
TRIGRS 5 A 1 5345 5] B W 17 J5 FLBR K K 13,
— R H Scoops3D #51 I FF Jie = 4k £ e 1k o By . 4
BRI, WA O E RS IR R RS M, AR
FE DX RS X A RS IXORT AR R IX I AR B 4y
SR 3.48% .6.43% . 17.21% F1 72.88% (&l 8a). H
o AR A R BIX S B4 A T A A R R S BE
IR BB HOIR R A AR X B A A T
TE A X2 X5 i H sk & mss R Bon  (UE



5% 9 1] BB L R AR P B R 00 b ) 0 R A 0 M O 5 T 00 475
115236 115242 115°48'E 115°36' 115042 115°48'E
a b
z z
71 F1
2 -
& &
o o
etk Rt
| EREE | ERvs
I ks I s
a [ kg & [ A
al e 0 10 km &1 0 10 km
e — | e —|
B7  TRIGRS AU IF 58 DX AR SE 1 20 A
Fig.7 Simulated slope stability distribution of the study area using the TRIGRS model
a. Wi T 5 b T A0 AN T T
115°36' 115042 115°48E 115°36 115°42 115°48'E
a b
Z Z
g F-
& &
2 2
o i
2 8
a7 0 10 km a7 0 10 km
e — |

K8  TRIGRS-Scoops3D #l & A HU AL 1) I 53 DX R A e 1 3 A
Fig.8 Slope stability distribution of the study area simulated by the TRIGRS-Scoops3D coupled model
a. WIhE T 5 b T A AN T

3.19%6 MY B TE ANTIE X, R K 2 BHARAE
TR R A T AT BE AT AL TR X AR A T I PR A

TE 6 TR ARLFD 00T R 5 IXORE I AR Tk
R, AN A DT B b3 = 31,77 %6, IR T IR )
4 B BE B W W R (IR 8b) . M S A R R
EX B H H R B 90.43%, # B TRIGRS -
Scoops3D # & B A 58 08 A 4y P00 58 BT AR AT
WD ET X BKCEE LR T
T 2377 M vy B R O R b 0 AR DR R
FE ]z AR R R R AL i Ak R AT O R
AU Y K FE Ty R AE o A 5 OXURS X R 4 R
24 B—HABAESERAEURBALERBIER M
BE 43 #7

HF R TRIGRS H—#17 5 TRIGRS-Scoops3D

3 S TR 1 o TR 5 B R0 v B9 22 e, AR SO T e
FRAR AT T BT AOBLAES R, R F S PRt S o7 B R 47
WU, I L LR B2 Y0 LR o, A6 AR PE AN B X6 ¥ 33
23 () A IR B E T, HER A AL (D A (2).

S
LRclass:Z ) (1)
; 14 ZL"lass
%LRlclass - ( 2)

n b
§ J
LR class
j=1

Horfr, S e om B R M A G e B S T bk R
SR ), A RN %A GOE FR G RIF Y X T R
F L ), @ R 3R R T A S

45 B F W] (£ 2), TRIGRS 8 — #1415 i i R
o XN AL B 75.07 % 19 SEBR 1 A5, 1 TRIGRS-



3476 HERFF=  http://www .earth-science.net 51 %
%2 TRIGRS 8 —## % 5 TRIGRS-Scoops3D & & #& B #5 B )
Table 2 Accuracy assessment of the TRIGRS model and the TRIGRS-Scoops3D coupled model
S -
- T (%) DX R A e (26) LR, YOLR
1D 3D 1D 3D 1D 3D 1D 3D
FS<1 75.07 90.43 20.84 31.56 3.603 2.801 70.66 80.09
FS=1 24.93 9.57 79.16 68.44 1.496 0.696 29.34 19.91

Scoops3D #i A % A M H 4 = & 90.43%, B TRI-
GRS 5 R4 5 15.36 %6 5 X Ry (19 AS s X1 L o F
5% DX R TH AR Y B 43 51 R 20.84 %6 Fi1 31.56 06 R
A B R0 TR S50 1 R R XY LA I R (AL %
LR, i%5%]80.09% ,% TRIGRS # /R $£ 755 9.43 % , it
HF JEL 6T e s ) o A %) TR0 5 SR AR T B — A
TR 0 3R WA 5 B R A 4 R A 2R R DX L A
[ Hsf, I A A AR T S B Y 38 25 T 43 A 1 040 0 8 %
HE— 2L 43 K7 R W, B — RS AR R X PN a5t T 14 T 33
07 LR 24.93 %, RS A AL BUAN R 9.57 %6 , 3R I # ¢
R T 4 % 0 1 B A W AR #2565 ok B, TRIGRS-
Scoops3D Hi G B AU 7 O 17 85 i B R g ) /Y [R)
B, BB A% B A 200 20 1 i A R 44 T T AE R AR XA 23 (]
O3B — TRIGRS A ALEA B 23 (8]0 50 M BE

3 FERIHE S KA

3 ZEMIFMER
311 BEEEFEE 24 H (Logistic Regres-
sion, LR) & —Fh & ML iy — 43 R g ihBim % H

T 9 & A A R T L R R R o 8 ST P
S50 A EMRBRZBHNEILR LR, KSR T
264l A e S R [0, 1] X [E], DA 2 AiE AF 55 5
TR MR MR E SR, R L E
B R BE M B L ER TR AR G5 A AT B AT R M A
i, LR (8 08 5 4F K e 25 37 o I 5 X0 1 3% & k1
A4 52 i 5 | M A F 558 BF (Hosmer ez al., 2013).

312 BEWLAFRMER [l HL AR AR (Random Forest,
RF ) & — B B T~ e S A 179 48 il 2 > B A0 iR AL i
it Bootstrap TR FEAY HE Z AU 2 T4, IF A 19 AR
Gy ik B BEALE O A AR IE S 5 R, R A £
A AR 5 50 B4 28 RE RS A8 EL AT Aot i A 2 4
G RE I MU A BE ), BB 68 AT R AE 2 K1
GYEH T WIS & M2\ 2 5 [\ B8 wT T
I* VA X 1Y 5 21 43 A ( Breiman, 2001).

313 THEEVMER  HFH F L (Support
Vector Machine, SVM) j& — 1 3& T 48 1 % 2] B

B W B A3 SR Y LR SEUAELR: 7R R AR 25 ) g
e LA T, DA SIS [R] 258 551 R AR 1) B oK T)
OF B X TR AE AR T A3 R, SVM AT B A% ek ORE
FEAS W S5 1) 5 4 25 0], DUTT S XS A2 A AR M OC &R
153 28 H R T AR /NRE A R 4 R A 2 n) R
F R, SVM B 1 W 3 5 & B o #F
5% 4 A5 2] )32 W (Cortes and Vapnik, 1995).
314 IRPREEERARE B um B 5T (Ex-
treme Gradient Boosting, XGBoost) J& 7£ # & 2
o SR AL R R E R —F R
B AL oF kAU JE T R B S g B
LA A — Fo B R 1Y 5k 22, R A B b R g 5l A
IE DAk T, DLBE R YRS B RN 3z Ak B 1 . XG-
Boost B A A s iy E kPR IB R T B s It &
MBEMBI N EEE SN TERAESMNT
(1 ¥ Y% By % P 3F i (Chen and Guestrin, 2016).
3.2 G IE B R

AR SR 345 AW B RE AR AR 1, AE W 3
FEAKAA R 0, 3R 1: 2 (IE AREAS o] . & B 5%
FW] A Y G A A T A B TR AR AL o LS
IR -4 i B AR 3R ) (Jia et al., 2026). PR A SC
TR AR SR Wy BB B 24 TG 1, AR A TRIGRS -
Scoops3DEE /T4 R FHEeE X (FS™>1.5)%5E
RGO (X & 45, 2026) IFBEPLIER 690 1~E
TSAEAS AZ 7T I I TE R AR R S 7 HE A
T REME  REARAR 2 MR 7 45 155 2 A PR DA I AT S
33 BEWEESEZETENEF

ZRG R HIE MR K SCRE R M BT 45+ R T
FEYL B A5 PR3, A S WOAE [T & e P B B
] P17l E  H R AR B (TWD H — b AE B 4
H(NDVD) HiJZ A0 - MR FH 2SR BRI 0 25 iR
TR P P T A 124 PR A A R R T 0
- R 0 = I N W L =4 2.2 o 1 L 10
DX B 2 e R B AR, AR R L3 3 AEJR 2 5 Kk
PEPEN L T B B TE AreGIS Hk H =B A
i {H (Cubic Convolution) J7 % F Kk & 12.5 m Wi 4&
OB, DAARAIE 2 [8] 43 98 28 00 — 350Pk 5 85080 vl Lok
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Fig.9 Pearson correlation coefficient matrix of landslide

hazard evaluation factors

R L - S TS A R P i 2 (1A
PRl g A5 e (1 L 2 M 5, SR ) B2 R b A G R B0kt
12V B SR T A SC M B (/1 9) . S5 R R, &
PR A 56 R B4 X X /N T 0.8, A ik 3] i 35 2Rk
5 A, d BT 3 DR B AR S A T T S
S5y RAEVEMN BIRLRG . o B S e i R AR IR
AROC, 8 5 TWIE R &R G, 430 ) e 1 W5 IX.
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34 EWEBERESAESK

Sk AR [ AR R R F 5 X R R I B S & T
[ 25 [8) 20 2 5, U B RR A R E T B RE R
I 2R S B Uk A, JF 4 72 3 Y L E AT A A
Y25 FORS B2 R 55 . 76 S8 — V7 M IR 7 43 BF 3 MR
AR5y ST, 0 5L LRURF . SVM #l XG-
Boost #& B | % 8 57 X 2% M 4% 5000 19 1 3% & A A
RPEAT WM, IR FH ArcGIS H 4K W7 503 %
S5 A0 43 AR AR P AR L R S A AR L
5 B 5 DX R T 0 B B & IX 45 R (&1 10) .

1E 5 RV XA b, | Rtk & & & X &
B3 TR X A AR AR b A S AR B 1L M i 4¥
W AR DX, JE U 2 BV AR N B R S BE B A 2 A
AR B BE HOIR R A 5 AR AR AR By & DX 3 2 Sy A
T b B X 97 X8R, B R 59 2 R AL X
2 A 5T X B T 0 0 ) R PR L AT S A R o S
A, HL R R A R 5 B R AR T8 A YD i R
U1 AR G AN R B R 7 R A DX B R R i
Z) ) AT AE AR — E 22 R, U0 B 45 R X 5T 24 M
T & 10 1 W B 2 0 IR B A I O S o8 A — B

M1 5 1k S G E B L R (3R 4) O [ A
XF 1 Gy K X RN 25 R A AE 25 55 X GBoost B i)
1o oy R DX AR o L B L O 29.73 %0, R I B0 Y
W5 X B AERE 1 SVM B I R 2 M 5 & IX If
FRUN HE R 22,459, [AIRE 2 B A5 0 0 A0 s (i 4 SR
fE M Z R, LR AT RE A5 79 45 45 ¢ 1 B 43 A A
X345, R By kM s ) gk U R AE Y Z) i B S O
5 MUK 4 Fh LR X RE R BT 5T IX I TR OV
B 5y kMW 7S TR A3 S R (ELAE = (DX L AR
BRI T A5 G W R AE S AT A — o 22 5
3.5 HEEIMEEETEME
3501 iREfEAE N E W IE MO [F B R
T W By & v B0 M R L A SCR T ROC il £k B 3
2 T WA (AUC) , I 45 & HE B % (Accuracy ) |
R B (Sensitivity ) A1 FF 5 B (Specificity ) 48 #r ,
XiF 45 BRI 5 ) 0 RE ) 2E AT 2R A TR AL LI
t, ROC il 2 T e e A5 8 76 O [w) B9 {8 2% 1 1
4 20 500 M 8 L AUC H T Jk £ A5 78 8 (A 0 310 g
OB 2 3T 1, 3 WAL X W 5 o R AR
f RE 7 i L B RS S I R R Y A 43 2 OE B
TR, R 2 AE AE R G M R AR A O R
) 2 E AR B GE Al W B R AR Y 1L e
352 EMHER E 11 ER, 4R ROC ihZk
¥ B B X 4y R oA, XGBoost 15 1)

®3 BESRMETHNEFHERE

Table 3 Data sources of landslide hazard evaluation factors

[IETER S FM Iy HER WO T Bl ok IR
ALOS DEM A% 12.5m R R W PR TWI www.geodata.cn
b T B P 1:2577 H 2 A M B TR B geocloud.cgs.gov.cn
b PR ES 1:2577 ISR N SR ST TS R www.gscloud.cn
- i ] B g 30m A FH 21 www.resdc.cn
Landsat 8 OLI A% 30m IH — LA Bl % www.gscloud.cn
Wit TR K40 s 1 km AERE T 4 WWW.Cma.gov.cn
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Fig.10 Landslide hazard zonation results derived from different models in the study area
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F4 FARENEBSEESXER ST
Table 4 Area proportions of hazard classes derived from dif-

ferent evaluation models

5 R LR RF SVM XGBoost
e A% 37.72% 34.58% 44.16% 49.43%
ik 16.66% 17.67% 12.38% 8.56%
g 15.05% 13.76 % 9.82% 5.79%
= 15.05% 16.04% 11.19% 6.50%
e e 15.52% 17.95% 22.45% 29.73%

ROC M &k fe 238 A& &/, AUC fH B i, b 0.956;
SVM Fl RF £ % ¥k 2, AUC {4 43 5 & 0.906 F
0.899; LR AUC {4 0.861. MK K FH , 4 Fh i
Y4 e 0% 95 4 DX 43 o 3 5 AR W SRR A (E ) G R
NAFAE— 25 . K 12 BoR , A [ B R A 4 28K
JBE e B A 68 ) 5 R LR — X GBoost £ 5
B4 I B 32 | R BIORE RIURE S BE 43 31 R 0.916 4.0.856 3
0948 4, ¥ d5 i, Zf G MEBE R AL ; SVM A Y

W2, 344523 3 4 0.867 5.0.736 1 #10.937 5;RF
TR XoF 3 48 bR 43 1) 49 0.840 0,0.709 7 F10.909 4, %%
R M M2, LR A RS 5 B 4
(0.921 9) , 1B R i B B AR (0.610 0) , 15 W] H XF 3k
T WA AR B U BB T A TR T AR AR A U
XA 25 4 ROC il 4k Fi 45 350 3F M 48 45 Al
L, XGBoost #& #1 & 1 x££, SVM #l RF #& #1 1k
Z LR B AL AR X 5 55, 3 WA [a] B AL 78 #F 58 IX
W T 1 3y & VR VT i 10 0CR A A 2E R

4 e
4.1 TRIGRS 5 TRIGRS - Scoops3D #& &I 71 | 45

RERSW

TRIGRS 5 TRIGRS-Scoops3D # 74 15 ] 45 5
19 22 5, 2P T 0 R R R B R AE Ty A 6]
TRIGRS 3 F— 4 5 1] A 75 #1JC BR300 3 1%, e %
B AL i BT B 5 Y L B K ) A A B vk
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Fig.12 Comparison of performance metrics for different

models
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